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Preface

The topic of this thesis consists of two parts: predictability and sandbar behav-
ior. Predictability, or rather the limits to predictability, are relevant issues in many
branches of science because they delineate the boundaries of legitimate prediction,
and in a broader sense, form the limits of our human capacity to know and prepare
for the future. The basic question of predictability is how accurate we can predict the
future state of the world, given our current knowledge and our theoretical and practi-
cal tools (electronic computers, mostly). The underlying, more fundamental issue is
why there are limits to our capacity to predict the future with scientific theories, and
whence such limitations arise. In this thesis, I study the latter question with respect
to the behavior of nearshore sandbars. As the production of knowledge with imme-
diate practical applicability was neither the goal nor the result of this investigation,
I consider this work to be part of fundamental rather than applied science.

The study of sandbar behavior is often carried out with the help of mathematical
models. These models are based on equations that describe the relation between the
objects and phenomena that play a role in sandbar behavior. Some of the modeled
objects can be easily imagined, for example, water waves or sand grains, but other
modeled entities are specified in more abstract terms, for example, equilibrium states
or response times. Bringing together the abstract and concrete realities was a major
challenge of this work, and the general ideas that I developed to make this possible
are put forward in the introduction. While these ideas evolved from my work on sand-
bars, at the same time, they also influenced the direction of my research. Therefore,
in my opinion, the main contribution of this work lies not in the actual findings about
the predictability of sandbar behavior, but in the development of the ideas that made
it possible to reach those conclusions.

I would like to express my gratitude to those who have contributed to the realization
of this thesis. First and foremost, I thank my advisor Gerben Ruessink for providing
me the opportunity to work on this project, and for all the practical and intellectual
guidance throughout my work. If it were not for his remarkable quality to filter out
irrelevant details, this thesis might have contained twice as many pages filled with
all sorts of wild speculations. I gratefully acknowledge the assistance and advice
of my promotor Piet Hoekstra. Apart from my advisors, I worked together with
several co-authors on the papers that form the basis of this dissertation. Yoshiaki
Kuriyama, Nathaniel Plant, Ian Turner and Marco Wiering, thanks for your advice
and commentary on the papers we wrote. Also, I would like to thank my office-
mates Gösta Hoffmann, Timothy Price, Quentin Quera, Johan Roos and Vincent
Smeehuijzen and my colleagues Frans Buschman, Paul Hiemstra, Maarten Kleinhans
and Susanne Quartel for their stimulating ideas and discussions about sandbars and
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various other topics. A special word of thanks goes to Arthur Kok for his teachings
on the limits of empirical science.

Part of this work was performed at the US Geological Survey in St. Petersburg,
Florida. I thank Nathaniel Plant for giving me the opportunity to work at this
institute, and I deeply appreciate his assistance and advice in my research.

I would like to thank all those who contributed to collecting the observations on
which my research is based. Without the pioneering work of Rob Holman, the found-
ing father of the Argus system, this work would not have been possible. I am greatly
indebted to him, and to the many members of the Argus group for their input during
the Argus meetings. I further thank Doug Anderson and Ian Turner for providing the
Gold Coast wave, water-level and Argus data, and Yoshiaki Kuriyama for generously
supplying the Hasaki profile and wave data. Lastly, I acknowledge the staff members
at the Hasaki Oceanographic Research Station in Japan for conducting the profile
measurements, even during most violent typhoons.

Leo Pape
Utrecht, February 2010
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1 Introduction

1.1 Nearshore sandbars

The nearshore region of sandy coasts often contains striking natural landform patterns
that develop over a variety of spatial and temporal scales. Since early observations1

the formation and evolution of these complex morphological features from the simple
repetitive motion of the waves and the transport of sand has intrigued coastal scien-
tists (e.g. Johnson (1919); Komar (1976); Short (1993); Coco and Murray (2007) and
references therein).

A nearshore feature of particular interest is the sandbar (see figure 1.1), a ridge of
sand generally located in water depths less than 10 m. Not only are sandbars a natural
barrier on which the incoming wind-generated waves break — thus dissipating the
potentially harmful energy of the waves to natural and man-made structures located
further ashore — they also constitute the dominant mode of bed variability in the
submerged nearshore area (e.g. Plant et al., 2001; Li et al., 2005). This variability
consists of the change in number of sandbars (up to five have been reported by
Ruessink et al. (2003)), location (distance from the shore), vertical shape (height,
width) and horizontal shape (crescentic variability, rip channels) in response to the
tide and to waves generated by offshore winds.

The most significant change during a sandbar’s lifetime is the variability in cross-
shore sandbar location (e.g. Plant et al., 2001), often expressed as the change in the
cross-shore location of the sandbar crest. In general, high waves drive a sandbar to
a seaward location, while low waves drive it onshore (Thornton and Humiston, 1996;
Gallagher et al., 1998; Hoefel and Elgar, 2003). The most noticeable response in
cross-shore sandbar location is produced by individual storm events (for a review,
see van Enckevort and Ruessink, 2003). Additionally, seasonal trends in sandbar
location can often be observed, whereby a sandbar is located more seaward after
autumn and winter months with high waves than after the low-wave spring and
summer months. On even longer time-scales of several months up to years, sandbars
often exhibit additional trends in their cross-shore location exceeding the time-scale
of the variability in wave climate. Examples of different types of sandbar behavior
ranging from strongly wave-height-driven systems to systems with autonomous trends
spanning several months to years are given in Lippmann et al. (1993); Wijnberg and
Terwindt (1995); Plant et al. (1999); Kuriyama (2002); Aagaard et al. (2004); Certain
and Barusseau (2005); Ruggiero et al. (2005); Ruessink et al. (2003, 2009).

1 To list a few: Shaler (1894) notices “peculiar structures” (beach cusps) that are “not easily
accounted for”; ripples are described in fossilized form by Scrope (1831) and later on active beaches
by de la Beche (1851); Gilbert (1890) mentions “wave-built terraces” consisting of “parallel ridges,
usually curved”.
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Figure 1.1 Schematic depiction of the nearshore zone

Understanding the processes that give rise to cross-shore sandbar behavior is
a major challenge for researchers working in the nearshore zone. In recent years,
sandbar behavior has been described with different techniques, ranging from merely
qualitative, descriptive or graphical schematizations to mathematical formulations of
physical processes. In the latter approach, mathematical equations for water motion
(hydrodynamics) and sediment transport are implemented in a model, which is then
used to study sandbar behavior in a quantitative sense (for an overview, see Roelvink
and Brøker, 1993). While such models can reproduce several aspects of cross-shore
sandbar behavior, including off- and onshore migration, sandbar generation and decay
and cycles of net-offshore migration (Ruessink et al., 2007b; Walstra and Ruessink,
2009), accurately predicting cross-shore sandbar behavior on time-scales longer than
several weeks has proven to be difficult (van Rijn et al., 2003; Grunnet et al., 2004).
This makes it especially hard to understand the differences in long-term (months to
years) cross-shore sandbar location that can be observed at different field sites.

There are several reasons for the inability of models to reproduce observed long-
term cross-shore sandbar behavior. First, imprecise measurements used during mod-
eling might lead to inaccurate representations of the modeled system. This problem
extends to wave measurements used to drive a model during prediction, initial ob-
servations of the sandbar state supplied to the model before the start of prediction,
subsequent observations of the sandbar state used in model performance calculations,
and observations used to calibrate the model’s adjustable parameters. Next, it is
not always clear how the physical processes that govern sandbar behavior should be
represented or parameterized in a model, and which processes should be included.
Inaccurate or incomplete representations of physical processes can significantly re-
duce the capacity of a model to predict sandbar behavior, or can even prohibit the
prediction of certain aspects altogether (e.g. onshore migration). Lastly, errors in
observations and modeled processes as well as finite numerical accuracy of models
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implemented on computers can cause exponential divergence between modeled and
observed states over time, a problem also known as deterministic chaos (Lorenz, 1963).
Even if a model’s representation of the physical processes is exact, deterministic chaos
can still prohibit the prediction of sandbar behavior over scales that are much larger
and longer than the scales of the modeled physical processes.

The presence of fundamental limits to predictability and the importance of such
limits to the study of the nearshore zone has been recognized in theory (Holman,
2001), but hardly any efforts have been undertaken to actually quantify predictability
(an exception is the recent work of Ruessink and Kuriyama (2008)), let alone identify
the mechanisms that determine the predictability of sandbar behavior. Given the
present inability of process-based models to reproduce long-term sandbar behavior
it is important to identify the predictability of sandbar behavior, instead of merely
building more detailed models of the underlying physical processes.

Predictability is however not an intrinsic property of sandbar behavior but depends
on the way a sandbar is represented in a model. Instead of studying predictability
as the property of a model and corresponding selection of processes, predictability
can also be derived directly from observations with the help of data-based analyses
and data-driven modeling methods. These methods allow for studying predictability
directly on the level of the sandbar, independent of the level of detail or abstrac-
tion level on which the underlying processes are modeled. Results obtained from
this approach can be used to identify the mechanisms that determine predictabil-
ity of sandbar behavior and guide process-modelers in the selection of processes and
abstraction levels.

The increasing availability of high-resolution sandbar data (e.g. Kuriyama, 2002;
Holman and Stanley, 2007) in recent years has tremendously extended the ability to
study sandbar behavior under natural conditions. This data now allows for studying
the predictability of sandbar behavior on time-scales up to several years with the help
of data-based analyses and modeling techniques. In this thesis I investigate, develop
and apply several methods to study the predictability of cross-shore sandbar behavior
from an observation-based perspective. As mentioned before, the most important
change a sandbar undergoes during its lifetime is the change in cross-shore location, so
this study focuses on the change in cross-shore location of a sandbar as a feature, not
the change in shape or volume (e.g. sandbar generation or decay). In the following,
the term cross-shore sandbar behavior therefore refers to the change in cross-shore
location of a sandbar over time.

Because limits to predictability arise from the way mathematics is used to repre-
sent the world, I first introduce the mathematical basis of predictability in section 1.2.
Most of the methods I use to study predictability of sandbar behavior are based on
data-based analyses and data-driven modeling methods. Since this type of investi-
gation is somewhat uncommon to the study of the nearshore zone, I explain how
a data-based approach can advance our understanding of sandbar behavior in sec-
tion 1.3. In section 1.4 I refine the objectives of this thesis and introduce the chapters
in which these are addressed.
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1.2 Predictability

Scientists studying the outside world often represent the regularities they find with
mathematical equations. A collection of such equations that is used to describe a
certain part of the world is called a mathematical model. Mathematical models are
not only convenient to convey knowledge in a universal language, but can also be
applied to extrapolate to situations beyond those for which the model was contrived.
This gives scientists the ability to make predictions of future behavior of a certain
part of the world, an ability that has greatly contributed to the authoritative status
of science in modern society (Rorty, 1991). However, there are several limitations to
predicting the future with the help of mathematical models, some of which have to do
with the way mathematics is used to represent the world, and others with the nature
of mathematics itself.

Mathematical modeling in the physical sciences is based on the idea that the
world is in a certain observable state, and that there are rules that specify how states
evolve into other states. Physical properties of the state of the world are expressed
with numerical values, and the rules of change are given by mathematical equations.
A potential problem with this view is that many aspects of the world can never exactly
be represented with numerical values (for a fundamental discussion of this problem,
see Feynman (1982)). A first, more practical reason for the inability to exactly rep-
resent the world with numerical values is that measurements are often polluted by
errors caused by imperfect measurement devices. However, the idea that physical
properties can be precisely measured with a perfect measurement apparatus might
not even be true, as indicated by Heisenberg uncertainty principle (Heisenberg, 1927).
Moreover, there is another, fundamental reason for the inability of models to exactly
represent the state of the world: properties of objects and phenomena can mostly not
be expressed in numbers with a finite amount of digits or by an algebraic process that
produces these numbers in a finite amount of time. For example, the ratio between
the circumference of a circle and its diameter, often referred to as π, plays a role in
many models, but cannot be represented with a finite amount of digits, or produced
by a finite amount of calculations (Weierstrass, 1885). Since predicting the future
with the help of models can only be done with models that finish their computations
in a finite amount of time and use a finite representation, the numerical values that
express physical properties in such models can only be estimates. Together, measure-
ment errors, inherent uncertainty and finite computational capabilities, prevent the
use of numbers to express rigid properties of objects or phenomena in mathemati-
cal models. Instead, numerical values can only be approximations of the results of
underlying physical processes or physical properties.

While the problem of limited accuracy might seem insignificant at first, in many
modeling efforts it turns out to be a major restriction to predictability. This limita-
tion is caused by the absence of analytical solutions for the equations that describe
the dynamics of the modeled variables. In mathematics, equations that specify the
rate of change of a variable are called differential equations. Predicting the value
of a variable after a certain amount of time means solving the differential equations
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that describe how the variable changes over time. However, it turns out that for
many equations it is actually impossible to find a solution in the form of an equation
that, given the initial value of certain variables and the elapsed time, produces the
value of the variables after the elapsed time. The reason that these equations, called
non-integrable equations, cannot be solved analytically is the existence of resonances
between different degrees of freedom (Poincaré, 1890), which is a mathematical way of
stating that a system of differential equations with a sufficient amount of interaction
between the variables cannot be solved analytically. As such, the time-evolution of
physical systems whose behavior is governed by non-integrable equations cannot be
derived analytically.

Instead of using exact analytical solutions, non-integrable equations can also be
solved with numerical integration. The numerical integration method divides the
time-span over which the equations are solved into a sequence of small steps. Each
time-step, the outcome of the differential equations is calculated, using the computed
result of the previous step as input for the current step. In practice however, this way
of computing the output of a mathematical model can never produce entirely accurate
results. Every time-step, small errors are made in the computations due to finite
numerical accuracy in the model’s variables, as explained before. Additionally, since
differential equations with interacting components are only valid for infinitesimally
small time-steps, each step, however small, introduces further errors in the modeled
variables. For systems with only linear equations, adding up the small errors made
during each time-step results in only linear growth of the error over time. However,
when the numerical integration method is performed with nonlinear equations, the
small errors introduced in each step can be amplified by the nonlinear terms, and the
errors will accumulate exponentially. As a result, tiny errors made in the observations
of the system state or during the numerical integration of mathematical models can
in the long run result in large errors, even if the equations that describe the physical
processes are exact.

The problem of non-integrability of sufficiently complex systems was already iden-
tified by Poincaré (1890), but its full consequences became only evident with the
advent of electronic computers in mathematical modeling. In the 1960’s, Edward
Lorenz exposed this problem to its full extent with the help of a numerical model for
hydrodynamic flow. Model runs with slightly different initial values showed increas-
ing diverging outcomes over time, however small the initial differences (Lorenz, 1963;
Palmer, 2008). These results led to the development of an entire new area of science
and mathematics, called chaos theory. While the word chaos might seem to indicate
erratic behavior happening without a cause, chaos theory is actually about unpre-
dictability in purely deterministic systems, and is therefore often called deterministic
chaos.

While the unpredictability of the natural world seems to be the central claim of
chaos theory, the study of complex systems also revealed that new forms of orga-
nization and regularity (sometimes called attractors) could emerge from seemingly
chaotic dynamics (e.g. Bak, 1996; Wolfram, 2002). These types of organization are
not found in the processes and entities that comprise the studied system, but arise
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from the interaction of the components, that is, they emerge on another level. The
idea that the world is organized in different ways on different levels, is however not
altogether new. Many patterns in nature exhibit properties that are not reflected in
their individual components, but emerge from the mutual interactions between their
constituents. For example, collections of molecules have properties like temperature
and pressure that are not found in individual molecules or the forces that specify
their interaction. Likewise, the sediments in the nearshore zone organize into rip-
ples, sandbars and crescentic shapes, patterns that are not present in individual sand
grains, water molecules, or waves. Moreover, the components that make up such
systems are not atomic, but are themselves only described on levels that exhibit a
great deal of organization. Sand grains, for example, can be seen as stable (relative
to the time-scales of sandbar behavior) configurations of silicon and oxygen atoms.

In a world that is governed by laws that produce chaotic behavior in some parts
and organization in other parts, it is important to find out where and how order
emerges from chaos. To achieve this, scientists not merely reason about the conse-
quences of the most fundamental principles, but also observe the world to find out
what shapes and forms develop from others under given circumstances. In specific, the
existence and behavior of sandbars does not automatically follow from knowledge of
the most fundamental (particle) physics, nor do we express our understanding of sand-
bar behavior in such terms. Instead, models of sandbar behavior describe patterns
on intermediate representation levels that aggregate over shorter- and smaller-scale
physical processes (see e.g. de Vriend et al., 1993; Stive and de Vriend, 1995). Such
aggregations often introduce assumptions, simplifications and parameterizations, and
with that, discard some of the details that might strongly affect the behavior of a sys-
tem, especially in highly nonlinear systems. Some aggregated representations might
be highly accurate on a certain scale, but deterministic chaos might still prevent
accurate descriptions of features on larger and longer scales. On the other hand,
certain processes might also produce new patterns in space and time that are simple
to describe on a larger and longer scale (e.g. the system evolves to an attractor). It
remains to be determined whether the complex interaction between water and sand
produces patterns in sandbar behavior that are easy to predict, or whether such sta-
ble patterns do not evolve and prediction will suffer from exponential accumulation
of errors.

1.3 Data-based sandbar science

Scientific knowledge of the world follows not from reasoning alone but is also based
on careful investigation of observations. Scientists transform the regularities under-
lying observations into ideas and theories using various methods and tools. One
approach that is becoming increasingly popular is to derive the structure underlying
observations directly from those observations with data-based analyses and data-
driven modeling techniques. These techniques require considerable computational re-
sources and large amounts of observations, which are facilitated by two developments:
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(1) the increasing computational power of electronic computers and (2) the tendency2

to observe, monitor, measure and record many aspects of the world.
Over the past few decades, the endeavor to map the world has spread out to

the nearshore zone. The increasing amount of data that is becoming available from
nearshore observation projects has enabled a data-based perspective on the study of
sandbars. Applications of data-based methods for studying sandbar behavior started
from simple statistical analyses (e.g. Wright et al., 1985), or more complex methods
(e.g. Wijnberg and Terwindt, 1995; Ruessink et al., 2007a) to full predictive models
(Southgate et al. (2003); Smit et al. (2007) give overviews of models for the entire
nearshore zone). Usually, the methodology for data analysis or modeling is borrowed
from other disciplines and requires adaptation to specific properties of the nearshore
zone. While this can be a challenge in itself, the interpretation of outcomes needs to
be performed with care, and is sometimes subject to debate (e.g. Elgar, 2001).

From the initial analysis and modeling attempts, the potential of the use of ob-
servations for advancing understanding of sandbar behavior has started to become
apparent. Whereas sandbar data analysis and modeling studies steadily accumulate,
a general framework or goal for the usage of sandbar data seems to be missing. Here I
attempt to identify the main applications and the related challenges of the data-based
approach that can facilitate progress in our understanding of sandbar dynamics.

1. verification
The fine resolutions and large spatial and temporal extents of the available sand-
bar data form a solid basis for the verification of model predictions. Not only
are those data essential for the validation of several static aspects of modeled
phenomena, such as scale and spacing, they can also be used for verification
of the evolution of modeled features in terms of growth or decay time-scales,
migration rates and stability. A further benefit of the usage of large sandbar
datasets is the possibility to compare the temporal and spatial variability of
measured quantities between model outcomes and reality.

2. measurable quantities
Understanding sandbars and their behavior through models advances with the
capacity of those models to represent more and more aspects of observations.
However, deriving measurable quantities from large amounts of data in an au-
tomated fashion is in many cases not straightforward. Finding or developing
methodologies that yield such metrics is a premise for the successful comparison
of model outcomes with reality, and remains a challenge for many aspects of
sandbar behavior. Recent developments include principal component analysis
(Wijnberg and Terwindt, 1995), variability analysis (van Enckevort et al., 2004),
phase space methods (Plant et al., 2006) and wavelets (Ruessink et al., 2007a).

2 Early testimonials of this data collection mania are the voluminous works of Alexander von
Humboldt (e.g. MacGillivray, 1833; von Humboldt, 1858–1892). The 19th century project to measure
and map every feature of the earth, is sometimes even referred to as “Humboldtian science” (Cannon,
1978).
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3. data-driven modeling
The increasing availability of sandbar observations allows for the construction
of data-driven models for sandbar behavior. Data-driven models make little
assumptions about the underlying processes that govern the system of inter-
est, but instead try to derive behavioral aspects from the observations. It is
however important to note that data-driven techniques cannot derive arbitrary
structure, but merely select optimal structure from a set of pre-conceived alter-
natives (Tarantola, 2006). Because relatively large amounts of data are needed
to construct a data-driven model, the predictive utility of these type of models
is limited to cases where sufficient data is already available. Merely demon-
strating the capability of a data-driven model to reproduce behavior in parts of
the observations not used to construct the model, yields little insight. The ap-
plication of a data-driven model should therefore not be seen as a goal in itself
(Seminara and Blondeaux (2001) warn against this practice), but as a means
of studying the structure underlying the observations. Insights can be gained
from the interpretation of extracted structure in terms of physical processes,
while conditions for which the model is less accurate bring into focus possible
shortcomings in our understanding. The increasing availability of sandbar ob-
servations together with this approach toward the use of data-driven models
can be of great value to the study of sandbar behavior. An overview of existing
applications in the nearshore zone is given in Southgate et al. (2003).

4. selective use of data
While theories and models should always be validated against observational
data, selective use of such data carries the risk of merely confirming the preju-
dices of scientists. Typical studies that concern only small parts of much larger
sandbar datasets (e.g. Plant et al., 2006; Ruessink et al., 2007a) assume that
the identified behavior represents characteristic system dynamics, while more
complex behavior in other parts of the data is exhibited in addition to the char-
acteristic behavior. While this might not necessarily be wrong, it precludes the
possibility that additional processes in a complex interdependent nonlinear sys-
tem might change the total system behavior significantly. Confidence in models
and theories can benefit substantially from the validation against large parts of
the data instead of only those parts selected by the modeler. Positive examples
are van Enckevort et al. (2004); Alexander and Holman (2004); Holman et al.
(2006).

5. long-term behavior
As the amount of observational data steadily accumulates over the years, be-
havioral aspects of sandbars on time-scales of years to decades start to become
apparent. The possibility to investigate behavior on these time-scales brings into
focus the problem of scale and the related issue of accurate levels of abstraction,
as discussed in the previous section. Apart from such theoretical considerations,
empirical investigations into the behavioral aspects on long time-scales is needed
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to determine the predictive value of the existing model paradigm based on cu-
mulative behavior of smaller scale processes.

6. continuation of observations
In addition to the challenges presented before, the success of long-term sandbar
research depends crucially on the continuation of observation programs.

1.4 Objectives and thesis outline

The general objective of the research presented in this thesis is to determine the pre-
dictability of cross-shore sandbar behavior. Most of the methods I use to study pre-
dictability are data-based analyses and data-driven modeling techniques that derive
the underlying structure from observations. Since a data-driven approach for under-
standing the predictability of sandbar behavior is somewhat uncommon in nearshore
research, it is important to realize that this thesis does not attempt to (1) assess
the use of data-driven methods as operational models, (2) perform a comparison
between data-driven and process-based models for practical prediction purposes, or
(3) quantify the uncertainty of model predictions for cross-shore sandbar locations.
Instead, this work focuses on the use of data-driven methods to determine the general
class of dynamical problems that governs cross-shore sandbar behavior and its pre-
dictability. As explained in section 1.3, data-driven methods require large amounts of
observational data. In this thesis I use several datasets containing multiple years of
daily-observed positions of five sandbars at three field sites and corresponding wave
and water level observations. Chapter 2 introduces these datasets and explains sev-
eral pre-processing steps that were undertaken to derive sandbar-crest locations and
hydrodynamic quantities from the observational data.

There are several aspects of predictability that need to be addressed to produce a
complete picture of the predictability of cross-shore sandbar behavior. These different
aspects of predictability are the central theme of the research goals of this thesis:

1. Determine the importance of nonlinearity in cross-shore sandbar behavior.
The highly nonlinear nature of the hydrodynamic and sediment-transport pro-
cesses operating in the nearshore zone can negatively affect the predictability of
sandbar behavior. However, not all nonlinearities in the underlying processes
might be expressed equally in time-series of sandbar observations. In chapter 3
I develop a method that reveals the presence of nonlinearity in the relation be-
tween sandbar migration, wave height and sandbar location on time-scales of
one to several days.

2. Establish requirements for a data-driven model of cross-shore sandbar behavior.
Observations of sandbar behavior and hydrodynamics contain information about
the underlying regularities that can be extracted with a data-driven model.
Chapter 4 investigates what model properties (i.e. model complexity, nonlin-
earity, memory) are required for modeling sandbar behavior on time-scales of
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weeks to years by comparing the results of different types of data-driven neural
network models.

3. Investigate how a model’s abstraction level affects its capacity to predict cross-
shore sandbar behavior.
Predictability is not an intrinsic property of sandbar behavior but depends
on the way a sandbar is represented in a model. Chapter 5 investigates how
the spatial and temporal level of detail on which a model operates affects the
model’s capacity to predict long-term sandbar behavior. To this end, I make
a comparison between several extensions of the neural network model from
chapter 4 and a state-of-the-art process-based model for cross-shore sandbar
behavior.

4. Analyze the relation between predictability and the physical mechanisms under-
lying cross-shore sandbar behavior.
While the previous research goals primarily concerned the properties of models
for sandbar behavior, chapter 6 analyzes how the physical mechanisms underly-
ing sandbar behavior relate to predictability. In this chapter, sandbar migration
is aggregated on the level of average wave heights and sandbar-crest locations.
I investigate whether the incoming waves drive a sandbar toward an attractor
and how such a mechanism relates to differences in long-term behavior and
corresponding differences in predictability.

Chapter 7 combines the findings of the preceding chapters to yield an integrated view
on the predictability of cross-shore sandbar behavior.
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2 Data

The analyses in this thesis are based on sandbar and hydrodynamic datasets obtained
from several sources. This chapter sets out to describe how these data were obtained
and gives the preprocessing steps that were undertaken to derive relevant measures of
sandbar-crest positions, wave properties and water levels in section 2.1. Section 2.2
describes the relevant aspects of the observations and the field sites at which the
observations were gathered, while section 2.3 gives an overview of the characteristics
of sandbar behavior at the different field sites.

2.1 Data collection and processing

A wide range of sampling techniques and instruments with various sampling rates
and resolutions is used to capture the water movement and the changes in bottom
topography in the nearshore zone. Hydrodynamic processes have since several decades
been measured in an automated fashion with several types of buoys and gauges. Once
placed, these measuring apparatus transform observations into electronic signals that
are then transferred through a cable or satellite. Repeatedly mapping the changes in
the submerged bottom topography with sufficient resolution and range is a daunting
task that is hampered by the strong and often dangerous currents and waves. The
traditional technique for measuring the submerged bottom topography involves rope,
a piece of lead, and something to stand on or hold on to (figure 2.1b illustrates this
practice). Whereas pieces of rope and lead are easy to come by, building contraptions
that can endure the disrupting powers of the waves and currents in the surf zone
requires considerable engineering skills and strong materials. Among the solutions
that engineers and scientists came up with, research vessels, vehicles and piers have
proven to be particularly valuable for measuring the otherwise inaccessible parts of the
nearshore zone. Vehicles and boats can cover areas of several kilometers alongshore
and several hundreds of meters in the cross-shore direction with sufficient resolution
to map many interesting sandbar features. They can however not be operated safely
during high-wave conditions, when the nearshore dynamics get interesting. Also, the
operation costs and efforts limit their application to short bursts of measurements.
A pier, on the other hand, can serve as a measuring platform for many years, even
under hostile environmental conditions, but the measurements taken from its deck
cover only a single slice of the nearshore zone. Also, the presence of a pier disturbs
the natural hydrodynamic processes, which might cause scour holes around the pier
pilings. The limitations of these measuring techniques make it difficult to obtain
accurate data that is both dense and extensive in time and space.
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(a) Argus camera station (b) Survey at the Hasaki research pier in Japan

Figure 2.1 Two methods for mapping the nearshore zone

The introduction of Argus camera stations (Holman and Stanley, 2007) in the
nearshore zone allowed researchers to automatically collect image-based observations
at regular intervals and as long as necessary, without much effort. Ongoing analysis
of images collected with Argus stations has revealed a range of interesting dynamics
that could not have been explored accurately with traditional measuring techniques.
The continuation of sandbar research in the present work is based for a significant
part on Argus images, so we will first describe Argus technology and history in general
terms in section 2.1.1, and continue our description of data collection in section 2.1.2.

2.1.1 Argus

Argus stations are automated image and video collection systems developed for remote
sensing of the nearshore zone. Since the first installation of an Argus station in
Yaquina Head, Oregon, in 1992 (Holman and Stanley, 2007), these systems have been
deployed at several locations around the world. Data collected with Argus stations
have already proven to be highly valuable for the study of sandbar behavior and
will continue to do so as more and more data become available. Here, we limit our
description of the Argus system to those features that are relevant to the Argus-based
sandbar data used in the present work. A more detailed discussion on the history, the
various technical aspects, and the many applications of Argus imagery in research is
given in Holman and Stanley (2007).

A typical Argus station consists of several cameras mounted on a tall building or
structure (see e.g. figure 2.1a). The cameras point at different angles at the beach,
and together cover a range of several kilometers alongshore and several hundreds of
meters in the cross-shore direction. A local host computer connected to the cameras
controls the automatic image and video data collection during daylight hours. The
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(a) Argus snapshot images at the Gold Coast, Australia

(b) Argus time-exposure images at the Gold Coast, Australia

Figure 2.2 Argus image types

image and video data obtained from the station’s cameras are processed locally to
single image products or time-series data for small subsets of pixels. These data-
reduction techniques allow the results to be efficiently transferred over telephone or
internet communication lines to a central database. Although several types of images
and video-derived products are generated by each Argus station, here we will discuss
the image type that is commonly used for the extraction of sandbar position data:
the time-exposure image.

When waves break over shallow parts of the nearshore zone, they produce foam
and turbulence that become visible in Argus images as patches of high intensity.
Nevertheless, it is difficult to reliably estimate the location of a shallow part from
individual breaking waves that can be seen in snapshot images such as figure 2.2a.
A natural wave field consists of waves with different heights, which start breaking
at different cross-shore locations. Additionally, breaking waves captured at a single
time-instance cover only part of the alongshore stretch of a submerged shallow feature.
Over time however, multiple waves breaking at different locations cover all the shallow
parts in the observed area. Locating submerged features can therefore benefit from
the use of multiple pictures taken at different times, each showing breaking waves
scattered over the shallow parts of the nearshore zone. Lippmann and Holman (1989)
discovered that this can be easily done by averaging over the pixel values of several
images taken at certain intervals. In Argus stations, the averaging process is generally
performed over a set of pictures collected at 2 Hz during a 10-minute sampling interval.
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The resulting image product, called a time-exposure image, shows a smooth high-
intensity band of breaking waves (e.g. figure 2.2b). This band not only reveals the
location of the submerged sandbar over its entire alongshore span, but also clearly
shows the detailed curving alongshore shape of the sandbar.

Finding the location of an image feature in the real world requires a translation of
the oblique image coordinate system to a coordinate system in the real world. Such
a translation is often done by projecting the pixels onto a two-dimensional horizontal
plane (e.g. Holland et al., 1997). The rectification procedure uses several camera
parameters, such as height, angle, location, and focal length, that are either measured
directly or determined with the help of ground control points. The rectified images
from multiple cameras can be merged to yield an uninterrupted view of a selected area
within the horizontal coordinate system. An example of the result of the rectification
and merging procedure for the cameras at the Gold Coast, Australia is displayed in
figure 2.3a. The real-world location of most intense wave-breaking can be tracked
by following the high-intensity bands spanning the entire width of the merged and
rectified image (see figure 2.3b).

2.1.2 From Argus images to sandbar positions

Alongshore-continuous bands of breaking waves are easily picked out by the human
eye, but constructing a computer algorithm that mimics this cognitive skill turns out
to be less straightforward. Edge detection algorithms (e.g. Ziou and Tabbone, 1998)
are often used to extract features in similar visual recognition tasks. Such methods
are, however, of little use for the extraction of high-intensity bands, because they are
based on the largest change in intensity (Smith and Brady, 1997), not the location
of high intensity itself. An initial attempt to create an algorithm for the extraction
of high-intensity bands was performed by van Enckevort and Ruessink (2001), who
followed on the work of Plant and Holman (1997). This algorithm tracks the cross-
shore location of maximum intensity within a manually specified range. Analyzing
plan-view images with the van Enckevort and Ruessink (2001) algorithm is labor-
intensive, and results in poor performance on parts with reduced visibility caused by
low wave-breaking, unfavorable atmospheric conditions, reflections of sunlight on the
water surface, discontinuities in the breaker lines, nearby areas of high intensity (e.g.
the dry beach), and changes in image intensity at transitions between images from
different cameras.

Here, we improved on the original van Enckevort and Ruessink (2001) algorithm
using an expectation-optimization approach for subsequent images. Since sandbar
migration is usually small relative to the size of the image, the position of a sandbar
at one time is a good approximation for the location at the next or previous time-
instances. Our algorithm uses this to achieve greater accuracy and speed during the
processing of large image datasets. At the start of the extraction of each sandbar, the
expected location of maximum intensity is supplied manually to the algorithm. Next,
the algorithm selects the location of highest intensity in the vicinity of the expected
sandbar location. Then, the series of cross-shore locations of maximum intensity is
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convolved with a Bartlett-Hanning window (e.g. Oppenheim and Schafer, 1999) to
smooth out any noise introduced by image artifacts. The width of this window is
chosen manually to correspond to the width of the smallest crescentic features visible
in the images. For subsequent images the algorithm locates the highest intensity in
the neighborhood of the expected location based on results from previously analyzed
images, which can be either before or after the present image. Examples of high-
intensity lines extracted for the two sandbars at the Gold Coast, Australia are given
in figure 2.3b.

Apart from speed and accuracy improvements, our approach can also be applied
to extract alongshore discontinuous breaker patterns using results from adjacent (in
time and space) breaking-based conditions. This allowed us to process many Argus
images taken during low-wave conditions, a feat that could not be achieved with earlier
implementations of sandbar-extraction algorithms. Figure 2.4 shows an example of
sandbar locations estimated in parts of the image with no visible wave-breaking,
using results from the next and previous breaking-based conditions. To verify the
accuracy of our algorithm for non-breaking conditions, sandbar positions extracted
for such conditions were compared with expected sandbar locations for the following
and previous breaking-based locations. Differences between expected and intensity-
based sandbar positions for the first breaking-based results before and after a period of
low-energy conditions were found to be small and generally smaller than differences in
extracted sandbar location between subsequent low-energy conditions. This finding is
consistent with the known small sandbar migration rates under low-energy conditions
(e.g. Gallagher et al., 1998; van Enckevort and Ruessink, 2001).

Occasionally, the algorithm needed to be corrected because it tracked other high-
intensity features (reflecting sunlight, patches of dry sand, etc.), or after fast migration
events. In such cases, correction was either applied manually to the results or to the
area in which the algorithm searches for the highest intensity. Most images that could
not be analyzed with the original van Enckevort and Ruessink (2001) method for rea-
sons described before, could be successfully analyzed in this fashion. However, images
in which data from one or more cameras were missing due to technical problems were
not analyzed, but were considered as missing samples in the time-series of extracted
sandbar locations. A detailed description of the sandbar-extraction software is avail-
able in Pape (2008).

Although Argus time-exposure images are available each hour during daylight
hours, we fixed the sampling rate of extracted sandbar locations to one per day. This
choice was inspired by several factors: First, changes in sandbar shape and location
on hourly time-scales are small relative to observation noise, so taking a sampling rate
of one or several hours would not yield more accurate information about the changes
in actual bottom topography. Second, changes in the location of wave-breaking over
one day largely reflect the effect of changing water levels with the tidal cycle, not
changes in actual sandbar location (van Enckevort and Ruessink, 2001). This water-
level-induced difference would have to be corrected for afterwards, which introduces
additional processing noise. Lastly, sandbar locations can best be extracted from low-
tide images, when the wave-breaking is most pronounced in the images. Low tides
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(a) Merged and rectified Argus image from the Gold Coast, Australia
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(b) Tracked high-intensity lines in Argus image

Figure 2.3 Merged and rectified images with extracted high-intensity lines

occur at least once, but at most twice per day during daylight hours, which limits
our choice for a fixed sampling rate to one observation per day.

Whereas wave-breaking is most pronounced during low tides, the lowest-tide im-
age for each day might not always be the one with optimal image quality. Fog,
unfavorable lighting conditions and foam that remains floating on the water surface
after wave-breaking might obfuscate the location of the high-intensity bands. Instead
of simply selecting the image at the lowest tide of each day, we applied an additional
sharpness criterion based on intensity variance in small parts of the oblique images.
The transition from water to air at the horizon provides a reasonable approximation
of the sharpness in the rest of the image, so we based the sharpness criterion on
a 100 pixel-wide horizontal band of the image around the horizon. The minimum
allowed sharpness threshold was determined manually by visual inspection of the im-
ages and was fixed per camera. Each day we selected the four hourly images taken
at the lowest water levels from one of the cameras providing a view on the horizon.
Next, the intensity variance in each of the four images was determined. If the image
at the lowest tide was below the sharpness threshold, the next low-tide image that did
meet this criterion was selected. In case all four low-tide images were discarded by
the sharpness-detection filter, the image with the highest variance value was selected
from the four low-tide images. Changes in the location of wave-breaking caused by
differences in tidal level at which an image was observed are corrected for afterwards,
as described in section 2.1.5.
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Figure 2.4 Extracted sandbar locations for low wave-breaking conditions (middle), based
on extracted highest intensity lines in the previous (top) and next (bottom) images

In this work, vectors of regularly-spaced cross-shore sandbar locations extracted
from Argus images, are referenced with ~x. Individual cross-shore locations x(y) in
such vectors are indexed by their integer alongshore coordinate y. A series of ex-
tracted cross-shore sandbar locations at time t is denoted with ~x(t), and an individual
element from this vector at alongshore location y with x(y, t). Cross-shore sandbar
locations averaged over a certain alongshore stretch are referenced by omitting the
vector notation sign, as in x or x(t). While sandbar locations might be extracted at
different times during the day, the sandbar location extracted for each day was taken
to be representative of that day. In this fashion the analyses methods in later chap-
ters can be performed with equidistant time-intervals, which significantly reduces the
complexity and computation time.

2.1.3 Profile data

The in-situ beach profile data used in this work were gathered with various measure-
ment techniques. Height data for the emerged parts of the beach were obtained with
either traditional surveying techniques based on trigonometry, or more recent tech-
nology, such as vehicles or airplanes equipped with laser- or radar-based measuring
devices combined with satellite-driven global positioning systems (GPS). The sub-
merged parts of the beach were surveyed from boats, vehicles or piers, as described at
the start of this section. The offshore boundary of the measurements was usually de-
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Figure 2.5 Example of a cross-shore profile from Hasaki, Japan

termined by the location where depth-induced wave-breaking becomes insignificant,
or less favorably, by the limited range of the measuring devices. On the shore, the
measurements ranged up to the dune foot or another obstacle, such as a seawall. The
spacings of the measurements depended on the local beach shape, and were denser
in the sandbar areas than in the smoothly sloping parts of the beach. Heights mea-
sured on trajectories perpendicular to the shore are called cross-shore beach profiles.
Since this work concerns profiles in relation to cross-shore sandbar behavior, we con-
sider only cross-shore-directed profile measurements and call a cross-shore slice of the
nearshore zone a profile. Figure 2.5 shows an example of such a profile.

It is not immediately obvious which part of the sand in the nearshore zone belongs
to a sandbar and which part does not — it is a matter of definition. The same holds
for the sandbar position. Some consider a sandbar as a deviation from a hypothetical
long-term sandbar-less beach profile (Bowen and Huntley, 1984), and say that the
location of a sandbar is the point of maximum deviation from the long-term average
profile. Others rather think about sandbars as the result of hydrodynamic processes,
and define the sandbar location as the point where the waves ‘feel’ the fastest change
in the bottom slope (e.g. Plant et al., 1999). Here, we choose to define the position
of a sandbar by its crest, that is, the shallowest part. Similarly, a trough is defined
by the location of the maximum depth between two sandbars or between a sandbar
and the shore. The sandbar-foot location is defined as the location of its seaward-
located trough, and for outer sandbars, as the location of the first seaward-located
slope break counted from the sandbar-crest location. In case a sandbar is not clearly
separated from the next shoreward-located sandbar or from the shore by a trough, it
is called a terrace (see e.g. figure 2.5). The cross-shore location of a terrace is defined
here as an optimum in the derivative of the profile, or in other words, the location of
the slope break. Figure 2.5 displays a sandbar crest, sandbar foot, a terrace and a
trough, according to these definitions.

Similar to the image-based sandbar locations, sandbar-crest locations based on
profile measurements are referenced with x, or when a sandbar location at a specific
time t is meant, with x(t). In case multiple profile measurements at different along-
shore locations are available, x represents the cross-shore sandbar location extracted
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from the alongshore-averaged profiles. When necessary, the notation for cross-shore
locations of different features is augmented with subscript clarifications, such as xt for
a trough, xo(t) for an outer sandbar at time t, or x?(y) for any feature at alongshore
location y.

2.1.4 Hydrodynamic data

Various wave properties can be measured with instruments that are based on a diverse
set of techniques. Buoys usually measure their acceleration as they move with the
waves. Alternatively, some types of gauges record the pressure a wave exerts on a
sensor. Yet other instruments use various sorts of acoustic or electromagnetic signals
reflecting from the water (or air) surface. In the present work we used wave data
gathered by several measuring devices, preferably those closest to each field site.
When no or only partial data from the nearest gauge were available, we used data
from other wave gauges in the vicinity. Section 2.2 lists the locations and other details
of the wave measuring apparatus per field site.

The relevant properties of incoming waves can be expressed in terms of wave
height, wave period and wave angle, measured and averaged over a certain time-
period. Here, we used the root-mean-squared wave height Hrms, the peak wave pe-
riod Tp, and the mean wave angle relative to the shore normal θ. Depending on
the field site and type of measurement, the wave data were recorded and averaged
over intervals ranging from thirty minutes to one day. These irregularly sampled
data were re-sampled to average values over the time-span between two subsequent
sandbar observations in the sandbar time-series. In case no wave observations were
available from reasonably nearby wave gauges, the corresponding sandbar samples
were considered as missing samples and not further analyzed.

Some data-processing methods and models used in this work require not just
wave observations, but also information about the water level. Preferably, water
levels observed at nearby observation stations were used, but when no such data
were available, predicted astronomical tidal levels were used instead. These values
represent the periodic changes in water level induced by the tides, but do not include
the changes in water level caused by additional effects, such as wind or wave set-up.
Both the computed and the observed water level data were sampled at ten-minute
intervals.

Methods that represent sandbar behavior as a function of the waves preferably
need to know the hydrodynamic circumstances near the sandbar, which might be quite
different from the hydrodynamics measured at offshore locations. Waves transform
between the offshore measurement point and a submerged sandbar due to interac-
tion with the bottom. This transformation involves wave refraction and steepening
due to increasing bottom elevation, breaking on seaward-located sandbars and subse-
quent recovery in troughs. Although only offshore wave measurements were available
at our field sites, it is still possible to obtain information on the changing wave
properties in the nearshore with the help of a wave-transformation model. Such a
model computes the various changing properties of the waves over a cross-shore pro-
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Figure 2.6 Offshore and fixed-trough estimations of trough wave heights based on HORS
profile observations

file, based on offshore-measured wave properties. Here we used the Battjes-Janssen
wave-transformation model (e.g. Reniers and Battjes, 1997) with default parameters
(Battjes and Janssen, 1978; Battjes and Stive, 1985) to compute estimations of the
local wave properties just before the waves reach a sandbar. In case a sandbar is
the first one encountered by the waves, we calculated the local wave properties at a
fixed point 50 m offshore of the seaward end of the sandbar zone, where the waves are
not yet affected by the presence of the sandbar. For shoreward-located sandbars we
determined the local wave properties at its seaward-side trough. For each sample in
the time-series, the model used the profile at the closest profile-measurement date. In
case multiple wave observations were available in between two sandbar observations,
we ran the model for each individual wave measurement, and averaged the results.

Section 2.2 contains an overview of the intervals and locations at which profile
measurements were performed. As becomes clear from this section, regular profile
measurements were not always available for all sites. The computed local wave prop-
erties based on the sparse profile data might therefore not accurately reflect actual
local wave conditions at those sites. For outer sandbars the offshore wave conditions
will not differ much from those near the sandbar, but for shoreward-located sandbars
the waves might break first on a seaward-located sandbar, causing a considerable
decrease in wave energy. However, local wave height computations based on the
‘wrong’ profile might still estimate the actual local wave height better than the off-
shore measurements. Here we use the Battjes-Janssen wave-transformation model on
observed profiles from the Hasaki Oceanographic Research Station (HORS) dataset
(see section 2.2.3), to compute local wave height estimates and compare those with
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offshore-measured values. The comparison is based on 247 profiles obtained over a
period of thirteen subsequent months, covering one cycle of offshore sandbar migra-
tion. First, we calculated the local wave height in the trough between the inner and
outer sandbars in the observed profiles. Next, we computed two different estimates
for these local wave heights: (1) the offshore-measured wave height and (2) the
computed wave height in the trough of some other profile. Figure 2.6a shows the
estimates as a function of the computed trough wave height for an example profile (9
August 1989). For this specific profile, the locally-computed wave height turns out to
be a better approximation of the computed trough wave height in other profiles than
the offshore-measured wave heights, especially for the higher waves. To investigate
whether this is also the case for wave height computations based on other profiles,
we repeated the computations for all other profiles in the thirteen-month dataset.
Figure 2.6b shows the average error of two estimates for the computed trough wave
height: the offshore-measured wave height and the trough wave height, based each
time on a different profile. Note that the values in figure 2.6b represent the average
error of the estimates over all 247 profiles as a function of the profile that was used
to estimate the local trough wave height. The average error of the offshore-measured
wave heights is constant because it does not depend on the profile used to compute
the local estimate. The results make clear that independent of the chosen profile, the
trough wave height computed in that profile is a better estimate of the trough wave
height in other profiles than the offshore-measured values.

In the following, root-mean-squared wave heights are denoted with H. The rms

part that was used before in Hrms is left out because no other averaged wave metrics
are used in this work. Unless otherwise specified, H refers to locally-computed wave
height. The peak wave period is referenced with T , the wave angle relative to the
shore normal with θ, and the water level relative to the mean sea level with h. To
indicate time-averages, we use a bar above the variable symbol. The time-indices of
the hydrodynamic variables are set to the last time-index of the period over which
they are averaged. For example, θ̄(t) represents the wave angle averaged over the
period between a sandbar observation at time t− dt and the one at t, where d is the
difference operator. In this fashion, the index of a sandbar state corresponds to the
index of the hydrodynamic data led to that state, which turns out to be convenient
when we write down equations containing both sandbar states and hydrodynamic
variables.

2.1.5 Argus-observed data accuracy and corrections

The validity of the findings in this work depend on the accuracy of the observational
data. Especially when the raw data need additional processing, the accuracy of the
end-product depends on the validity of additional assumptions and the precision of
parameters introduced in each processing stage. The methods that are used to obtain
sandbar locations from Argus images rely on several assumptions and parameters
that might introduce differences between the image-derived and the actual sandbar
locations. In this subsection, we describe the various aspects that affect the accuracy
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in the entire processing chain from Argus images to time-series of sandbar locations,
as well as the methods we used to reduce the effects of disturbances.

The processing of Argus images starts with the projection of oblique camera im-
ages on a flat, horizontal real-world coordinate system (Holland et al., 1997). This
projection is performed based on camera location, orientation, and focal length. While
the locations of the cameras were measured using DGPS (differential global position-
ing system), obtaining accurate values for the camera orientation and focal length
is not straightforward. Moreover, these parameters might change during Argus sta-
tion operation. Therefore, we determined the camera orientation and focal length
parameters from the image location of ground control points and their correspond-
ing real-world position. Each time the camera orientation changed due to servicing
of the camera or environmental factors (e.g. slight camera movement in the wind),
these parameters were re-determined. In this fashion, any deviations introduced by
inaccurate determination of the camera parameters remained below the size of one
pixel in the oblique image.

Apart from camera location, orientation, and focal length, radial distortions in
the camera’s lens also affect the accuracy of the produced images. To diminish the
effect of radial lens distortions, any such distortions were determined in a test setting
before the lens was installed, and corrected during the rectification procedure.

Additional inaccuracies in the rectification procedure are caused by deviations
from the assumed flat surface on which the images are projected. While the rectifica-
tion procedure projects the images on the tidal level, additional deviations from this
surface plane are caused by waves and wind and wave setup in case predicted tidal
levels instead of measured water levels are used. Since the Argus cameras are placed
several tens of meters above the surface, most deviations introduced by variations in
surface elevation remain smaller than the size of one pixel. Variation in water sur-
face elevation other than the tides are therefore not accounted for in the rectification
procedure.

Aside from the inaccuracies introduced during image acquisition and processing,
the resolution of the camera’s sensor poses an important limit to the accuracy of
the rectified images. The area in the plan-view coordinate system covered by a
pixel from the oblique image is called the pixel-footprint dimension, and increases
with the distance from the camera. Since the other sources of error are generally
smaller than, or can be reduced to sub-pixel size, the footprint resolution remains the
main limiting factor for the accuracy of rectified images. Examples of the diagonal
(Euclidean) footprint dimensions for the Argus stations used in the present work are
given in figure 2.7. A more detailed explanation of the rectification procedure and
its accuracy for Argus images is given in Holland et al. (1997); Holman and Stanley
(2007).

Computing average cross-shore sandbar locations as a simple mean over alongshore
vectors of cross-shore sandbar locations is not optimal, because sandbar locations in
such a vector are obtained with different accuracies. Cross-shore sandbar locations are
extracted from plan-view images over several pixel columns originating from only a
single pixel in the oblique image, and sandbar locations extracted further from the Ar-
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Figure 2.7 Diagonal pixel-footprint dimensions on top of Argus images

gus station are less accurate than locations extracted close to the station. To express
the decreasing accuracy of extracted sandbar locations with increasing distance from
the camera, we used the diagonal pixel-footprint sizes to compute weighted average
cross-shore sandbar locations. The weights ω in the weighted average computation
were the inverse diagonal pixel-footprint size:

ω(x, y) =
1

b(x, y)
, (2.1)

where b(x, y) is the diagonal pixel-footprint size at cross-shore location x and along-
shore location y. The weights were then used to compute footprint-size-weighted
average cross-shore sandbar locations:

x =

(
n−1∑
y=0

ω (x(y), y) · x(y)

)(
n−1∑
y=0

1

ω (x(y), y)

)
, (2.2)

where n is the number of pixel columns over which the sandbar was extracted and
x(y) the sandbar location derived from an image at horizontal index y. Note that x
in equation 2.2 represents alongshore-weighted averaged data, while x(y) indicates a
cross-shore location at alongshore index y.

The location of maximum intensity in an Argus image is known to deviate from
the in-situ sandbar position, depending on the water level and wave height (van
Enckevort and Ruessink, 2001; Alexander and Holman, 2004). Waves break further
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seaward (shoreward) of the sandbar crest with increasing (decreasing) wave height
and decreasing (increasing) water level. A change in wave height or water level
between subsequent image observations causes a change in location of maximum wave-
breaking in the images not associated with real sandbar migration. Here we give a
method that filters out the effects of changing water levels and wave heights on Argus-
observed sandbar locations. The correction method uses a linear model for Argus-
observed sandbar migration with two components: (1) a model for the actual sandbar
migration based on the average wave height between observations and (2) a model
for the artificial migration caused by the difference in instantaneous (at the time the
Argus picture was taken) wave height and water level. The coefficients of this linear
model can be obtained with a least-squares fit on the observations. After that, the
sandbar locations can be projected on the mean water level and mean instantaneous
wave height by inserting the mean values of these variables in the linear model.

The correction method is based on a model for sandbar migration that describes
the change in the Argus-observed location of highest breaking intensity dxa(t) between
times t−dt and t. This change can be divided in two parts: the migration of the real
sandbar-crest location dxs and some function f1 of the change in water level dh(t)
and the change in instantaneous local wave height dH(t) between t− dt and t:

dxa(t) = dxs(t)− f1
(
dH(t), dh(t)

)
. (2.3)

Here, we use a model f2 for the actual sandbar migration dxs(t) that is based on the
previous sandbar location xs(t− dt) and the average local wave height H̄(t) between
t− dt and t:

dxs(t) = f2
(
xs(t− dt), H̄(t)

)
. (2.4)

The in-situ sandbar location xs(t−dt) in equation 2.4 is unknown, because corrections
for the water level and wave height have not yet been performed. Instead, we can use
the Argus-observed sandbar location and include some correction function f3 for the
wave height and water level at that time:

xs(t) = xa(t)− f3
(
H(t), h(t)

)
. (2.5)

Now we can substitute equation 2.5 for xs(t− dt) in equation 2.4, yielding:

dxs(t) = f4
(
xa(t− dt), H(t− dt), h(t− dt), H̄(t)

)
. (2.6)

Using equation 2.6 for dxs(t), we can rewrite equation 2.3 as:

dxa(t) =f4
(
xa(t− dt), H(t− dt), h(t− dt), H̄(t)

)
− f1

(
dH(t), dh(t)

)
,

(2.7)

which is now completely specified in terms of known hydrodynamic data and Argus
observations.

Since we do not know the shape of any of the f? functions, we assume they are
just weighted linear combinations of the input variables. Below we explain why this is
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actually not a bad assumption for the purpose of data correction. Assuming functions
f1 and f4 are linear, equation 2.7 can be rewritten into:

dxa(t) =w1 +w2 · xa(t− dt) +w3 · H̄(t)
+w4 ·H(t− dt) +w5 · h(t− dt)
+w6 · dH(t) +w7 · dh(t).

(2.8)

The coefficients w? can be found by linear regression on the observations. Next, the
Argus-observed sandbar locations xa can be corrected for the effects of variable H
and h by projecting the part of the migration described in equation 2.8 related to
the changes in wave height and water level on their mean values, and subtracting the
results from the original observations:

xe(t) = xa(t)−
(
w6 ·

(
H(t)− H̄(?)

)
+ w7 ·

(
h(t)− h̄(?)

))
, (2.9)

where H̄(?) is the mean local wave height over all observations, h̄(?) the mean water
level over all observations and xe(t) the sandbar position corrected for the effects
of wave height and water level changes, which estimates the actual sandbar-crest
position xs(t) with some constant offset.

A major simplification made in the correction method is the use of linear func-
tions for both in-situ and observed sandbar migration. Instead of adjusting our lin-
ear correction method to a nonlinear one, the linear method can also be applied to
nonlinear transformations of the input variables. We tried adding several nonlinear
transformations on the input variables, such as

√
H, H2 and H3 at the corresponding

time-indices in equations 2.8 and 2.9. Also, we tested several partial linear models on
different divisions of the input variables, including sandbar location and time. The
maximum difference between the corrections of the linear method and the methods
using several combinations of nonlinear transformations of the input variables, or
partial linear models was only a few decimeters.

A further assumption in our model for in-situ sandbar migration (equation 2.4) is
that sandbar migration only depends on the previous sandbar location and the local
wave height. To test whether other wave properties are important for the correction,
we augmented equations 2.8 and 2.9 with wave period and direction, and several non-
linear transformations of those variables. The corrected results differed only several
centimeters at most from the original correction method.

Apart from wave period and direction, the water depth above the sandbar crest
might also affect sandbar migration. The water depth is not included in equation 2.4,
but is implicitly assumed to be linearly proportional to the cross-shore sandbar loca-
tion xs. However, sandbar height might change disproportionate to the cross-shore
sandbar location, and the profile slope might not be exactly linear over the entire
sandbar zone, thus violating the linearity assumption. At sites with slowly evolving
sandbars this could be accounted for by time-variable regression coefficients, but for
rapidly changing sandbars the amount of samples is too small to obtain reliable time-
variable regression coefficients. We tried using time-variable regression coefficients for
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all sites with block sizes of 50 to 400 days, but found only a few centimeters difference
between the original linear correction method and a method with variable regression
coefficients.

During all our trials we found that the difference between the linear correction
method and any combination of nonlinear transformations, partial linear models, or
additional variables remained below a few decimeters, which is small compared to
the maximum correction of almost 10 meters. The main reason for this is that the
least-squares fit procedure approximates the nonlinear functions f? closest during
high-energy conditions, when the corrections are also large. Least-squares fit pro-
cedures minimize the quadratic error, which biases the results toward the largest
changes in the variables. Because large changes in wave height and sandbar location
often coincide, the corrections made by linear and nonlinear models are almost the
same during these conditions. During low-energetic conditions, the nonlinear models
might yield a better representation of the wave-height- and water-level-induced dif-
ferences between subsequent observations, but the corrections are too small to cause
a considerable difference with a linear model. As such, all sandbar data derived from
Argus sources were corrected using the linear correction method.

2.2 Sites

In this work we use sandbar and wave data collected at three different field sites:
(1) The Gold Coast, Australia, (2) Egmond, The Netherlands and (3) Hasaki Oceano-
graphic Research Station (HORS), Japan. The first two sandbar datasets were gath-
ered with Argus imaging stations, while the sandbar data in the HORS set was
measured along a pier. Sandbar data were further divided into sets of individual
sandbars identified by their cross-shore location, such as inner sandbar, middle sand-
bar or outer sandbar. Sandbars were counted from sea to shore, which means that
an outer sandbar is always the first sandbar encountered by the waves. Only after an
existing outer sandbar decayed, we assigned the next most seaward-located sandbar
to the outer sandbar class.

Figures 2.9, 2.12 and 2.14 give overviews of the geographic details of the three
field sites, table 2.1 contains the specifics of each site and measurement apparatus
and figure 2.8 displays wave-climate histograms for each field site. Additional details
per site are discussed in the following subsections.

2.2.1 The Gold Coast

Images of the Argus station at Surfers Paradise, Australia collected over the period
between August 1999 and June 2008 served as the basis for the Gold Coast sandbar
dataset. Surfers Paradise is situated in the northern part of the Australian Gold
Coast in south Queensland. The coastline in this area faces the Pacific Ocean, and
is oriented approximately north-south. The Argus station at Surfers Paradise was
installed atop the ≈100 m-high Focus Building to monitor the development of the
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Figure 2.8 Daily-averaged offshore wave height and period histograms for each field site.
The solid black lines in (a) and (b) indicate the direction of the coastline. Note that for
HORS no directional data are available.
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Table 2.1 Settings per field site

The Gold Coast Egmond HORS

observations
period August 1999 –

June 2008
June 1999 – June 2008 January 1987 –

December 2001
sampling rate 1 day 1 day 1 day (5 per week)
number of observa-

tions
outer sandbar: 2716
inner sandbar: 2255

outer sandbar: 317
middle sandbar: 2120
inner sandbar: 2121

outer sandbar: 3106
inner sandbar: 3147

spatial range� 5000 × 900 m 4000 × 1300 m 0 × 400 m
spatial resolution� 2.5 × 2.5 m∗ 2.5 × 2.5 m∗ 0 × 5 m

Argus
number of cameras 4 5 –
camera elevation 102 m 48 m –

additional surveys
period 2002 1999 – 2007 1986 – 1998
sampling rate once 1 year (summer) 0.5 – 1 year
spatial range� 2000 × 1000 m 4000 × 900 – 1500 m 600 × 700 m
spatial resolution� 50 × 2 – 5 m 250 × 5 – 20 m 50 × 10 – 20 m

coast
setting ocean sea ocean
coastline orientation

relative to north
0◦ 7◦ 120◦

profile slope 1:50 1:120 1:125
grain size 250µm 150 – 200µm 180µm
sandbar size (cross-

section area)
outer: 120 – 150 m2

inner: 20 – 50 m2

outer: 400 – 450 m2

middle: 120 – 250 m2

inner: 20 – 60 m2

outer: 120 – 200 m2

inner: 25 – 80 m2

waves
wave climate swell, sea sea swell, sea
root-mean-squared

wave height§
0.85 m 1.1 m 1.2 m

mean wave period§ 10 s 6 s 8 s
wave gauge type waverider waverider ultrasonic
sampling rate 1 hour 1 hour 1 day
wave gauge, water

depth at gauge
Gold Coast¶† (18 m)
Brisbane‡ (76 m)

IJmuiden06† (21 m)
Eierlandse Gat‡ (26 m)

Kashima¶ (24 m)

water levels
source astronomical observed astronomical
tide semi-diurnal semi-diurnal semi-diurnal
tidal range 1.5 – 2.1 m 1.3 – 1.7 m 0.7 – 1.4 m

∗ finest resolution; for examples of detailed
resolution maps, see figure 2.7

� alongshore × cross-shore
† preferred wave gauge

§ at 20 m water depth ‡ backup gauge; used when data from the
preferred wave gauge were missing¶ non-directional wave gauge
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shore in response to the installation of an artificial surfing reef (Turner et al., 2004).
The station covers a 5 km stretch of the total 18 km of uninterrupted coastline that
extends from Burleigh Heads in the south to the Nerang River entrance 5 km further
north (see figure 2.9 and table 2.1).

Wave height and period data were obtained from the non-directional Gold Coast
waverider buoy, while wave directions were measured with the Brisbane waverider
buoy (see figure 2.9). Missing wave height and period data from the Gold Coast
buoy were replaced with artificial neural network transformed wave data from the
Brisbane waverider buoy, as explained in Ruessink et al. (2009). The wave climate
at the Gold Coast (figures 2.8a and 2.10) is dominated by swells from the southeast,
generated by lows off the New South Wales coast. Tropical cyclones are an additional,
but infrequent source of high-energy regimes. During extreme events the significant
wave height can increase to well over 3.5 m (Allen and Callaghan, 1999). The beach
volume can decrease significantly (erosion) during high-energy swells and tropical
storms, but recovers to its original state during subsequent periods of low-energy
conditions (Castelle et al., 2008).

The nearshore zone at Surfers Paradise is characterized by a double sandbar sys-
tem, with an inner and an outer sandbar located in areas between 50 – 90 m and
100 – 250 m from the shore, respectively. During low-wave conditions both sandbars
migrate toward onshore locations and develop crescentic shapes and rip-channels in
the manner described by Wright and Short (1984) for single-barred beaches. After
several weeks of low-energy conditions the outer sandbar sometimes merges with the
inner sandbar, and the inner sandbar can attach to the shore. When the wave height
increases, the sandbars straighten out and migrate toward more seaward-located po-
sitions. Over time, the nearshore morphology cycles through all intermediate double-
barred beach states described by Short and Aagaard (1993). Both the inner and
the outer sandbars at the Gold Coast are included in the analyses in the following
chapters. Periods when the inner sandbar was attached to the shoreline and could
not be distinguished as an individual sandbar in the images are not included in any
further analyses. Likewise, the decay phases of the outer sandbar are discarded be-
cause accurate sandbar locations could not be extracted from the scattered patterns
of wave-breaking on the decaying sandbar (see also Ruessink et al., 2009).

The artificial surfing reef constructed in 1999 – 2000 can often be distinguished
in the images by the breaking waves (see figure 2.11). The reef is located in the
outer sandbar zone, and influences the development of alongshore features in the
outer sandbar. However, the effect of the reef-presence on sandbar behavior is either
limited to the immediate vicinity of the reef (the left column in figure 2.11), or very
small (the right column in figure 2.11; see also Turner et al. (2004)). What is more,
the outer sandbar always remains an alongshore continuous feature over the entire
span of the investigated area. Since the reef is a constant factor that has only local
effects in a small area relative to the total range of the study site, we analyzed the
sandbar over the entire width of the field site, including the reef area. Any effects of
the reef on the averaged cross-shore sandbar location are further diminished by the
weighted averaging procedure described in section 2.1.5.
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Figure 2.9 The Gold Coast field site. The right picture is enlarged from the white area
in the left picture. A 5000× 900 m-sized Argus image (18 March 2008) is projected in the
right image.
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Figure 2.10 The Gold Coast dataset. From top to bottom: an example profile (with ver-
tical to horizontal ratio 1 : 50), an example image, and the extracted cross-shore sandbar
location and wave height H as functions of time. x, y and z denote cross-shore, alongshore
and vertical coordinates, respectively. Red (blue) (gray) colors represent outer (inner) (un-
corrected) sandbar observations and outer sandbar (inner sandbar) (offshore) wave heights.

Apart from the installation of a surfing reef, additional anthropogenic intervention
was carried out in the years 1999 – 2000 in the form of a 1.2 Mm3 beach nourishment
(Turner et al., 2004). The implementation of this nourishment at our study site
lasted until June 2000, and mainly affected the development of the inner sandbar.
To avoid any impact of the nourishment, we discarded inner sandbar data until June
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Figure 2.11 Effects of the surfing reef (in the encircled area) on sandbar development are
local (left), or barely noticeable (right)

2000. During the years 2005 and 2007, a series of minor beach nourishments was
carried out, each less than 40 000 m3. These nourishments were too small to have any
noticeable impact on the sandbar evolution at Surfers Paradise.

The time-series of selected sandbar and wave data in the Gold Coast dataset are
depicted in figure 2.10.

2.2.2 Egmond

Sandbar data at Egmond, The Netherlands were extracted from Argus images taken
with the Egmond Argus station. The Egmond beach is part of a 25 km-long stretch
of coast ranging from the IJmuiden harbor moles in the south, to the Petten seawall
in the north (see figure 2.12). At the landward side, this part of the coast is backed
by extensive dune ridges. The Egmond Argus station was installed in April 1998 in
the context of the Coast3D project (Soulsby, 2001). The Argus cameras are placed
on a 48 m-high tower located at the beach, providing an uninterrupted view of the
4000 × 1300 m study area (see figure 2.12). The Egmond dataset covers the period
between June 1999, when the first accurate geometric parameters for the rectification
procedure became available, and June 2008. In October 1999 power and connectivity
were lost during an extreme storm. Data collection was resumed after the reinstalla-
tion of the station in the beginning of 2001. Similarly, data from the first half of 2005
are missing, because the station was struck by lightning in December 2004. Station
operation was resumed August 2005.

The most noticeable feature of the submerged part of the Egmond beach is the
cyclic behavior of the multiple sandbar systems (Wijnberg and Terwindt, 1995). This
behavior consists of gradual offshore migration of all sandbars over several years, after
which the outer sandbar decays and a new sandbar is generated near the shoreline.
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The time it takes for the system to go through one cycle of creation and destruction
is about 15 years in this part of the Dutch coast. Complex patterns of merging and
splitting sandbars can sometimes be observed at alongshore locations of shifts in the
cycle’s phase or duration (Wijnberg and Terwindt, 1995), but at the Egmond study
site no such merging or splitting events occurred during the observed period.

Three alongshore-uniform sandbars can be identified during the studied period
at Egmond. The inner sandbar, located between 20 – 90 m from the shoreline, of-
ten develops rip channels and crescentic shapes during quiet wave conditions, and
straightens out during storms. The middle and outer sandbars, located between 150
– 300 m and 475 – 600 m from the shore, also develop crescentic shapes, ranging in
alongshore size from several hundreds of meters up to almost 1.5 km. The 4 km-wide
study area covers several of these features, so changes in averaged cross-shore sand-
bar location cannot be attributed to alongshore migration of crescentic shapes into
or out of the study area. Both the inner and the middle sandbar at Egmond are
included in the analyses in the following chapters. The outer sandbar, however, is
not included in any further analyses, because it could be sampled during rare high
wave conditions only. During quiet conditions, the waves did not break on the outer
sandbar, rendering it invisible in the Argus images.

Wave data at Egmond were measured with the IJmuiden06 (preferred) and Eier-
landse Gat (backup) waverider buoys, whose locations are depicted in figure 2.12. Wa-
ter levels were measured at the Petten Zuid and IJmuiden Buitenhaven observation
stations, situated about 20 km north and 15 km south of the study area, respectively.
The wave climate at Egmond (figures 2.8b and 2.13) is dominated by wind-generated
sea waves from the North Sea. Waves arrive mainly from the southwestern to north-
western direction with an average offshore wave height of 1.2 m and an average period
of 6 s. Storm waves are slightly higher during the winter than during the summer sea-
son, and arrive mainly at oblique angles. Storms can be accompanied by water level
increases up to 1 m due to storm surges.

A 1.6 Mm3 foreshore nourishment was placed between June and October 2004,
over a 4 km stretch of coast, including the northern 1 km of the study area. Just after
the completion of this nourishment, the Argus station went down for six months.
After the station started functioning again in August 2005, we did not observe any
differences in sandbar behavior between the northern and southern parts of the im-
ages, which suggests that the effects of this nourishment, if any, were limited to the
period of station malfunction. Any less-obvious changes in cross-shore sandbar behav-
ior caused by this nourishment are diminished by the weighted averaging method (see
section 2.1.5), because the area in which the nourishment is placed is located far from
the camera station. Apart from this anthropogenic interference, vertical drainage
pipes were installed in the beach in the year 2006, which were hypothesized to pro-
vide a means of natural sand accumulation. We do not expect any noticeable effects
on sandbar behavior during the period after 2006 from the possible accumulation of
sand on the beach by this system.

Figure 2.13 shows the time-series of sandbar and wave data in the Egmond dataset.
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2.2.3 HORS

An extensive beach profile dataset was collected between January 1987 and Decem-
ber 2001 at the Hasaki Oceanographic Research Station (HORS), Japan (Kuriyama,
2002). The profile measurements were taken from a 427 m-long pier at 5 m intervals
each week-day. The HORS research facility is located in the center of a 17 km strip of
sandy coast located near the city of Kashima, as indicated in figure 2.14. This part
of the coastline of south-east Japan, called the Hasaki coast, stretches from Kashima
Port in the north to the Tone River mouth in the south, and faces the Pacific Ocean.

We extracted sandbar positions from the surveyed profiles in the manner described
in section 2.1.3. Two subtidal sandbars can be identified: an inner sandbar located
between 25 – 100 m, and an outer sandbar between 125 – 200 m from the shoreline.
Although we call the inner sandbar a sandbar here, it mostly resembled a terrace-
like feature that was not clearly separated from the shoreline by a shoreward-located
trough. Bathymetric surveys in a 600 m-wide area centered on the pier, revealed that
the inner sandbar often developed crescentic features and rip channels, while the outer
sandbar remained alongshore uniform (Kuriyama, 2002). Estimates of cross-shore
sandbar locations for crescentic sandbars can be obtained by alongshore averaging
over multiple crescentic shape features. However, at HORS cross-shore profiles were
obtained at a single alongshore location, making it infeasible to accurately estimate
cross-shore sandbar locations for crescentic sandbars. The inner sandbar at HORS
was therefore not used in any further analyses.

Outer sandbar data were divided into time-periods starting with the transition
from inner to outer sandbar (i.e. outward migration after decay of the former outer
sandbar) up to the end of a sandbar’s life (i.e. complete decay, or migration beyond
the tip of the pier). In the first part of the observed period the outer sandbar at
HORS migrated offshore over the course of one year, and decayed almost every year
after the end of the typhoon season. After 1993 this behavior changed to slower off-
shore migration, and corresponding longer cycles of sandbar creation and destruction.
Kuriyama et al. (2008) attribute this change in sandbar behavior to a chance in wave
climate (i.e. less high-energy conditions) during the second half of the data.

Waves were measured with the Kashima Port non-directional ultrasonic wave
gauge. Since no detailed directional wave data were available from this, or nearby
wave gauges, the average absolute wave direction of 30◦ (relative to the shore nor-
mal) over this part of the Japanese coast was used when necessary. The waves at the
Hasaki coast (figures 2.8c and 2.15) are usually larger from autumn to spring than
during the summer months, owing to depressions in winter and spring, and typhoons
during autumn.

As shown by Miller et al. (1983) and Plant et al. (1999), the presence of a pier
can have considerable effects on the development of the surrounding morphology.
Surveys performed in a 600 m-wide area centered on the pier at HORS have shown
that this pier’s pilings have only minor effects on the morphology. To filter out the
small effects of the pilings at HORS, the observations around the pilings were replaced
with interpolated values from neighboring observations before any further processing
steps.

45



Egmond 
Argus station

Eierlandse Gat
waverider

Petten Zuid
tide station

IJmuiden Buitenhaven
tide stationIJmuiden06

waverider

N N

1 km25 km

Figure 2.12 Egmond field site. The right picture is enlarged from the white area in the
left picture. A 4000× 1300 m-sized Argus image (21 March 2008) is projected in the right
image.
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Figure 2.13 The Egmond dataset. From top to bottom: an example profile (with vertical
to horizontal ratio 1 : 50), an example image, and the extracted cross-shore sandbar loca-
tion and wave height H as functions of time. x, y and z denote cross-shore, alongshore and
vertical coordinates, respectively. Red (blue) (gray) colors represent middle (inner) (uncor-
rected) sandbar observations and middle sandbar (inner sandbar) (offshore) wave heights.
Note that gaps in the data during the years 2000 and 2005 are not caused by absence of
sandbars, but by missing observations during periods of Argus station malfunction.

The time-series of profile, sandbar and wave data at HORS are shown in fig-
ure 2.15. The figure also includes a panel with offshore-measured wave period obser-
vations, which are used as input to the models described in chapter 5.
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Figure 2.15 The HORS dataset. From top to bottom: an example profile (with vertical to
horizontal ratio 1 : 50), and the observed profiles, extracted cross-shore sandbar location,
wave height H, and wave period T as functions of time. x, y and z denote cross-shore,
alongshore and vertical coordinates, respectively. Gray lines represent original observations,
red lines indicate selected outer sandbar data and locally-computed wave heights, and blue
lines represent selected wave period data measured offshore.
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2.3 Sandbar behavior

As can be inferred from figures 2.10, 2.13 and 2.15, the sandbars at the studied field
sites are generated near the shore. During their lifetime the sandbars experience a
net seaward migration and finally decay (as a sandbar) at the seaward boundary of
the sandbar zone. Sandbar decay usually sets in when a sandbar gets ‘trapped’ in
deep water after a storm. In the subsequent quiet period, the waves are too small to
cause significant wave-breaking. During periods of non- to slightly-breaking waves, a
sandbar usually flattens out and sometimes splits up into individual alongshore parts
(see e.g. Plant et al., 2001; Ruessink et al., 2009). When a sandbar stays in the low-
wave regime, it will eventually disappear completely. Although the sandbar does not
exist anymore as a feature, the sand it contained is transported back to the shore, so
no net sediment loss occurs from the process of sandbar decay itself (see e.g. Ruessink
and Terwindt, 2000; Kuriyama, 2002). When multiple sandbars are present, a decay
event is usually followed by the migration of sandbars to the former location of their
seaward-located neighbors, and the generation of a new sandbar near the shoreline.

As indicated in table 2.1, sandbars vary in size over time, between different field
sites, and between cross-shore locations (e.g. inner, middle and outer sandbar) at the
same field site. Even though the inner and outer sandbars at HORS and the Gold
Coast are of similar sizes as the inner and middle sandbars at Egmond, their migration
rates and resulting behavior are entirely different. The sandbars at the Gold Coast
are the most responsive to high-energy conditions, showing a maximum migration
rate of 75 m day−1. Whereas the wave height at HORS can be much larger during the
depressions in winter and the typhoons in autumn, the maximum observed sandbar
migration rate at HORS is a mere 50 m day−1. The middle and inner sandbars at
Egmond are sheltered from the waves by the huge outer sandbar, making them even
less responsive to high-energy conditions. The maximum observed migration rate of
the inner and middle sandbars at Egmond is 30 m day−1.

The variability in cross-shore sandbar location can be divided into three tem-
poral components: (1) immediate reactions to individual wave events, (2) variation
in location as response to more gradual, seasonal changes in wave conditions and
(3) an interannual trend that is present in spite of stationary wave conditions on that
time-scale. Figure 2.16 shows the interannual, seasonal and subseasonal components
of the variability in cross-shore sandbar location for each site, obtained by cumula-
tively filtering out the relevant time-scales. As can be inferred from this figure, all
sandbars more or less follow the seasonal variability in wave height. A sandbar is
located more onshore after a period of quiet wave conditions (e.g. after the summer)
and more offshore after a period of high waves (e.g. after the autumn at the Gold
Coast or after the winter at Egmond). Furthermore, the variability on smaller time-
scales, mostly as an immediate reaction to storms, or as a result of noise introduced
in the data-gathering process is usually of similar magnitude as the seasonal com-
ponent of sandbar migration. Exceptions to this behavior can occasionally be found
at the Gold Coast, when the subseasonal component of sandbar migration surpasses
all other components as a response to exceptionally high waves (see figure 2.16a).
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Rapid offshore-migration events can sometimes also be observed at HORS, as can
be seen in figure 2.15. Because these events usually happen near the beginning or
end of a sandbar’s lifetime, they are reflected in the seasonal and sometimes even the
interannual components rather than the subseasonal time-scale in figure 2.16c.

The sandbars at different field sites exhibit various types of long-term behavior.
At the Gold Coast, the sandbars reveal no annual or interannual offshore migration
trend during their lifetimes, but instead move offshore and onshore within a fixed
cross-shore range (see figure 2.10). This becomes even more obvious in figure 2.16a,
where the variability in location on the interannual scale is very small compared to
the other components. Only after exceptionally high energy conditions the outer
sandbar at the Gold Coast moves further offshore than usual, and disappears (see
also Ruessink et al., 2009). Next, the inner sandbar moves offshore to become the
new outer sandbar, and a new inner sandbar is generated near the shoreline. A total
of three sandbar generation and decay events can be observed during the 9 year mea-
surement period at the Gold Coast. Contrastingly, the sandbars at HORS disappear
near the end of almost every year in the first half of the observations, and every 2 –
4 years during the second half (see figure 2.15). The HORS sandbars mostly follow
the seasonal trend in wave conditions which, due to their brief lifetimes, is reflected
on both the seasonal and interannual time-scales in figure 2.16c. The most important
component of cross-shore sandbar variability at Egmond is the interannual offshore-
directed trend. The magnitude of this trend exceeds the seasonal and subseasonal
components by a factor 2 – 4, as can be inferred from figure 2.16b. No sandbar dis-
appearance or generation events took place during the observed period at Egmond,
but it is known from earlier studies of the Dutch coast that the lifetime of a sandbar
at Egmond is about 15 years (Wijnberg and Terwindt, 1995). Together, these differ-
ent datasets cover several instances from a wide spectrum of sandbar behavior and
comprise a broad basis for generalizing the results of the analyses that make up the
next part of this work.
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3 Multivariate nonlinearity detection

Based on: Pape, L. and B.G. Ruessink (2008), Multivariate analysis of nonlin-
earity in sandbar behavior. Nonlinear Processes in Geophysics, 15, 145–158.

Abstract

It is unknown how the nonlinear nature of the hydrodynamic and sediment-transport pro-

cesses in the nearshore zone affects the predictability of cross-shore sandbar behavior. Non-

linearity in these processes might be amplified, causing sandbar behavior that is difficult to

predict, or the processes might together evolve into more predictable behavior on the level

of the sandbar. Studying nonlinearity in cross-shore sandbar behavior is complicated by the

effect of the external wave forcing. Here we develop a method that detects the relevance of

nonlinearity from multivariate time-series of cross-shore sandbar locations and wave forcing.

First, we apply this method to four synthetic datasets to demonstrate its ability to detect

nonlinearity for all possible combinations of linear and nonlinear relations between two vari-

ables. Next, we apply the method to three sandbar datasets consisting of daily-observed

cross-shore sandbar positions and hydrodynamic forcings, spanning more than 12 000 ob-

servations. The analysis reveals nonlinearity to be present in the time-series of sandbar

location and wave height data, but its effects are small compared to noise. The small effect

of nonlinearity implies that prediction of sandbar positions based on wave forcings might

not require sophisticated nonlinear models. We further discuss the relation between the

results of each sandbar case and spatial and temporal patterns in sandbar behavior.

3.1 Introduction

Nearshore sandbars are part of a complex and dynamical system in which water and
sand continuously interact. Many of the processes underlying sandbar behavior are
nonlinear and might limit the horizon over which meaningful predictions of sandbar
locations can be made, as detailed in section 1.2. Although it might seem obvious
that a system in which the underlying physical processes are inherently nonlinear
requires a model that is also nonlinear, it might not be true that every variable
that is measured from such a nonlinear system reflects the underlying nonlinearity
(Schreiber and Schmitz, 2000). Depending on the dynamics of a system, nonlinearity
in small-scale physical processes (described by sediment flux equations) can together
cause a system to evolve towards a simple attractor state that reveals itself only at
larger scales (sandbar behavior). On the other hand, nonlinearities in the nearshore
system might be amplified, posing fundamental limits on the predictability of sandbar
behavior. It is therefore not only important to know that the processes governing
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sandbar behavior are nonlinear on a certain level, but also to recognize how this
nonlinearity affects the evolution and the predictability of sandbar locations.

Studying nonlinearity in sandbar behavior and its effects on predictability is com-
plicated by the continuous action of the incoming waves on the nearshore zone. Be-
cause most of the time-variability in wave properties is generated outside the nearshore
zone, we cannot study the nearshore zone as a closed system with internal dynamics
that generate sandbar behavior with a certain predictability, but must also consider
the relation between wave forcing and resulting sandbar behavior. Waves are gener-
ated by winds that are part of the global weather system, which is itself a complex
dynamical system with a limited prediction horizon (e.g. Palmer and Hagedorn, 2006).

While the limited predictability of the wave forcing might be transferred onto
sandbar behavior, regular patterns in sandbar behavior often emerge on time-scales
that are not coupled to the time-scales of the variability in wave climate. Such pat-
terns are often referred to as autonomous, free, or self-organizing, meaning that they
reflect features that are not found in the system’s components or the external forcings.
While sandbars can be seen as part of a dynamical system that produces autonomous
behavior, they are at the same time continuously affected by external forcings. This
dual nature is not specific to sandbar behavior, but is characteristic of many natural
landform patterns (Werner, 1999). Unpredictability in such systems originates from
both the intrinsic processes that generate patterns on different levels, as well as the
unpredictability in the external forcings. Most methods for studying predictability,
however, deal with either completely autonomous dynamical systems or with sys-
tems that are entirely driven by external factors. To increase our understanding of
the predictability of sandbar behavior, we need to develop a method for studying
nonlinearity that deals with both autonomous and forced sandbar behavior.

The presence and effects of nonlinearity can be studied with nonlinearity detec-
tion methods that operate directly on time-series of observations (see e.g. Kantz and
Schreiber, 1997). Such methods detect whether the processes that specify how a mea-
sured state evolves into the next are nonlinear functions of the measured state itself.
The strength of the detected nonlinearity gives important clues about the capacity of
models to predict future observations.

While existing methods for studying nonlinearity are mainly used for single-
variable time-series or for multivariate data with the same physical units, some meth-
ods can also be applied on multivariate data that express different physical concepts
(see e.g. Sugihara and May, 1990), such as time-series of sandbar locations and wave
forcing. A first possibility is to study only a single variable, and consider all other
variables as noise, and the relation between the studied variable and other variables
as noise processes. A second approach is to study a single variable in the parts of
the data in which the other variables are constant, or vary within a limited range.
The third option is to study the effects of other variables on the studied variable as
isolated events. In this fashion, the different modes of behavior of a system or the
time it takes for a system to return to a certain mode can be studied in relation to the
changes or values in other variables. What all these approaches implicitly assume, is
that the time-scales of the variability in the external forcings and the system dynam-
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ics are considerably different, and that internal and external dynamics can therefore
be separated. However, several components of sandbar behavior and the variability
in wave climate take place on similar time-scales (see section 2.3). As such, we cannot
study internal and external dynamics separately, but must somehow find a method
that incorporates the response of the sandbar to the changing forcing.

A method that does take into account the response of a system to continuously
changing variables is input-output modeling (Casdagli, 1992; Rubin, 1995; Jaffe and
Rubin, 1996), in which one (input) variable is used to model another (output) variable.
Input-output modeling does however not enable the detection of nonlinearity for the
contribution of each variable in the relations between combined variables. Other
methods exist that try to find the optimal contribution of each variable as a weight in
a weighted distance function (Abraham, 1997; Cao et al., 1998; Garcia and Almeida,
2005). However, such methods are only practical solutions aimed at improving the
performance of operational models and do not provide additional insights into the
relations between observed variables.

A robust method for detailed investigation of nonlinearity that can be further
extended to multivariate data, is the Deterministic Versus Stochastic (DVS) method
of Casdagli and Weigend (1993). The DVS method is based on a comparison between
different data-driven models that can or cannot cope with nonlinearity. Nonlinear
models are constructed from several partial linear models based on small, but similar
parts of the observations, while a global linear model is based on all observations. The
performance change over the continuum between global linear models and nonlinear
models based on increasingly smaller parts of the observations yields qualitative in-
sights in the dynamics of the underlying system. An example of the application of
DVS in the nearshore zone is Bryan and Coco (2007), who used this method to detect
nonlinearity in time-series of wave run-up data.

While the original DVS method cannot directly be applied to detect nonlinearity
in time-series of both system state and external forcing variables, we here develop
an extension to the DVS method that allows us to study nonlinearity in multivariate
data. This method, called the Multivariate DVS (MDVS) method, not only explores
the continuum between piecewise linear and global linear models, but also the relative
contribution of each variable to nonlinearity. First, we apply the MDVS method
to four synthetic datasets to demonstrate its ability to detect nonlinearity for all
possible combinations of linear and nonlinear relations between two variables. Next,
we use this method to investigate the importance of nonlinearity for sandbar behavior
using sandbar location and wave height data in the Gold Coast, Egmond and HORS
datasets. Although the method we develop here stems from sandbar research, we
anticipate our method to be applicable to multivariate time-series of other systems
as well.
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3.2 Multivariate nonlinearity detection

3.2.1 DVS

A model of the evolution of a system over time involves a method that describes how
the system evolves from one state to the next. While a single observation almost
never holds complete information of the true underlying system state, it is possible
to reconstruct the system state using sequences of observations instead of a single
observation:

~s(t) =
[
u(t), . . . , u(t− ou)

]
, (3.1)

where u(t) is the observed system state at time t, and ou the number of previous
system states included in ~s, also called the embedding dimension. The elements of
time-delay vector ~s represent the value of the observations in different dimensions
of a space, called a state space. The state space has the special property that it
preserves the properties of the transitions between the states of the system that do
not change under smooth coordinate changes (Takens, 1981; Sauer et al., 1991). This
is especially advantageous for studying nonlinearity, because it allows us to detect
nonlinearity in the underlying system from incomplete and imperfect observations.
Although the entire state of a system can be fixed given sequences of sufficient length,
it is not always desirable to model each relation between every aspect of the system
state. Processes that are important for the behavior under study are modeled as
deterministic rules, while the remaining processes are considered stochastic and are
represented by their corresponding distributions. Here we refer to the collective of
those distributions as noise.

A key assumption in modeling is that a system behaves the same under similar
conditions. When the system state is represented as a vector in a state space, the
concept of similarity can be given by a distance measure between two such vectors,
for example:

e(t1, t2) =

√
~d(t1, t2) · ~d T(t1, t2), (3.2)

for the Euclidean distance, with

~d(t1, t2) = ~s(t1)− ~s(t2), (3.3)

and ~d T indicates the transpose of ~d. This concept of similarity allows for a simple
state-space-based model that merely copies previously observed behavior, that is, it
predicts the average value following a certain number of vectors that are similar to the
current state vector. This approach only works when neighboring vectors (i.e. similar
previous observations) are available for all possible observations, which is usually not
the case. It might therefore be better to use a notion of behavior that involves the
underlying structure of the relation between two system states. Instead of predicting
the average of the values following neighboring states, the change in system state
could be used, or even better, a parametric model established by linear regression.
The model-predicted state û(t+ 1) can be given in terms of the current state vector
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~s(t) and the model parameters:

û(t+ 1) =
[
1, ~s(t)

]
·W, (3.4)

where W is the weight matrix of the linear model. Note that a 1 is included before
~s to allow for the inclusion of a constant in the linear model. The weights W of
this linear model can be established by linear regression on previously observed state
vectors ~s(t) and their subsequent (in time) system states u(t+ 1) for several t.

Linear models work best when a shift in state space causes a proportionally large
change in predicted value. The behavior of nonlinear systems, however, varies in
different regions of the state space, which limits the accuracy of linear models to
small regions of the state space. This difference between linear and nonlinear systems
is used by the DVS method to detect nonlinearity in the process that generated the
observations. The DVS method tests the performance of linear models that are based
on regions of the state space with different sizes. Increasing the number of neighboring
vectors k on which the regression is based will first cause an increase in performance,
because including more samples in the process of model building will reduce the
effects of noise. Increasing the number of neighbors even further causes additional
samples in more remote parts of the state space to be included in the process of model
building. Linear regression will only benefit from the inclusion of remote parts of the
state space if the behavior of the underlying system is the same in all parts of the
state space (i.e. the system is linear). The behavior of a nonlinear system, however,
is different in different parts of the state space, and including more parts of the state
space will decrease the performance of a linear model for that system.

A plot of the performance of linear models as a function of k, called a DVS plot,
can be used to infer the presence and strength of nonlinearity. In case the DVS plot
shows a continuous performance increase for increasing k, the underlying system is
governed by linear dynamics. When no change in performance is found for different
k, the system is completely random. A performance optimum in a DVS plot at a
certain k demonstrates the presence of nonlinearity. The type of nonlinear dynamics
can be determined from a DVS plot by comparing the best performance achieved on
a local region of the state space to the performance of a global linear model over the
entire state space. If the performance difference between local and global models is
large (Casdagli and Weigend (1993) use a factor 5 – 10), the irregular behavior in the
time-series can be attributed to underlying low-dimensional chaotic dynamics. When
the performance difference is small (Casdagli and Weigend use a factor of 1.1 – 2),
nonlinearity is weak relative to noise.

3.2.2 MDVS

Based on its conceptual simplicity, the DVS method can be extended for detecting
nonlinearity in multivariate data. The extended method, which we call the Multivari-
ate DVS (MDVS) method, embeds the system state and the external forcing variables
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into a combined time-delay vector:

~s(t) =
[
u(t), . . . , u(t− ou), l(t+ 1), . . . , l(t+ 1− ol)

]
, (3.5)

where u(t) is the system state at time t, l(t) the forcing variables at t, ou the em-
bedding dimension of the system state variables, and ol the embedding dimension of
the forcing variables. For the matter of simplicity, each element of the system state
variables and forcing variables is given the same embedding dimension. The time
between subsequent elements in u and l, or lag time, is set to 1 time unit for the same
reason, but equation 3.5 can easily be adjusted to implement different embedding
dimensions for different variables or different lag times.

The linear model in the MDVS method is based on multivariate vectors in state
space, which contain both the system state and the external forcing variables. How-
ever, the model predicts only the system state variables, not the external forcings.
Equation 3.4 can therefore still be applied to the MDVS state vector specified in equa-
tion 3.5. Note that in this formulation, the model output û(t + 1) depends partially
on the forcings l(t + 1) from equation 3.5, which corresponds to the time-indexing
used for the sandbar location and wave forcing data (see section 2.1.4).

When neighbors have to be found in a state space that contains multiple variables,
it is not immediately clear what the contribution of each variable to the distance
function should be. In the MDVS method, we do not try to find some optimal
contribution of each variable to the final prediction, but instead investigate how the
predictive capacity of the linear model changes with different contributions of each
variable to the similarity measure in state space. The contribution of each variable
is expressed as a weight ω in the distance function that selects the neighboring state
vectors:

~d(t1, t2) = ~ω ×
(
~s(t1)− ~s(t2)

)
, (3.6)

where × denotes element-wise multiplication. The elements in ~ω that correspond to
an element in u or l have the same value for each time-index (no time-decay is used
because it will obfuscate the performance differences between different numbers of
neighbors). When ~d(t1, t2) is computed for each t2 6= t1, the k nearest neighbors with
the smallest Euclidian distances (equation 3.2) can be selected and used for model
building.

Just as in the DVS method, the linear model of the MDVS method is derived with
linear regression from neighboring vectors in state space and the values following those
vectors. This process is repeated for increasing numbers of neighboring vectors k and
several values of the weights ω. If the behavior of the system depends linearly on a
certain variable, then the behavior of the system is constant in the dimensions related
to this variable. In that case, it does not matter whether neighbors are used that are
nearby in the dimensions of that variable, so changing the value of the corresponding
weight will not cause an increase in performance. On the other hand, if the behavior
of the system depends nonlinearly on a certain variable, it should be possible to
improve the performance of the model by using neighbors that are close in terms of
this variable. The performance of models for different weight values in the distance
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function therefore gives an indication of the importance of nonlinearity in the system
associated with each variable.

Because different variables in the studied time-series might have different physical
meanings, the values of the weights have no physical interpretation. As such, it is not
the exact value of each weight, but the ratio between the weights that is important
in expressing the contribution of each variable to nonlinearity. The weight vectors ~ω,
containing the system state weight ωu and the forcing weight ωl can be selected from
the set:

ωu

ωl

∈
{

0

q
,

1

q
,
· · ·
q
,
q − 1

q
,
q

q
,

q

q − 1
,

q

q − 2
,
q

· · ·
,
q

0

}
. (3.7)

All variables should be scaled to unit variance for use with the nearest neighbor
function to allow for an equal spread of weight ratios.

3.2.3 Synthetic data test

To get an indication how the performance of the linear models changes with increas-
ing numbers of neighbors and different weight ratios, we performed a number of
experiments on synthetic time-series with different relations between the forcings and
subsequent system states. The external forcings for the synthetic time-series were
randomly drawn from a standard normal distribution. We used the forcings to create
four different time-series: (1) the next system state depends on a linear combina-
tion of the forcing and the previous system state; (2) the next system state depends
nonlinearly on the forcings but linearly on the previous system state; (3) the next
system state depends nonlinearly on the previous state but linearly on the forcings;
and (4) the next system state depends nonlinearly on both the forcings and the pre-
vious system state. After that, a noise time-series drawn from a standard normal
distribution was added to each of the four time-series.

The four synthetic datasets were embedded in state space according to equa-
tion 3.5 with ou = ol = 1. Consequently, models were built based on different
numbers of neighbors k, and 1-step-ahead out-of-sample predictions were obtained
for those models. This process was repeated for several different ratios of the weights
in the nearest neighbor function. The weight ratios ωu and ωl were selected using
equation 3.7 with q = 3, resulting in a total of 7 weight ratios. For each of the four
datasets, we computed the mean out-of-sample root-mean-squared error of the 1-step-
ahead model predictions for different numbers of neighbors k, ranging from 1 up to
the length of the time-series. Next, we calculated the improvement (i.e. decrease in
root-mean-squared error) of the local linear models relative to the performance of a
global linear model based on the maximum k. Figure 3.1 shows the normalized im-
provement of local models over global models as a function of both k and the weight
ratio ωu : ωl.

As becomes clear from the four graphs in figure 3.1, the performance of highly
local models (k < 10) is always worse than the performance of a global linear model
(maximum k). This is because the local models are more sensitive to the noise that
was added to the time-series than the global linear model. If all variables act linearly
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Figure 3.1 Improvement of local linear models relative to a global linear model for different
numbers of neighbors k and weight ratios ωu : ωl, for: (a) linear forcing and linear system
state dependencies; (b) nonlinear forcing and linear system state dependencies; (c) linear
forcing and nonlinear system state dependencies; (d) nonlinear forcing and nonlinear system
state dependencies. Performance improvement is normalized between 0 (no improvement)
and 1 (maximum improvement) and performance decline between −0.5 (maximum decline)
and 0 (no decline). The stars indicate the maximum improvements of the local models.

on the system (figure 3.1a) the performance for smaller k is always worse than for
the maximum k, because including more observations reduces the effects of noise.
When one or both variables act on the system in a nonlinear fashion (figures 3.1b –
3.1d), local models (intermediate k) start to perform better than the global model
(maximum k), because modeling nonlinearity becomes more important than noise
reduction.

For the three nonlinear systems, the location of the best performance with respect
to the weight ratio (vertical axis) can be used to infer whether a variable acts nonlin-
early on the system. The best performance for a single nonlinear variable is achieved
when only the weight corresponding to that variable has a nonzero value (figures 3.1b
and 3.1c). Consequently, if both variables act nonlinearly on the system the optimum
performance is reached when both weights have nonzero values (figure 3.1d).

3.3 Analyses

To investigate the nonlinearity related to cross-shore sandbar positions and wave
forcing we applied the MDVS method to the sandbar datasets from the Gold Coast,
Egmond and HORS field sites. The system state variable was the cross-shore sandbar
position x, while the forcing variable was the local root-mean-squared wave height
H. We studied inner, middle and outer sandbars in separate experiments.

First, the observed variables were embedded in state space. Although several
methods exist to find optimal values for the lag time and embedding dimension of
univariate data (e.g. first zero of autocorrelation, mutual information), finding these
values for interdependent multivariate data is not straightforward. The dataset has
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(a) The Gold Coast outer sandbar
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(b) The Gold Coast inner sandbar

Figure 3.2 MDVS results for prediction horizons p = 1 and p = 7 days at the Gold
Coast. Model performance is computed as the mean out-of-sample root-mean-squared error,
averaged over ou = ol = 1 . . . 6. Each image shows the performance difference between local
linear models and a global linear model as a function of the number of neighbors k, and
weight ratio ωu : ωl used to build the local models. The difference is given as the performance
increase (in percentage) of the local models relative to a global model. The stars indicate
the maximum improvements of the local models.

a temporal resolution of one day, so a lag time shorter than one day could not easily
be achieved. A lag time that is too small relative to the time-scale of the studied
characteristics becomes only a problem when the embedding dimension is very small
too (Kantz and Schreiber, 1997). Since several embedding dimensions were tested
here, no detailed investigation into the optimal lag time needs to be performed, so
the lag time was set to 1 day.

Embedding dimensions ou = ol = 1, . . . , 10 were tested in separate experiments.
The capacity of linear models to simulate nonlinear dynamics increases for larger em-
bedding dimensions. As a result, no noticeable performance difference between linear
and nonlinear models was achieved for embedding dimensions larger than 6, so the
presentation of the results is limited to ou = ol = 1, . . . , 6. Since the HORS sandbar
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observations are obtained on weekdays only, the longest uninterrupted sequence of
observations at this site was 5 days. As such, we limited the presentation of the
HORS results to ou = ol = 1, . . . , 4 (4 days embedded, 1 predicted).

For each sandbar, we calculated the performance as the mean out-of-sample root-
mean-squared prediction error over all samples. To compute the prediction error, we
used p-step-ahead prediction. This process starts by running the model with observed
system state variables at the first time-step, while model predictions of the system
state are used during the next p time-steps. After that, each p time-steps observed
system states instead of previously predicted states are used as input. The forcing
values are not predicted, so the observed forcing values are provided to the model each
time-step. It is expected that the performance difference between linear and nonlinear
models becomes more pronounced with increasing prediction horizons (e.g. Sugihara
and May, 1990). Therefore not only the one-lag (day) ahead prediction (p = 1 day)
was used, as is usually done in the DVS method, but also longer prediction horizons
up to p = 14 days were tested. Since we are primarily interested in differences between
models based on different numbers of neighbors, the performance is represented as the
percentage of improvement relative to a global model based on the maximum number
of neighbors. The local models and the global model to which they are compared are
based on the same lag time, embedding dimension and prediction horizon, ensuring
a fair comparison between the local and global models.

We computed model performances for different weight values of the system state
weight ωu, and the forcing weight ωl. Weight ratios were taken from the set defined in
equation 3.7 with q = 10, resulting in a total of 21 weight ratios. For most embedding
dimensions the location of the optimum and the change of the error as a function of
k and ωu : ωl were very similar, so we averaged the results over ou = ol = 1, . . . , 6 for
the Gold Coast and Egmond, and ou = ol = 1, . . . , 4 for HORS. For shorter prediction
horizons the results of different embedding dimensions were reasonably close, but for
prediction horizons longer than ≈7 days, often no clear optimum or other meaningful
patterns were visible. To give an indication how the results of the MDVS method
change with increasing prediction horizon, we show the results for both p = 1 and
p = 7 days in figures 3.2 – 3.4.

3.4 Results

The results for all sandbars in figures 3.2 – 3.4 show a performance increase of local
linear models relative to a global linear model, which is evidence for nonlinearity.
As can be inferred from the scales of the colorbar legends in figures 3.2 – 3.4, the
MDVS results of the different sandbars vary in the improvement of local linear models
compared to a global linear model. The greatest improvement (≈20%) is obtained
for the outer sandbar at the Gold Coast (figure 3.2a). Performance differences are
smaller for the other sandbars, ranging from 5.7% for the inner sandbar at the Gold
Coast (figure 3.2b) to a mere 1.8% for the inner sandbar at Egmond (figure 3.3b).
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While local linear models outperform a global linear model for all studied sandbars,
the effects of nonlinearity are generally small compared to noise.

In all results, the performance of the local models increases as the weight of the
system state ωu increases (from bottom to top), but starts to decrease again when
this weight increases beyond a certain value (and vice versa for ωl). This behavior is
similar to the results in figure 3.1d, where nonlinearity is caused by both the external
forcing and system state variables. While the maximum performance increase of the
average over the different model orders was found at different locations for different
sandbars and prediction horizons, this location was always found at nonzero values
of ωu and ωl for the individual model orders. This indicates that nonlinearity is
consistently caused by both the external forcing and system state variables.

When nonlinearity is present, the performance difference between linear and non-
linear models will become more pronounced with increasing prediction horizon. For
all MDVS results this was indeed the case up to at least p = 7 days.

3.5 Discussion

The results of the MDVS method indicate that nonlinearity is present in the relation
between sandbar location and wave forcing for all sandbar datasets studied here.
However, the importance of nonlinearity differs between the different sandbars and
field sites. Since the importance of nonlinearity is not studied in an absolute sense,
but only relative to the stochastic (noise) processes, it is important to have some idea
of the importance of noise in the observations. Existing methods (e.g. Sugihara and
May (1990); Sugihara (1994)) cannot easily be used or adjusted to directly determine
or reduce the effects of noise, because we are dealing with multiple dependencies in
multivariate data. Instead, we will discuss the effects of noise in relation to the MDVS
results in terms of the properties of each sandbar dataset and site-specific issues.

During data collection and processing, several steps are carried out that might
introduce noise in the data. A possible source of noise in the Argus-based sandbar
datasets is the averaging procedure that is applied to find the mean cross-shore sand-
bar position. As becomes clear from figure 2.3, the cross-shore position of a sandbar
can vary substantially in the alongshore direction. If the migration of a sandbar
depends nonlinearly on its cross-shore position, the different alongshore parts of the
sandbar might migrate different distances or even in different directions under the
same forcing conditions. Some of this potential nonlinearity is averaged out by tak-
ing the mean cross-shore sandbar position. On the other hand, two sandbars with
the same mean cross-shore position but different alongshore variability might react
different to the same forcing conditions. If alongshore variability cannot be inferred
from the time-delay vectors of sandbar location and wave height observations, it will
be impossible to find a deterministic rule for this aspect of cross-shore sandbar behav-
ior. As such, alongshore variability can be a potential source of nondeterminism, and
thus noise. However, nonlinearity is most pronounced for the outer sandbar at the
Gold Coast, which contains a substantial amount of alongshore variability, while non-
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(a) Egmond middle sandbar
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(b) Egmond inner sandbar

Figure 3.3 MDVS results for Egmond. See the caption of figure 3.2 on page 59 for a
description.

linearity is weaker for sandbars with less alongshore variability (the middle sandbar
at Egmond and the outer sandbar at HORS). It is therefore unlikely that nondeter-
minism introduced by averaging over alongshore variability in cross-shore sandbar
locations causes the difference in the MDVS results of the different sandbars.

More important to the differences in MDVS results are site-specific issues that in-
troduce noise during data collection and data processing. At the Gold Coast, breaker
patterns are well-pronounced, light and atmospheric conditions are excellent, and
the cameras are steady and almost never malfunction. This makes it easy to reli-
ably extract sandbar locations from the Gold Coast Argus images, and makes this
dataset the least affected by observational noise. It is therefore not surprising that
the detected nonlinearity is strongest for the sandbars at the Gold Coast. However,
nonlinearity is much weaker for the Gold Coast inner sandbar than for the Gold Coast
outer sandbar. This is probably caused by noisy local wave height observations for
the inner sandbar, which are based on a single profile and do not accurately reflect
the true local wave conditions (see section 2.1.4).
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Figure 3.4 MDVS results for HORS. See the caption of figure 3.2 on page 59 for a de-
scription. At HORS, the model performance is averaged over ou = ol = 1 . . . 4, instead of
ou = ol = 1 . . . 6.

Sandbar observations in the Egmond and HORS datasets are less accurate than
the observations at the Gold Coast. The Argus images in the Egmond dataset are
sometimes difficult to interpret due to less perfect conditions, especially the vibration
of the 48 m-high tower in the wind. Sandbar observations in the HORS dataset
might not be as accurate at those in the Argus-based datasets, because sandbar-crest
locations at HORS were extracted from a single profile. While alongshore variability
for the sandbar at HORS is mostly absent (Kuriyama, 2002), extracting sandbar
locations over larger alongshore stretches as in the Argus datasets produces more
reliable estimates than the sandbar location extracted from a single profile. Since
the nonlinearity detection method determines the importance of nonlinearity relative
to noise, part of the weaker effect of nonlinearity at Egmond and HORS might be
caused by higher levels of observational noise at these sites. Additional support for
the smaller noise at the Gold Coast outer sandbar is the finding that local models
start to outperform a global linear model when k > 20 for this sandbar, while for
the other sandbars a much larger amount of observations (k > 100) is needed to
create a model that outperforms a global linear model.

Sugihara (1994) discusses a case with a single variable and noise, in which the vari-
ability induced by the noise process causes the system to behave in a different mode
(e.g. move toward or away from a stable state) for different noise levels. Similarly,
it might be possible that a sandbar changes between different modes of behavior,
which means that nonlinearities associated with the forcing and the dynamics of the
sandbar system are inherently inseparable. If the sandbar system were to change
between different modes of behavior, the total behavior of the system would still be
nonlinear. Whereas the MDVS results only show nonlinearity for the entire system,
that is over all values of the observations, investigating the importance of nonlinearity
for different values of each variable might reveal these different modes. To examine
the possibility of different modes of behavior, we evaluated the performance difference
between linear and nonlinear models at individual values of the cross-shore sandbar
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position and wave forcing variables. This analysis included all sandbar cases and
prediction horizons up to p = 14 days, but no relation was found whatsoever. We
have to admit that the significance of any relation would have been doubtful given
the amount of data and the noise in the available data.

Earlier studies of sandbar behavior often used a nonlinear relation between root-
mean-squared wave height and cross-shore sandbar migration in the form of the wave
height raised to some power (e.g. Plant et al. (1999) relates sandbar migration to
H3 and Plant et al. (2006) uses H2), based on the idea that sediment transport
depends on some power of the wave height (e.g. Bagnold, 1963). To investigate
whether all nonlinearity in the relation between wave height and sandbar migration
is captured in the wave height raised to some power, we repeated the experiments
using H1.5, H2, H2.5, . . . , H4. Although the values of the improvement for different
powers of the wave height could differ, the change in the performance turned out to
be very similar to the results in figures 3.2 – 3.4, with a performance improvement
of local linear models at intermediate k and at nonzero values of ωu and ωl. This
indicates the presence of additional linearity in the relation between wave height and
cross-shore sandbar migration beyond the wave height raised to some power.

The finding that linear models can hindcast observed cross-shore sandbar behavior
almost as accurate as nonlinear models implies that simple data-driven models might
suffice to predict cross-shore sandbar behavior. While our analyses consider only
predictions on time-scales up to one week, Plant et al. (1999) showed that sandbar
behavior can be modeled on much longer time-scales with relatively simple (although
not linear) models. Apparently, the small-scale nonlinear processes underlying sand-
bar behavior together evolve towards an attractor state that is simple to describe on
the spatial and temporal scales relevant to sandbar behavior. While process-based
models based on sediment flux computations in fine grids and small time-steps might
suffer from numerical instability, or the build-up of errors in the process formulations,
statistical models might perform better on longer prediction horizons because they
are based on stable statistical properties of attractor states (see also Southgate and
Möller, 2000; Werner, 1999, 2003). Whether almost linear behavior on short time-
scales always implies predictable behavior on longer time-scales (months to years)
remains to be determined. Although the detected nonlinearity is weak, it can still
be amplified on the long term, making it difficult to predict sandbar behavior with
any model. On the other hand, if the nonlinear relations evolve toward an attractor
state on an even larger scale, long-term sandbar behavior might again become easy
to predict.

Since nonlinearity is measured relative to the effects of noise, it might still be
that sandbar behavior is highly nonlinear, but obfuscated by observational noise. As
long as the noise is not reduced, there is no way to rule out the possibility that
the underlying system is actually highly nonlinear, implying that a nonlinear model
might be much better in predicting sandbar behavior. In that case, more complex
nonlinear process-based models might be able to model cross-shore sandbar behavior
more accurately than simple data-driven models. There is however no way to validate
this claim. Since the datasets used in the present work are among the highest-quality
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and -resolution datasets in existence, the accuracy of any type of model would have
to be validated against this kind of data. For prediction purposes, the question is
not how accurate a model can predict actual sandbar positions, but how accurate it
predicts the observed data. In case of the Argus data this does not necessarily imply
predicting sandbar-crest positions, but could also be the position of the maximum
roller dissipation, the analog of image breaker intensity (Aarninkhof et al., 2005).

3.6 Conclusions

We developed a multivariate extension to the Deterministic Versus Stochastic (DVS)
nonlinearity detection method of Casdagli and Weigend (1993), and applied it to
five sandbar datasets, containing over 12 000 daily-observed sandbar location and
daily-averaged wave height observations from three field sites. The results of our
multivariate DVS (MDVS) method revealed nonlinearity in the relations between the
local wave forcing and sandbar migration. The differences between nonlinear models
and a linear model were however small (the Gold Coast < 21%, Egmond < 4% and
HORS < 3%) even when sandbar positions were predicted over several days ahead.
Data similar to the sandbar datasets used in the present work are often used for
calibrating and validating process-based models. Our finding that linear models are
almost as accurate as nonlinear models on the sandbar datasets implies that short-
term (days to one week) prediction of cross-shore sandbar behavior might not benefit
much from the use of complex nonlinear models. Whether simple short-term behavior
implies predictable behavior on longer time-scales (months to years) remains to be
determined.
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4 Neural network modeling

Based on: Pape, L., B.G. Ruessink, M.A. Wiering and I.L. Turner (2007),
Recurrent neural network modeling of nearshore sandbar behavior. Neural Networks,
Special Issue on Earth and Environmental Sciences, 20, 509–518.

Abstract

The temporal evolution of nearshore sandbars is commonly predicted with process-based

models that rely on descriptions of the underlying hydrodynamic and sediment-transport

processes. Instead of reproducing sandbar behavior from small- and short-scale physical

processes, it is also possible to derive the regularities underlying sandbar behavior directly

from observations with a data-driven model. Here we apply a data-driven NARX (Nonlinear

AutoRegressive model with eXternal forcings) neural network model to investigate what

model properties are required for the prediction of cross-shore sandbar behavior on time-

scales of days to years. Earlier literature results suggest that the evolution of sandbars

depends nonlinearly on the wave forcing and that the sandbar position at a specific moment

contains ‘memory’, that is, time-series of sandbar positions show dependencies spanning

several days. We compare nonlinear and linear neural network models as well as recurrent

and nonrecurrent parameter estimation methods to investigate the claims about nonlinear

and long-term temporal dependencies. Our analyses are based on 8000 daily-observed cross-

shore sandbar locations and daily-averaged wave forcings from two field sites: the Gold

Coast, Australia, and Hasaki, Japan. We find that nonlinear models outperform linear

models for sandbar behavior without long-term (several months to years) trends, while

long-term trends in sandbar location are best predicted with a recurrent linear model. This

indicates that under some conditions the nonlinear relations underlying sandbar behavior

give rise to trends that are difficult to predict. For other conditions, however, the nonlinear

processes drive the sandbar to similar locations for different initial states, allowing for

accurate predictions over several years. Furthermore, we find slightly better performance

of nonlinear models that keep a memory of sandbar locations in the past, but at field sites

without long-term trends this effect disappears on prediction intervals longer than a year.

4.1 Introduction

The processes underlying cross-shore sandbar behavior are usually studied with the
help of nearshore bathymetric evolution models that are based on knowledge of
nearshore water motion and sediment transport (Roelvink and Brøker, 1993). Process-
based models, however, struggle to reproduce natural sandbar behavior on time-scales
of a few days to weeks (Plant et al., 2004; van Rijn et al., 2003) and have uncertain
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skill on longer scales of months to years (Roelvink et al., 1995; van Rijn et al., 2003;
Ruessink and Kuriyama, 2008). Currently, it is unknown whether the difficulty to
predict long-term sandbar behavior arises from incomplete process knowledge, inac-
curate measurements, or fundamental unpredictability.

Instead of studying the predictability of cross-shore sandbar behavior from the
perspective of the underlying processes, it is also possible to infer sandbar dynamics
from observations with the help of data-driven models. Data-driven models extract
the structure underlying sandbar behavior directly from the observations, and can
therefore be used to study fundamental aspects of the predictability of sandbar be-
havior, making fewer assumptions about the processes that govern sandbar behavior
than process-based models. As pointed out in section 1.3, extracting dynamics from
observations does not yield arbitrary regularities, but always involves fitting the data
to certain pre-conceived structure. It is therefore important to determine what model
properties are required for data-driven models of cross-shore sandbar behavior. The
requirements sandbar behavior imposes on data-driven models, on its turn, tells us
something about the predictability of sandbar behavior.

As explained in chapter 1, nonlinear dynamics can be an important source of un-
predictability. Many of the small-scale physical processes that govern the behavior
of the nearshore zone are highly nonlinear and interact with each other in a complex
nonlinear fashion (see e.g. van Rijn, 1990, 1993). Amplifications in these nonlinear
interactions can strongly affect the behavior of a sandbar and, as such, have a pro-
found negative effect on the predictability of cross-shore sandbar behavior. On the
other hand, small-scale nonlinearities might cancel each other out and cause behav-
ior that is simple to describe on longer and larger scales. Our analysis in chapter 3
showed that sandbar migration depends nonlinearly on sandbar location and wave
height on time-scales of one to several days. If and how these nonlinearities affect the
predictability of long-term sandbar behavior remains, however, unknown.

Another feature of importance for modeling sandbar behavior is the presence of
memory in time-series of cross-shore sandbar observations. Whereas nature itself does
not keep track of previous conditions, the term memory should rather be interpreted
as a property of a model. By stating that a certain system has a memory of previous
circumstances, we actually mean that the measured system state does not contain
all the information that is needed to predict future states. In terms of wave-driven
models for cross-shore sandbar behavior, memory means that the state of a sandbar
is not completely specified by its cross-shore location at a single time-instance, or can
be inferred from the instantaneous wave properties. Instead, the history of sandbar
states or wave properties is needed to make predictions of future locations. Along-
shore variability in cross-shore position, for example, might affect the development of
cross-shore sandbar locations in the future (Plant et al., 2006). Even when a model
is supplied with cross-shore sandbar locations only, it might still be able to build
an internal representation of the alongshore variability from histories of cross-shore
sandbar locations, or in other words, by keeping a memory of previous sandbar states.
Similarly, a model might need to keep track of the history of wave forcing that drives
sandbar behavior. If the most recent wave forcing does not contain sufficient infor-
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mation to predict a sandbar’s state, then a model that remembers wave forcings over
longer time-spans might better predict sandbar behavior than a model that knows
only about the most recent forcing. An example of modeling such temporal depen-
dencies on wave height can be found in Wright et al. (1985), who used hydrodynamic
forcings weighted over several days to provide for a measure of relaxation time in
predicting the evolution of sandbar variability.

A related discussion topic is whether dependencies in sandbar position span longer
time-periods than the duration of individual storms. Based on cross-shore sediment-
transport modeling, Plant et al. (2001) suggested that the response time of beach
profiles is exceedingly long compared to the time-scale of the variability of the offshore
wave forcing. O’Hare and Huntley (2006) later on debated this suggestion, indicating
that, while it may be true for low-wave conditions, the morphological time-scale under
storm conditions might be of the same order as the nearshore hydrodynamics. This
would imply that the storm response of a sandbar does not depend on previous wave
forcings and sandbar characteristics but is determined by the storm characteristics
solely. A storm might thus function as a ‘reset’ that erases all information about
previous sandbar states. During more quiet periods it might be necessary to take
longer histories of wave forcings into account when describing the sandbar state.
The amount of memory that needs to be stored, might therefore vary with the wave
properties. Thus far, it remains unknown whether models need to keep track of
previous circumstances to be able to predict sandbar behavior in the future, and how
long such histories of previous conditions should be.

In this chapter we investigate the role of nonlinearity and memory for sandbar
behavior and their effect on predictability by comparing different models that can
or cannot represent memory and nonlinear relations. If, for example, a model that
keeps track of histories of previous states and forcings outperforms a model that
does not represent those values, we can deduce that memory is part of the dynamics
of sandbar behavior. The same holds for nonlinearity: if a model consisting of a
linear function is as good as a model with nonlinear functions, nonlinearity is not
important for modeling sandbar behavior. The different models used here are based
on the NARX (Nonlinear AutoRegressive model with eXternal forcings) recurrent
neural network architecture (Lin et al., 1996). This neural network can easily be
adjusted to incorporate linear and nonlinear functions, and to architectures that can
or cannot keep a memory. The different instances of the NARX model are fitted to
data from two of the three field sites described in chapter 2: the Gold Coast and
HORS. Data from Egmond are not used here, because the trend spanning the entire
length of the time-series (see section 2.3) renders this dataset non-stationary, and
makes it very difficult to reliably apply neural network models. Using data-driven
models on the first-order difference of non-stationary time-series, as is sometimes
done for non-stationary data (e.g. Weigend and Gershenfeld, 1993), is not an option
here, because predictability of sandbar behavior at Egmond depends largely on the
capacity of models to predict this substantial interannual trend.
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4.2 Methods and models

4.2.1 Autoregressive models

Process-based models for sandbar behavior update the state of the nearshore zone
based on offshore wave characteristics and water levels. Here we use data-driven
models that operate in the same manner, but instead of using knowledge of the
underlying processes the data-driven models derive the underlying structure from
observations. In this fashion, the results of our investigation will not just be valid
for data-driven modeling efforts, but express more general properties of predictability
that also apply to process-based models for sandbar behavior.

A general description of process-based models for sandbar behavior can be given in
terms of inputs, model states, model functions and parameters. The initial observed
state u(t0) is supplied to the model at the first time-step t0. After that, the state of
a model û(t) at a certain time t depends on the states of the model in the past and
the external forcing l(t) to the model at time t:

û(t) =M
(
û(t− 1), . . . , û(t− ou), l(t), . . . , l(t− ol) | ~Ψ

)
, (4.1)

where M is a collection of functions that represents the model’s process knowledge,
~Ψ the adjustable model parameters, ou the number of previous model states that are
used by the model, also called the autoregressive order, and ol the number of previous
external conditions that are supplied to the model, also called the external or exoge-
nous order. Because process-based models are based on first-order time differential
equations, the autoregressive and external terms always span one time-step (ou = 1

and ol = 0, given the definition in equation 4.1). The model parameters ~Ψ can be
determined by calibration from observations or from the literature. After calibration,
the performance of a model can be evaluated by comparing the computed output
states û(t) to the observed system states u(t) at certain values of t.

Data-driven models can be constructed in a similar fashion. In the field of data-
driven modeling, models in which previous model states are fed back into the model
together with additional inputs, are called AutoRegressive models with eXternal forc-
ings (ARX). This class of models covers a wide range of different architectures and
parameter-estimation methods. The most basic instance of autoregressive models
with external forcings is the linear ARX model, consisting of linear transfer functions
and a number of adjustable parameters. The optimal solution for the parameters
of this model is unique, and can easily be determined by linear regression on the
observations.

The construction of nonlinear ARX (NARX) models, however, is less straightfor-
ward. As described by Narendra and Parthasarathy (1990), there is no single accepted
method to construct nonlinear data-driven models or derive parameter values from
observations. Instead, the capacity of the nonlinear models can be increased almost
indefinitely depending on the available amount of observations and computational
resources. As such, a wide variety of nonlinear methods has been developed over the
past few decades, based on different principles and assumptions. Some models are
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Figure 4.1 A neural network with nodes (vertices) and connections (directed edges)

suitable for very specific problems only, while other, more general methods can be
applied or adjusted to a range of different tasks.

A nonlinear model that has become very popular in recent years is the artificial
neural network (Bishop, 1995). Inspired by biological neural networks, artificial neu-
ral networks consist of a collection of interconnected nodes, as depicted in figure 4.1.
Nodes send signals to connected nodes over connections that modify the signal ac-
cording to the connection weight. Each node uses a transfer function to compute the
output or activation value of that node, given a collection of input values. Signals
enter the neural network at the input nodes. They are then transferred through the
network and adjusted by the connection weights and node functions, until they reach
the output nodes. The network can be trained to produce certain activation patterns
in the output nodes, given the inputs, by adjusting the weights of the connections.
During the training procedure, the neural network is fed with observations, from
which it extracts the underlying structure. The success of this method depends on
the amount of training data relative to the complexity of the underlying structure
and the amount of nodes and connections in the network. Simple dynamics can be
represented by a small network based on limited amounts of data, while for more
complex dynamics larger networks and more training data are needed. In principle,
a neural network can be trained to estimate any function with arbitrary precision,
depending on the amount of nodes and connections (Hornik et al., 1989). Since a
process-based model consists of a collection of functions, and a collection of functions
is also a function, a neural network is able to simulate any process-based model.

Depending on the direction in which the signals travel through the network, neural
networks can be divided into feedforward and recurrent neural networks. In feedfor-
ward neural networks, an input signal travels through the network in one direction,
passing each node only once. Recurrent neural networks, however, have recurrent
connections that send signals back into the network in the opposite direction (see
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figure 4.1). These recurrent connections give the network a sense of time, and allow
the network to keep a memory of previous input patterns and model states. A type
of recurrent neural network that is exceptionally good at modeling nonlinear and
temporal dynamics is the NARX recurrent neural network (Lin et al., 1996). What
is more, the NARX neural network and its training method can easily be adjusted to
methods that cannot represent nonlinearity and memory. Because of the flexibility
of the NARX neural network, the method for determining the role of nonlinearity
and memory in sandbar dynamics will be build around the NARX neural network
architecture.

A formal description of a NARX neural network model for time-series of sandbar
and wave data can be given in similar terms as the general description of a process-
based model in equation 4.1. In this description the neural network N takes the
place of the process knowledge M, while the adjustable model parameters ~Ψ of the
process-based model are replaced with the weights ~w of the neural network:

û(t) = N
(
û(t− 1), . . . , û(t− ou), l(t), . . . , l(t− ol) | ~w

)
. (4.2)

The transfer function N is now a neural network and the weights ~w are to be deter-
mined by learning from observations.

4.2.2 Training

Extracting regularities from observations with a neural network involves the adjust-
ment of the network’s weights toward values that produce desired outputs. This
procedure, called training, requires a certain amount of data, called training data, to
teach the model how to produce desired output patterns. The weight optimization
process starts with the initialization of the weights to small random values. Next, the
samples in the training dataset are presented to the model and the model’s outputs
are computed. The differences between the outputs and the measured system states
are then used to change the weights toward values that yield a smaller difference be-
tween the actual and the desired output. This procedure often needs to be repeated
several times (epochs) until the results are satisfactory.

In formal notation, the weight update that is performed each step can be written
as:

d~w(t) = g(t)
(
u(t)− û(t) | ~w(t)

)
, (4.3)

where d~w(t) is the amount by which the weights ~w are updated at time t, u(t) is
the observed value at t and û(t) is the model output at time t, which might have
been influenced by the model weights at the present and earlier time-steps. g(t)
is a function that determines how the difference between the model output and the
observed data affects the weight update, and is often based on the gradient of û(t) with
respect to ~w(t). Updating the value with small amounts based on this gradient can
be imagined as a stepwise descent in an undulating landscape. The gradient descent
method travels through the landscape by adjusting the weights in the direction of the
steepest descent, until it reaches the deepest valley, where the error is lowest.
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Gradient-descent-based weight estimation in neural networks is often performed
with a method called backpropagation (Rumelhart et al., 1986). In this method,
the difference between the model output and the observed state at a certain time
is propagated back through the network, opposite to the direction of the activation
signals. The contribution of each node to the total error is based on the partial
derivative of the error at that node to the weights. Each connection weight is then
updated depending on the amount it contributed to the error in the output nodes.

In recurrent neural networks, such as the NARX neural network, the errors need
not only be propagated back through the spatial dimensions of the network, but also
through time. Several interpretations exist for the application of backpropagation
in recurrent neural networks, such as RealTime Recurrent Learning (RTRL) and
BackPropagation Through Time (BPTT) (Williams and Peng, 1990; Rumelhart et al.,
1986). These methods are, however, significantly more complicated than normal
backpropagation and require far more computational resources than training methods
for feedforward networks. Also, training recurrent neural networks to use information
about network states far in the past is difficult. As the error is propagated back over
time, each propagation step dilutes the error, until far back in time the remaining
error is too small to have any influence. In general, recurrent neural networks that
are trained with backpropagation methods cannot reliably use states of the network
that lie more than about 10 time-steps in the past. In the literature, this problem is
often referred to as the problem of the vanishing gradient (Lin et al., 1996).

In the NARX neural network (Lin et al., 1996), the problem of the vanishing
gradient is diminished by the use of an adjusted BPTT algorithm. Instead of unfolding
the temporal operation of a network into a feedforward network that grows by one
layer each step, as is common practice in BPTT (Rumelhart et al., 1986), in the
NARX architecture the entire network is unfolded at the recurrent connections. The
resulting network is treated as a feedforward network with errors injected at output
nodes with inputs from recurrent connections. The local error in these nodes is
computed and added to the backpropagated value from the connected input node. In
this fashion the recurrent connections serve as jump-ahead connections, providing for
a shorter path for backpropagating the error through the network, thus diminishing
the problem of the vanishing gradient (Lin et al., 1996).

In its basic form the BPTT algorithm for training NARX networks is still very
computationally intensive. Learning methods using second- or higher-order deriva-
tives or approximates, such as quasi-Newton methods (Battiti, 1992), can significantly
reduce the amount of computational effort needed for training the recurrent network,
but also decrease the learning capacity of recurrent architectures because of fast-
vanishing gradient information over recurrent connections. Since the ability of the
NARX neural network to learn temporal dependencies is studied, we will only use
gradient descent based on first-order derivatives.

Apart from the use of higher-order derivatives, there are other methods to reduce
the amount of time needed for training the NARX neural network. First, the number
of time-steps th over which the recurrent connections are unfolded (or the number
of network states that is saved) can be reduced, which is called truncated BPTT.
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Additional speed-up can be achieved by computing weight updates only after certain
intervals with length tj, instead of computing and applying updates each step. The
application of both changes to the BPTT algorithm will reduce computation time,
while still following the true gradient closely (Williams and Peng, 1990). In case th
is chosen to equal tj, this algorithm is equivalent to batch-wise BPTT, which is far
more computationally efficient than full BPTT.

In a NARX neural network it is possible to disregard the long-term dependen-
cies by skipping the backpropagation step for the recurrent connections. In such a
network the errors made in the future are not considered in the computation of the
current weight updates, meaning the network will not be able to learn any long-term
dependencies. This nonrecurrent training algorithm for a recurrent neural network
yields an autoregressive neural network that still uses the previously predicted out-
puts as input, but does not backpropagate any error information over the recurrent
connections. In this fashion, a neural network can be created that is in all aspects
the same as the recurrent NARX neural network, but has no memory.

Similarly, the original NARX neural network can be transformed into a linear
model. When the NARX neural network employs only one layer with nodes that
have linear transfer functions instead of one or more layers of nodes with nonlinear
functions, the network reduces to a linear ARX model. The equation for such an
ARX model is:

û(t) = w0 +
ou∑
i=1

wiû(t− i) +

ol∑
j=0

w(1+j+ou)l(t− j), (4.4)

where w0 is a bias term, and w1 . . . w(ou+ol+1) are the model weights which correspond
to the connections between the input and output layer of the neural network that
implements it. When the error is not propagated over the recurrent connections,
the resulting training method is equivalent to iterative or online training methods
for linear ARX models. Training algorithms for this linear network can use infor-
mation about errors made in the future by unfolding the recurrent connections and
propagating the errors over those connections. It is however important to notice that
this does not allow the network to keep track of previously observed conditions, and
that a linear network has no memory. The important difference between recurrent
and feedforward training methods for linear networks is that the recurrent method
finds the minimum error over the entire time-span of a batch, while the feedforward
method finds the average minimum error of the individual samples.

4.2.3 Model comparisons

Based on the NARX architecture, four different models can be constructed that
can or cannot represent nonlinearity and memory: (1) a Recurrent Nonlinear ARX
(RNARX) neural network that can model both nonlinearity and memory, (2) a Re-
current Linear ARX (RLARX) model, which is a neural network with linear transfer
functions, and reduces errors over the entire time-span of one batch, (3) a Feedfor-
ward Nonlinear ARX (FNARX) neural network with the same architecture as the
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recurrent neural network, except for the recurrent connections, which is a nonlin-
ear model, but cannot memorize previous states and (4) a Feedforward Linear ARX
model (FLARX), which is equivalent to a linear transfer function obtained with lin-
ear regression. Those four models only differ in the aspects that are studied here
(i.e. nonlinearity and memory), while the other model features (e.g. number of nodes
and connections) are identical. Together with the usage of similar algorithms for
all models (BPTT and nonrecurrent backpropagation) this ensures a fair comparison
between the different model structures.

The different model structures can be compared by testing each model’s perfor-
mance on data that were not presented to that model during the training stage. The
performance then serves as a measure for the capability of that model to generalize
extracted dynamics to novel data and, as such, provides an effective measure of the
model’s predictive capacity.

4.3 Analyses

4.3.1 Setup

The goal of the neural network models used here is to predict the cross-shore sandbar
location x(t) at time t, based on the local wave height H(t) averaged over the period
between t− 1 and t, and the previously predicted sandbar location x̂(t− 1). In terms
of equation 4.2 such a model can be written as:

x̂(t) = N
(
x̂(t− 1), H̄(t) | ~w

)
, (4.5)

where N is a neural network and ~w the neural network weights. At the first time-
step, the observed sandbar location and local wave height are presented to the model.
After that, the model uses previously predicted model outputs and is provided with
observed local wave heights.

Apart from recurrent learning algorithms, higher input and autoregressive model
orders (ol and ou) also allow models to keep track of previous states and forcings.
Because the use of different model orders would obfuscate the difference between
models with and without memory, we used only models with model order ou = 1 and
ol = 0. Equation 4.5 therefore includes only the most recent model output (x̂(t− 1)
and the forcing averaged over the period between the present and the previous state
H̄(t).

A lower bound on the model’s temporal resolution is posed by the one-day interval
of sandbar-crest locations in the data. Using time-scales longer than one day by
averaging over observations or removing observations, implies discarding potentially
useful information. We therefore represented the dynamics of cross-shore sandbar
behavior at the finest possible resolution of the available data, which is one day.
Missing data were handled during training by skipping the weight update step, while
during testing the predicted model output for missing samples was excluded from the
performance measure computation.
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The models used here are models for sandbar behavior in case there is a sandbar:
they do not have a state for sandbar absence. The time-series of sandbar data were
therefore divided into partitions of continuous sandbar presence. For each of the
resulting partitions (see figures 4.4 and 4.5), a model was trained using data from the
other partitions. In case of the Gold Coast all other partitions were used for training,
while for HORS only the eight closest partitions were used, to reduce training time.
Using more than eight neighboring training partitions for HORS did not result in
increased performance.

The data were scaled to zero mean and unit variance before providing them to
the neural network models, which significantly reduced training time. The output
of the neural networks was scaled back to the original values for the computation of
performance measures. Performance values were computed at a number of prediction
intervals. At the start of each prediction interval, the observed sandbar location
and wave height were supplied to the network. After that, the network used model-
predicted sandbar locations and observed wave forcing conditions, until the end of
the prediction interval was reached. The difference between the model output and
the observed sandbar location at that point served as a measure for the capability of
the model to reproduce observed sandbar behavior at the selected prediction interval.
This process was repeated starting at every sample in the time-series with a sufficient
(i.e. the length of the prediction interval) number of subsequent samples.

We used several error measures to express the performance of the neural networks
at each prediction interval: (1) the root-mean-squared error in meters, (2) the nor-
malized root-mean-squared error, which is the root-mean-squared error divided by
the cross-shore range in which a sandbar is observed, and (3) the skill score relative
to a baseline prediction of no change since the start of a prediction interval. The
normalized root-mean-squared error allows for a comparison between different sand-
bars, while the skill score expresses how good a model’s prediction is compared to
just repeating the most recent observed value (i.e. having no model). We computed
skill scores based on root-mean-squared errors as:

skill = 1− ep
eb
, (4.6)

where ep is the root-mean-squared difference between model predictions and obser-
vations, and eb is the root-mean-squared difference between the baseline and the
observations. According to this formulation, positive skill scores indicate that the
model prediction is better than the baseline prediction of no change.

4.3.2 Neural network training

The neural network and the training algorithm involve a number of settings that need
to be adjusted to the task at hand. Some of these settings can be set with algorithms
that automatically find optimum values, while others can only be found by examining
a range of different values. In this section we describe the steps that were taken to
find the settings for the neural network models and their training algorithms.
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Since the time-series of alongshore average positions of the sandbars are not natu-
rally segmented into independent batches, the batch size th (which is equal to the tj)
must be carefully chosen. If the batch size is too small, any temporal dependencies
that span a longer period than the selected batch size cannot be learned, and if it is
too large the algorithm converges slowly. Choosing a specific batch size means that
the network predictions will be optimized to prediction intervals corresponding to the
batch size. Here, we aim to investigate the network’s performance over a range of
different prediction intervals, which will be hampered by fixing the batch size to a
specific value. Instead, the networks are trained each epoch with a randomly selected
batch size between 2 and the length of the data. In this fashion, the algorithm is
not forced to optimize predictions for a certain time-scale of, for example, a month a
season or a year, but tries to find an optimum over all possible time-scales.

The optimal number of nodes in the hidden layer of the nonlinear networks needs
to be determined experimentally. Several trials were carried out to find optimal
settings for the network architecture using hidden layer sizes with up to 20 nodes
with hyperbolic tangent transfer functions, organized in 1 or 2 hidden layers. We
found that increasing the network size above 6 nodes in a single hidden layer did
not result in increased performance on the test sets. All further experiments with
nonlinear neural networks were therefore performed with a network with a single
hidden layer containing 6 nodes.

The scaling of the weight updates, also called the learning rate, was determined
with the bold driver algorithm. The bold driver algorithm started with a learning rate
of 10−7, and increased this value every epoch by one percent. After each epoch the
error was compared with the minimum error achieved during training of the selected
data. When the error became larger than the minimum error achieved, the learning
rate was too large, and should be lowered. Here, a threshold value of 10−4 (relative to
the normalized error) was used to allow the training algorithm to increase the error
slightly before dropping the learning rate, allowing the gradient descent algorithm to
overcome bumps in the error landscape. If the error became larger than the minimum
error plus 10−4, the learning rate was dropped with 25 percent, and the algorithm
resumed from the most recent optimal weight settings.

The training algorithm updates the weights in small steps each batch, and the
data need to be presented to the network several times (epochs) before the algorithm
converges to the optimum solution. Individual data partitions in the training set
(see figures 4.4 and 4.5) were provided to the network in random order each epoch.
Especially for the recurrent neural networks, the learning rates found by the bold
driver algorithm were small, resulting in slow convergence. As such, training the
recurrent neural networks required a considerably larger amount of epochs (i.e. up
to 107) than is commonly needed to train feedforward networks.

Training should be stopped when the network has learned the aspects that the
training and test datasets have in common, but before the network starts to learn
features that are specific to the training datasets, or in other words before the network
starts to overfit the training data. The amount of epochs at which the networks start
to overfit the training data is commonly determined during the training procedure
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by evaluating the performance on part of the data that is not used for training the
network, called a validation set. When the performance on the validation set starts
to decrease, the network starts to overfit the training data, and training should be
stopped. Here we used a similar early-stopping procedure based on the performance
on the individual training partitions, after training was performed until overall error
convergence.

The networks with nonlinear transfer functions were trained for 107 epochs in case
of the Gold Coast datasets, and for 3 · 106 epochs in case of the HORS dataset. To
determine the amount of epochs at which the networks started to overfit the training
data, we evaluated the performance on the individual partitions of the training data
each 105 epochs, starting from epoch 2 · 106. If the minimum error on a training
partition fell before the end of the training procedure, the early-stopping criterion was
applied at that point. In case the error reached a minimum on multiple partitions, the
early-stopping criterion was applied at the first occurrence of a minimum. Note that
this procedure is not biased toward a specific training partition, because the training
partitions were provided to the network in random order each epoch. Because most of
the training partitions in the HORS data reached a minimum error after 2·106 epochs,
this number of epochs was selected as the general stopping point for the HORS
dataset. For the Gold Coast data the optimum number of epochs varied considerably
between different networks and partitions, between 2 · 106 and 107 epochs.

For nonlinear neural networks, the results of the training procedure depend on
the starting point of the gradient descent algorithm in the error landscape. In other
words, different realizations of the initial neural network weights result in slightly
different optimal values of the weights after completion of the training phase. It
is therefore common practice to repeat the neural network training procedure for a
number of different initialized networks. Here, we trained five differently initialized
networks for each data partition.

In contrast with nonlinear neural networks, the global optimum weight setting
of linear networks is always found by the training procedure. Also, this optimum
is found much faster than for nonlinear networks. Therefore, we did not repeat the
training with differently initialized linear networks, and trained the linear networks
for a fixed 5 · 105 epochs, when the error had converged for all datasets.

4.4 Results

4.4.1 Prediction interval

We applied the training procedure described in the previous section to the Gold Coast
and HORS datasets. Next, we computed root-mean-squared errors and skill scores
for prediction intervals from 1 up to 500 days for each of the four models. The
results in figures 4.2 and 4.3 show a maximum normalized root-mean-squared error of
about 0.15 for the Gold Coast outer sandbar, 0.22 for the Gold Coast inner sandbar
and 0.18 for the HORS outer sandbar. The errors are however not constant, but
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Figure 4.2 Performance measures as function of the prediction interval at the Gold Coast.
Black (gray) lines represent results for recurrent (feedforward) training algorithms, while
solid (dashed) lines represent results for nonlinear (linear) networks. The vertical dotted
lines indicate a one-year prediction interval.

vary as a function of the prediction interval. Over the first 50 to 100 days, the errors
sharply increase, then they more or less level off, until a prediction interval of about
a year, after which they decrease again. At the Gold Coast inner sandbar and the
HORS outer sandbar, most of the skill scores start at negative values, indicating that
the models perform worse than a baseline prediction of no change. After about 50 to
100 days all skill scores have become positive, and gradually increase. For longer
prediction intervals the skill scores continue to increase for all datasets, with only a
slight dip around the one-year prediction interval.

The trends in error and skill are closely linked to the seasonal signal in sandbar
location (see figure 2.16). After a one-year interval, a sandbar returns to approxi-
mately the same location, causing a decrease in baseline error and a related decrease
in skill. The decrease in error after about one year is related to the limited length of
the data partitions. Some partitions, especially at HORS, are considerably shorter
than 500 days, and are not used in performance computations for long prediction
intervals. These short partitions apparently cause a larger average error, so when
they are left out at longer prediction intervals, the error starts to decrease, while the
skill score increases. Leaving out partitions shorter than 500 days from the average
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Figure 4.3 Performance measures as function of the prediction interval at HORS. Black
(gray) lines represent results for recurrent (feedforward) training algorithms, while solid
(dashed) lines represent results for nonlinear (linear) networks. The vertical dotted lines
indicate a one-year prediction interval.

computations revealed that the errors approximately remained the same after 50 to
100 days, while the skill scores returned to values similar to those before the one-year
dip.

The performance differences between the four models are generally small. At the
Gold Coast outer sandbar, nonlinear models performed better than linear models,
with an average performance difference of about 3 meters. The performance difference
between feedforward and recurrent instances of those models was much smaller, with
better results for the recurrent networks for prediction intervals up to one year, and
hardly any noticeable difference for longer prediction intervals. The performance
difference of the four models on the inner sandbar at the Gold Coast was only a couple
of decimeters on average, with generally better performance of the nonlinear models
over the linear models and slightly better performance of recurrent over feedforward
architectures up to 100-day prediction intervals.

At HORS, negative skill scores were obtained for the nonlinear models at short
prediction intervals, while the skill of the FLARX model remained close to zero for
up to 100-day intervals. The RLARX model, on the other hand, achieved positive
skill scores at all prediction intervals and outperformed all other models for intervals
up to about 200 days with a difference of up to 20 meters. Since more than half of
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the partitions in the HORS dataset are shorter than 200 days, it could be that the
results mainly reflect the properties of those short partitions. To find out whether
the length of the partitions affects the results, we re-computed the results on short
(< 200 days) and long (≥ 200 days) partitions individually. We found that for both
the long and short partitions the RLARX model outperformed all other models up
to about 200 days, while the RNARX model achieved better performance on long
datasets for prediction intervals beyond 200 days. The improvement of the RLARX
model over the other models was however considerably larger for the partitions shorter
than 200 days.

4.4.2 Predictions and prediction range

Predicted sandbar locations in the test partitions could vary substantially depending
on the network weight initialization and the starting point of the prediction. To
show the variability of the predictions, we ran the models starting at each point in
the time-series until the end of a partition. For the nonlinear models, we repeated
this 5 times with differently initialized networks. Figures 4.4 and 4.5 show the range
and the mean of the values that were predicted by the best model for each sandbar
dataset.

For the Gold Coast datasets the RNARX network achieved the best overall per-
formance. As becomes clear from figure 4.4a, the predicted values of the outer sand-
bar closely follow the observations. Both the rapid offshore-migration events and
the slower onshore return are predicted by the neural networks. It should be noted
though, that predictions and observations tend to diverge more over long periods of
onshore migration (e.g. in part 2). Similar aspects of inner sandbar migration are
however not predicted by the neural network models (figure 4.4b). For example, the
rapid offshore-migration events at the end of partitions 3 and 4 are not reproduced
by the model, nor are the periods of onshore migration in part 4 and 5. Instead, the
predictions more or less fluctuate around the long-term mean location, and sometimes
follow the seasonal trend (part 3).

The range of the predictions for the Gold Coast sandbars grows rapidly the first
20 days of each partition, but usually does not become consistently wider over the
duration of a partition. Exceptions are found near the end of part 2 after a long
period of onshore migration of both the outer and inner sandbar, and at the end of
partition 5 for the inner sandbar. We observed that the predictions of all models at
the Gold Coast rapidly converged to similar values for different start times. Most
of the variability in predicted sandbar location is therefore generated by initializing
a model at each time-instance with observed values. After initialization, the models
often consistently over- or under-predicted sandbar locations, so the boundaries of
the prediction range are generally formed by the observations on the one side and the
mean of the predictions on the other side. The convergence to similar values becomes
especially obvious from the predictions in the middle of part 5, when no sandbar
observations were available. Since wave data were still obtained during this period,
predictions that started before the period of missing data could be continued (note
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Figure 4.4 Predictions of 5 differently initialized RNARX models for the Gold Coast.
Individual model runs were started at each sample in a partition. The top panels give the
observations (range of the predictions) in gray (black), while the bottom panels show the
observations (mean of the predictions) in gray (black).
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Figure 4.5 Predictions of the RLARX model for HORS. Individual model runs were started
at each sample in a partition. The top panel gives the observations (range of the predictions)
in gray (black), while the bottom panel shows the observations (mean of the predictions)
in gray (black).

that no performance measures were computed), but the model could not be initialized
at observed values. As becomes clear from figure 4.4, the predictions of the models
in this period rapidly converged to a small range of values for both sandbars.

For the HORS dataset, the best performance on prediction intervals smaller than
200 days was achieved by the RLARX model, but for longer prediction intervals the
nonlinear models performed better. Because most of the partitions in the HORS
dataset are shorter than 200 days, we selected the RLARX model as the best model
for this dataset, and depicted the range and mean of the predictions of this model in
figure 4.5.

The predicted values of the RLARX model generally follow the offshore-directed
trends, especially in the first 10 partitions. Also, onshore migration in the second half
of the data is sometimes predicted correctly (e.g. part 12, 15 and 16). The range of
the predictions at HORS becomes increasingly wider during the first 200 days, and
sometimes over even longer intervals (e.g. in part 11 and 15). Note that the wide
prediction ranges extending to both sides of the observations imply that individual
model runs started at different time-instances deviated substantially more from the
observations than the average of those models runs. When in the second half of the
data, the offshore-directed trends are less obvious or take place over longer time-
spans, the average predictions become less accurate and the range of predicted values
sometimes spans almost the entire sandbar zone (part 15). While at the Gold Coast
all models converged to similar predictions, the predictions at HORS usually ran in
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parallel trajectories or continued to diverge over time. Also, no consistent over- or
under-prediction was found for the same parts of the data or the same models, as was
the case for the Gold Coast.

4.5 Discussion

The results show that many aspects of sandbar behavior, such as rapid offshore migra-
tion during storms, slower onshore return during quiet periods, seasonal trends and
annual to interannual offshore-directed trends can be predicted from the wave height
with data-driven neural network models. All models achieve positive skill scores on
all datasets for prediction intervals longer than 50 – 100 days, or in case of the Gold
Coast outer sandbar, for all prediction intervals. At the Gold Coast, nonlinear mod-
els are consistently better than linear models, but on prediction intervals longer than
one year, the difference between the linear and nonlinear models becomes very small.
At HORS, on the other hand, the (linear) RLARX model is better than all other
models on prediction intervals up to 200 days, while for longer prediction intervals no
consistent performance difference between the models is found.

The different performances of linear and nonlinear models on different prediction
intervals at HORS reflects the difference in behavior and predictability on differ-
ent time-scales. On prediction intervals up to about one year, the most important
source of variability in sandbar location at HORS is the offshore-directed trend (see
section 2.3). The reason that a linear model outperforms a nonlinear model on trend-
prediction is that nonlinear models are more sensitive to error accumulation over time.
In linear models, small errors made during prediction accumulate linearly, while in
nonlinear models these errors can be amplified exponentially. Especially when be-
havior is dominated by trends, errors made during prediction keep adding up, and
nonlinear models perform worse than linear models. Only when the offshore-directed
trend becomes less important on longer time-scales (i.e. in the longer partitions), the
nonlinear RNARX model outperforms the linear RLARX model, just as for the Gold
Coast where there is no trend. The reason for the improved RLARX performance
relative to the FLARX results is that RLARX is optimized over the entire length of
the offshore-directed trends, instead of individual samples (see section 4.2.2).

It could be argued that the amount of observations is too small for the nonlin-
ear networks to extract reliable relations between wave height and sandbar location,
making it difficult to predict the offshore-directed trends with these models. How-
ever, repeating the training procedure with larger amounts of HORS data (up to 15
partitions) and including wave period data, did not improve the accuracy of the pre-
dictions. As such, it is unlikely that the difficulty to predict the trends is caused by
too little training data.

In the second half of the HORS data, the offshore-directed trends take place over
longer time-scales than in the first half of this dataset. While it might seem that
sandbar behavior in the second half of the HORS dataset becomes somewhat similar
to sandbar behavior at the Gold Coast, model predictions for the second half of the
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HORS data do not converge to similar predictions over time, as is the case for the
Gold Coast. Instead, the predictions run in parallel trajectories, or even continue
to diverge until they span almost the entire sandbar zone (part 15). Note that the
training procedure for the HORS data is performed on the 8 neighboring partitions,
so any changes in predictability associated with the change in behavior over time are
reflected in the results. This indicates that it is generally difficult to predict the exact
rate of the offshore-directed trends, whether they take place over one year, or over
longer time-scales.

Nonlinear models outperform linear models at the Gold Coast and at prediction
intervals longer than one year at HORS. The nonlinear relations at the Gold Coast
do not result in behavior that becomes more difficult to predict over time, but cause
convergence to the same sandbar locations for different initial conditions. At HORS
no such convergence takes place, but when the trends are less dominant the nonlinear
models become better than the linear models. It should be noted, however, that the
performance difference between linear and nonlinear remains small (5% of the width
of the sandbar zone at most).

At the Gold Coast, the ability of nonlinear recurrent neural networks to keep track
of previous conditions helps them to achieve slightly better results on short prediction
intervals, but for longer intervals the difference between recurrent and feedforward ar-
chitectures becomes barely noticeable. For short-term predictions, incomplete (e.g.
missing information about alongshore variability) or inaccurate sandbar state ob-
servations can be improved by keeping a memory of previous sandbar states. This
information has hardly any beneficial effect on the long-term predictability because
the predictions always converge to the same values. At HORS, however, the RNARX
model outperforms the FNARX model even on time-scales longer than one year, sug-
gesting that the details of the current sandbar state continue to be important for
long-term sandbar development. As with the difference between nonlinear and linear
models, the performance difference between recurrent and feedforward architectures
remains small (less than 3% of the width of the sandbar zone).

In contrast with the accurate predictions for the Gold Coast outer sandbar, the
predictions of the Gold Coast inner sandbar hardly follow the main features of this
sandbar’s behavior (i.e. rapid offshore migration and slower onshore return). Since
some of the onshore and offshore migration patterns as well as the seasonal trend
in sandbar location are correctly reproduced by the model, the skill on prediction
intervals longer than 50 days is still better than a no-change prediction, but the
normalized performance on the Gold Coast inner sandbar is the worst of the three
datasets. The inferior performance at the Gold Coast inner sandbar indicates that
the neural networks are unable to extract relations between inputs and outputs that
can be generalized to unseen data. However, the results for the Gold Coast outer
sandbar show that it is, in principle, possible to predict rapid offshore migration and
slower onshore return with neural network models.

A possible cause for the inaccuracy of the Gold Coast inner sandbar predictions
compared to the outer sandbar predictions is the presence of crescentic shapes and
rip-channels. Information about these features is not provided to the neural network
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models, but they might affect cross-shore migration. Since crescentic shapes and rip-
channels are also present in the outer sandbar, which can be predicted much more
accurately, we deem it unlikely that the unknown alongshore variability is a major
cause for the reduced performance at the inner sandbar. Another, more likely ex-
planation for the inability to predict the major features of inner sandbar behavior is
the inaccuracy in the computed local wave heights at this sandbar. As explained in
section 2.1.4, the local wave height computations at the Gold Coast inner sandbar
are based on a single profile only, and do therefore not accurately reflect the true
local wave conditions. The absence of accurate local wave height information makes
it difficult to find general relations between wave height and sandbar migration, and
hinders accurate prediction of sandbar behavior in unseen data. Repeating the ex-
periments with offshore-measured wave forcings resulted in even worse performance,
indicating that the computed local wave height is still a better approximation of the
true local wave height than the offshore-measured value.

At the Gold Coast inner sandbar and at HORS, most models achieve negative
skill scores on short prediction intervals, implying that it is better to repeat the last
observation (i.e. the baseline prediction) than to generalize over noisy and inaccurate
observations. However, the RNARX model and the RLARX model achieve positive
skill scores at the Gold Coast inner sandbar and the HORS sandbar, respectively,
but on prediction intervals longer than one year, these models perform worse than
the other models. The reason for the performance differences between the linear
and nonlinear models is the trade-off between the performance on different prediction
intervals during training. Since the networks are trained to optimize their performance
averaged over all prediction intervals, the improved performance of a model on long
prediction intervals comes at the cost of reduced performance on shorter intervals, and
vice versa. At HORS, the nonlinear networks are unable to predict the annual trends
due to exponential error accumulation, so the training procedure focuses on improving
the performance of these models on even longer prediction intervals. At the Gold
Coast inner sandbar, short-term predictions are difficult because of inaccurate wave
height observations. The RNARX model suffers less from this inaccuracy because
it can memorize previously observed states. As such, the training procedure is able
to achieve better RNARX performance on short prediction intervals, but since the
performance is optimized over all prediction intervals, this comes at the cost of reduced
performance on longer prediction intervals. The other models, which have no memory,
perform worse on short prediction intervals, but better on longer intervals, where the
seasonal signal in sandbar behavior and wave height becomes stronger than the noise.

4.6 Conclusions

Neural network models are able to predict many aspects of sandbar behavior in the
Gold Coast and HORS datasets, such as rapid offshore migration during storms,
slower onshore return during quiet periods, seasonal trends and annual to interan-
nual offshore-directed trends. The comparison between nonlinear and linear models
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and between recurrent and feedforward training algorithms reflects the difference in
long-term behavior between the two field sites, and the associated difference in pre-
dictability.

The comparison between nonlinear and linear models shows that nonlinearity
is present, but has different effects on predictability. At the Gold Coast, predicted
sandbar locations converge to the same values for different starting locations, allowing
for accurate predictions of long-term sandbar behavior from known wave heights. The
long-term offshore-directed trends at HORS, however, are difficult to predict with
nonlinear models because these models suffer from exponential accumulation of errors
over time. While the annual offshore-directed trends at HORS are predicted better
with a recurrent linear model, predictions started at different time-instances continue
to diverge over time. This demonstrates that it is generally difficult to predict the
exact rate of the offshore-directed trends, even under known wave heights.

Memory in sandbar behavior, defined here as representations of previous model
states or previous external forcings that can be used to improve incomplete or inaccu-
rate observations, is found to be present at both field sites. At the Gold Coast, where
predictions converge to the same value for different initial conditions, information
about the history of sandbar states becomes less important over time. At HORS,
details of the current sandbar state continue to be important for long-term sandbar
development. In the following chapters we further explore the causes for this different
behavior under different conditions and at different field sites.
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5 Models and scales for sandbar
behavior

Based on: Pape, L., B. G. Ruessink and Y. Kuriyama (in review), Models
and scales for nearshore sandbar migration. Submitted to Journal of Geophysical
Research.

Abstract

The generation and evolution of nearshore sandbars is generally described and modeled

in terms of the underlying small- and short-scale (up to meters and hours) hydrodynamic

and sediment-transport processes. While the underlying processes generate behavior that

appears organized on the larger and longer scales of sandbars, it remains difficult to re-

produce observed long-term (months to years) sandbar behavior from these processes. Be-

cause process-based models might suffer from exponential accumulation of errors over time,

less-detailed models that represent sandbars in terms of more abstract states the small-

scale physics evolve toward might yield more accurate descriptions of long-term sandbar

behavior. In this chapter we investigate the long-term predictability of cross-shore sand-

bar behavior with models specified on different abstraction levels, using a high-resolution

15 year-long profile dataset collected at the Hasaki Oceanographic Research Station (HORS)

in Japan. After extensive calibration, training and testing procedures, we find that it is

generally difficult to predict cross-shore sandbar behavior on time-scales of months to years

at HORS. While abstract models outperform more detailed models, for all models it is dif-

ficult to predict the rate of offshore-directed trends in sandbar location over time-scales of

months to years. We discuss the implications of our findings for the application of models

in understanding long-term cross-shore sandbar behavior.

5.1 Introduction

The cross-shore location of sandbars changes over time as a result of the interaction
between the sandbar and the incoming waves. Some of the changes in sandbar loca-
tion are correlated to the temporal variability in wave properties, such as the immedi-
ate response to storms, or seasonal trends in sandbar location reflecting the seasonal
change in wave height. As discussed in sections 1.1 and 2.3, additional trends in sand-
bar location are sometimes observed over much longer time-scales (months to years)
than the variability in wave climate. Until recently, it remained difficult to reproduce
these patterns in long-term (months to years) sandbar behavior with process-based
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models that describe the underlying small- and short-scale (meters and up to hours)
hydrodynamic and sediment-transport processes (van Rijn et al., 2003).

Recent advances in modeling techniques now enable the investigation of long-
term sandbar behavior with small- and short-scale process-based models. Ruessink
and Kuriyama (2008) and Kuriyama (2009) for example, successfully modeled cycles
of sandbar generation, offshore migration and decay at the Hasaki Oceanographic
Research Station (HORS), Japan with process-based models. These, and other nu-
merical models in general (for an overview, see Roelvink and Brøker, 1993), divide the
nearshore zone in small grid cells and compute hydrodynamics, sediment transport
and bottom profile updates over small time-steps. Although the equations in such
process-based models can describe the underlying processes in great detail, their non-
linear nature combined with the iterative update scheme introduces the possibility of
exponential error accumulation over time. This problem, also known as deterministic
chaos (see e.g. Lorenz, 1963), causes exponential divergence between modeled and
observed states over time. Even if the representations of the physical processes are
highly accurate, deterministic chaos makes long-term prediction infeasible, and as
such, limits the ability to test models and theories about the evolution of long-term
sandbar behavior from the short- and small-scale underlying physics.

Other types of models represent sandbar behavior in terms of the more abstract
states that the small-scale physics evolve toward. A basic assumption underlying
many of the more abstract models is the existence of an equilibrium sandbar location,
situated at the cross-shore location of wave-breaking (e.g. Plant et al., 1999). If a
sandbar is not at its equilibrium location, the onshore- and offshore-directed sediment-
transport processes, such as wave nonlinearity (e.g. Hoefel and Elgar, 2003) and
undertow (e.g. Gallagher et al., 1998), drive the sandbar toward that location, until
the transports balance and no net sediment transport takes place. If this mechanism
indeed drives the sandbar toward a stable equilibrium location, cross-shore sandbar
behavior might become easier to predict with models that represent the nearshore
zone on the level of the state a sandbar evolves toward (e.g. Werner, 1999; de Vriend,
2001).

Where chaos limits the prediction of sandbar behavior with small- and short-scale
process-based models, long-term trends might better be understood with the help of
models that represent sandbar behavior in terms of more abstract states. Here we
investigate how the capacity to predict long-term sandbar behavior is affected by the
abstraction level on which a model represents the nearshore zone. We compare two
models that operate on different spatial and temporal scales: (1) the Unibest model
(Ruessink et al., 2007b), which computes wave-averaged equations of hydrodynamics
and sediment transport over a cross-shore transect of the nearshore and time-scales
of hours, and (2) the NARX neural network model from chapter 4, which models
simplified profile representations comprising one up to three coordinates of relevant
changes in profile slope, and daily-averaged wave properties. Note that the com-
parison between Unibest and NARX is not meant as a practical contest between a
process-based and a data-driven modeling paradigm, but is performed here to inves-
tigate fundamental aspects of the predictability of cross-shore sandbar behavior. The
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data used for model calibration and validation is the HORS profile dataset described
in section 2.2.3. This dataset is both dense and extensive in space and time and
covers several cycles of net-offshore migration, which enables us to fully explore the
differences between the process-based Unibest model and the more abstract neural
network model. Because the Unibest model requires profile observations instead of
sandbar-crest locations, we here use only the HORS dataset and not the two Argus-
based datasets described in section 2.2.

5.2 Models

5.2.1 Unibest

Numerical models that compute sandbar behavior based on bed-level updates in small
time-steps and grid cells have successfully been applied to predict sandbar behavior
on time-scales of a few days to several weeks (see e.g. Roelvink and Brøker, 1993).
Predicting features of sandbar behavior on longer time-scales, such as net-offshore
migration or slow onshore migration during low-energy conditions has proven to be
more difficult with these models (Roelvink et al., 1995; van Rijn et al., 2003). A
model that has been successful at hindcasting both onshore migration and net-offshore
migration is the Unibest model described by Ruessink et al. (2007b). Other examples
of modeling net-offshore migration over the course of several months to years are
given in Kuriyama (2009) and Walstra and Ruessink (2009). Because of the capacity
of Unibest to model both onshore migration (Ruessink et al., 2007b) and net-offshore
migration over several months (Ruessink and Kuriyama, 2008), we here use Unibest as
instance of the class of models that base their computations on the short- and small-
scale physical processes. In the discussion section we will argue why the outcome of
the experiments we perform in this chapter is not specific for the choice of Unibest,
but can be generalized to all instances in this class of models.

Unibest is a process-based model that computes wave-averaged hydrodynamics,
sediment transport and bed-level changes over a cross-shore transect. Starting from an
initial observed profile and known offshore wave and tide conditions, Unibest updates
the profile with the computed bed level changes in each grid cell. The updated profile
is used in the next time-step in the calculation of the hydrodynamic and sediment-
transport models. The details of Unibest’s hydrodynamic and sediment-transport
models are described in Ruessink et al. (2007b).

As mentioned in section 5.1, the small- and short-scale nature of the Unibest
model makes it sensitive to chaos. This might hamper the ability of this model to
predict long-term sandbar behavior, even if the physical processes are described with
great accuracy. Initial investigations into the extent of chaos problems for cross-shore
sandbar behavior at HORS (Ruessink and Kuriyama, 2008) revealed divergence of
initially similar states during high-wave conditions, but convergence of initially dif-
ferent states during periods of low waves. From these findings Ruessink and Kuriyama
(2008) conclude that sandbar behavior is deterministically forced rather than chaotic.
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However, the onset of sandbar decay and subsequent creation of a new sandbar, and
therefore, the duration of the offshore migration cycles, is mainly determined by the
occurrence of high-wave events (Kuriyama et al., 2008). As such, the much larger
and less predictable response during high-wave events could be more significant to
long-term sandbar behavior than the more predictable behavior during periods of low
waves. Also, the data used by Ruessink and Kuriyama (2008) covers only two cycles
of generation, offshore migration and destruction, spanning a total period of 1.5 years
(out of the available 15 years). The capacity of Unibest to reproduce the duration of
cycles of offshore migration over longer periods, and with that, the predictability of
long-term behavior, remains unsure.

5.2.2 Neural network

Instead of solving the details of undertow, wave nonlinearity and sediment trans-
port, models can also be represented on the level of the patterns that emerge from
the underlying processes. In such a more abstract representation, sandbars can be
described with only a few variables, such as the cross-shore location of the sandbar
crest, or the parameters of a Gaussian curve superimposed on a linear sloping profile
(e.g. Plant et al., 2001). While the behavior of sandbars on more abstract scales is
not immediately obvious from the underlying hydrodynamic and sediment-transport
processes, it is still possible to derive sandbar behavior from observations with the
help of a data-driven model.

Chapter 4 already showed that a neural network model can learn to hindcast
several aspects of cross-shore sandbar behavior on time-scales of months to years.
What is more, it is known that such a neural network can estimate any function with
arbitrary precision (Hornik et al., 1989). As such, a neural network will be able to
model the — as yet unknown — function that describes how sandbars behave on a
more abstract level. Because a neural network is the most general instance of the
class of models that describe sandbar behavior on any abstraction level, we will here
use the neural network model described in chapter 4 to investigate the predictability
of sandbar behavior based on simplified representations of cross-shore profiles.

5.2.3 Representation scales

The models used in this chapter aim to describe sandbar behavior with mathematical
equations that represent the dynamics of the nearshore zone. The elements on which
these equations operate need to be specified at a certain abstraction level. ‘Abstrac-
tion level’ here refers to the spatial and temporal scales of the phenomena that are
used as entities in a model, such as waves, currents, mean wave height, sand grains,
grid cells containing water or sand, sandbar-crest locations, etc. Each entity in a
model is a simplification of the real-world entity it represents, and can never repre-
sent all aspects of the physical system. We find it therefore not necessary to make
a distinction between physical-deterministic models that adhere to conservation laws
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and behavioral models that do not explicitly do so, but describe the difference between
models only in terms of abstraction level.

The main difference between the two models used here is the abstraction level
on which they operate. Unibest represents the nearshore zone as a series of profile
elevations over a cross-shore transect, and involves no a priori notion of a sandbar.
The neural network model, on the other hand, assumes a sandbar to be present
and models several aspects of its cross-shore evolution as a function of the wave
forcing. Here we use two different representations of a sandbar’s cross-shore state:
(1) the cross-shore sandbar-crest location (as in chapter 4) and (2) the coordinates
(cross-shore and vertical) of the trough, the sandbar crest and the sandbar foot (see
figures 2.5 and 5.1). In the first representation, the water depth above the sandbar
crest, which is important for determining the direction of sandbar migration, can
only be roughly estimated from the cross-shore sandbar-crest location. While the
sandbar’s cross-shore shape and volume and the exact water level above the sandbar
crest remain unknown in the first representation, the three profile coordinates used in
the second representation allow the neural network to form internal representations
of a sandbar’s cross-shore shape, volume and crest-depth when necessary.

Both the Unibest and the neural network models are iterative models, i.e. they
update the variables that represent the sandbar state in a stepwise fashion, using
previously predicted values as inputs. Additionally, the hydrodynamic conditions
that operate from the outside on the nearshore system are supplied to the model each
time-step. Unibest calculates the updates for its state variables in time-steps of one
to a few hours, and is provided with tidal levels, wave height, period and directional
information. The neural networks operate with a longer time-step of one day, and
are driven forward with daily-averaged wave information. In the sandbar-crest-based
neural network model any vertical profile information is lacking, so the network is
unable to form internal representations of the wave properties near the sandbar crest.
However, local wave properties can be estimated from the sandbar-foot coordinate
in the three-coordinate-based model. As such, we provide local wave heights to the
sandbar-crest-based model, and daily-averaged offshore wave heights and periods to
three-coordinate model. The wave direction is constant over the dataset, so it is not
used as input to the neural network models.

Since the focus here is on the predictability of cross-shore sandbar behavior, we
need to specify a measure for the cross-shore sandbar location that can be used for all
representations. Here we choose to use the cross-shore location of the sandbar crest as
measure for a sandbar’s cross-shore location. In the neural network results, the cross-
shore sandbar-crest location is already present, while for the Unibest results sandbar-
crest locations can be extracted from the predicted profiles in the same fashion as from
the original observations. In the following, ‘sandbar location’ refers to the cross-shore
location of the sandbar crest.

A basic limitation of the representations used in the neural networks is that they
can only describe sandbars in case there is a sandbar, not the generation or decay
of sandbars. Using data-driven models for sandbar generation and decay requires
the occurrence of at least several tens of such events in the observational data, an
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amount that is not available for the HORS field site. Our study is therefore restricted
to sandbar behavior within individual cycles of net-offshore migration, as indicated
by the partitioning in figure 5.1 (page 99).

5.3 Model setup

5.3.1 Unibest

Unibest models the bed level change in cross-shore profiles in the submerged parts
of the nearshore zone. The cross-shore domain for the HORS dataset ranged from
the dune foot 100 m onshore of the waterline to the location of the wave gauge 5 km
offshore. The part of this domain that was not covered by the daily pier observations
was filled with the long-term average profile up to 700 m from the shore (see table 2.1),
and a linear slope from 700 m to 5 km offshore. Since the outer sandbar hardly
ever migrates seaward of the pier (Kuriyama, 2002), the long-term average profile
seaward of the pier will not deviate much from the actual profiles over that part.
The model domain was divided into grid cells ranging in size from 100 m in deep
water to 1 m in the sandbar areas. A variable time-step was used, with a target
value of 6 hours and a minimum of 45 minutes. When the bed level change at any
cross-shore location exceeded 5 cm, the time-step was reduced until the bed level
change became smaller than 5 cm or the time-step reached the minimum allowed
value of 45 minutes. The forcing variables for Unibest consisted of hourly-computed
astronomical tides and daily-averaged root-mean-squared wave heights, peak wave
periods and wave direction. At the start of each partition (see figure 5.1), the observed
profile was supplied to Unibest, after which the model was iterated forward with
hydrodynamic variables and predicted profiles. Profile predictions were read out at
time-steps corresponding to the observation times.

The Unibest model has a number of free parameters that need to be calibrated
for a specific study site. Here we used two sets of parameters: (1) parameter settings
obtained by Ruessink et al. (2007b) on the first 44 days of the HORS dataset, and
(2) parameter settings obtained by a calibration procedure based on the Nelder-Mead
simplex method (Lagarias et al., 1998). The Nelder-Mead simplex method searches
the parameter space using the bed-elevation error of Unibest runs as objective func-
tion. Coordinates in the parameter space that are to be evaluated are efficiently
selected by extrapolating the behavior of the objective function. Following Ruessink
et al. (2007b), we limited the calibration to the current-related roughness rc (kc in
Ruessink et al. (2007b)), the scale factor for the vertical eddy viscosity distribution
function αw, and the maximum angle of a stable slope, also called the angle of repose
tan(φ). Ruessink et al. (2007b) showed that the effect of bounded long waves is in-
significant in the Unibest model, so a fourth free parameter cr, representing the effect
of long waves, was left at its original Ruessink et al. (2007b) value. The search space
of the simplex method was limited by setting bounds outside which the parameter
values would not be physically realistic, using the values in table 5.1.
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Table 5.1 Unibest parameter values. Standard deviations over the 16 partitions are given
between parentheses, and where convenient, as percentages of the mean values.

rc (m) αw tan(φ)

calibration search range 0.005 – 0.08 0.02 – 0.2 0.005 – 0.3

Ruessink et al. (2007b) parameters 0.037 0.056 0.141
calibration on 8 partitions 0.011 (55%) 0.17 (20%) 0.12 (81%)
calibration on 2 partitions 0.026 (63%) 0.13 (43%) 0.15 (68%)
calibration on 1 partition 0.029 (71%) 0.13 (46%) 0.15 (63%)

For each parameter combination selected by the simplex method, Unibest was
run on the eight partitions closest to the one for which predictions were to be made.
Calibration errors were computed between the 30 and 550 m-coordinate (figure 5.1),
which covers the part of the nearshore zone in which the sandbars live. Using a value
of 375 m for the seaward edge of the calibration domain as was done in Ruessink
et al. (2007b), yielded uncontrolled sandbar behavior beyond the tip of the pier,
because that part is not included in the error computation. Although the daily profile
observations range only to the tip of the pier at the 400 m-coordinate, extending
the range 150 m beyond the pier forced sandbar decay for sandbars entering that
area. Days for which no observations were available were neglected in the error
computation. It should be noted that Unibest is tested on its ability to predict
cross-shore sandbar-crest locations, while the calibration involves vertical elevation
errors over entire profiles. However, the use of a sandbar-crest-based cost-function
in the calibration method would be inconsistent with the use of Unibest as a model
representing the entire cross-shore domain.

5.3.2 Neural network

For the neural network models we used the model setup and the recurrent training
method described in section 4.3, with the exception of the number of input and
output nodes in the three-coordinate model. The three-coordinate model used six
output nodes for the trough, sandbar-crest and sandbar-foot coordinates (cross-shore
and vertical), two input nodes for the offshore-measured wave height and period, and
six additional recurrent input connections from the output nodes, representing the
predicted coordinates at the previous time-step. Similar to the Unibest calibration
procedure, neural network training was performed on the eight partitions closest
to the partition that was to be predicted. Using more than eight partitions did
not result in increased performance for both the sandbar-crest-based model and the
three-coordinate model (see also section 4.3.1).

We performed a number of trials to determine the optimal amount of hidden
nodes with networks containing 0 up to 20 nodes, organized in zero to two hidden
layers. For both the sandbar-crest-based model and the three-coordinate model, a
network without any hidden nodes (i.e. a linear network) outperformed networks

95



with hidden nodes (i.e. nonlinear networks) for prediction horizons up to about one
year. This corresponds to our findings in chapter 4, where a recurrent linear model
outperformed all other models on prediction intervals up to one year. We therefore use
a linear model with recurrent parameter estimation for both the sandbar-crest and the
three-coordinate representation. For consistency with chapter 4 we will refer to the
sandbar-crest-based model as RLARX-C and to the three-coordinate representation
as RLARX-3P.

5.4 Results

After the calibration and training procedures were performed as described in the pre-
vious section, the neural network and Unibest models were run on all 16 partitions
in the data. The predicted profiles for the Unibest runs with the parameters from
Ruessink et al. (2007b) are depicted in figure 5.2a and the profiles of the Unibest runs
with the parameters obtained from our calibration method are given in figure 5.2b.
As becomes clear from figure 5.2b, the Nelder-Mead-calibrated Unibest runs pro-
duced profiles without well-developed sandbars (compare for example partition 15 in
figure 5.2a and 5.2b). To allow sandbar-crest extraction from such profiles, we posed
additional constraints on the sandbar-crest extraction algorithm. In case sandbar
decay took place before the end of a partition, the first slope break counted from the
seaward side was taken by the extraction algorithm as the location of the sandbar.
If no slope break could be found in a profile, the extracted sandbar location from
the previous day was used. In this fashion, the sandbar locations produced by the
algorithm stayed in place even after complete sandbar decay, so error measures could
still be computed for sandbar-less profiles. The extracted sandbar locations for the
Unibest runs are plotted on top of the profiles in figure 5.2.

The parameter settings from Ruessink et al. (2007b) and the average of the optimal
parameter values found by the calibration procedure are given in table 5.1. Note that
the calibration procedure was performed for each partition (on its eight neighboring
partitions), yielding 16 different combinations of optimal parameters. Apart from
the average of the optimal values, table 5.1 also gives the standard deviations of the
parameters between parentheses.

The time-series of sandbar locations predicted by the RLARX-C model are de-
picted in figure 5.3a, and the RLARX-3P results are given in figure 5.3b. To give an
indication of the predicted sandbar-crest elevation and the predicted locations and
elevations of the sandbar-foot and trough of RLARX-3P, we reconstructed profile
data from the predicted coordinates and the time-average (sandbar-less) profile over
the partitions used for training. At each time-step, a profile was created using the
three predicted coordinates in the cross-shore range between the predicted sandbar-
foot and trough, and the elevations of the mean-observed profile outside of this range.
The resulting profiles were interpolated to the observed profile grid with monotone
cubic interpolation (Fritsch and Carlson, 1980). Figure 5.3b shows the profiles that
were constructed in this fashion in the same color scale as figure 5.2.
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We computed root-mean-squared errors (RMSE) between observed and predicted
sandbar locations for all time-steps at which observations were available. The RMSE
values together with their standard deviations over the 16 partitions are given in
table 5.2. Apart from the RMSE measure, we calculated skill scores to indicate a
model’s performance relative to a baseline prediction of no change since the first
sandbar-crest observation in a partition. Skills were calculated over each partition as:

skill = 1− ep
eb
, (5.1)

where ep is the root-mean-squared difference between model predicted and observed
sandbar locations, and eb is the root-mean-squared difference between the baseline
and the observations. The average skill scores together with their standard deviations
over all 16 partitions are given in table 5.2. For comparison, table 5.2 also includes
performance measures of the long-term mean sandbar location based on the eight
neighboring partitions of each predicted partition.

5.4.1 Global parameter optimization

As can be inferred from figure 5.2 and the performance values in table 5.2, there
is quite some difference between the observed sandbar locations and the predictions
produced by the Unibest model. For the Ruessink et al. (2007b) parameter settings,
Unibest produced sandbars that persisted over an entire partition, but usually mi-
grated seaward at a much faster rate than the observed sandbars (e.g. figure 5.2a
in part 3 and 16). Because the sandbars would not decay after reaching the tip of
the pier, the differences between observed and predicted profiles became increasingly
larger near the end of each partition. Even though Unibest accurately predicted off-
shore and onshore sandbar migration in some parts of the data (e.g. in part 1), most
of the time the offshore migration rate was wrong, yielding an overall negative skill
score with a large standard deviation.

For the parameter settings obtained with the Nelder-Mead calibration method,
on the other hand, Unibest struggled to produce profiles with sandbars. While the
sandbar-crest locations were predicted better than with the Ruessink et al. (2007b)
parameters, it is doubtful whether this implies an actual improvement, since the
Nelder-Mead-calibrated parameter settings often caused rapid sandbar decay. Even
sandbars that were occasionally generated after the start of a partition quickly dis-
appeared (e.g. figure 5.2b in part 12 and 15). As can be inferred from table 5.1,
the optimal αw was often close to the upper bound of the allowed range (i.e. 0.2)
for all partitions (small standard deviation of αw), leading to rapid sandbar decay
everywhere in the profile. The other parameters, rc and tan(φ) varied considerably
between different partitions (large standard deviation), but since αw was large, their
exact value did not affect the general behavior much. Apparently, a parameter setting
for which Unibest predicts rapid sandbar decay is better than a setting that produces
profiles with sandbars at the wrong place. As a result, Unibest was unable to out-
perform the baseline prediction of no change (negative skill score in table 5.2) as well
as the long-term mean sandbar location.
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Table 5.2 Sandbar-crest performance values for the Unibest and neural network models.
Standard deviations over the 16 partitions are given between parentheses, and where con-
venient, as percentages of the mean values.

RMSE (m) skill

Unibest with Ruessink et al. (2007b) parameters 87 (46%) -0.32 (0.59)

calibration / training on 8 neighboring partitions
Unibest 69 (39%) -0.25 (0.50)
RLARX-C 29 (33%) 0.40 (0.34)
RLARX-3P 34 (37%) 0.26 (0.46)
long-term mean sandbar location 52 (42%) 0.07 (0.54)

local calibration
Unibest (2 neighboring partitions) 47 (38%) 0.12 (0.46)
Unibest (1 neighboring partition) 61 (46%) -0.05 (0.56)

calibration / training on the same partition
Unibest 35 (56%) 0.37 (0.44)
RLARX-C 18 (28%) 0.56 (0.28)
RLARX-3P 18 (35%) 0.61 (0.24)

Aside from the large errors in the predicted sandbar location, Unibest was able to
reproduce several more general features of sandbar behavior, such as rapid offshore
migration (e.g. figures 5.2a and 5.2b in part 3) and onshore migration (figures 5.2a
and 5.2b in part 12 and 13), albeit mostly at the wrong rate. Furthermore, cycles of
sandbar creation and decay were sometimes generated by Unibest (e.g. figure 5.2a in
part 11). There were also some parts of the data for which the Unibest produced more
accurate results (e.g. figures 5.2a and 5.2b in part 1). However, both the optimal
parameter settings and the performance measures showed a considerable spread, as
indicated by the large standard deviations in tables 5.1 and 5.2.

The neural network models were much better at predicting cross-shore sandbar
behavior than Unibest. Especially the offshore-directed trends (figure 5.3) were repro-
duced better by both neural network models. As a result, the neural network models
were able to outperform the baseline prediction of no change (positive skill scores
in table 5.2) as well as the long-term mean sandbar location. The predictions of the
RLARX-C and RLARX-3P model were very similar, and both models often over- and
under-predict sandbar locations in the same partitions (figure 5.3). Apparently, the
characteristics in the parts of the data on which the models were trained suggested
similar sandbar-crest migration patterns in the partitions on which the models were
tested, even when additional profile information was used (the RLARX-3P model).

While RLARX-3P represents more profile information than RLARX-C, it was
outperformed by the simpler RLARX-C model. A possible reason for this is that the
local wave height used in RLARX-C is a better estimate for sandbar migration than
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Figure 5.1 Profile observations at HORS. The top panel shows original profile observations,
while the bottom panel shows the extended profiles between the 30 and 550 m-coordinate
(the part used for calibration), divided in 16 partitions. Each partition contains one offshore
migration cycle of the outer sandbar. Trough (sandbar-crest) (sandbar-foot) locations are
indicated in black (gray) (white).

the offshore wave height and period data used for RLARX-3P. To investigate whether
the different external forcings caused the performance difference between RLARX-3P
and RLARX-C, we repeated the experiments with switched forcings (i.e. RLARX-C
was trained and tested using offshore wave height and period data, and RLARX-
3P with local wave heights only). We found, however, that RLARX-C continued to
outperform RLARX-3P, even for different forcings. We also found that, independent
of the external forcings, both models achieved similar performance on the partition on
which the networks were trained (see table 5.2). This indicates that the performance
difference between RLARX-C and RLARX-3P on partitions withheld from training
is not generated during training, but arises from the increased generalizing capacity
of RLARX-C over RLARX-3P. The only difference between the two neural networks
in terms of the predicted sandbar location, is the number of parameters on which this
variable depends. In RLARX-3P, the predicted sandbar location not only depends on
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the previous sandbar location, as in the RLARX-C model, but also on the previous
sandbar-crest elevation and the previous coordinates of the trough and the sandbar
foot. From this we infer that the decreased performance of RLARX-3P compared
to RLARX-C is caused by the larger number of parameters to which the predicted
sandbar location is sensitive.

5.4.2 Local calibration

A possible reason for the overall poor performance of Unibest with Ruessink et al.
(2007b) parameters is that these parameter settings are specific to the first 44 days
for which they were obtained, and do not faithfully represent the conditions over the
entire 15-year dataset. Our additional calibration runs based on larger parts of the
observations yielded some improvement with respect to the results obtained with the
Ruessink et al. (2007b) parameters, but at the cost of predicting profiles without
well-developed sandbars. Apparently, no combination of parameters exists for which
Unibest can accurately predict profiles with migrating sandbars over the entire span
of the observations. This might well be caused by missing representations of certain
time-variable processes in the Unibest model. These processes can however be com-
pensated for by using different parameter settings at different times (see Hsu et al.,
2006). To investigate whether Unibest can be improved by allowing time-variable
parameters settings, we repeated the calibration runs using a smaller number of par-
titions. We found that using two neighboring partitions, one before and one after
each predicted partition, yielded the best results. In the following we call the cali-
bration method using one or two neighboring partitions the local calibration method,
in contrast with the global calibration and training methods based on eight parti-
tions. Like the local calibration method, the global training and calibration methods
allow for different parameter settings for different partitions. However, in the global
method the parameters are based on larger parts of the data, and the data used for
training and calibration changes much slower over time than the data used in the
local method.

The performance measures for the local calibration procedure based on two neigh-
boring partitions (table 5.2) indicate that Unibest managed to improve its predictions
by using different parameter settings for different parts of the data. The profiles pro-
duced with the time-variable parameter settings contain clearly discernable sandbars
(see figure 5.2c), but not always at the right location. For most partitions, the local
calibration method found parameter settings that resembled those found by Ruessink
et al. (2007b), but there were some partitions for which physically unrealistic param-
eter settings were found, again resulting in profiles without well-developed sandbars
(e.g. figure 5.2c in part 16), and causing large standard deviations in the optimal pa-
rameter settings (table 5.1). Although the two-partition calibration run comes at the
cost of having different parameters at different times for the same system, it does rep-
resent a major improvement compared to the results for the Ruessink et al. (2007b)
parameters and our earlier calibration runs. However, the performance of Unibest
with time-variable parameter settings was still inferior to the neural networks.
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We repeated neural network training using smaller numbers of neighboring par-
titions to find out whether the neural network results could be further improved in
similar fashion as Unibest. However, no performance increase was found for neural
network training procedures based on smaller parts of the data, probably because
neural networks are data-driven models that require a certain amount of data before
they can generalize to other data. Using more than eight partitions also did not result
in improved performance, as described in section 5.3.2.

5.4.3 Unibest parameter values

To investigate the range of Unibest parameter values required to reproduce observed
sandbar behavior in different partitions, we applied the calibration procedure on
each partition individually. Next, we used the resulting parameters to hindcast the
partition from which the parameters were obtained, as well as the partitions before
and after the partition from which the parameters were obtained. Predictions for
the partitions on which the parameters were calibrated are given in figure 5.2d, while
performance values for Unibest runs with parameters obtained from the same and
neighboring partitions are given in table 5.2. Parameter settings for each of the
16 partitions are given in figure 5.4, and their averages and standard deviations in
table 5.1.

The positive skill score achieved when Unibest hindcasts the partition on which
it was calibrated (table 5.2) indicates that this model is able to reproduce observed
sandbar behavior. However, Unibest performance remained inferior to the perfor-
mance of neural network models trained on the same partition. Also, the Unibest
parameters obtained from one partition did not allow for accurate prediction of other
partitions. Instead, local calibration using two neighboring partitions yielded better
predictions than local calibration based on only one neighboring partition. This in-
dicates that optimized parameter values are specific to the partition from which they
were obtained, and do not reflect the general aspects of the data.

For most partitions, the calibration method found parameter settings that pro-
duced migrating sandbars, but there were still some partitions for which physically
unrealistic parameter settings were found, again resulting in profiles without well-
developed sandbars (e.g. figure 5.2d part 4, 5, 9 and 15), and causing large standard
deviations in the optimal parameter settings (table 5.1). The parameters that did
produce migrating sandbars were however not clustered in the same region of the
parameter space, as becomes clear from figure 5.4. This might be partially caused by
the interdependence between rc and αw. As figure 5.4 highlights, large rc are generally
associated with small αw, and vice versa. Both parameters affect the current-related
transport, αw by affecting the vertical undertow profile and rc by influencing the
concentration profile. Different combinations of αw and rc may thus result in similar
sandbar behavior.
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(d) Parameters calibrated on the predicted partition

Figure 5.2 Unibest-predicted profiles with extracted (observed) sandbar locations in black
(gray), for different parameter settings
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Figure 5.3 Neural network predictions. The RLARX-3P results are embedded in the long-
term mean (sandbar-less) profile with cubic interpolation. Both RLARX-C and RLARX-
3P were trained on 8 neighboring partitions. Predicted (observed) sandbar locations are
depicted in black (gray).

5.4.4 Profile predictions

Despite our efforts to find Unibest parameter settings that reproduce observed sand-
bar behavior, the neural network models achieved better performance than Unibest.
However, the comparison between Unibest and the neural networks on their ability
to predict sandbar-crest locations might be considered unfair, since the two models
were optimized on different performance measures. The neural networks were both
optimized and tested on sandbar locations, while Unibest was optimized on profile
elevations, but tested on its ability to predict cross-shore sandbar locations. It is
however possible to compare the performance of Unibest and RLARX-3P on profile
elevations (z coordinates) over the entire profiles. For this comparison, we used the
three coordinates predicted by the RLARX-3P model together with the long-term
mean profile (based on the eight partitions used for training) to construct predicted
profiles, in the manner described at the start of this section. Next, we computed
the root-mean-squared difference between observed and predicted profile elevations
between the 30 and 550 m-coordinate, which loosely covers the part between the
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trough and sandbar-foot locations (see figure 5.1) and corresponds to the part on
which Unibest was calibrated. Additionally, we computed bed-elevation skill scores
according to equation 5.1, using the first profile at the start of each partition as the
baseline prediction. Table 5.3 shows the performance measures over the profiles for
both Unibest and RLARX-3P. For comparison, we also included performance mea-
sures of merely predicting the long-term (based on the eight partitions used for neural
network training) mean profile between the 30 and 550 m-coordinate.

As becomes clear from tables 5.2 and 5.3, the RLARX-3P model not only outper-
forms Unibest on sandbar-crest locations, but also on profile elevations. Using smaller
parts of the profile (i.e. starting further offshore of the 30 m coordinate and onshore of
the 550 m coordinate) in the error computation slightly increased the errors, because
most of the profile variability is related to the sandbars. However, the RLARX-3P
elevation performance remained better than the Unibest elevation performance, even
when the error was computed over smaller parts of the profile. What is more, Unibest
was not able to outperform a long-term mean profile prediction, while the results of
the RLARX-3P model were only slightly better than the long-term mean profile.

5.5 Discussion

Our modeling efforts show that it is difficult to predict long-term cross-shore sandbar
behavior at HORS with the process-based Unibest model. Unibest is only able to
outperform a no-change prediction when it is allowed to use different parameter set-
tings for different parts of the data. The neural network models, on the other hand,
are able to reproduce sandbar behavior in unobserved data more accurately. More-
over, the RLARX-3P outperformed Unibest both on sandbar locations and profile
elevations.

The calibration procedure used to find optimal Unibest parameter settings gives
several clues about the reason for the inaccurate Unibest results. First, we found
that considerably different parameter settings are required to model different parts of
the data. Second, a parameter setting that allows for accurate hindcasts of sandbar
behavior in one part of the observations, produces highly inaccurate behavior in other
parts. Third, when calibration is performed on larger parts of the observations, it
turns out to be better to predict profiles without sandbars. From these findings we
conclude that certain aspects of sandbar behavior can be reproduced by Unibest
within one data partition, but cannot be generalized to other partitions.

Since the data were divided in partitions of offshore-migration cycles, the most
significant aspect of sandbar behavior within one partition is the offshore-directed
trend. Unibest parameters obtained from a small part of the observations can be
used to reproduce the offshore-directed trend in that part, but yield the wrong trends
in other parts of the data. Apparently, the exact rate of the offshore-directed trend
is very sensitive to the Unibest parameters. When offshore sandbar migration is pre-
dicted at the wrong rate, the predicted sandbar crest will end up in the observed
trough, or the predicted trough ends up at the observed sandbar-crest location. Pre-
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dicting sandbars at the wrong location considerably deteriorates predictions of profile
elevations, both for Unibest and RLARX-3P. When Unibest puts the sandbar in the
wrong place, the error in the profile elevation rapidly becomes larger than the mean
(sandbar-less) profile. Similarly, errors in the horizontal location of the sandbar-crest,
sandbar-foot and trough, result in considerable errors in the vertical elevations in the
profiles constructed from the RLARX-3P results. While RLARX-3P outperformed
Unibest on profile elevations, it performed only slightly better than the long-term
mean profile prediction.

As explained in section 5.1, the small- and short-scale processes might drive a
sandbar toward a stable equilibrium location. However, if this equilibrium location
itself exhibits a long-term trend, or if the time-scale on which the sandbar migrates
toward the equilibrium location is very large compared to the time-scale of the wave
variability, errors made in the prediction of sandbar locations will still accumulate
exponentially over time. The problem of error accumulation can therefore not al-
ways be entirely solved by representing the behavior of a system on a more abstract
level, as in the neural network models used here. In this chapter, we performed no
detailed investigation of the change in neural network prediction error over time, but
chapter 4 already showed that neural network errors at HORS increase with increas-
ing prediction horizon. The more detailed RLARX-3P model performed worse than
RLARX-C, because the outcome depended on additional parameters. Using nonlin-
ear networks caused an additional decrease in performance, while the most detailed
model of the underlying physics (Unibest) performed the worst. Apparently, adding
more details to a model causes a decrease in the capacity to predict long-term sandbar
behavior. From this we conclude that the nonlinearities in the underlying processes
are not canceled out on larger and longer scales, but continue to accumulate over
time, making it difficult to predict long-term trends in sandbar location. While in
this chapter the unpredictability related to exponential error accumulation is most
obvious in the Unibest modeling effort, the effects of nonlinearity are still present on
larger and longer scales. As such, it can be expected that any model that tries to
reproduce cycles of net-offshore sandbar migration in an iterative fashion will suffer
from this problem, independent of the scale on which the model is specified. We
expect that this problem will occur for all sites where sandbar behavior is dominated
by offshore-directed trends.

The improved Unibest predictions for the time-variable parameter settings in-
dicate that certain physical processes are incompletely described in this model. It
could therefore be argued that including more detailed process-descriptions will in-
crease Unibest’s capacity to predict long-term sandbar behavior. However, more
physics usually implies more adjustable parameters, which are often interdependent.
For example, the inclusion of wave-asymmetry transport in the energetics transport
model (Hoefel and Elgar, 2003), involved two new adjustable parameters in Unibest.
Given the sensitivity of Unibest to the present three adjustable parameters, it can
be expected that the inclusion of additional processes and associated parameters in-
creases this sensitivity. Even without the introduction of new parameters, including
more detailed descriptions of physical processes might aggravate the problem of ex-
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Figure 5.4 Optimal parameter values for the current-related roughness rc (horizontal), the
angle of repose tan(φ) (vertical) and the vertical eddy viscosity distribution scale factor αw

(color), obtained for each partition (number). Parameter settings resulting in rapid sandbar
decay are represented by stars.

ponential error accumulation. While adding more detailed descriptions of physical
processes would intuitively make a model better and more complete, it does not nec-
essarily yield better long-term predictions (for a detailed discussion of this problem,
see Oreskes et al., 1994; Oreskes, 2003). This is already plainly illustrated by the re-
sults of the linear RLARX-3P model, which is much simpler than the Unibest model,
but outperformed Unibest both on sandbar-crest predictions and profile elevations.

In our experiments, it was often possible to reproduce trends in sandbar location
with fixed parameter values within one cycle of offshore migration. These values could
however not be used to produce the right trends in other offshore migration cycles.
A possible solution could be to replace one or more adjustable parameters with a
more detailed description of the underlying processes. For example, van Rijn (2007)
proposed the use of variable rc as a function of the hydrodynamic and sediment prop-
erties. Given the difficulty of Unibest to reproduce long-term sandbar behavior with
the present selection of processes and adjustable parameters, it is doubtful whether
a more detailed description of the current-related bed roughness also yields more
accurate predictions of long-term sandbar behavior.

The rate of net-offshore migration does not only determine where a sandbar is
at a certain time, but also when sandbars reach the depth at which they start to
decay. As such, the duration of cycles of net-offshore migration crucially depends
on the net-offshore migration rate. Additionally, changes in wave climate can cause
differences in the offshore migration rate, and thus the length of the migration cycle
(e.g. figure 5.1 after 1994). Since predicting the exact rate of net-offshore migration is
difficult, the duration of cycles of net-offshore sandbar migration will also be difficult
to predict. Predicting sandbar behavior on time-scales beyond the duration of a
single cycle of net-offshore migration will be even more difficult. Even if a model has
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Table 5.3 Bed-elevation performance values for Unibest and RLARX-3P. Standard de-
viations over the 16 partitions are given between parentheses, and where convenient, as
percentages of the mean values.

RMSE (m) skill

Unibest (calibrated on 2 neighboring partitions) 0.77 (21%) 0.02 (0.22)
RLARX-3P (trained on 8 neighboring partitions) 0.61 (24%) 0.19 (0.31)

long-term mean profile (based on 8 neighboring
partitions)

0.63 (15%) 0.17 (0.18)

positive skill in some parts of the data, predictions will eventually start to run out-of-
phase with the observed offshore migration cycle, effectively reducing the model skill
below zero. Success-stories of process-based models for cross-shore sandbar behavior
on time-scales up to several weeks do therefore not guarantee accurate predictions of
long-term sandbar behavior with these models.

As shown in the present chapter, the problem of exponential error accumulation
makes it very difficult to find robust parameter settings and validate models for cycles
of net-offshore migration. While the differences in migration rate between the cycles at
HORS undoubtedly arise from the differences in the small- and short-scale processes,
it will be difficult to actually demonstrate this with the help of models that repre-
sent those processes. As such, it might well be that our understanding of long-term
sandbar behavior is fundamentally limited by deterministic chaos. While exponential
error accumulation might be disadvantageous for predicting sandbar behavior that is
dominated by long-term trends, it is not necessarily a problem for sandbars without
such trends. As shown in chapter 4, sandbar behavior without long-term trends (i.e.
at the Gold Coast) can be predicted more accurately, over prediction horizons of sev-
eral years, even with a simple linear model. However, the limited amount of available
profile data from this site prohibits the calibration and validation of Unibest, and as
such, the comparison between Unibest and the neural network models. Apart from
sandbars without long-term trends, for some sites with longer cycles of net-offshore
migration, regular cycle-lengths have been reported that are insensitive to changes in
wave climate (e.g. Ruessink et al., 2003). Whereas ‘regular’ implicitly implies ‘pre-
dictable’, it would be interesting to investigate whether these systems can actually be
predicted over several net-offshore migration cycles with a single (fixed-parameter)
model.

5.6 Conclusions

We investigated the predictability of cross-shore sandbar behavior at HORS with
models that operate on different abstraction levels. We found that it is difficult to
model long-term (months to years) cross-shore sandbar behavior with all models.
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More detailed and nonlinear models with more processes and adjustable parameters
were less accurate in predicting long-term sandbar behavior. The trends in offshore
sandbar migration were found to be highly sensitive to the model parameters, which
prevents models to generalize to parts of the data withheld from training and cali-
bration. Together, these findings indicate that the nonlinearities in the underlying
hydrodynamic and sediment-transport processes are not canceled out on the larger
and longer scale of sandbars, but continue to affect the predictability of sandbar
behavior.

It is difficult to calibrate and validate process-based models that compute bed-
level updates. When such a model predicts sandbars at the wrong location, the error
rapidly grows larger than the error of a sandbar-less profile. Calibration procedures
will therefore often find unrealistic optimal parameter settings that cause rapid sand-
bar decay everywhere in the profile. Given the sensitivity of trends in sandbar location
to the Unibest parameter settings, it is unlikely that including more detailed descrip-
tions of the underlying physical processes will solve this problem. Including more
physics may well aggravate the problem of exponential error accumulation. Further-
more, the introduction of additional model parameters associated with more detailed
physical processes might introduce additional sensitivity of long-term predictions on
these parameters. As such, modeling and understanding trends in long-term sandbar
behavior based on the short- and small-scale underlying physical processes remains a
challenging task.
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6 Cross-shore sandbar behavior and
equilibrium states

Based on: Pape, L., N. G. Plant and B.G. Ruessink (in press), On cross-shore
migration and equilibrium states of nearshore sandbars. Journal of Geophysical Re-
search.

Abstract

In this chapter we study the relation between cross-shore sandbar migration and wave

forcing with an empirical model. The model consists of a differential equation that relates

sandbar migration to wave height, and the model’s parameters are fitted to sandbar location

and wave height data observed over several years at three field sites. From the fitted model

parameters we determine the cross-shore location of zero-migration (equilibrium location),

the stability of this equilibrium, and the rate (response time) at which a sandbar migrates

toward or away from the equilibrium location. We find that for breaking waves a sandbar

moves toward a stable, wave-height-dependent equilibrium location. For non- to slightly-

breaking waves, however, a sandbar moves away from the equilibrium location, implying that

the submerged beach profile evolves toward a state without submerged sandbars. In general,

response times remain larger than the time-scale of variability in wave climate (several days),

which means that sandbars spend most of their lifetime out of equilibrium with the wave

forcing. The model is able to hindcast all types of interannual sandbar behavior at the three

field sites and outperforms a baseline prediction of no change for all sandbars. When the

equilibrium location is reached by both the hindcasted and actual sandbar, the hindcast

error depends on the accuracy of the predicted equilibrium location only, and no longer

on the history of accumulated errors. As a result, sandbars that occasionally reach their

equilibrium location can accurately be predicted from the wave forcings over their entire

lifespan. However, it is difficult to predict the exact rate of the yearly to interannual trends

that are observed at two field sites, because the sandbars at these sites never reach the

offshore-located equilibrium states associated with high waves.

6.1 Introduction

Sandbar behavior is usually studied with process-based models that describe the
interaction between water motion and submerged sandbars in terms of wave and
sediment-transport processes on temporal scales of seconds to hours (e.g. Roelvink
and Stive, 1989; Plant et al., 2001; Hoefel and Elgar, 2003; Henderson et al., 2004;
Ruessink et al., 2007b). As becomes clear from chapter 5 these models are prone
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to exponential error accumulation due to the nonlinear nature of the modeled short-
and small-scale processes. Instead of resolving the details of sediment transport under
individual waves or wave groups, models can also be specified on the more abstract
level of the features that evolve from the underlying processes. While in the previous
chapters we used such abstract representations of sandbars in data-driven models, it
remained unclear how sandbars evolve from the underlying physical processes, and
how sandbar migration relates to wave forcing.

In the past, several mechanisms have been proposed that relate observed sandbar
behavior to the underlying physical processes. An often-made abstraction is the
morphodynamic beach state concept (Wright and Short, 1984), which describes the
tendency of sandbars to return to similar configurations when exposed to variations in
wave conditions. In the work of Plant et al. (1999, 2006) such configurations take the
role of attractor states toward which the nearshore zone evolves. In this framework,
cross-shore sandbar behavior is described as migration toward the location of wave-
breaking, which changes with the time-varying offshore forcing.

While such behavioral descriptions of sandbar migration contain no explicit ref-
erences to underlying sediment-transport processes, Plant et al. (2001) proposed a
mechanism that explains how the underlying onshore and offshore sediment-transport
processes give rise to sandbar migration toward a wave-height-dependent equilibrium
location. Detailed process-based modeling and field observations suggested that the
mechanisms driving sandbar migration are wave-breaking, undertow and wave non-
linearity (Roelvink and Stive, 1989; Gallagher et al., 1998; Hoefel and Elgar, 2003).
The general patterns of cross-shore sediment transport beneath waves in high and
low energy conditions have recently been illustrated using field measurements of sus-
pended sediment transport by Tinker et al. (2009). Intense wave-breaking causes a
maximum in the offshore-directed undertow located near the sandbar crest, resulting
in erosion of sediment landward, and deposition seaward of the sandbar crest (Gal-
lagher et al., 1998). Wave nonlinearity for non- to slightly-breaking waves causes a
maximum in the onshore-directed transport just seaward of the sandbar crest. This
results in erosion of the seaward side and deposition at the landward side of a sand-
bar (Hoefel and Elgar, 2003). Consequently, offshore and onshore sandbar migration
is the result of the dominance of wave-breaking and wave nonlinearity, respectively.
For a given wave height, the amount of wave-breaking and the related direction of
sandbar migration is determined by the water depth above the sandbar. In a sloping
profile, the wave height to water depth ratio, and the related direction and magni-
tude of sediment transport change with the cross-shore location. At the breakpoint
location corresponding to a certain wave height, the offshore and onshore directed
sediment-transport processes are balanced over a sandbar’s cross-section, leading to
no net migration. If the sandbar is not at the breakpoint, then one or the other pro-
cess drives the sandbar toward the breakpoint location. As a result, sandbar behavior
might be characterized by migration toward an equilibrium location corresponding
to the wave-height-dependent breakpoint location (Plant et al., 2001). Since mea-
sured wave heights are often averaged over a number of waves with a certain amount
of spread in wave height, the breakpoint for real-world situations reflects an average
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value of the zone in which the waves break. In case the waves break and reform several
times before reaching the shore, breakpoints can occur over multiple sandbars.

Models that describe cross-shore sandbar behavior as a function of the wave height,
either explicitly as migration toward a wave-height-dependent location (e.g. Plant
et al., 1999, 2006), or as black-box models such as the neural networks used in chap-
ters 4 and 5, have been successfully applied to describe several types of sandbar
behavior at different field sites. There are however still some unresolved questions
and problems for this modeling approach. First, data-driven techniques, such as the
neural networks used in chapters 4 and 5, yield no representations of the relation
between sandbar behavior and wave height in understandable equations. Second, the
idea that sandbars migrate to a stable equilibrium location under fixed wave climate
has recently been challenged by Grasso et al. (2009). Their physical modeling experi-
ments always produced decaying sandbars under constant wave forcing. Third, it has
been suggested that sandbar migration toward a stable equilibrium state produces
behavior that is easy to predict (Plant et al., 2006), but our neural network experi-
ments for the HORS field site in chapter 4 demonstrate that this is not always the
case. Finally, the rate (response time) at which sandbars travel toward the equilib-
rium location is difficult to estimate from observations, because the wave conditions
and the related sediment-transport rates change rapidly with respect to noticeable
changes in sandbar location. Wright et al. (1985) performed an initial attempt to
qualify the response rate of sandbars as a function of the wave height and period, in
terms of the beach states defined in Wright and Short (1984). Subsequent studies
mention response times for sandbar migration of 0.2 and 1 year for a 16-year dataset
with 2-weekly resolution (Plant et al., 1999), and 20 days derived from a 60-day
dataset with 12-hour resolution at the same site (Plant et al., 2006). The accuracy of
these response times is questionable because of the differences in temporal resolutions
and the use of small amounts of data for a limited range of conditions.

In this chapter we investigate how, and how accurate cross-shore sandbar behavior
can be described as migration toward a wave-height-dependent equilibrium location.
Our analyses are based on the Gold Coast, Egmond and HORS datasets described
in chapter 2. The temporal and spatial resolutions of days and meters, respectively,
of these observational data allow us to derive detailed dependencies of equilibrium
locations and response times on the wave height. Also, the difference in long-term
(months to years) behavioral characteristics among the three datasets enables a com-
parison of our description for a range of scenarios. The dependence of the response
time and equilibrium location of the sandbars is derived from the observations using
a model based on the work of Plant et al. (1999, 2006). Forward iterations of this
model for the derived parameter values and known wave heights are applied to test its
predictive capability. Because the above description of sandbar behavior is only valid
for sandbars already in existence, we limit our analysis to clearly defined sandbars
and do not consider sandbar generation or disappearance.
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6.2 Model approach

Our analysis is based on a simplified model for cross-shore sandbar migration similar
to the methods used by Plant et al. (1999, 2006). In our model, sandbar migration
is specified as the distance of the sandbar location x to the equilibrium location xeq
at time t, times the inverse of the response time τ :

d

dt
x(t) =

1

τ

(
x(t)− xeq(t)

)
, (6.1)

where d is the difference operator. Assuming cross-shore sandbar migration is a linear
function of the local wave height, we can rewrite equation 6.1 as:

d

dt
x(t) = Ax(t) +B

[
1

H(t)

]
, (6.2)

where A is a scalar and B a 1 × 2 vector. Note that a 1 is included to account
for nonzero means in the data. The values of A and B from equation 6.2 can be
determined with a least-squares fit to the observations.

The equilibrium cross-shore location xeq for a certain value of the wave height H
can be found by setting the left-hand-side of equation 6.2 to zero, yielding:

xeq = −A−1B
[

1
H

]
. (6.3)

Following Plant et al. (2006), the response time τ can be computed from A using

τ = A−1. (6.4)

Whereas the model described by equation 6.1 is a linear model, we showed in
chapter 3 that the relation between sandbar location and wave height is nonlinear.
The nonlinear aspects of the relation between wave height and sandbar location can
be studied using partial linear models with different values for A and B depending
on the wave height. This extension to the original linear method allows us to obtain
a detailed picture of the nonlinear dependence of the response time and equilibrium
location on the wave height. Wave-height-dependent values for A and B (and τ and
xeq) could be established by linear regression on parts of the data that are similar in
terms of the wave height. In this fashion, the model equation is linearized around
the value of the wave height in each part. Because linear regression is sensitive to
noise and the observations are not noise-free, the number of parts would be severely
limited by the available amount of observations. Also, the results might be sensitive
to the choice of the boundaries of the parts.

Instead of actually dividing the data in parts, it is also possible to perform a
weighted linear regression on the entire dataset based on similarity in wave height.
The weight of each sample at time t is then determined by the distance between H(t)
and the value of H currently under investigation. The distance function used here is
the exponential of the negative scaled absolute difference between two wave heights:

w(t) = exp

(
−|dH(t)|

ωs

)
, (6.5)
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where w(t) is the weight used in the weighted linear regression function, ωs a scaling
factor, and dH(t) the difference between the value of the wave height at time t and
the value of the wave height under investigation. The scaling factor ωs determines
the rate at which weight values w decrease with decreasing similarity in wave height.
Larger values of ωs make the results more specific to each wave height, but also
increase the sensitivity to noise. In the following, the method with fixed A and B is
called the fixed-parameter model, while the method in which A and B are allowed to
vary with the wave height is referred to as the variable-parameter model.

6.3 Results

6.3.1 Sensitivity to temporal averaging

We applied the parameter-fitting procedures described in the previous section to the
Gold Coast, Egmond and HORS datasets described in chapter 2. Sandbar location
and wave height observations were divided into sets containing the values per sandbar
(inner, middle and outer) per site. First, we investigated the effect of the length of
integration step dt on the response time τ by computing response times with the
fixed-parameter model for values of dt ranging from one to thirty days. The results
are displayed in figure 6.1. For all sandbars the response time is positive, meaning
that the sandbars migrate toward a stable equilibrium location. As can be inferred
from the different scales on the vertical axes in figure 6.1, the response time at the
different field sites differs almost a factor ten, while values of τ for different sandbars
at the same site differ up to a factor three. At the Gold Coast τ is larger for the
inner sandbar than for the outer sandbar, while at Egmond τ is smaller for the inner
sandbar than for the middle sandbar. Also, figure 6.1 clearly reveals that τ is not
constant, but depends on dt, and thus on the temporal resolution of the data. In
Section 6.4.1 we discuss possible explanations for the differences in response time
between sandbars and field sites, and the dependence of the τ on dt.

6.3.2 Sandbar response to waves

In the next experiment we used the variable-parameter model to calculate the response
time τ and the equilibrium location xeq for all wave heights in the datasets. The
scaling factor ωs in equation 6.5 was chosen to be four times the standard deviation
in wave height in each dataset, which yielded the least amount of scatter while still
preserving major trends in τ and xeq. Values of ωs between one and eight times the
standard deviation in wave height did not alter the trends significantly. To reveal
the effect of the temporal resolution in the variable-parameter model, the results
were computed for dt = 2, 5 and 10 days. Choosing dt < 2 days produced plots in
which the trends were not clearly visible for the slow-responding sandbars, while using
dt > 10 days obscured the trends in the fast-responding sandbars. Figures 6.2 – 6.4
shows the response time and equilibrium location derived with the variable-parameter

113



0 10 20 30
30

40

50

60

70

dt (day)
0 10 20 30

dt (day)

¿ 
(d

ay
)

150

200

250

300

200

400

600

0 10 20 30
dt (day)

(a) The Gold Coast (b) Egmond (c) HORS

Figure 6.1 Response time τ as function of integration time-step dt. Black (gray) lines
represent results for outer / middle (inner) sandbars.

model for all values of H in each sandbar dataset. Additionally, the results of the
fixed-parameter model for dt = 2 days are plotted for comparison.

In the fixed-parameter model, the response time is constant, and the equilibrium
position depends linearly on the wave height. Response times are always positive,
implying that the sandbars migrate toward the equilibrium location. For all sandbars
at all sites the equilibrium location shifts offshore with increasing wave height. The
minimum-observed sandbar location approximately coincides with the equilibrium
location at the lowest-observed wave height, except for the Gold Coast inner sandbar.
This exception might be due to inaccurate local wave height computations for the
inner sandbar at the Gold Coast, which were based on only a single profile observation
(see section 2.1.4). For the highest waves, equilibrium locations derived from the fixed-
parameter model extend up to several hundreds of meters seaward of the range in
which the sandbars are observed. During high-wave events a sandbar is headed toward
a location far beyond the range in which it normally resides. Because the response
time in the fixed-parameter model is much larger than the duration of the high-wave
events, the sandbar never actually reaches those offshore equilibrium locations.

When the response time and equilibrium location are allowed to vary with the
wave height, a more detailed picture emerges for the dependence of the response time
and equilibrium location on the wave height. A striking difference with the fixed-
parameter model results is the switch from positive to negative response times at
small wave heights, and a corresponding abrupt change in equilibrium location. Pos-
itive response times indicate that a sandbar migrates toward the equilibrium location
(stable response), while negative response times imply migration away from the equi-
librium location (unstable response). The switch from unstable to stable response is
found in both the in-situ (i.e. HORS) and the image-derived (i.e. the Gold Coast and
Egmond) results, which indicates that this is not an artifact caused by the image-
based sandbar-extraction process, but is a generic feature of sandbar behavior. Also,
note that the switch in response time and the abrupt change in equilibrium location
is present for all values of dt. The large values and scatter around the switch point
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Figure 6.2 Response time τ and equilibrium state xeq as function of the wave height H
for the outer (left) and inner (right) sandbars at the Gold Coast. Dashed lines represent
the fixed-parameter model results for dt = 2 days. Light (medium) (dark) dots represent
results for dt = 2(5)(10) days. The dotted lines in the equilibrium location plots indicate
the range in which the sandbar was observed.

in τ and xeq are caused by the violation of our implicit assumption that the nonlin-
ear dependence of the response time and equilibrium position on the wave height is
smooth. While this might be a shortcoming in our description of sandbar behavior,
it also clearly demonstrates the change in sandbar response from unstable to stable
with increasing wave height. This switch is found in all results at slightly different
wave heights, except for the Gold Coast inner sandbar. Again, the probable cause is
the imprecise local wave height computation at this sandbar. However, the results
for this sandbar show a similar switch for H ≈ 0.6 m for larger values of ωs.

Negative response times for small wave heights are accompanied by large equi-
librium location values. The negative response times for these wave heights imply
that a sandbar migrates away from the equilibrium location, which could be either
onshore or offshore, depending on which side of the equilibrium location the sandbar
resides. Leaving out the scatter around the switch point, the equilibrium location
for the lowest waves is located near the seaward end of the sandbar zone. Since a
sandbar mostly resides landward of those equilibrium locations, we infer that sandbar
migration in the low-wave regime is generally directed onshore, but at a slow rate, as
indicated by large negative τ values.
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Figure 6.3 Response time τ and equilibrium state xeq as function of the wave height H
for the middle (left) and inner (right) sandbars at Egmond. See the caption of figure 6.2 on
page 115 for a description.

Increasing the wave height beyond the switch point causes a decrease in response
time, and an offshore-directed change in equilibrium location. While for the fixed-
parameter model the equilibrium location increased linearly with the wave height,
for the variable-parameter model we find different trends at different field sites. At
the Gold Coast, the equilibrium location shifts offshore, but stays within the zone in
which a sandbar was observed. The response time for the highest waves decreases to
only several hours, implying that during a high-wave event of several days a sandbar
might actually reach its equilibrium location. Equilibrium locations at Egmond and
HORS on the other hand, are still found several hundreds of meters seaward of the
sandbar zone for the highest waves. The response times during those conditions
are in the order of weeks. Sandbars at these field sites migrate toward an offshore
equilibrium outside the sandbar zone during high-wave events, but never actually
get there because their response is too slow. Note that the negative response times
and scatter for the highest waves at Egmond and HORS do not represent changes in
system response from stable to unstable, but are instabilities that can be attributed
to the small number of (noisy) high-wave observations on which the model parameters
are based.
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for the outer sandbar at HORS. See the caption of figure 6.2 on page 115 for a description.

6.3.3 Hindcasts

The analyses in the previous sections revealed that cross-shore sandbar behavior on
time-scales of one to several days can be represented as migration toward a wave-
height-dependent equilibrium location. To investigate how this description relates
to the different types of long-term cross-shore sandbar behavior in the data sets, we
tested both the fixed-parameter and the variable-parameter model in hindcast mode.
For the fast responding Gold Coast site we set dt to 2 days, while for the slower
responding Egmond and HORS observations we used dt = 5 days. The value of ωs in
the variable-parameter model was set to four times the standard deviation in wave
height, just as in the previous subsection.

Model performance was computed at a number of prediction intervals. At the
start of each prediction interval, the observed sandbar location and wave height were
supplied to the model. After that, the model used model-predicted sandbar locations
and observed wave conditions, until the end of the prediction interval was reached.
The difference between the model output and the observed sandbar location at that
point served as a measure for the capability of the model to reproduce observed
sandbar behavior at the selected prediction interval. To ensure reliable outcomes,
this process was repeated starting at every sample in the time-series with a sufficient
(i.e. the length of the prediction interval) number of subsequent samples, and the
results were averaged. Model performance was expressed as a skill score indicating
the model’s accuracy relative to a baseline prediction of no change since the start of
the prediction interval. For each prediction interval we computed skill scores based
on root-mean-squared errors as:

skill = 1− ep
eb
, (6.6)

where ep is the root-mean-squared difference between model predictions and obser-
vations, and eb is the root-mean-squared difference between the baseline and the
observations. According to this formulation, positive skill scores indicate that the
model prediction is better than the baseline prediction of no change.
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Figure 6.5 Skill as function of the prediction interval. Outer / middle (inner) sand-
bars are plotted in the top (bottom) panels. Black (gray) lines represent results of fixed-
(variable-)parameter models.

Figure 6.5 shows the skill of the fixed- and variable-parameter models as a function
of the number of days predicted ahead up to 200 days. Using more than 200 days
distorted the results at the Gold Coast and HORS, because sandbars with lifetimes
shorter than 200 days could no longer be included in the skill-score computation. As
figure 6.5 indicates, the variable-parameter model achieves a higher skill at prediction
intervals up to at least 50 days for all sandbars. However, at Egmond and HORS, the
fixed-parameter model starts to outperform the variable-parameter model for larger
prediction intervals. At those sites, the fixed-parameter model usually continued to
achieve better skill scores than the variable-parameter model for sandbars that existed
longer than 200 days. At the Gold Coast, on the other hand, the variable-parameter
model always outperformed the fixed-parameter model, even for prediction intervals
longer than 200 days.

To investigate the type of long-term behavior produced by the models, we ran the
models in hindcast mode for all sandbars starting at the beginning of each sandbar
observation period (the vertical dotted lines in figure 6.6). Figure 6.6 shows that
both the fixed- and variable-parameter model can reproduce all types of long-term
sandbar behavior at the three field sites. At the Gold Coast, both the rapid offshore
migration during high-wave events and the slower onshore return during quiet con-
ditions are predicted. The model also reproduces the interannual offshore-directed
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Table 6.1 Skill scores for fixed- and variable-parameter model hindcasts

fixed-parameter
model skill

variable-parameter
model skill

The Gold Coast outer sandbar 0.48 0.58
The Gold Coast inner sandbar 0.03 0.08

Egmond middle sandbar 0.70 0.50
Egmond inner sandbar 0.61 0.65

HORS outer sandbar 0.44 0.32

trends at Egmond, together with the superimposed seasonal patterns of onshore and
offshore migration (especially at the Egmond inner sandbar). However, the rate of
the interannual trend is not predicted accurately, resulting in an increasing divergence
between observations and model predictions over time. Patterns of offshore migration
on time-scales of months to years at HORS are also reproduced by the models, but
again, the rate of the offshore migration is not always predicted accurately.

We computed skill scores for the long-term predictions over the entire lifetime of
each sandbar (or the time-span of the observations, whichever is shorter), and av-
eraged the results in case several sandbars were present during the observed period
(i.e. at the Gold Coast and HORS). In contrast with the skill scores computed at a
certain prediction interval, we call the skill scores computed over the entire lifetime
of a sandbar the long-term skill score. To investigate the sensitivity of the model
predictions to the choice of dt and ωs, we tested both models for all combinations
of dt ∈ {2, 5, 10} and ωs ∈ {1, 4, 8}. The resulting long-term skill scores were found
to be positive for all sandbars and settings of dt and ωs. Table 6.1 contains the
long-term skill scores for the models that were used to produce figure 6.6. At the
Gold Coast, the long-term skill scores of the variable-parameter model were higher
than those of the fixed-parameter model, just as in figure 6.5a. Changing dt and ωs

altered the long-term skill scores slightly, but the variable-parameter model outper-
formed the fixed-parameter model for all combinations of dt and ωs. Contrastingly,
at Egmond and HORS the variable-parameter model was mostly outperformed by
the fixed-parameter model. Only at the Egmond inner sandbar did the variable-
parameter model perform slightly better than the fixed-parameter model. The dif-
ference in long-term skill scores at Egmond and HORS corresponds to the results in
figures 6.5b and 6.5c, where the variable-parameter model performed worse than the
fixed-parameter model for large prediction intervals. We also found that the results
of the variable-parameter model at Egmond and HORS was highly sensitive to the
choice of dt and ωs. Slight changes in dt or ωs could significantly alter the rate of
the offshore-directed trends, causing increasing differences between observations and
hindcasts similar to the diverging predictions of the fixed- and variable-parameter
models and the observations in figures 6.6b and 6.6c.
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Figure 6.6 Model predictions (solid lines) and observations (light gray dots). Black (dark
gray) lines represent predictions of fixed- (variable-)parameter models. The vertical dotted
lines indicate the start of each model run.
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6.4 Discussion

6.4.1 Response times and equilibrium states

Our analyses revealed a considerable variation in response time between different
sites and sandbars. Response times could differ up to a factor three for different
sandbars at the same site, and almost factor ten between sandbars at different field
sites (figure 6.1). At the Gold Coast, the response time is larger for the inner sandbar
than for the outer sandbar, while at Egmond the response time is smaller for the inner
sandbar than for the middle sandbar. Larger response times (slower response rates)
for the Gold Coast inner sandbar might be attributed to a lower wave regime at this
sandbar. Before the waves reach the inner sandbar, they usually break on the outer
sandbar and lose some of their energy, leaving less energy to transport the sediment
contained in the inner sandbar. However, the inverse results for the middle and
inner sandbars at Egmond demonstrate that this can only be a partial explanation.
Additionally, the amount of sediment in a sandbar might also play an important role.
Given the same energy, it takes longer to transport a large sandbar than a small
sandbar with a smaller volume of sediment. In all profiles seaward-located sandbars
contained more sediment than their landward-located neighbors, but we cannot make
a comparison between sandbar volumes at different sites because the single profile
observation at the Gold Coast is insufficient to accurately determine these volumes.

The response times found in our analyses are affected by the process of averaging
over wave heights, and thus the temporal resolution of the used data (figure 6.1).
Increasing the integration time-step reduces the influence of high waves, and decreases
the contribution of rapid sandbar responses during high-wave events. As a result, the
response times increase when the averaging is performed over an increasing amount
of time-steps. The range of different values mentioned in earlier studies, sometimes
even for the same site (e.g. Plant et al., 1999, 2006), might be partially explained by
differences in temporal resolution of the observations used in these analyses.

A consistent feature in the variable-parameter results is the switch from negative
to positive response time at small wave heights, and a corresponding abrupt change
in equilibrium location (figures 6.2 – 6.4). Further inspection of the image data
revealed that the negative response time regime is associated with non- to slightly-
breaking waves. Differences in the wave height at which this change happens can be
attributed to differences in water depth above the sandbar. Using the results of our
analysis and the observed profiles, we found that the root-mean-squared local wave
height (before the waves reach the sandbar) to water depth ratio of the change to
positive response times ranged from 0.15 to 0.4. These values are consistent with
moderate wave-breaking, implying that unstable response is associated with non- to
slightly-breaking waves and stable response with breaking waves.

The equilibrium for the low-wave regime is unstable, which implies that a sandbar
migrates away from this equilibrium location, either in the onshore or offshore direc-
tion depending on its current location. Since sandbars generally reside landward of the
low-wave equilibrium location (figures 6.2 – 6.4), sandbar migration in the low-wave
regime is mostly onshore. The results indicate that sandbars will continue to migrate
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onshore in the low-wave regime, but in reality sandbar migration is physically limited
by the presence of a shoreward-located sandbar or the shore. During long periods
of low waves, sandbars will therefore merge with a landward-located neighbor or the
shoreline, which eventually drives the nearshore zone to a state without submerged
sandbars. Although this state is not strictly an equilibrium state that is inferred from
our method, nonexistent sandbars can be considered in equilibrium with the forcings,
and as such, a beach state without submerged sandbars (i.e. reflective) might well be
an equilibrium state.

The positive response times in the breaking regime indicate that sandbars migrate
toward a wave-height-dependent equilibrium location. The rate at which sandbars
migrate toward the equilibrium location in the breaking regime was found to increase
with increasing wave height. An increase in migration rate with increasing wave
height is consistent with the increase in wave energy and related sediment-transport
rate. Furthermore, the offshore shift in equilibrium location with increasing wave
height is consistent with an offshore shift in wave-breaking location with increasing
wave height (i.e. the breakpoint hypothesis (e.g. Plant et al., 1999)). Note that this
finding does not imply that sandbars always migrate offshore with increasing wave
height, but that the location where they aim to go moves offshore with increasing
wave height. Whether a sandbar migrates onshore or offshore depends on which side
of the equilibrium location it resides.

Response times for cross-shore sandbar behavior are often much larger than the
time-scale of the variability in wave climate (first minimum of the autocorrelation
in wave height was found around 10 days). Usually, wave conditions do not remain
the same long enough for a sandbar to reach its equilibrium location. As a result,
sandbars spend most of their lifetime in states that are not in equilibrium with the
wave forcings. In the following section we explain how this finding can account for
several aspects of sandbar behavior that are encountered in the field, and why it is
of particular importance for our understanding of long-term sandbar behavior.

As explained in section 2.1.4, we used the Battjes-Janssen model to compute
consistent measures for the local wave height at different field sites and sandbars. To
investigate whether the results of our analyses depend on the method and accuracy of
the local wave height computation, we repeated all analyses with offshore-measured
wave heights. While the actual values for the response time, equilibrium location
and the switch from unstable to stable response could differ, the main trends (e.g.
switch from unstable to stable response, seaward shift of the equilibrium location for
increasing wave height during breaking conditions, equilibrium within the sandbar
zone at the Gold Coast, but not at Egmond and HORS, etc.) were consistently found
for both offshore-measured and locally-computed wave heights. A positive exception
to this is the Gold Coast inner sandbar, where we found a switch from negative to
positive response time for offshore-measured wave heights, similar to the case where
we used larger values of ωs and local wave heights (see section 6.3.2). These findings
indicate that the method and accuracy of the local wave height computation does not
affect the implications of our analyses.
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6.4.2 Sandbar behavior

The model hindcasts (figure 6.6) show that the main aspects of long-term cross-shore
sandbar behavior (seasonal, and annual to interannual trends) can be described as
migration toward a wave-height-dependent equilibrium location. A closer inspection
of figures 6.2 – 6.4 reveals how the model deals with the annual to interannual trends
at Egmond and HORS. The equilibrium locations at these two sites extend seaward
of the sandbar zone for the highest waves (figures 6.2 – 6.4), and the response times
during those conditions remain large (> 10 days). During high-wave events, the
sandbars at Egmond and HORS migrate toward the offshore equilibrium locations,
but due to their slow response never reach those locations. Response times during
quiet conditions are even larger, making it infeasible for sandbars to ever reach their
equilibrium location. Plant et al. (1999) already showed that response times larger
than the time-scale of the variability in wave climate lead to long-term offshore-
directed trends in sandbar location. In the model of Plant et al. (1999) sandbars
eventually reach their equilibrium location and start to oscillate about the long-term
mean position. However, the results in figures 6.3 and 6.4 reveal that the equilibrium
locations for the highest waves are not reached by the sandbars. The Egmond data
does not span an entire migration cycle of the sandbars, so we cannot rule out the
possibility that the sandbars at this site will eventually reach the offshore equilibrium
locations. At HORS on the other hand, several offshore migration cycles are covered,
but equilibrium locations seaward of the sandbar zone are still found. These findings
make clear that even persistent offshore-directed trends in sandbar location can be
explained as migration toward an equilibrium location.

At the Gold Coast, the equilibrium locations stay within the zone in which the
sandbar was observed. Due to the small response times (< 1 day) for high-wave
conditions at this site, the sandbars are able to reach their equilibrium location within
the duration of a single storm. Any trends longer than the variability in wave climate
are reset when a sandbar reaches its equilibrium location during occasional high-
energy events.

Because of the large response times found at sites with long-term trends, short-
term (i.e. days to weeks) studies at sites with such trends could seem to indicate that
sandbar migration is transient (i.e. sandbars continue to migrate under fixed forcings).
Our analyses indicate that researchers working in the low-wave regime would indeed
observe transient onshore sandbar migration (see e.g. Grasso et al., 2009). However,
the stable response in the breaking regime implies that under constant forcing a
sandbar migrates toward the equilibrium location, and stops migrating once it gets
there. As such, long-term offshore-directed trends in sandbar location should not
be considered transient, but as the result of large response times in combination
with equilibrium states located far seaward of the zone in which a sandbar normally
resides. While here we derive the existence of those offshore equilibrium locations
by extrapolating observations, detailed numerical and physical modeling is needed to
provide further support for such offshore-located equilibrium sandbar states.

A complicating factor concerning the conclusions about the model-predicted trends
at Egmond is the increase in local wave height over time. The trend (R2 < 0.05, 99%
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significance) in local wave height is caused by offshore migration of sandbars seaward
of the point where the local wave height is computed. As these sandbars migrate
offshore, the water depth above their crests increases and less wave-breaking occurs
seaward of the point where the local wave height is computed. Over time, this causes
an increase in local wave height for the two studied sandbars at Egmond. Repeating
the experiments for Egmond with offshore-measured wave heights (no trend, 99% sig-
nificance), we found that the model was still able to reproduce both the interannual
trends and the superimposed seasonal patterns. This finding supports our conclusion
that long-term trends are the result of large response times and offshore-located equi-
librium states, and can evolve without an increase in wave height on the time-scale
of the trend.

In the literature, wave conditions are often related to sandbar states, such as
those in the morphodynamic beach state classification system of Wright and Short
(1984). Because instantaneous wave conditions often correlate poorly to the beach
state, average antecedent wave conditions, sometimes augmented with a time-decay
factor (e.g. Wright et al., 1985) are generally used as a predictor for the beach state
(e.g. Lippmann and Holman, 1990; Short and Aagaard, 1993; Davidson and Turner,
2009; Sénéchal et al., 2009). Wright et al. (1985) tried to estimate the time it takes
for a sandbar to transform from one state into another, using wave height, period and
sediment fall velocity. Recomputing the results of our analysis using the dimensionless
sediment fall velocity as was done in Wright et al. (1985) yielded patterns for the
response times and equilibrium states similar to those in figures 6.2 – 6.4. However,
models using the local wave height rather than the dimensionless sediment fall velocity
produced more accurate results for all sandbars at all sites. The slow adjustment
times found in our analyses imply that the beach states described in Wright and
Short (1984) do not necessarily represent equilibrium states. Although time-decay
averages over different wave conditions might yield a proxy for the instantaneous
sandbar state, it is unclear whether these states remain stable when the conditions
stay fixed as long as the response time-scales found here.

In our analyses, alongshore variability, such as crescentic shapes and rip channels,
was averaged out and considered as a noise term. Alongshore variability is often
thought to develop during low to moderate wave heights (e.g. Wright and Short, 1984),
when cross-shore sandbar migration is small. The effects of alongshore variability on
cross-shore sandbar migration are therefore obscured by large alongshore-uniform
sandbar migration during high-wave events. However, it would be interesting to find
out if and how alongshore variability affects cross-shore sandbar migration on short
time-scales, and how this relates to the predictability of long-term sandbar behavior,
especially for sandbars with long-term offshore-directed trends. Apart from the effect
of alongshore variability on cross-shore sandbar migration, our findings might also be
important for understanding the development of alongshore variability. As suggested
by O’Hare and Huntley (2006), the finding that the small response times during
storms at the Gold Coast allow a sandbar to reach its equilibrium location, may help
explain why sandbars at this site become alongshore uniform (Ruessink et al., 2009)
during storms (cross-shore processes are dominant over alongshore processes), and
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develop crescentic shapes and rip-channels during quiet conditions (when sandbars
are mostly not at their cross-shore equilibrium location).

6.4.3 Predictability

While the models are able to predict the main features of long-term cross-shore sand-
bar behavior, it remains difficult to accurately predict the yearly to interannual trends
at Egmond and HORS, a finding that is consistent with the HORS neural network
results from chapters 4 and 5. Model predictions at the Gold Coast, however, follow
the observations closely over the entire lifetime of the sandbars. During high-energy
events, the response time for the sandbars at the Gold Coast becomes so small that
both the predicted and the actual sandbar reach the equilibrium location. When the
equilibrium location is reached, the error made by the model depends only on the ac-
curacy of the predicted equilibrium location, and no longer on the accumulated errors
made over previous time-steps. At Egmond and HORS, on the other hand, sandbars
never reach the equilibrium locations associated with high waves, so that divergences
between predictions and observations continue to build up over time. Differences in
response time thus not only cause a difference in long-term cross-shore behavior from
no interannual trend at the Gold Coast to a 15-year cycle at Egmond, but also an
associated difference in predictability. As such, the suggestion of Plant et al. (2006)
that the existence of a stable cross-shore equilibrium state for breaking waves implies
good predictability might well be correct for sandbar behavior without long-term
trends, but not for sandbars whose behavior is dominated by annual to interannual
trends.

The relation between predictability and long-term behavior is also reflected in the
performance difference between the fixed- and variable-parameter models. At the
Gold Coast, the variable-parameter model outperforms the fixed-parameter model
over all prediction intervals up to the entire lifetime of a sandbar. At Egmond and
HORS, the variable-parameter model performs better than the fixed-parameter model
on prediction intervals of at least 50 days, but on longer prediction intervals the fixed-
parameter model makes better hindcasts. The reason for this difference is that the
variable-parameter is a nonlinear model that suffers from amplification of errors over
time, while the errors of the linear, fixed-parameter model accumulate only linearly.
During the prediction of sandbar behavior that is dominated by long-term trends
(Egmond and HORS), the errors of the variable-parameter model grow faster than
the errors of the fixed-parameter model. Although the relation between sandbar
migration and wave height on time-scales of several days is modeled in more detail
by the variable-parameter model, the increased build-up of errors at Egmond and
HORS often causes the variable-parameter model to perform worse than the fixed-
parameter model over prediction intervals longer than 50 days. At the Gold Coast,
the variable-parameter model is able to outperform the fixed-parameter model over
all prediction intervals, because the accumulated error is reset when a sandbar reaches
its equilibrium location during storms.
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Error accumulation arises from inaccurate representations of the initial sandbar
location, the wave forcings, limited numerical accuracy, and errors introduced in the
process of model building. It could be that some of these errors entered the model-
building process and hindcasting through inaccurate local wave height computations,
for example due to the use of astronomical tides rather than measured water levels,
or due to shortcomings in the selected wave-transformation model. To investigate the
role of the local wave height computations, we repeated the model-building and hind-
casts with offshore-measured wave heights. We found only small differences (< 15%)
between the performance values of models based on local wave heights and models
based on offshore-measured wave heights. Also, differences in behavior and perfor-
mance differences between fixed- and variable-parameter models remained consistent,
independent of the type of wave forcing. These findings indicate that inaccuracies in
the local wave height computation do not affect the implications of our analyses.

Based on numerical modeling experiments of the HORS data, Ruessink and Kuri-
yama (2008) concluded that the predictability of cross-shore sandbar behavior de-
creases for increasing wave height. Our findings indicate that the increased migration
rates during high waves indeed cause a decrease in predictability when the sandbar
does not reach the equilibrium location (Egmond and HORS). However, when a sand-
bar reaches the equilibrium location during high-wave conditions (the Gold Coast),
it becomes easier to predict the location of a sandbar during these conditions. It
should be noted though, that accurate predictions of sandbar behavior at the Gold
Coast can only be made in the presence of known forcings (i.e. chronology matters,
(see also Ruessink et al., 2009)). Sandbars whose cross-shore behavior is dominated
by long-term trends (Egmond and HORS) are less sensitive to the chronology of the
wave forcing, but the rate of the offshore-directed trends is still difficult to predict,
even when the forcings are known.

6.5 Conclusions

The analyses of the relation between cross-shore sandbar migration and wave height
show that sandbars move toward a stable equilibrium location during breaking condi-
tions. This implies that during breaking conditions, the direction of sandbar migration
is not determined by the wave height nor by the sign of the change in wave height
(e.g. sandbars can migrate onshore under high waves, and sandbars do not necessarily
migrate offshore when the wave height increases). Instead, the direction of sandbar
migration depends on which side of the equilibrium location a sandbar resides. For
increasing wave height, sandbar migration rates increase, and equilibrium locations
shift offshore. Migration toward a wave-height-dependent equilibrium location is in
accordance with earlier analyses of Plant et al. (1999, 2006). However, our more
detailed analyses reveal that during non- to slightly-breaking conditions sandbars mi-
grate away from the equilibrium location, an observation that has not been reported
before. Sandbar migration in the non- to slightly-breaking regime is mostly directed
onshore, which eventually gives rise to a beach state without submerged sandbars.
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Response times depend on the integration step size, and differ up to a factor three
for different sandbars at a particular field site, and a factor ten between sandbars
at different sites. Because the response times of cross-shore sandbar behavior are
generally larger than the time-scale of the variability in wave climate, sandbars hardly
ever reach their equilibrium location. As such, sandbars spend most of their lifetime
out-of-equilibrium with the wave forcing.

Models that represent sandbar behavior as migration toward a wave-height-de-
pendent equilibrium location are able to predict many relevant features of long-term
sandbar behavior, including seasonal, yearly and interannual trends. Trends on time-
scales longer than the variability in wave climate are caused by the combination of
slow sandbar migration during high waves toward equilibrium locations seaward of
the zone in which a sandbar resides, and even slower migration to landward-located
equilibria during lower waves. When response times become smaller than the time-
scale of variability in wave climate, sandbars reach their equilibrium locations within
the duration of a single high-wave event, and no long-term trends will develop.

Differences in response time between individual sandbars cause differences in pre-
dictability. Sandbar behavior without long-term trends can be accurately predicted
from the wave forcing conditions over the entire lifespan of a sandbar. Long-term
trends in sandbar behavior can be predicted without knowledge of the wave forc-
ing, but the accuracy of the predictions decreases with time because the rate of the
offshore-directed trends is difficult to predict. Even if the wave forcings are known,
long-term trends in sandbar behavior are still difficult to predict because errors in
the model predictions continue to accumulate over time.
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7 Conclusions and perspectives

7.1 Summary

The central aim of this study was to determine the predictability of cross-shore
sandbar behavior, with focus on cross-shore sandbar migration. To this end, over
12 000 daily-observed sandbar-crest locations and wave height observations were col-
lected for five sandbars at three field sites: (1) the Gold Coast, Australia, (2) Egmond,
The Netherlands and (3) Hasaki Oceanographic Research Station (HORS), Japan.
We applied a range of analyses and modeling techniques on the collected data to
address different aspects of the predictability of cross-shore sandbar behavior from an
observation-based perspective. The remainder of this section summarizes the find-
ings in each chapter and relates those findings to the research objectives we specified
in section 1.4. Section 7.2 then discusses and combines these partial conclusions to
produce an integrated picture of the predictability of cross-shore sandbar behavior.
The main conclusions of this study are stated in section 7.3. In section 7.4 we discuss
the implications of our findings for understanding of cross-shore migration, and other
aspects of sandbar behavior, and suggest some directions for future research.

Below the research goals are stated together with a summary of the findings in each
chapter.

1. Determine the importance of nonlinearity in cross-shore sandbar migration.
In section 1.2 we pointed out that predictability is not a mere property of a
system or phenomenon, but also depends on the way a system is represented
in a model. Models for sandbar behavior represent the underlying processes
on different abstraction levels, ranging from the hydrodynamic and sediment-
transport processes on scales of seconds to hours and centimeters to tens of
meters, to more abstract relations between wave height and sandbar-crest lo-
cation. While the nonlinearity in the small-scale processes might negatively
effect predictability on larger and longer scales, not all nonlinearities in the
underlying processes might be equally expressed on the level of sandbar be-
havior. The importance of nonlinearity for cross-shore sandbar migration can
be determined from observations with nonlinearity detection methods, but such
analyses are complicated by the effect of the continuously changing wave forcing
on the nearshore zone. In chapter 3 we developed a method that solves this
problem and is able to detect nonlinearity in multivariate data. The applica-
tion of this method to time-series of sandbar locations and wave heights showed
that on time-scales of several days, cross-shore sandbar response to wave height
depends nonlinearly on both the wave height and the sandbar location.
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2. Establish requirements for a data-driven model of cross-shore sandbar migra-
tion.
In chapter 4 we investigated what model properties are required to model sand-
bar migration at the Gold Coast and HORS on prediction intervals ranging
from one day up to several years. The properties we studied were memory and
nonlinearity. We determined the relevance of these properties in time-series of
sandbar locations and wave heights by comparing the performance of different
data-driven neural network models that did or did not implement memory and
nonlinearity. While the analyses in chapter 3 revealed the presence of nonlin-
earity on time-scales of several days, the neural network results in chapter 4
showed different effects on nonlinearity for different field sites over longer time-
scales of months to years. At the Gold Coast, nonlinear models consistently
outperformed linear models on all time-scales, while the annual trends in sand-
bar location at HORS were predicted better with linear models. Memory effects
became less important over time at the Gold Coast, while at HORS models that
kept a memory of previous states and forcings outperformed memoryless mod-
els over longer prediction intervals. These findings indicate that at HORS the
nonlinear processes governing sandbar migration amplify errors in the model,
modeled states and initial conditions, while at the Gold Coast the effects of these
errors are damped out (forgotten) over time. From this we learn that, although
the processes governing sandbar migration are nonlinear on several abstraction
levels, different types of long-term (months to years) sandbar behavior require
different model properties on different time-scales.

3. Investigate how a model’s abstraction level affects its capacity to predict cross-
shore sandbar behavior.
Chapter 5 focused on the effects of a model’s abstraction level on predictability
of cross-shore sandbar behavior for the HORS profile dataset. We compared the
long-term performances of the process-based Unibest model, operating on tem-
poral and spatial scales of hours and meters to tens of meters, and two neural
network models. The first neural network operated on sandbar-crest locations
only, while the second represented horizontal and vertical coordinates of three
profile locations: the sandbar crest, the landward trough and the sandbar foot.
All three models were iterated forward with wave information, and in case of
Unibest, tidal levels were also provided to the model. After extensive calibration
and training procedures we found that Unibest was consistently outperformed
by the neural networks, both on sandbar-crest locations and profile elevations.
Our findings further revealed that it is generally difficult to find reliable settings
for the free Unibest parameters, because the long-term trends in sandbar loca-
tion are highly sensitive to the parameter values. Together with the decreasing
performance of the neural network models over time, this leads us to conclude
that adding more details to a model decreases its capacity to predict the annual
offshore-directed trends that dominate sandbar behavior at HORS, because of
exponential accumulation of errors in the model’s nonlinear processes.
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4. Analyze the relation between predictability and the physical mechanisms under-
lying cross-shore sandbar migration.
In chapter 6 we investigated the relation between sandbar migration and wave
height, and how this relation affects the predictability of sandbar behavior. For
this investigation we used an empirical model consisting of a differential equa-
tion that relates sandbar migration to wave height. This model is based on
the idea that the underlying hydrodynamic and sediment-transport processes
together drive a sandbar toward an equilibrium location. The model’s parame-
ters were fitted to sandbar location and wave height data. From the fitted model
parameters we determined the cross-shore location of zero-migration (equilib-
rium location), the stability of this equilibrium, and the rate (response time)
at which a sandbar migrates toward or away from the equilibrium location. We
found that sandbars move toward a stable cross-shore equilibrium location dur-
ing wave-breaking conditions, while under non- to slightly-breaking waves sand-
bars migrate onshore. Response times were found to decrease with increasing
wave height. Because the response times of cross-shore sandbar migration are
generally larger than the time-scale of the variability in wave climate, sandbars
hardly ever reach their equilibrium location, and spend most of their lifetime
out-of-equilibrium with the wave forcing.
Chapter 6 further revealed that differences in response time between individual
sandbars cause differences in long-term sandbar behavior and long-term pre-
dictability. When the response time becomes small enough for a sandbar to
reach its equilibrium location within the duration of a single storm, no trends
longer than the time between individual storms will develop. This type of sand-
bar behavior can be predicted over the entire lifetime of a sandbar, because
after a storm the prediction error depends on the accuracy of the predicted
equilibrium location only, and no longer on the history of accumulated errors.
Long-term trends in sandbar location, on the other hand, develop from the
combination of slow sandbar migration during high waves toward equilibrium
locations seaward of the zone in which a sandbar resides, and even slower mi-
gration to landward-located equilibria during lower waves. The rate of these
offshore-directed trends is difficult to predict, even for known wave forcings,
because errors continue to accumulate over time.

7.2 Discussion

Sandbar generation and evolution result from the interaction between a collection of
nonlinear hydrodynamic and sediment-transport processes. The nonlinearity in these
processes might be amplified, causing sandbar behavior that is difficult to predict.
On the other hand, the short- and small-scale underlying processes might together
evolve to more predictable behavior on the level of the sandbar. In section 1.2 we
explained that scientists study the world on different levels that exhibit various forms
of organization, and that the predictability of a system depends on the level on which
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this system is described in a model. While complex nonlinear interactions between the
components that make up a system prohibit accurate predictions on the level of the
components, the system might become easier to predict on a more abstract level. In
case of sandbar behavior, it is therefore not only important to know that the processes
governing sandbar behavior are predictable to a certain extent, but also to recognize
how these processes affect the evolution and the predictability of sandbar locations.
During the course of this work the need to distinguish predictability for behavioral
patterns on different spatial and temporal scales, collectively called abstraction levels,
has become increasingly clear.

In chapter 3 we revealed the presence of nonlinearity in time-series of sandbar-
crest locations and wave heights, but the effects of nonlinearity — relative to noise
— were generally weak on time-scales of one to several days. Similarly, the nonlinear
method used in chapter 6 to derive how sandbar migration depends on wave height
outperformed a linear analyses method on hindcasts up to several days, indicating
the presence of nonlinearity. While chapter 3 concluded that short-term (days to one
week) prediction of cross-shore sandbar migration might not benefit much from the
use of complex nonlinear models, later chapters demonstrated that nonlinearity has
different effects on the predictability of sandbar behavior over longer time-scales.

Chapter 3 showed that nonlinearity was stronger at the Gold Coast than at
Egmond and HORS. Nevertheless, chapters 4 and 6 demonstrated that the stronger
nonlinearity at the Gold Coast did not result in decreasing predictability over time,
while at Egmond and HORS predictions became increasingly worse over time. This
difference in predictability is related to the presence or absence of trends in sand-
bar location that are not related to trends in wave height on similar time-scales. As
shown in chapter 2, most of the variability in sandbar location at Egmond and HORS
can be attributed to annual and interannual trends, while at the Gold Coast no such
long-term trends develop. The analyses in chapters 4, 5 and 6 showed that, even
if the wave heights are known to the model, it is still difficult to predict the exact
rate of offshore sandbar migration at HORS and Egmond with models that operate
on shorter time-scales (hours to days) than the duration of the offshore migration
cycles (months to years). While the nonlinearity in the relation between wave height
and sandbar location is obvious on time-scales of one to several days, we found that
long-term trends in sandbar location can be predicted better with linear than with
nonlinear models. This is because prediction errors in linear models accumulate only
linearly, while the errors of nonlinear models accumulate exponentially over time. On
the other hand, sandbar behavior without long-term trends (the Gold Coast) can be
predicted from known wave heights without decreasing accuracy over time. While
the reason for the differences in sandbar behavior and associated differences in pre-
dictability becomes fully apparent in chapter 6, the empirical evidence gathered in
chapters 4 and 5 already suggests that the predictability of long-term sandbar behav-
ior crucially depends on the presence or absence of annual to interannual trends.

Chapter 5 indicated several consequences of the predictability of long-term trends
for models that operate on different abstraction levels. Offshore-directed trends in
sandbar location at HORS were difficult to predict with data-driven models that
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operate directly on sandbar-crest locations (see also chapter 4), but even more so
with a process-based model that describes the elevation-change of entire cross-shore
profiles. The sensitivity of the rate of the offshore-directed trends in sandbar location
to the process-based model parameters made it impossible to predict offshore sandbar
migration at the right rate in unseen data. Together with our finding in chapter 4
that the predictions of neural network models at HORS also become less accurate
over time, this indicates that the nonlinearities in the underlying hydrodynamic and
sediment-transport processes are not canceled out on the larger and longer scale of
sandbars, but continue to affect the predictability of sandbar behavior at HORS.
While our modeling efforts were limited to sandbar migration within cycles of net-
offshore migration, we inferred that it is also difficult to predict sandbar behavior over
multiple cycles. When the rate of the offshore-directed trends is difficult to predict,
the location of a sandbar becomes increasingly uncertain over time, which makes
it difficult to predict whether a certain high-wave event causes the onset of a new
offshore-migration cycle. As such, the inherent difficulty to model long-term trends
in sandbar location from the short- and small-scale physical processes considerably
complicates the understanding and validation of the causes for differences in long-
term sandbar behavior (e.g. differences in the duration of offshore migration cycles)
between different field sites.

While the modeling efforts in chapters 3 to 5 mainly aimed to determine the pre-
dictability of cross-shore sandbar behavior on different abstraction levels, chapter 6
showed how differences in sandbar behavior and associated differences in predictabil-
ity emerge from the relation between wave height and sandbar migration. Here,
the concept of an equilibrium sandbar location and the time it takes for a sandbar
to reach such an equilibrium turned out to be helpful to understand both sandbar
behavior and its predictability. Our analyses showed that response times decrease
with increasing wave height, but remain generally larger than the time-scale of the
variability in wave climate. This implies that sandbars spend most of their lifetime
out-of-equilibrium with the wave forcings. When response times remain so large that
sandbars never reach the equilibrium locations associated with the highest waves,
trends in sandbar location develop over the course of several months to years. As
mentioned before, predicting the exact rate of these trends, even from given wave
heights, is difficult because prediction errors continue to accumulate over time. Only
at the Gold Coast, the response time during storms becomes small enough for sand-
bars to reach their equilibrium location, and no trends longer than the time between
individual storms develop. When a sandbar stays at its equilibrium location for some
time, the predicted sandbar location can catch up with the actual sandbar location.
In that case the prediction error no longer depends on the history of accumulated
errors, but on the accuracy of the predicted equilibrium location only. As a result,
sandbars that occasionally reach their equilibrium location can be predicted without
decreasing accuracy over their entire lifespan.
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7.3 Conclusions

Predictability of cross-shore sandbar behavior is not an inherent property of a sand-
bar, but depends on the abstraction level on which a sandbar is represented in a model.
The short and small-scale nonlinear processes underlying sandbar migration drive a
sandbar toward a wave-height-dependent equilibrium state that can, in principle, be
predicted from the instantaneous wave height. However, sandbars are mostly out-
of-equilibrium with the wave conditions, because the wave conditions change faster
than the time it takes for a sandbar to reach the equilibrium location. Long-term
offshore-directed trends in sandbar location develop when sandbars never reach the
equilibrium locations associated with the highest waves. The trends in this type of
sandbar behavior are difficult to model from the underlying physical processes because
the nonlinear nature of these processes causes exponential error accumulation over
time. On the other hand, sandbars that do reach their equilibrium location during a
storm, do not exhibit any trends longer than the duration between individual storms.
During storms, the prediction error of a model depends on the accuracy of the pre-
dicted equilibrium location only, and no longer on the history of accumulated errors.
As a result, detailed nonlinear models can predict this type of sandbar behavior from
given wave properties over the entire lifetime of a sandbar.

7.4 Perspectives

While this work considered the predictability of cross-shore sandbar locations, the
predictability of other aspects of sandbar behavior, such as the change in cross-shore
and alongshore shape, as well as the effects of those features on the predictability of
cross-shore sandbar behavior were not studied in detail. Especially the alongshore
shape of sandbars and the changes therein has attracted the attention of researchers
over the past years (e.g. Wright and Short, 1984; Ranasinghe et al., 2004; Castelle
et al., 2007, and references therein). In the present work, alongshore variability was
averaged out and mostly considered as a noise term. Since alongshore variability in
sandbar location is at least partially related to the wave height (see e.g. Short, 1993;
Calvete et al., 2007), some of the methods we used might have been able to represent
part of this relation (e.g., by using model orders higher than 1 in chapter 3, or in
models with memory in chapter 4). However, we performed no explicit analysis of the
effect of alongshore variability on the predictability of cross-shore behavior. Along-
shore variability is often thought to develop during low to moderate wave heights (e.g.
Wright and Short, 1984), when cross-shore sandbar migration is small. The effects
of alongshore variability on cross-shore sandbar migration are therefore obscured by
large alongshore-uniform sandbar migration during high-wave events. However, it
would be interesting to find out if and how alongshore variability affects cross-shore
sandbar migration on short time-scales (see e.g. Plant et al., 2006), and how this
relates to the predictability of long-term sandbar behavior, especially for sandbars
with long-term offshore-directed trends.
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Apart from the effect of alongshore variability on cross-shore sandbar migration,
our findings might also be important for understanding the development of alongshore
variability. For example, O’Hare and Huntley (2006) suggested that the change in
response time of cross-shore sandbar behavior with changing wave height could be
related to the observation that sandbars often become alongshore uniform during
storms and develop crescentic shapes and rip-channels during quiet conditions. When
the response time of cross-shore migration is small compared to the time-scale of
the development of crescentic features, a sandbar rapidly migrates to its cross-shore
equilibrium location at every alongshore location. Any deviations from this cross-shore
equilibrium will be damped out rapidly, and the sandbar becomes alongshore uniform.
When the response time of cross-shore migration becomes larger, migration toward
the cross-shore equilibrium location becomes too slow to repress the development of
alongshore variability, and the sandbar can develop crescentic shapes.

In chapter 6 we found that sandbar behavior at the Gold Coast can be predicted
from known wave heights over the entire lifetime of a sandbar because the sandbar
reaches its equilibrium location during storms. In marked contrast with Ruessink and
Kuriyama (2008), this might seem to indicate that sandbar behavior can be predicted
better with increasing wave height. However, it may take some time for a sandbar
to reach its equilibrium location, even under high waves. During this time, model
errors still accumulate exponentially. Linking predictability of sandbar behavior to
wave height is not straightforward, because the time it takes to reach the cross-shore
equilibrium location changes with the wave conditions. A more detailed analysis of
the relation between wave properties and predictability of cross-shore migration, and
other aspects of sandbar behavior should therefore take into account the changing
response time of sandbar behavior to changing wave conditions.

The explanation for inter-site differences in long-term sandbar behavior in chap-
ter 6 is given in rather abstract terms of response time and equilibrium location.
Although we suggested some links between response time and sandbar size, the small
amount of profile data at our disposal does not allow for a detailed study into the
relation between response time and equilibrium location, and other physical aspects
of the nearshore zone. Our findings do therefore not provide immediate insights into
inter-site differences in long-term sandbar behavior, but we can suggest some direc-
tions for further research. As discussed in chapter 6, the type of long-term sandbar
behavior depends on the ratio between the response time of the sandbar and the time-
scale of wave-climate variability. The factors influencing the response time-scale of a
sandbar are sandbar size (the amount of sediment contained in a sandbar), the profile
slope, and grain size (see also Shand et al., 1999). These factors are not independent
(e.g. smaller sandbars are often found at steeper profiles), but grain size and profile
slope can be considered fixed for a given field site (at least, on the time-scale of sand-
bar behavior), while sandbar size is variable. As such, understanding the mechanisms
that cause changes in sandbar size is an important step for understanding inter-site
differences in long-term sandbar behavior.

The observation that sandbars are always larger than their landward-located
neighbors, implies that at some point during a sandbar’s lifetime it must grow in
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size. To explain why a sandbar has a certain size, it is important to know the relation
between sandbar growth and the wave conditions. Also, it could be relevant to find
out whether sandbars only grow as they migrate offshore, or can also increase in size
without a change in sandbar-crest location (e.g. due to deepening of the trough or
widening of the sandbar base). Additionally, the presence of other sandbars might
play a role in sandbar growth. Ruessink and Terwindt (2000), for example, show
that middle and inner sandbars at Terschelling, The Netherlands receive sediment
from the decaying outer sandbar. A similar process takes place at the Gold Coast,
where the inner sandbar receives the sediment from the decaying outer sandbar, but
within a much shorter duration (Ruessink et al., 2009). Furthermore, it is important
to determine under what conditions the profile (and thus the sandbar sandbar size
and shape) is in equilibrium with the forcings, and sandbar growth terminates.

Apart from sandbar growth, the rate of sandbar decay also influences sandbar size.
Plant et al. (2001) showed that sandbars decay during onshore migration for sandbars
at Duck, North Carolina. Contrastingly, the outer sandbar at HORS often decays due
to infilling of the landward-located trough, without any noticeable onshore migration
of the sandbar crest (Kuriyama et al., 2008). Furthermore, the amount of sandbar
decay at the Gold Coast crucially determines whether a sandbar survives a period
of low waves (see also Ruessink et al., 2009). At this site, sandbars often migrate
onshore over large parts of the sandbar zone without complete sandbar decay. At
HORS, on the other hand, sandbars usually decay in place, but sometimes migrate
onshore as a feature, especially in the second half of the observed period. It would
be interesting to find out under what conditions a sandbar migrates onshore, and
under what conditions a sandbar decays without noticeable onshore migration of the
sandbar as a feature.

Currently, no detailed explanation for the relation between the change in sandbar
size and the wave properties is known. Even if such an explanation is found in
the future, we expect that it will still be difficult to interpret or predict inter-site
differences in long-term sandbar behavior, because sandbar behavior depends not
only on the response time, but also on the time-scale of wave-climate variability.
The importance of the time-scale of change in wave climate might partially explain
why earlier attempts of Shand et al. (1999) and Ruessink et al. (2003) to correlate
inter-site differences in sandbar behavior to average wave properties remained largely
inconclusive.

This study focused on the relation between the mechanisms underlying sand-
bar behavior and predictability, rather than expressing predictability of cross-shore
sandbar behavior in quantitative measures. As such, our conclusions about data-
driven and process-based models should not be interpreted as if they concerned a
contest between a process-based and a data-driven paradigm. For example, the find-
ing that data-driven models outperform a process-based model does not imply that
process-based models are useless and that only data-driven techniques should be used
for modeling sandbar behavior. However, as discussed in chapter 5, our results do
have implications for researchers that try to model sandbar behavior based on short-
and small-scale physical processes. Many studies into the processes governing the
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nearshore zone are based on the Newtonian view that nature is a clockwork1 whose
physical mechanisms we can discover by careful investigation. Whether this view is
correct or not, our findings indicate that, even if we knew the precise mechanisms
that govern the behavior of sandbars, it is not always possible to accurately reproduce
long-term sandbar behavior from these mechanisms. More generally, many phenom-
ena in the nearshore zone emerge on scales that are much larger and longer than
the scales on which the physical processes are usually described. A major challenge
for those studying the nearshore zone is the realization that a more detailed under-
standing of the physical processes does not always yield a better description of the
phenomenon of interest. An even greater challenge will be the development of a crite-
rion by which to establish the optimal abstraction level for the physical processes that
govern a certain phenomenon. We anticipate that those two challenges will be crucial
to the direction of future research into the nearshore zone, as well as the justification
of fundamental research in this area.

1It was Newton’s Principia that allowed scientists to see the world as a clockwork, but Newton
himself did not share this view (Westfall, 1990). Nevertheless, the clockwork worldview has been
attributed to Newton since the late eighteenth century (Newton, 2007).
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Notation

notation description

A,B model parameters
αw scale factor for the vertical

eddy viscosity distribution
b diagonal pixel-footprint size
d difference operator
e Euclidean distance
f, g functions
H root-mean-squared wave

height
h water level relative to mean

sea level
i, j indices
k number of neighbors
l external forcing
M model
N neural network
n number of samples
ol input order
ou model order
π ratio of a circle’s circumfer-

ence to its diameter
p prediction horizon
q fraction
rc current-related roughness
~s time-delay vector
θ wave angle relative to the

shore normal
T peak wave period
τ response time
t time
u system state
û model state / prediction
φ angle of repose

notation description

~Ψ model parameters
W weight matrix
ω,w weights
x cross-shore location
y alongshore location
z vertical location
× element-wise multiplication
· scalar / matrix multiplication
? placeholder symbol
~? vector, for example ~x for

regularly-spaced cross-shore
sandbar locations

?(t) time is indicated with paren-
theses, for example x(t) for
the sandbar location at t

?̄(t) variable averaged over the
time between the previous
and the present observation,
for example H̄(t) for the
wave height averaged over
the period between t− dt and
t

?̄(?) variable averaged over an
entire dataset, for example
H̄(?) for the wave height av-
eraged over all observations
in a dataset

x(y) cross-shore location of a fea-
ture at alongshore location
y

x(y, t) cross-shore location of a fea-
ture at alongshore location y
and time t
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Samenvatting

De zandbanken die in dit proefschrift bestudeerd worden, zijn langgerekte bulten zand
die in waterdiepten tot ongeveer tien meter diep, parallel langs de kust liggen. Golven
die vanuit de zee naar het land komen, breken vaak eerst op de aanwezige zandbank
waardoor hun vermogen om verder landwaarts schade aan te richten wordt vermin-
derd. Zodoende vormen zandbanken een soort natuurlijk verdedigingsmechanisme
tegen de verwoestende kracht van de golven. Wanneer golven zich over een zandbank
voortbewegen, woelen ze vaak zand op en verplaatsen dat in verschillende richtingen.
Als netto resultaat van het transport van zand onder vele achtereenvolgende golven
kan een zandbank in zijn geheel naar de kust toe of van de kust af verplaatsten. De
afstand tussen de top van de zandbank en een vast referentiepunt op het land, geme-
ten langs een lijn die loodrecht op de kustrichting staat, noemen we de kustdwarse
banklocatie. Dit proefschrift houdt zich bezig met de vraag naar de voorspelbaarheid
van de veranderlijke kustdwarse locatie van zandbanken door de tijd.

Voor de behandeling van deze vraag hebben we gebruik gemaakt van meer dan
12 000 dagelijkse observaties van zandbanken en golf- en waterstandgegevens gemeten
bij drie onderzoeksstations: (1) The Gold Coast, Australië, (2) Egmond, Nederland
en (3) Hasaki, Japan. Uit de oorspronkelijke meetgegevens hebben we allereerst de
banklocaties afgeleid. Wanneer we de locatie van de zandbanken uitzetten tegen de
tijd, dan blijkt dat er bepaalde overeenkomsten maar toch ook duidelijke verschillen
bestaan tussen het gedrag van de zandbanken bij de verschillende meetstations. De
geobserveerde zandbanken ontstaan nabij de waterlijn, verplaatsen zich vervolgens in
zeewaartse richting, waarna ze na enige tijd weer verdwijnen. Het kustdwarse gedrag
van de zandbanken tijdens hun levensduur verschilt echter aanzienlijk tussen de ver-
schillende meetstations. Bij de Australische Gold Coast bewegen de banken zeewaarts
en landwaarts binnen een beperkt gebied, terwijl de banken bij Egmond en Hasaki
voornamelijk zeewaarts verplaatsen en slechts zelden landwaarts. De laatstgenoemde
banksystemen vertonen dus een zeewaarts-gerichte trend in locatie over een bepaalde
periode, die bij Egmond tot vijftien jaar, en bij Hasaki tot vier jaar duurt.

Voor het beschrijven van kustdwarse verplaatsing van zandbanken onder invloed
van golven zijn de afgelopen jaren modellen ontwikkeld die zich baseren op de onder-
liggende fysische processen van waterbeweging en zandtransport. Deze modellen zijn
zeer geschikt voor het beschrijven en voorspellen van de verandering in zandbanklo-
catie over tijdschalen van een paar weken. Als men echter langer dan een paar weken
vooruit wil voorspellen, dan blijkt steeds dat zulke modellen het eigenlijk niet zoveel
beter doen dan een voorspelling die helemaal geen gebruik maakt van een model, bij-
voorbeeld een voorspelling die alleen maar de laatst geobserveerde waarde herhaalt.
Nu worden modellen voor zandbankgedrag over de jaren heen wel steeds nauwkeuri-
ger en kunnen ze steeds meer aspecten van zandbankgedrag beschrijven. Het is dan
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ook de hoop van veel onderzoekers dat het verder verbeteren van hun modellen ze in
staat zal stellen ook over langere tijdspanne juiste voorspellingen te kunnen maken.

Echter, de paradox van het modelleren is dat modellen met minder detail soms
betere voorspellingen kunnen maken dan meer gedetailleerde modellen, ook al zijn
de toegevoegde details in overeenstemming met de onderliggende fysische proces-
sen. Deze paradox heeft zijn oorsprong in de noodzakelijke beperkingen voor het
oplossen van een bepaald type wiskundige vergelijkingen, genaamd niet-lineaire ver-
gelijkingen. Het resultaat van een fysisch proces dat met een dergelijke niet-lineaire
vergelijking beschreven wordt over een bepaalde hoeveelheid tijd, kan alleen maar
benaderd worden door steeds met kleine stapjes tussenuitkomsten te berekenen, en
deze tussenuitkomsten vervolgens in de volgende stap als uitgangspunt te nemen. In
elke stap wordt echter onontkoombaar een kleine fout gemaakt, omdat de metingen
waarop het model gebaseerd is bijna nooit exact zijn, of omdat de computer waarop
de berekeningen worden uitgevoerd getallen maar met beperkte precisie kan repre-
senteren. De niet-lineaire functies versterken zulke fouten elke stap, wat leidt tot
exponentiële groei van initieel verwaarloosbare fouten. Wanneer het gebruik van een
model gelimiteerd is tot beperkte tijdspanne, dan is de groei van fouten vaak nog wel
verwaarloosbaar, maar hoe langer het model op deze manier doorrekent, hoe groter
de invloed van de fouten in het model wordt. Uiteindelijk kan het probleem van de
opgetelde fouten zo sterk worden, dat het niet meer uitmaakt hoe gedetailleerd het
model gemaakt wordt. Het toevoegen van meer details aan een model kan zelfs leiden
tot een versterking van het exponentieel opeenstapelen van fouten.

Bij het opzetten van een model is het dus belangrijk om een afweging te maken
tussen de mate van detail van de beschreven processen en de tijdschaal waarop het
bestudeerde verschijnsel wordt beschreven. In dit onderzoek kiezen we niet voor een
benadering die de gedetailleerdheid van de gemodelleerde processen als het ware aan
geobserveerde gegevens oplegt, maar proberen we de vereiste eigenschappen voor een
model uit de observaties zelf te extraheren. Hiervoor gebruiken we zogenaamde data-
gedreven modellen, dat zijn modellen die de onderliggende structuur uit observaties
afleiden. Een belangrijke vraag die we met deze modellen proberen te beantwoorden
is in hoeverre de verandering in banklocatie beschreven moet worden als een niet-
lineaire functie van de locatie en de golfhoogte. Uit onze analyses blijkt dat de
verandering in banklocatie niet-lineair afhankelijk is van zowel de locatie zelf als
van de golfhoogte, maar ook dat deze niet-lineariteit maar een kleine rol speelt op
tijdschalen van een dag tot ongeveer een week. Deze bevinding impliceert dat het
zandbankgedrag dat vaak met ingewikkelde niet-lineaire proces-gebaseerde modellen
gesimuleerd wordt, eigenlijk terug kan worden gebracht tot een simpel, bijna lineair
verband tussen bankverplaatsing, banklocatie en golfhoogte.

Op langere tijdschalen van maanden tot jaren gaat de niet-lineariteit toch weer een
grotere rol spelen, en wel in het bijzonder bij zandbanksystemen die een zeewaarts-
gerichte trend vertonen, zoals de banken bij Egmond en Hasaki. Het blijkt dat juist die
trend zeer moeilijk te voorspellen is, ook al zijn de golfgegevens tijdens de levensduur
van een zandbank bekend. In hoofdstuk 5 laten we zien dat het voorspellen van
de trend steeds moeilijker wordt naarmate er meer detail toegevoegd wordt aan een
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model, zodat een eenvoudig lineair model de lange-termijn verandering van zowel de
zandbanklocatie als het gehele bodemprofiel beter voorspelt dan een gedetailleerd
proces-gebaseerd model.

In hoofdstuk 6 ontwikkelen we een methode die laat zien dat de kustdwarse migra-
tie van zandbanken begrepen kan worden als verplaatsing naar een evenwichtslocatie
die afhankelijk is van de golfhoogte. De evenwichtslocatie van een zandbank is die
locatie waar de naar zee en naar land gerichte zandtransporten in balans zijn, zodat
de bank op zijn plaats blijft liggen. Wanneer een bank niet op zijn evenwichtslocatie
is, drijven de golven de bank naar deze locatie zolang de golven hoog genoeg zijn om
op de bank te breken. Een bank die zeewaarts van de evenwichtslocatie ligt, zal dus
landwaarts gedreven worden, terwijl dezelfde golven een bank zeewaarts verplaatsen
als de bank landwaarts van de evenwichtslocatie ligt. Als de golven echter te laag
worden om nog op de bank te breken, dan ontstaat er geen evenwicht meer, maar
verplaatst de bank altijd naar de kust toe.

De tijdschaal waarop een bank van of naar zijn evenwichtslocatie beweegt, ge-
naamd de reactietijd, hangt af van de golfhoogte. Deze reactietijd is meestal veel
langer dan de tijdschaal waarop de golfcondities veranderen, wat betekent dat een
zandbank zijn evenwichtslocatie slechts zelden bereikt. Zolang een bank niet op zijn
evenwichtslocatie arriveert, zullen de fouten die een model maakt zich steeds blijven
opstapelen. Wanneer tijdens een periode van hoge golven de reactietijd zo klein wordt
dat zowel de gemeten als de voorspelde bankposities de evenwichtslocatie bereiken,
dan hangt de fout van een model niet langer af van de geschiedenis van voorspellingen,
maar slechts van de nauwkeurigheid van de voorspelde evenwichtslocatie zelf. Banken
die dus af en toe een tijdje op hun evenwichtslocatie liggen, kunnen dus over lange tijd
goed voorspeld worden, ook al zijn de vergelijkingen waarmee dat gedaan wordt niet-
lineair. Daarentegen zullen banken die nooit hun evenwichtslocatie bereiken steeds
moeilijker te voorspellen zijn over toenemende voorspellingshorizon.

De studie naar de niet-lineariteit van zandbankgedrag en de beschrijving van dat
gedrag in termen van evenwichtslocaties en reactietijden hebben wel iets duidelijk ge-
maakt over waarom bepaald gedrag goed en ander gedrag minder goed te voorspellen
is, maar zijn samen nog geen volledige verklaring. Het is bijvoorbeeld nog niet geheel
duidelijk waarom de reactietijden en evenwichtslocaties zouden verschillen tussen ver-
schillende golfcondities en verschillende zandbanken. Toekomstig onderzoek zou zich
dan ook kunnen richten op het verband tussen reactietijd, evenwichtslocatie en de
fysische processen die daaraan ten grondslag liggen.
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