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Abstract

In recent decades, research efforts to understand and predict beach evolution
have increased since it is becoming clear that coastal erosion is likely to be
exacerbated as a result of the intensification of storms and increased rates
of sea level rise. The social and economic implications of changes along
the beach are vast, hence the importance of developing predictive models.
Despite the development of a variety of models based on different approaches
to address shoreline evolution, the predictive capability of these models is still
limited by an incomplete understanding of interactions between drivers and
responses, and the different spatial and temporal scales at which they act.

In general, traditional shoreline models (based on the equilibrium con-
cept), have shown good performance at predicting shoreline changes from sea-
sonal to multi-annual time-scales but still struggle to predict faster changes in
the shoreline position. Therefore, a modification of one of the most popular
shoreline evolution models (Yates et al., 2009) is introduced, showing good
performance when predicting time-scales longer than seasonal but also the
faster shoreline changes. The model was presented in a competition where
19 numerical models (a mix of established shoreline models and machine
learning techniques) were tested at Tairua beach, New Zealand. The results
showed that although traditional models and machine learning techniques
had a good performance at reproducing the shoreline evolution during the
15 years of calibration, skill decreased during the 3 years of forecast predic-
tion (unseen data). A model ensemble results in better performance than
any individual model, accounting for uncertainties in model architecture.

The study gave evidence of the difficulty in achieving reliable predictions
over both short and long-term shoreline time-scales. For this reason, a new
model approach based on the Complete Ensemble Empirical Mode Decom-
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position method is introduced and tested at two study sites (Narrabeen,
Australia and Tairua, New Zealand). The new approach estimates the char-
acteristic oscillations in the shoreline and drivers, allowing to predict the
shoreline changes at individual time-scales, identifying the drivers with the
largest contribution to shoreline change. Then the total shoreline position
is predicted as the sum of all the significant time-scales. The approach is
novel also because it uses as model drivers, sea level pressure fields and gra-
dients, in addition to the more traditional bulk wave information. The new
model displays better performance when compared to an established shore-
line model. This approach bridges the short-term shoreline change driven
by waves with longer-term changes driven by large-scale climate oscillations
(e.g. El Niño Southern Oscillation).

Finally, the new model approach was applied to a beach with an en-
tirely different setting, Vougot beach, France. This beach is unique in many
aspects: the large tidal range, the presence of offshore rocks, and the fre-
quently observed dune erosion during storm events followed by resilience
phases in between stormy winters, making the modelling extremely chal-
lenging. The dune/beach interactions were analysed throughout a centroid
analysis in which the dominant beach change modes were identified. The
analysis allows to identify how the sediment contribution resulting from the
dune erosion events ‘resets’ the shoreline behavior. As a result, the shore-
line oscillations at time-scales related to dune erosion and recovery events
account for a large part of the explained variance. This methodology al-
lows improving understanding of beach-dune interactions, and even more
generally, prediction horizons at beaches where many processes operate and
traditional approaches fail.

Overall, the research provides useful insights to understand that in ad-
dition to the expected seasonal-annual shoreline changes caused by incident
wave variability or long-term changes associated with longshore sediment
transport, many other time-scales of change may co-exist and have signifi-
cant impacts on shoreline evolution and its prediction.
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CHAPTER 1

Introduction

Beaches are important components of coastal systems providing space for
flora and fauna habitats, coastal infrastructure, human settlements, and
socio-economic human activities. Most of the world’s population is nowa-
days located in the coastal zone, and current trends indicate that expansion
in coastal areas is larger compared to inland areas (Neumann et al., 2015).
As a consequence of anthropogenic activities and the lack of clear policies
and planning under scenarios of climate change, economic losses due to natu-
ral hazards in coastal areas are expected to increase around the world. Even
though it is not clear which percentage of these losses are due only to coastal
erosion, the retreat of the shoreline impacts directly on properties, land and
infrastructure affecting economic, environmental and cultural assets. Al-
though the influence of the sea level rise (SLR) in coastal erosion has become
of major scientific, engineering, management and societal interest, different
studies have indicated that changes in the extreme wave climate might gen-
erate a larger impact in coastal areas over shorter horizons (e.g., Barnard
et al., 2015; Masselink et al., 2016; D’Anna et al., 2020). There are still
many uncertainties associated with shoreline prediction, due to the lack of
understanding of the complex interactions between drivers (e.g., wave char-
acteristics) and shoreline response, and the different spatial and temporal
scales involved.

Most of the current models attempting to predict shoreline evolution tend
to solve processes at very specific time-scales. Generally, numerical models
predict shoreline change based on wave information bulk parameters (wave
height, period and direction) without considering fluctuations occurring over
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longer time scales related, for example, to large scale climate patterns (e.g.,
El Niño Southern Oscillation, ENSO). Therefore, robust and reliable predic-
tions of shoreline evolution are still problematic even for short-term scenarios
(shorter than decadal).

With the rapid increase of new techniques for shoreline data collection,
the use of data-driven approaches has increased. For instance, machine-
learning techniques have become popular in the coastal community showing
promising results at predicting different coastal responses (e.g., Goldstein
et al., 2019). Although, machine-learning techniques might provide insights
to understand some processes, in some cases it is still difficult to extract
information that can be applied to a variety of systems. Therefore, models
that rely on data for extracting free coefficient parameters and that are based
on a hypothesis that mechanistically addresses beach behavior have become
more popular among the coastal community. The PhD research addressed
shoreline evolution through the implementation of new techniques that focus
on the prediction of different temporal scales, from short term (e.g., storms)
to long term (e.g., multi-decadal scales), which are the scales of interest for
coastal management and coastal development.

1.1 Scope of the study

Traditional models use wave bulk parameters (wave height, period, and direc-
tion) as the main driver for short- to mid-term shoreline predictions (storms
to multi-annual scales). However, bulk parameters can omit information of
the wave energy distribution, wave generation areas, or water level fluctu-
ations than might be important for shoreline prediction. Hence, it appears
necessary to account and include drivers that consider these aspects of shore-
line modeling.

Generally, models focus on a specific time-scale, with the shoreline re-
sponse controlled by a dominant driver. In reality, many drivers might in-
teract simultaneously, for instance, seasonal changes due to the wave climate
might be embedded in long-term signals, such as, due to large-scale atmo-
spheric patterns (e.g., ENSO). Therefore, one of the challenges at simulating
shoreline evolution is to capture shoreline changes at different time-scales.
In this context, the objective of this thesis is to develop a shoreline model,
that allows the prediction of shoreline changes at different time-scales (from
storm to multi-annual), making use of wave bulk parameters information but
also of Sea Level Pressure (SLP) information, which accounts for large scale
atmospheric circulation patterns. A new model approach is tested on beaches
with different characteristics and dominant processes so that its prediction
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capability was assessed.

1.2 Organization of thesis

This thesis presents the development of a new approach to shoreline predic-
tions over different time-scales. In Chapter 2, I provide an overview of some
of the processes and drivers that control the shoreline evolution at different
temporal and spatial scales. A summary of different types of shoreline evo-
lution models is given. Then, model uncertainties are discussed, since during
the progress of the thesis I have also contributed to co-authoring papers in
the frame of the shoreline modelling under long-term uncertainties.

• Cagigal, L.; Rueda, A.; Anderson, D.; Ruggiero, P.; Merrifield, M. A.;
Montaño, J.; Coco G.; Méndez, F. J. A multivariate, stochastic,
climate-based wave emulator for shoreline change modelling.
Ocean Modelling,(154), 101695. (2020)

• Vitousek, S.; Cagigal, L.; Montaño, J.; Rueda, A.; Mendez, F.J.; Coco,
G., Barnard P. L. The application of ensemble wave forcing to
quantify uncertainty of shoreline change predictions (Submitted
to JGR-Earth Surface)

In addition, as a basis for later chapters, the Empirical Mode Decompo-
sition (EMD) method is introduced.

Chapter 3 presents the results of a ‘competition’ between 19 models
(traditional shoreline evolution models and machine learning techniques) at
predicting shoreline changes at Tairua beach, New Zealand. In this chap-
ter, I introduce a modification of a traditional shoreline equilibrium model
(Yates et al., 2009) to capture oscillations faster than seasonal. Shortcomings
and a plausible way forward are discussed. This chapter contains material
reformatted from the paper:

• Montaño, J.; Coco, G.; Antolinez, J.A.A; Beuzen, T.; Bryan, K.R.;
Cagigal, L.; Castelle, B.; Davidson, M.; Goldstein, E. B.; Ibaceta, R.;
Idier, D.; Ludka, B.; Masoud-Ansari, S.; Mendez, F.; Murray, A. B.;
Plant, N. G.; Ratliff, K.; Robinet, A.; Rueda, A.; Senechal, N.; Sim-
mons, J.; Splinter, K.; Stephens, S.; Townend, I.; Vitousek, S.; Vos, K.
Blind testing of shoreline evolution models. Scientific Reports
10(1), 1-10. (2020)
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In Chapter 4 a new model approach for shoreline prediction is intro-
duced and tested at two cross-shore dominated embayed beaches: Narrabeen,
Australia, and Tairua, New Zealand. The new approach is based on the hy-
pothesis that shoreline changes at an individual time-scale can be predicted
using the oscillations in the drivers at the same time-scale. Then, the overall
shoreline change can be predicted superimposing the individual time-scales.
With this approach, I also introduce the use of Sea Level Pressure (SLP)
fields and gradients as drivers for the shoreline prediction. This chapter
contains material based on the paper:

• Montaño, J.; Coco, G.; Cagigal, L.; Mendez, F.; Rueda, A.; Bryan, K.
R.; Harley, M. D. A multi-scale approach to shoreline predic-
tion.Geophysical Research Letters. (2020)

Chapter 5 the analysis of the different beach migration modes and the
dune/beach interaction at Vougot beach, France, is presented. The impli-
cations of the dune erosion events for shoreline evolution modelling are ad-
dressed. Then the model introduced in Chapter 4 is applied to Vougot
beach, were traditional shoreline models have failed at predicting shoreline
changes. The results allow to test the model prediction capability under much
more complicated settings (strong alongshore sediment transport, dune influ-
ence, macro-tidal range, and the presence of a jetty). This chapter contains
the material used in the manuscript to be submitted:

• Montaño, J.; Coco, G.; Chataigner, T.; Yates, M.L.; Le Dantec, N.;
Suanez, S.; Cagigal, L.; Floc’h, F. Understanding time-scales on
a dune-beach system and implications for shoreline modelling
(to be submitted to Journal of Geophysical Research)

Chapter 6 summarizes the main conclusions of this study and provides
suggestions for future research.

4



CHAPTER 2

Background

2.1 Drivers and shoreline response

2.1.1 Shoreline response to wave characteristics

Changes in shoreline position are the result of different interactions among
drivers that modify shoreline behavior at different spatial and temporal
scales. These drivers might be ‘direct’, e.g., waves, or ‘indirect’, such as,
Sea Level Pressure (SLP) fields and gradients, that, in turn, generate waves
and therefore might modify the beach response. Shoreline advance and re-
treat occur over different time-scales, for instance, seasonal changes of the
shoreline position are the result of differences in the winter/summer wave
climate. The shoreline might experience dramatic changes in a short pe-
riod of time (e.g., hours to days) due to storm events, whose effect might
vary due to a variety of storm characteristics including the chronological or-
der, duration, and separation between events (Callaghan et al., 2008; Coco
et al., 2014; Pender et al., 2015; Senechal et al., 2015). Cross-shore shore-
line changes are generally attributed to the wave height (Hs) and wave pe-
riod (Tp), however, incident wave direction (θ) might play an important role
during erosion events even under moderated wave conditions (Harley et al.,
2017). In addition to the shoreline advance and retreat, the beach might
experience changes in the alongshore plan-view when waves approach the
shoreline at an oblique angle (θ), producing shore-parallel currents(Ashton
et al., 2001). On open coasts, alongshore processes are dominant over long-
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term time-scales (decades to century). Alongshore processes might smooth
the shoreline when angles between the coastline and incident wave crest are
small, however, ‘high angles’ might generate instability between the along-
shore sediment transport and the shoreline orientation, producing large scale
features (e.g., cuspate spits, capes)(Ashton et al., 2001). In embayment or
pocket beaches, rotation processes (i.e., one extremity of the beach progra-
dates while the opposite one erodes) have been attributed to gradients in the
alongshore obliquity of incident waves and a consequent longshore transfer
of sediments from one extremity of the beach toward the other (Turki et al.,
2013). Nevertheless, Harley et al. (2011) found that this cannot be gener-
alized since the cross-shore sediment exchange process was more important
than the alongshore sediment process for beach rotation at Narrabeen beach.
Changes in the shoreline position due to rotation might occur at different
time-scales, for instance, days to weeks due to storm events (Ojeda et al.,
2011), seasonal/annual scales due to changes in the wave climate (Blossier
et al., 2016; Harley et al., 2011) or multi-decadal to centurial time-scales
associated with large atmospheric patterns (Anderson et al., 2018; Wiggins
et al., 2020). Additionally to the cross-shore migration and rotation, a dif-
ferent shoreline movement, ‘breathing’, has been reported. Breathing refers
to the shoreline curvature change due to the movement of sediment from the
middle to the edges and back (Blossier et al., 2017; Ratliff & Murray, 2014).
Other drivers such as Sea Level Rise (Bruun, 1988; Le Cozannet et al., 2019),
anthropogenic interventions like, beach nourishments or jetties (Ludka et al.,
2018; Suanez et al., 2012), geological controls (Castelle & Coco, 2012; Robi-
net et al., 2020), dune/cliff sediment supply (Dickson et al., 2007; Larson
et al., 2016), bar morphology (Castelle et al., 2010; Lageweg et al., 2013),
might also affect beach behavior over multiple time-scales.

2.1.2 Influence of the large-scale atmospheric circula-
tion patterns on shoreline evolution

Wave bulk parameters (Hs, Tp and θ) are considered the main drivers control-
ling shoreline changes from storm events to multi-annual time-scales. How-
ever, the simplification of the wave spectrum on these three parameters,
especially for beaches where multi-modality (different separate peaks in the
wave spectrum) is present might lead to a lack of information that can af-
fect the prediction of some coastal processes (Montaño et al., 2020a; Wiggins
et al., 2020). In this context, it is worth reminding that waves approaching
the coast might be generated in different areas and from different sources
(Pérez et al., 2014) so that the use of bulk measurements might neglect some
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relevant aspects of the wave field. Sea Level Pressure fields and gradients
have demonstrated to be good predictors for waves and fluctuations of the
mean sea level, for instance, storm surge (Cagigal et al., 2019; Camus et al.,
2014; Rueda et al., 2019). Additionally, some studies have highlighted the
importance of linking coastal changes with climate drivers and large atmo-
spheric patterns, which in turn create the ocean waves that are the drivers
of shoreline evolution (Anderson et al., 2018; Barnard et al., 2015, 2017).

One of the most known atmospheric anomalies is El Niño/Southern Oscil-
lation (ENSO), which is quantified through the Southern Oscillation Index
(SOI). ENSO is characterized by anomalies in the Sea Surface Tempera-
ture (SST) affecting global climate patterns, with inter-annual cycles rang-
ing from 2 to 7 years. These patterns have already been shown to have an
important effect on the wave climate across the Pacific (Barnard et al., 2017;
Godoi et al., 2016; Harley et al., 2010), and consequently a strong impact
on coastal erosion. For instance, Barnard et al. (2015) found that coastal
erosion at 48 transects in beaches at the Pacific basin was linked with El
Niño, highlighting that extreme El Niño and La Niña events may have a
devastating effect in the Pacific basin regardless of sea level rise scenarios.
Ranasinghe et al. (2004) found that wave heights generally increase/decrease
with increasing/decreasing SOI with almost twice the number of storms dur-
ing La Niña years at Narrabeen, Australia. The changes in the wave climate
were reflected on the beach rotation patterns characterized by clockwise ro-
tation during El Niño and the counter-clockwise during La Niña. Anderson
et al. (2018) developed a climate index to relate beach rotation with climate
patterns at multi-decadal time-scales, showing that large shoreline excursions
were related to extreme El Niño winters in Oregon, USA. Antoĺınez et al.
(2019) related large foredune erosion events with El Niño years at a beach in
Washington, USA.

Similarly, the wave climate variability in the Northern Hemisphere, for in-
stance along the west coast of Europe, has been related to the North Atlantic
Oscillation (NAO) (Bacon & Carter, 1993; Dodet et al., 2010) even though
one of the most energetic winters (2013/2014) along most of the Atlantic
coast of Europe since 1948 was not found to have a link with a particularly
high NAO (Dodet et al., 2019). Therefore, Castelle et al. (2017) proposed
a new climate index, West Europe Pressure Anomaly (WEPA), based on
the Sea Level Pressure (SLP) gradient between the stations Valentia (Ire-
land) and Santa Cruz de Tenerife (Canary Islands), which in its positive
phase drives severe storms and in fact well captures the 2013/2014 winter.
Wiggins et al. (2020) used a combination of the NAO and WEPA index to
predict the Wave Directionality Index (WDI), which in turn drives beach
rotation. Despite the increasing evidence that links atmospheric patterns
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with coastal evolution, only a few models make use of the atmospheric fields
as a direct input for the shoreline prediction. Robinet et al. (2016) used
regional atmospheric circulation patterns to generate weather regimes as a
direct input to predict inter-annual variability through a statistical model
at Truc Vert beach, France, showing similar skill to a common equilibrium
model which uses wave height as a model’s input (Yates et al., 2009). Other
large scale atmospheric circulation patterns characterized by a specific in-
dex (SOI, NAO, WEPA) have been used to understand shoreline rotation,
(Ranasinghe et al., 2004; Wiggins et al., 2020). Large atmospheric circula-
tion patterns also have been used to generate wave emulators that account
for seasonality, inter-annual variability, and long-term trends and that have
been subsequently used in morphodynamic models (Anderson et al., 2018;
Antoĺınez et al., 2016).

2.2 Model types

In order to understand and predict shoreline evolution, a wide range of mod-
els has been developed. The selection of the kind of model that will be
used depends on the dominant processes and time-scales of interest at the
study site. In general, models are built at a specific spatio-temporal scale
and might predict longer and larger scales under some simplifications and
reduction of accuracy. In reality, processes operating at different time scales
can occur simultaneously, making more difficult to understand the drivers
that control the shoreline behavior at each time-scale and thus preventing
accurate shoreline prediction. In the literature, there is a disagreement in
the model classification and terminology. Herein, I will refer to three main
types of models: process-based models (PBM), data-driven models (DDM)
and hybrid models (HM) (Figure 2.1).

Figure 2.1.Classification of shoreline evolution models.

Some of the PBM, also called reductionist models (van Maanen et al.,
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2016) or physics-based models (Vitousek et al., 2017) include as many pro-
cesses as feasible, coupling hydrodynamics, waves, sediment transport, and
morphology through mass and momentum conservation laws. Examples of
these models are: Delft3D, XBeach, Mike21, and ROMS (Figure 2.1, left).
In general, these models give a description of the faster and smaller scale pro-
cesses (order of seconds to represent the waves) but the application of these
models to large spatio-temporal scales has been debated due to error prop-
agation during up-scaling (van Maanen et al., 2016; Vitousek et al., 2017;
Werner, 2003).

Other process-based models involve other types of simplifications and
hypotheses and generally assume that coastal response is governed by a sub-
set of physical process and feedbacks of wave and sediment dynamics (phe-
nomenological models). An example of this type of models are ‘One-line’
models, which assume that the beach maintains an average cross-shore pro-
file, without considering changes produced by storms or wave seasonality.
Shoreline evolution is then driven by alongshore sediment transport which in
turn depends on the height and angle of incidence of breaking waves(Ashton
et al., 2001; Hanson, 1989; Hurst et al., 2015). One-line models have shown
good skills when predicting over decadal time-scales, but poor skills at the
annual scale as this scale might be dominated by cross-shore process (Rug-
giero et al., 2001). On the other hand, equilibrium beach profile models,
describe the time evolution of the cross-shore beach profile, assuming that
it will exponentially tend to an equilibrium shape for a given set of wave
conditions. These models are based on simple analytical solutions to predict
the longshore uniform beach and dune profile response to different drivers
(e.g., Kriebel & Dean, 1985; Ludka et al., 2015) also for time scale related to
SLR (e.g., Bruun, 1988; Ranasinghe et al., 2012).

A different type of models, data-driven models (Figure 2.1, right), look for
robust relationships between the system variables (input and output) with-
out explicit knowledge of the physical behavior. Examples of these models
are statistical models (e.g., linear or regressions) and machine learning (ML)
techniques such as artificial neural networks, boosted regression trees, and
genetic programming. The applicability of ML techniques in a variety of
coastal disciplines has rapidly increased over the past few years since these
techniques are highly effective in linking input and output vectors and have
been used to develop powerful predictors in coastal processes (e.g., Beuzen
et al., 2018; Dickson & Perry, 2016; Goldstein et al., 2019). Statistical mod-
els have also been applied to coastal problems providing return periods for
coastline changes with associated uncertainties (Callaghan et al., 2008, 2013;
Pender et al., 2015). Even though data-driven models offer a good alterna-
tive to predict shoreline changes, their main drawback is that the quality of
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the model highly depends on the quality and availability of the data, since
long time-series are usually necessary to predict shoreline response.

A different approach to predict shoreline evolution has gained popularity
within the scientific community, since these models combine process-based
and data-driven models. They have been classified using the term ‘hybrid’
(Goldstein & Coco, 2015). Shoreline equilibrium models, SEM (Figure 2.1,
middle) fall in this category even though they have been indicated by some
authors as process-based models (Splinter et al., 2014; Vitousek et al., 2017)
and by some others, as data-driven models (Lageweg et al., 2013). The term
‘reduced complexity’ model has also been used in the literature (Robinet
et al., 2018). Matters of terminology aside, equilibrium models fall in the
hybrid category for multiple reasons. On one hand, they are based on the
mechanistic assumption that beaches approach an equilibrium (Wright et al.,
1985), which depends on the relative magnitude of the waves and the instan-
taneous disequilibrium of the wave field Ω − Ωeq (with Ω = Hs

wTp
where Hs

is the wave height, Tp is the peak period, w the sediment fall velocity and
eq represents the equilibrium condition). Despite the theoretical foundation,
the accuracy of this approach highly depends on the length and frequency of
data used to provide robust calibration of the model free coefficients (Splinter
et al., 2013; Yates et al., 2009). Since the ‘process’ and the ‘data-driven’ com-
ponents are equally important, these models fall in the category of ’hybrid’
(Figure 2.1, gray area)

Overall, hybrid models have increased their popularity since they do not
require 3D bathymetry and can make use of the shoreline position extracted
from cameras or satellite images as input, with a low computational cost
and good prediction skills. The present thesis deals with hybrid and data-
driven approaches, which can provide information about shoreline drivers
and shoreline response but also make use of data-driven techniques to find
free coefficients necessary to apply the model. A brief description of ‘Hybrid
models’ is given below.

2.2.1 Hybrid Models

Miller & Dean (2004) first proposed that shoreline change could be predicted
based on a dis-equilibrium concept, hypothesizing that the shoreline tends
to approach an equilibrium position when subject to constant forcing. The
model is exemplified by:

dy

dt
= K (yeq − y) (2.1)

where y is the shoreline position at time t, K is a constant governing
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the rate at which the shoreline approaches equilibrium and yeq is the equilib-
rium shoreline position, which in turn depends on the wave conditions, berm
height, and water levels (including storm surge, wave setup, and tides). The
Miller & Dean (2004) model was tested at different beaches in the USA,
showing good skills in predicting change at seasonal time-scales with a low
computational cost. However, the predictions for the shorter scales were less
precise. Yates et al. (2009) proposed a shoreline model, hereby referenced as
Y09, where changes in the shoreline position depend on the wave energy and
the wave energy disequilibrium. Yates et al. (2009) showed that for the same
wave energy (E) the beach might erode or accrete since the rate of shoreline
change depends on E and also on the initial shoreline position. For instance,
larger wave energy events are required to continue eroding an already eroded
beach. They assume that the equilibrium wave energy (Eeq) depends linearly
on the location of the shoreline (y):

Eeq = ay + b; (2.2)

where a and b are free coefficients that determine the wave equilibrium
energy, i.e. for a given shoreline position y there is an equilibrium wave
energy that causes no change. Figure 2.2 illustrates the equilibrium concept
where erosion (red dots) and accretion (blue dots) rates are a function of
the cross-shore position and the incident wave energy. Black line represents
the equilibrium energy (Eeq) with equilibrium slope a[m2/m] indicating the
change in the equilibrium wave energy for a given change in the shoreline
position and equilibrium intercept b[m2] which is related with the temporal
mean removed from the shoreline position and it has, therefore, a limited
physical meaning Castelle et al. (2014).

In addition, based on work by Wright et al. (1985) the authors hypoth-
esized that the shoreline migration is given by the difference between the
instantaneous wave energy (E) and the equilibrium value related to the cur-
rent position as:

dy

dt
= C±E1/2(E − Eeq) (2.3)

with the instantaneous wave energy computed as the square of the sig-
nificant wave height Hs and where C± are free coefficients for accretion
(+, E−Eeq < 0) and erosion (−, E−Eeq > 0). Previous studies have shown
that a and C are related and can have compensating physical effects related
to the beach width and they could be compared between different sites (e.g.,
Castelle et al., 2014; Yates et al., 2011), and b

−a represents the maximum
accretion (maximum beach width). Different techniques have been applied
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Figure 2.2.Erosion (red)/accretion (blue) rate as a function of the Mean Sea
Level (MSL) position and wave energy. Taken from Yates et al. (2009)

to find the four free coefficients, such as, surrogate management framework
(Yates et al., 2009), simulated annealing (Castelle et al., 2014), and swarm
particle optimization (Blossier et al., 2016). Y09 successfully reproduces
shoreline location explaining between 61-94% of the shoreline variability at
four study sites during hindcast periods and showing a good skill for the fore-
cast periods. Although the model shows better performance than the Miller
& Dean (2004) model, short-term scale (storm events) were not predicted ac-
curately. The model was most successful at predicting large erosional events,
whereas accretion events were underestimated.

In parallel with Y09, Davidson & Turner (2009), hereafter referred to as
DT09, developed an equilibrium model able to reproduce the beach profile
and shoreline changes, at seasonal to inter-annual scales. Contrary to the Y09
model, this model makes more direct reference to Wright et al. (1985) and
considers the influence of the wave period (Tp) and the sediment size (D50),
instead of the wave energy E. The profile evolution in DT09 is expressed as:

dz(y)

dt
= R | Ω0 − Ω | Ωnφ(y) (2.4)

where y is the shoreline position, z is the vertical displacement of the
beach, R, Ω0 and n are model free coefficients and φ is a shape function
describing the cross-shore profile change, including the formation of bars and
steps at the profile. The shape function is assumed to account for the cumu-
lative effect of the tide, setup, and swash, which allowed them to conclude
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that the inclusion of tide is essential if the shoreline response is to be modeled
accurately. The DT09 model could predict seasonal/inter-annual shoreline
changes explaining up to 77% of the detrended shoreline variability. However,
changes due to storms were not predicted successfully.

Later, Davidson et al. (2013) improved the model by including a new vari-
able, Ω (weighted antecedent dimensionless fall velocity), following Wright
et al. (1985) which takes into account the rate of ‘memory decay ’ of the
system, incorporating it into a dynamic equilibrium condition:

Ωeq =

D/∆t∑
j=0

Ωj10−j∆t/φ

D/∆t∑
j=0

10−j∆t/φ
(2.5)

with φ the ‘memory decay ’ of the system. The index j represents the
number of data points in the wave forcing time series prior to the calculation
point at time t(j = 0) and ∆t represents the sampling interval (units of
days). D represents the total window width of the weighted average (days).
To simplify the model optimization and reduce the number of free parameters
Davidson et al. (2013) fixed D at 2φ. The optimal φ-value is a model free
parameter, determined by an iterative least-squares optimisation. Then, this
new model called ShoreFor can be expressed as:

dy

dt
= cP 0.5(Ωeq − Ω) + b1 (2.6)

Where P is incident deep water wave power (P ∼ H2
0T ). Following Yates

et al. (2009), the coefficients c are different for erosion (-) and accretion
(+) components. The coefficient b1 is a linear trend to consider long-term
processes not explicitly included in the model. The results obtained with the
ShoreFor model showed a significant improvement at seasonal to inter-annual
scales, and also for the prediction of changes induced by storms, thanks to the
inclusion of a time-varying equilibrium condition that is a weighted function
of the antecedent conditions.

Splinter et al. (2014) generalized the ShoreFor model, by using twelve
studies sites with a broad morphological variability (exposed and embayed
beaches, different grain sizes, wave conditions, and tidal ranges). They
found that model coefficients depend on the dimensionless fall velocity Ω
(i.e. a function of the local wave conditions and sediment grain size) which
in turn is related to the morphologic beach state proposed by Wright et al.
(1985), supporting that both shoreline and morphological change are interre-
lated (Davidson et al., 2013). These findings potentially reduce the need for
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extensive site-specific calibration data sets, although more testing in more
complicated settings is required. The equilibrium models (Y09 and ShoreFor
model) have also been tested on macro-tidal environments showing similar
good performance (Castelle et al., 2014; Lemos et al., 2018).

The equilibrium concept has also been used to predict shoreline and
barline rotation. Turki et al. (2013) proposed a rotation model for pocket
beaches in which the long-term equilibrium plan-view determines the instan-
taneous changes in the shoreline rotation. Blossier et al. (2016) proposed a
model for barline cross-shore migration extending the shoreline model pro-
posed by Yates et al. (2009).

One of the major drawbacks of the equilibrium models described so far
is that they do not combine cross-shore and alongshore processes, which
could be important at some beaches. Yates et al. (2011) argued that poor
skill of the model at some locations in Ocean beach, USA, might be due
to alongshore fluxes, which are neglected in their model. To overcome this
issue Vitousek et al. (2017) proposed a shoreline evolution model that in-
volves three processes: (1) alongshore transport, (2) cross-shore transport,
and (3) SLR, allowing to predict much longer temporal scales (decadal and
centennial) than previous HM (Figure 2.3). The model equation is defined
as:

∂y

∂t︸︷︷︸
shoreline
change

= −1

d

∂Q

∂x︸ ︷︷ ︸
longshore
transport

+CE1/2∆E︸ ︷︷ ︸
cross−shore
transport

− c

tan β

∂S

∂t︸ ︷︷ ︸
shoreline migration
due to sea−level rise

+ Vlt︸︷︷︸
long−term;

unresolved processes

(2.7)

The first term on the right side of equation 2.7 represents the alongshore
gradient in the longshore sediment transport rate Q, where x represents the
alongshore coordinate and d is the depth of closure (DoC). The second term
(cross-shore processes) is calculated following Y09, (equation 2.3), with a
modification on the rate of shoreline change coefficient C remain constant
during erosion/accretion C = C+ = C−. Finally, the third term represents
the SLR contribution to the shoreline retreat, computed using the Bruun
rule, which predicts a landward and upward displacement of the cross-shore
sea bed profile in response SLR (Bruun, 1988) where c is a free coefficient,
tan β is the beach slope, which is assumed constant through time and ∂S

∂t

represents the rate of SLR. Finally, the last term of equation 2.7 (vlt) which is
a constant, represents the long-term shoreline trend for unresolved processes
such as sources and sinks of sediment from fluvial inputs, nourishments, cliff
failure, aeolian transport, and transport from offshore. Robinet et al. (2018)
presented an improvement of the ShoreFor model (LX-Shore) including a
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Figure 2.3. Schematic showing the setup of the shoreline model CosMosCoast.
Taken from Vitousek et al. (2017).

module to predict shoreline changes due to alongshore sediment transport
on a 2D plan-view grid schematization (Figure 2.4). This component of the
model is similar to Ashton et al. (2001) and allows to simulate the evolution
of shorelines characterized by strong curvatures in the alongshore direction.
In addition, LX-Shore solves wave processes in detail, using SWAN (Booij
et al., 1999) and can account for complex shoreline planforms, non-erodible
emerged headlands and submerged rocky features (Robinet et al., 2020).

Figure 2.4. Schematic showing the setup of the shoreline model LX-Shore.
Taken from Robinet et al. (2020).
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Most of the previous HM do not account for changes in the shoreline
position due to water level fluctuations or dune contributions. Antoĺınez
et al. (2019), introduced a new HM, (COCOONED, A COupled CrOss-shOre,
loNg-shorE, and foreDune evolution model) which considers in addition to
the cross-shore and longshore sediment transport, the integration of wave
information with water levels and the contributions to the overall sediment
budget due to foredune erosion. Contrary to LX-Shore, COCOONED does
not account for complicated nearshore bathymetry (e.g., the influence of jet-
ties or headlands) or dune recovery. Several authors have used PBM to
assess the importance of the interaction between dunes and the beach face,
and how such interactions affect shoreline changes over different time-scales.
For example, Larson et al. (2016) simulated beach profile response at decadal
time-scales, involving many processes like dune erosion and overwash, wind-
blown sand transport and berm-bar material exchange. A more sophisti-
cated approach was proposed by Roelvink & Costas (2019) which coupled
the Xbeach model with Duna model to account for aeolian processes, sedi-
ment transport and vegetation growth. Nonetheless, this thesis is focused on
models that make use of the shoreline position or contour elevations, instead
of 3D bathymetries.

2.3 Model uncertainty

Due to the stochastic nature of the waves and the non-linear interaction be-
tween different processes acting over different temporal and spatial scales,
the use of deterministic approaches for shoreline prediction might not be re-
liable especially as the prediction horizon gets longer. Thus, models than can
give reliable predictions on the short/mid-term with insights on the long-term
horizons are still needed. Uncertainties in the predictions might be generated
by the drivers (e.g., waves) or model limitations due to the simplification of
processes. Probabilistic approaches that consider different wave scenarios or
ensemble of models have been proposed to address drivers and model un-
certainty (e.g., Davidson et al., 2017; Limber et al., 2018; Montaño et al.,
2020b). In general, due to the computational cost of performing many simu-
lations that might account for uncertainties, HM and/or data-driven models
are generally used instead of PBM.

To address uncertainty in the drivers, different statistical emulators of
wave climate have been proposed and used as input for shoreline mod-
els. Davidson et al. (2010) synthetically reproduced 1000 time series of
wave parameters to forecast seasonal to multi-year shoreline change based
on a month-by-month, multivariate stationary simulation. Callaghan et al.
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(2008) proposed a joint probability method to simulate extreme beach ero-
sion. Davidson et al. (2017) used synthetic hydrodynamics forcing time-series
to drive the ShoreFor model in a Monte Carlo simulation behavior and ex-
trapolating shoreline response with a generalized extreme value. Antoĺınez
et al. (2016) proposed a multi-scale climate emulator that considers possible
changes in the global climate system to generate waves for an one-line model
input. In Anderson et al. (2018) a statistical downscaling framework was
used to characterize wave conditions that were used as input for a one-line
model allowing to reveal shoreline rotation of embayed beaches. Cagigal et
al. (submitted), proposed a climate-based wave stochastic emulator as a
tool for the probabilistic assessment of coastal hazards. The emulator can
generate an infinitely long data series maintaining its statistical properties
at different time-scales and can be adapted to generate hydrodynamic con-
ditions under climate change. The emulator was used to account for wave
uncertainty when modelling long-term scenarios of shoreline change using
Yates et al. (2009). Vitouseak et al. (submitted), coupled the climate emula-
tor proposed by Cagigal et al. (submitted), with an ensemble Kalman filter
shoreline change model to predict long-term coastal change and account for
uncertainty due to waves, sea-level rise, and other natural and anthropogenic
processes. D’Anna et al. (2020) using the LX-Shore model at a cross-shore
dominated beach (Truc Vert beach, France), produced a probabilistic shore-
line reconstruction, based on 3000 simulations of the past 20 years. Their
findings showed that the shoreline predictions were more sensitive to the
three free parameters l(c, b1 and φ) of ShoreFor model (equation 2.6) than to
SLR. Uncertainty arises also from model structure and parametrizations, due
to the simplification of physical processes. This has been addressed through
multi-model ensembles, such as, in global climate models (Tebaldi & Knutti,
2007; Buchanan, 2018). In Limber et al. (2018) a new methodology to predict
multi-decadal cliff retreat was proposed, through the ensemble of five models
that account for wave impact and sea level rise, with the uncertainties in the
parameters of each model being addressed through Monte Carlo simulations.
Montaño et al. (2020b) found that the ensemble of 19 shoreline models from
(HM and ML) gave better results in the shoreline forecast that any individ-
ual model. It is evident that this area of research is only beginning to be
explored and more work is needed to identify a general approach that fully
accounts for all sources of uncertainty.
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2.4 Empirical Mode Decomposition based meth-

ods

2.4.1 Empirical Mode Decomposition

This method was designed to identifying non-linear and non-stationary os-
cillations hidden in data, even for small amplitudes, assuming that simple
oscillatory modes of significantly different frequencies may coexist with one
superimposed on top of the other (Huang et al., 1998). The analysis is
based on the data without assuming any ‘a-priori’ base as the Fourier and
wavelet transforms do (trigonometric functions or mother wavelet, respec-
tively). Moreover, the method is adaptive and works directly in temporal
space rather than in frequency space.

Through a sifting process the Empirical Mode Decomposition (EMD)
method decomposes any time series into a finite set of functions called ‘In-
trinsic Mode Functions’ (IMFs), identified empirically, by their characteris-
tic time scales in the data. Conversely to Fourier transform the oscillations
(IMFs) does not have restriction of a constant amplitude and fixed frequency.

An amplitude-modulated wave (Figure 2.5c), composed by the sum of
two signals (Figure 2.5a and Figure 2.5b) was selected to illustrate the EMD
procedure.

Figure 2.5.Time-series used to illustrate EMD based methods performance. a)
and b) time-series used to generate the final signal used as an input for the decomposi-
tion(panel c).
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The sifting process starts by identifying all the local extremes (maxi-
mum/minimum) and then connecting the local maxima and minima by a
cubic spline to form the upper and lower envelopes respectively (pink and
blue points, Figure 2.6). The average of the envelopes is then calculated (red
dashed line, Figure 2.6) and subtracted from the original series to obtain the
first approximation to an IMF. The sifting process should be repeated until
a condition of local envelope symmetry is satisfied, i.e., same numbers of
zero crossings and extrema must be either equal or different by no more than
one and at any data point, the mean value of the envelope defined using the
local maxima and local minima is zero (Huang et al., 1998; Wu & Huang,
2009). The residue of the sifting process is treated as the new time series
and the decomposition process stops when this residue becomes a monotonic
function or a function with only one extreme from which no more IMFs can
be extracted(trend). A detailed description of the algorithm is shown below:

1. Identify all the local extremes (maxima and minima) of the signal x(t).

2. Connect all these local maxima (minima) with a cubic spline to obtain
the upper (lower) envelope emax(t) and emin(t), respectively.

3. Find the mean emean(t) between emax(t) and emin(t).

4. Obtain the first component d(t) by taking the difference between the
data and the mean envelope as d(t) = x(t)− emean(t).

5. Treat d(t) as the data and repeat steps 1 to 4 as many times as is
required until the envelopes are symmetric with respect to a zero mean
under certain convergence criteria. The final d(t) is designated as the
first IMF.

6. Subtract the first IMF from the data x(t) and the residue becomes a
new x(t).

7. Repeat all steps to find all IMFs

The final process is stopped when the residue is a monotonic function
having only one peak and only one minimum, or when it is no longer possible
to extract more features from it. Finally, the original time series can be
described:

x(t) =
K∑
k=1

IMFk(t) + r(t) (2.8)
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Where r is the residue of data x(t) after K number of IMFs are extracted.

Figure 2.6.Outlining of the EMD algorithm for the first iteration. The black
line represents the input time-series. Maxima/minima and their upper/lower envelope are
represented by pink/blue dots and lines, respectively. Red dashed line represents the mean
of the envelopes emean.

One of the main drawbacks of EMD is so-called ‘mode mixing’, which is
defined as an IMF of very disparate amplitude, or the presence of very similar
oscillations in different IMF components (Wu & Huang, 2004, 2009). Figure
2.7a (pink line, IMF3), schematizes the ‘mode mixing’ when the Fourier
transform is applied to each IMF, showing that the IMF3 has its energy
spread at very different frequencies.

2.4.2 Ensemble Empirical Mode Decomposition (EEMD)

EMD-based methods act as dyadic filter banks, i.e. the components are all
normally distributed and the Fourier spectra of the IMF are all identical and
cover the same area on a semi-logarithmic period scale (Wu & Huang, 2004,
2009; Flandrin et al., 2004). To overcome the mode mixing problem, Wu &
Huang (2009) proposed an improved version of EMD called Ensemble EMD
(EEMD), which is based on noise assisted data analysis. EEMD involves
applying the traditional EMD method to a time series along with Gaussian
white noise, taking advantage of the dyadic filter bank behavior of EMD.
The true IMF is calculated as the mean of an ensemble of tests, where the
noise in each test is canceled out by the ensemble mean of these tests. Then,
the result is treated as the true signal (Wu & Huang, 2004, 2009).

The algorithm of the EEMD is shown below:

1. Add a white noise series to the targeted data:

xi(t) = x(t) + wi(t) (2.9)

with i = 1, 2...N and with N equal to the number of times white noise
is added
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2. Decompose the data with the added white noise into IMF i
j with the

original EMD. j = 1, 2, . . . k, equal to the number of modes.

3. Repeat steps 1 and 2 i-times but with different white noise series each
time. Obtain the IMFj as the average of the IMFN

j

IMFj(t) =
1

N

N∑
i

[
IMF i

j (t)
]

(2.10)

In which
rij(t) = rij−1(t)− IMF i

j (t) (2.11)

When the EEMD procedure is performed, it is necessary to define the
white noise amplitude and the number of ensembles (N). However, a crite-
rion to select the amplitude noise and number of ensembles does not exist
yet. Adding white noise with a small amplitude may lead to a minor error,
but if the added noise amplitude is too small there will be no change to the
EMD method. Wu & Huang (2004) suggested adding noise of an amplitude
of about 0.2 standard deviations of data. Nevertheless, when the time-series
is dominated by low frequencies, the noise amplitude may increase, and vice
versa. In the present study white noise amplitude varies from 0.1 to 0.5 stan-
dard deviation of the time-series. To obtain an exact result, a few hundred
ensemble numbers should be enough (N=100 in our case). EEMD has been
shown to improve mode mixing (Figure 2.7b). However, the reconstructed
signal includes residual noise.

Figure 2.7. Power Spectra Density (PSD) for the different IMFs outlining the
‘mode mixing’. a) Obtained with the original EMD method; b) Obtained when the
EEMD/CEEMD methods are applied.

2.4.3 Complete Ensemble Empirical Mode Decompo-
sition (CEEMD)

CEEMD is a variation of the EEMD algorithm that provides an exact re-
construction of the original signal (no residual noise) and a better spectral
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separation of the modes at a lower computational cost (Torres et al., 2011).
CEEMD aims to calculate a unique first residue. The algorithm described
previously demonstrated that the time series is decomposed independently
from the other realizations and in each decomposition, a different residue is
obtained. The CEEMD method gave the residue as:

r1(t) = x(t)− IMF1(t) (2.12)

Where the IMF1 is obtained in the same way as EEMD. The next residue
is obtained as:

r2(t) = r1(t)− IMF2(t) (2.13)

Figure 2.8 showed the IMFs (oscillations) obtained after applying the
CEEMD to the signal showed in Figure 2.5c. As can be seen in Figure 2.8,
the method is able to separate the riding wave (IMF1, Figure 2.5a) from the
carrier wave (IMF2, Figure 2.5b), as has been proven by (Huang et al., 1998;
Dätig & Schlurmann, 2004). Fourier transform can also separate the two
waves and the original signal can be reconstructed using the inverse Fourier
transform. However, the time information of the riding wave is missed out
and its amplitude is approximated by Fourier transform as the average of
the modulated amplitude, which remains constant in time (Dätig & Schlur-
mann, 2004). In contrast, the IMFs may have a time-variant amplitude and
frequency. On the other hand, Figure 2.8 shows that the CEEMD method
finds more than two oscillations. Although the other oscillations have low
energy, in some cases they may be associated with the true signal.

2.4.3.1 Significance Test

Once the IMFs have been found, it is needed to identify if all the oscilla-
tions are true signals or whether some are noise. To achieve this goal Wu
& Huang (2004) proposed a significance test, deriving the expected energy
distribution of the white noise of the IMFs. Knowledge about the behavior
of the white noise IMFs shows whether or not they have an arbitrary statisti-
cal significance level. Similar research was developed separately by Flandrin
et al. (2004). Therefore, a significance test was carried out showing that only
IMF1 and IMF2 have a significance level higher than 95% (Figure 2.9).
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Figure 2.8.Illustration of the CEEMD results. a) Input time variant signal; b) IMFs
obtained after applying the CEEMD method; IMFs (gray lines); original time-series used
to generate the time variant signal (red dashed lines).

Figure 2.9.Significance test. Each dot represents the mean energy of an IMF as a
function of the mean period. The upper and lower dashed lines provide the 95% and 5%
of significance level, respectively.
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2.4.4 CEEMD advantages and disadvantages

The power of EMD-based methods as a time-series analysis tool has been
proven by comparing them with traditional methods such as the Fourier and
Wavelet transform. Synthetic series and equations that describe non-linear
and/or non-stationary processes have been used, such as simple Stokes waves
and the solutions to the Duffing and Lorenz equations (Huang et al., 1998).
Furthermore, EMD-based methods have been used extensively in geophysical
and atmospheric research (Huang & Wu, 2008; Carmona & Poveda, 2014; Wu
et al., 2008; Ji et al., 2014; Huang et al., 1999; Lundquist, 2003).

Contrary to Fourier analysis that is only capable of determining compo-
nents up to half of the sampling frequency, EMD-based methods are able
to determine high frequency oscillations, despite the resolution of the data
(Dätig & Schlurmann, 2004). Furthermore, in Fourier analysis, the trend
of the time-series must be removed to avoid unwanted low-frequency terms.
However, since EMD-based methods capture the long-term trends of the
time-series, thus, this step is not necessary (Huang & Wu, 2008).

One of the drawbacks of EMD-based methods is cubic spline interpo-
lation, since at the beginning and end of the time-series large swings may
develop. These might propagate and corrupt the whole signal, eliminating
signals embedded in the data (Huang & Wu, 2008; Dätig & Schlurmann,
2004). Furthermore, the method is not able to identify frequencies which are
close to unity f1

f2
< 1 (Dätig & Schlurmann, 2004).

The amplitude of the added white noise is a key parameter for a correct
decomposition. Although Wu & Huang (2004, 2009) suggested amplitudes
for the added white noise, these criteria may vary. In the CEEMD method,
added white noise with an inappropriate amplitude may cause the same mode
mixing that exists in the EMD method. Additionally, if the signal is very
noisy, signal noise and the noise added through the CEEMD method may in-
teract causing problems with the method. Then, the results are very sensitive
to noise amplitude and EMD might work better than EEMD and CEEMD.
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CHAPTER 3

Blind testing of shoreline evolution models

Abstract

Beaches around the world continuously adjust to daily and seasonal changes
in wave and tide conditions, which are themselves changing over longer
time-scales. Different approaches to predict multi-year shoreline evolution
have been implemented; however, robust and reliable predictions of shore-
line evolution are still problematic even in short-term scenarios (shorter than
decadal). The results of a modelling competition are shown, 19 numerical
models (a mix of established shoreline models and machine learning tech-
niques) were tested using data collected for Tairua beach, New Zealand with
18 years of daily averaged alongshore shoreline position and beach rotation
data obtained from a camera system. Traditional shoreline models displayed
similar predictive capability for both the calibration (1999-2014) and testing
dataset (unseen, 2014-2017), while machine learning techniques performed
better on the calibration data than the testing (unseen) dataset. Most mod-
els resulted in favourable predictions for normal conditions but struggled to
predict extreme events. A model ensemble performed better than individual
models and enabling predictions that account for uncertainties in model ar-
chitecture. Research-coordinated approaches (e.g., modelling competitions)
can fuel advances in predictive capabilities and provide a forum for the dis-
cussion about the advantages/disadvantages of available models.
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3.1 Introduction

Quantitative prediction of beach erosion and recovery is essential to plan-
ning resilient coastal communities with robust strategies to adapt to erosion
hazards. Over the last decades, research efforts to understand and predict
shoreline evolution have intensified as coastal erosion is likely to be exac-
erbated by climatic changes (Church & White, 2006; Dodet et al., 2019;
Reguero et al., 2019; Nicholls et al., 2014). The social and economic burden
of changes in shoreline position are vast, which has inspired development of
a growing variety of models based on different approaches and techniques;
yet current models can fail (e.g., predicting erosion in accreting conditions).
The challenge for shoreline models is, therefore, to provide reliable, robust
and realistic predictions of change, with a reasonable computational cost,
applicability to a broad variety of systems, and some quantifiable assessment
of the uncertainties.

Shoreline evolution occurs over temporal scales ranging from seconds
(e.g., individual waves) to hours (e.g., storms), months (e.g., seasonal wave
energy modulation) and decades (e.g., wave climate). Shoreline changes oc-
curring over much larger time-scales (decadal to centennial) can be the result
of other factors like longshore sediment transport gradients, changes in sed-
iment supply, tectonic processes, anthropogenic interventions, and sea level
rise (SLR)(Bruun, 1962; Le Cozannet et al., 2019; Hanson, 1989). Cross-shore
sediment transport is generally considered to be the main control of shore-
line evolution at seasonal and inter-annual time-scales (Kriebel & Dean, 1985;
Miller & Dean, 2004) whilst longshore processes (specifically on open coast-
lines) become more relevant over much longer time-scales (decades-centuries)
(Ashton et al., 2001; Hanson, 1989).

To test and improve the ability of models to predict shoreline changes,
a workshop/competition on shoreline evolution modelling, ‘Shoreshop’, was
carried out, with participants from 15 institutions worldwide. Different mod-
els were used to simulate shoreline evolution obtained using a camera system
at Tairua beach (New Zealand, Figure 3.1a,b) without prior knowledge of
how the shoreline actually evolved for the last 3 years (2014– 2017) of the
total study period (1999 – 2017). Data in the grey shading (Figure 3.1, c-e)
were not shown to the modelers to ensure that models free parameters were
not adjusted after exposure to the results.

This chapter summarizes the main outputs from a study where well-
known models that have been broadly used in diverse study sites worldwide
(Castelle et al., 2014; Davidson et al., 2013; Lemos et al., 2018; Ludka et al.,
2015; Splinter et al., 2014; Yates et al., 2009) combined with new approaches
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were compared and evaluated objectively with no possibility of parameter
tuning during the last three years of the study. As all the models are tested
with the same input dataset, there is no bias associated with data sources
(regardless of any inherent uncertainties in the data that was used) allowing
to objectively assess the predictive capability of the models. As shown in
other disciplines (Weigend, 1994), modelling competitions are a powerful
tool to promote advances since they favour research-coordinated approaches,
and, importantly, encourage the community to share datasets to assess and
compare models while ensuring reproducibility which allows for objective
assessment.

3.2 Methods

3.2.1 Study site

Tairua Beach is located in the Coromandel peninsula, on the east coast of
the North Island of New Zealand (Figure 3.1a,b). Tairua is a pocket beach
of 1.2 km long, with medium to coarse sand that exhibits intermediate beach
states (Blossier et al., 2016, 2017; Lageweg et al., 2013; van Maanen et al.,
2008). The lower shoreface slope is approximately 0.02, whereas the upper
beach slope is steep ≈ 0.2 (Smith & Bryan, 2007). The beach is located
in a micro-tidal environment with a tidal range varying between 1.2 and 2
m. Eighteen years of daily shoreline evolution (1999-2017) were obtained
using a camera system located on a hill (elevation about 60 m) at the north
end of the beach. During daylight, six hundred images were averaged over
a period of 15 min every hour. The time-averaged images were then georec-
tified and used to extract the shoreline position. To limit the influence of
the tides, daily shoreline images with tidal levels between 0.45 and 0.55 m
were selected. Errors in the shoreline detection due to the footprint of the
georectified images, standard deviation of the water levels, the influence of
the tides, the uncertainty in wave setup, and other noise have been shown
to affect the daily time-scale but not the shoreline signal over weekly (and
longer) time-scales (Blossier et al., 2017).

Figure 3.1 shows the entire dataset used in the study (1999-2017). Shore-
line position as a function of alongshore location and time is shown in Figure
3.1c. Shoreline rotation (shoreline orientation) events, evaluated as the slope
of the trend-line fitted to the shoreline position before alongshore-averaging,
are often observed (Figure 3.1c,e). The average alongshore position (Figure
3.1d) shows seasonality with progradation and retreat events generally oc-
curring in summer and winter. The grey shading in Figure 3.1c-e highlights
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Figure 3.1.Study site and input conditions. a) Location of Tairua, New Zealand
North Island; b) Detail of Tairua Beach. Pressure sensor (S4 - N) location used for
SWAN model validation; c) Alongshore shoreline position at Tairua beach. Red represents
accretion and blue shoreline retreat; d) Daily alongshore-averaged position; e) Shoreline
rotation; f) Significant wave height; g) Peak period; h) Wave direction. Grey shading show
the data that was hidden from modelers (Shorecast period, 2014-2017).
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the period hidden from modelers (2014 – 2017).
Three hourly wave characteristics (wave height, peak period, and direc-

tion), obtained from a wave hindcast using the hydrodynamic SWAN model,
are shown in 3.1f-h. The wave characteristics (at 10 m water depth) were val-
idated with in situ measurements in 8 m water depth (indicated as S4 - N in
Figure 3.1b). The comparison was good in terms of wave height (R2 = 0.80
and RMSE=0.31 m) but the wave period was poorly reproduced (R2 = 0.22
and RMSE=2.9 s). The instrument used did not record wave direction so
that a direct comparison could not be made.

3.2.2 Model classification

Following the models’ description in Chapter 2, shoreline models are classi-
fied as: process-based models (PBM), hybrid models (HM), and data-driven
models (DDM). Here we concentrate on models that make use a set of cross-
shore profiles or shorelines captured from aerial or oblique photography to
relate changes in the shoreline position to the prevailing forcing conditions.
Although 3D digital terrain models are now becoming available, there are few
long-term (multi-year) data sets of this type. We focus on daily shoreline pre-
dictions using a variety of modelling approaches (ranging from established
HB to Machine Learning algorithms), which, in the context of the 3 years of
testing data (2014-2017), hereafter referred to as the ‘Shorecast’.

In this study, no PBM was tested, since as was explained in Chapter 2,
there is no conclusive evidence they can be successfully applied over large
spatio-temporal scales, and in many cases, these models require input data
that were not available for the present study. Different HM that were intro-
duced in Chapter 2 are tested in this chapter. HM often base the prediction
of the cross-shore position on the equilibrium concept (Wright et al., 1985),
where the beach rate of change is governed by the difference between present
and equilibrium conditions. Equilibrium conditions have been defined in
terms of shoreline position (Miller & Dean, 2004; Yates et al., 2009) or wave
history (Davidson et al., 2013). These models and similar variants have been
applied successfully when addressing seasonal to interannual variability at
many sites (Castelle et al., 2014; Splinter et al., 2014), however, they may
fail to simulate the shoreline evolution in environments where other processes
such as alongshore sediment transport play an important role (Dodet et al.,
2019). Additionally, the equilibrium concept has also been successfully ap-
plied to predict shoreline and sandbar rotation (Blossier et al., 2016; Turki
et al., 2013) at pocket beaches. The HM introduced in Chapter 2 also ad-
dress alongshore sediment transport (Antoĺınez et al., 2019; Robinet et al.,
2018; Vitousek et al., 2017) and some models designed specifically to predict
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beach rotation were also tested in this study (indicated with R).
DDM popularity, especially Machine Learning (ML) techniques, has in-

creased in the last few years due to the increase of available shoreline mea-
surements characterized by larger spatial and temporal resolution. ML per-
formance in the shoreline prediction is also assessed in the present chapter.
Statistical models such as multiple linear regression or statistical downscal-
ing (Anderson et al., 2018; Callaghan et al., 2013), also fall in the category
of data-driven, but have not been tested in the Shorecast.

A total of 19 models were used, twelve models (indicated with HM), and
seven models were built using Machine Learning techniques (indicated with
ML). Table 3.1 and Appendix A provides a summary of the models used in
this study.

As indicated in Chapter 2, despite the success in predicting seasonal
changes, SEM still struggle to predict high frequency oscillations due to
storms (fast changes) which may also result in large shoreline recession.
Therefore, for the Shorecast competition, I developed a modified version
of Yates et al. (2009) trying to capture these fast changes oscillations.

3.2.3 Yates et al., 2009 -High-Frequency (HM3)

The model introduced by Yates et al. (2009) has shown a good performance,
especially at beaches where waves and shoreline have a strong seasonal-annual
signal (e.g., Torrey Pines, Ocean beach). At these places, there is a clear dis-
tinction between their erosion/accretion events and the energy reflecting the
equilibrium concept Figure 2.2. Nonetheless, at locations where the waves
and/or the shoreline do not display a strong seasonal-annual cycle and shorter
oscillations due to storm events are important, the distinction between ero-
sion/accretion according to the equilibrium energy Eeq is not clear. This is
the case for Tairua (black line, Figure 3.2) where, despite a strong seasonal-
annual signal in the time-series of the shoreline position, the seasonal-annual
signal in the waves is weaker with high levels of energy distributed over pe-
riods shorter than seasonal (Figure 3.1f and Figure 3.4a).

Figure 3.3a shows the daily wave energy difference (black line) and the
equilibrium energy Eeq (yellow line), when the original Y09 model is applied.
As can be seen, Eeq follows an exponential decay shape mainly following
large seasonal-annual patterns, which in turn, is reflected in the shoreline
prediction (Figure 3.3b, yellow line) where fast shoreline changes due to storm
events are neglected.
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Figure 3.2.Mean shoreline position against wave energy illustrating the Equi-
librium at Tairua Beach. The colour scale represents the shoreline change rate (m/day).
The black line represents the best-fit linear fit for Y09 model free coefficients.

Figure 3.3.Y09 model behavior at Tairua beach. a) Daily wave energy gradient
(black line, left axis) and equilibrium energy (yellow line, right axis); b) Shoreline position
(black line) and Y09 model prediction (yellow line).

Here, a modification of Yates et al. (2009) to predict faster shoreline
changes (storm events) to multi-annual time-scales is introduced. The En-
semble Empirical Mode Decomposition (CEEMD) method (Huang et al.,
1998; Torres et al., 2011), designed to identify oscillations in non-linear and
non-stationary time-series, was applied to the time-series of waves and shore-
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line position to identify the main temporal oscillations, also called Intrinsic
Mode Functions (IMFs). Figure 3.4, shows the temporal oscillations or IMFs
found with the CEEMD method with a Gaussian white noise amplitude of 0.2
standard deviation (refers to Chapter 2 for more information about CEEMD).
Figure 3.4b displays the oscillations with periods shorter than seasonal (yel-
low lines), and Figure 3.4c shows the oscillation from seasonal to multi-annual
(orange lines). Gray area shows the IMFs that had a significance level lower
than 95%, which were not considered in the analysis (oscillations shorter than
15 days). Figure 3.5 shows the same decomposition for Hs. All time-series
were interpolated daily.

Figure 3.4.Temporal shoreline oscillations(IMFs) found with CEEMD. a) Shore-
line time-series used as input for the CEEMD method; b) Temporal oscillations (IMFs)
with period lower than seasonal (yellow lines); c) Temporal oscillation (IMFs) from sea-
sonal to the trend (orange lines). Gray areas represent the IMFs with a significance level
lower than 95%, and so not used for the analysis.

The Power Spectrum Density (PSD) for the different oscillations (IMFs)
is shown in Figure 3.6a (Hs) and Figure 3.6b (shoreline position). For the
shoreline position, almost all the energy is concentrated at periods longer
than annual. Some energy at these time-scales is also observed for Hs. How-
ever, large amount of energy is observed at time-scales shorter than seasonal
for Hs, which is not observed for the shoreline (gray area, Figure 3.6).

32



Chapter 3. Blind testing of shoreline evolution models

Figure 3.5.Temporal oscillations for Hs found with CEEMD a) Hs time-series
used as input for the CEEMD method; b) temporal oscillations (IMFs) with period lower
than seasonal (yellow lines); c) temporal oscillation (IMFs) from seasonal to the trend
(orange lines). Gray areas represent the IMFs with a significance level lower than 95%,
and so not used for the analysis.

IMFs from annual to bi-annual explain up to ∼60% of the shoreline vari-
ance at Tairua. The sum of these oscillations for the shoreline position and
Hs are shown in Figure 3.7a. As expected, the cross-correlation (RSD) be-
tween shoreline and Hs for these time-scales is high (Figure 3.7b). Although
the energy in the time-scales shorter than seasonal did not reflect large en-
ergy in the shoreline position, changes that occur over these time-scales might
lead to large erosion events. Figure 3.7c,d show that despite the PSD for the
shoreline position at these time-scales was small compared with the annual
and longer time-scales, the fast shoreline oscillations (oscillations > 15 days
and shorter than seasonal, Figure 3.7c, yellow lines, right axis) show excur-
sion up to 10 m. A strong cross-correlation between the shoreline and Hs

was also found at these time-scales (Figure 3.7d). Shoreline re-adjustment
due to wave conditions differs according to the time-scale, for instance, the
shoreline position time-response for the sum of the scales longer than sea-
sonal (red dot, Figure 3.7b) was slower than for shorter time-scales, where
time-lag between shoreline position change and wave conditions was almost
instantaneous (red dot, Figure 3.7d).
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Figure 3.6.Power Spectrum Density for the IMFs obtained with the CEEMD.
a) Wave height Hs (Figure 3.4); b) Shoreline position (Figure 3.5). Each color represents
a different IMF.

Figure 3.7.Shoreline position and Hs behavior at different time-scales. a) Sum
of IMFs from annual to bi-annual; b) cross-correlations between the two oscillations dis-
played in panel a; c) sum of IMFs with periods between 15 days and shorter than seasonal;
d) cross-correlations between the two oscillations displayed in panel c. Hs oscillations (red
lines, left axes) and shoreline position (yellow lines, right axes).

As shown in Figure 3.3, Y09 model seems to follow the seasonal- annual
cycle, thus, we only used oscillation from seasonal to beyond in both, shore-
line and Hs, as input for the Yates model when predicting changes at these
time-scales (Figure 3.8a). During the calibration, coefficients were selected
by minimizing RMSE. We also used the Yates model to predict the faster
oscillations (shorter than seasonal, Figure 3.7c), nonetheless, the model had
a poor performance when predicting accretion events (Figure 3.8b). There-
fore, we used a simple linear fit between fast changes oscillations on waves
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and shoreline position to predict the changes over these time-scales (Figure
3.8c). Overall, the total shoreline change is predicted as the sum of only
time-scales from seasonal to beyond (Figure 3.8a) and the predictions for the
shorter time-scales found with the linear fit (Figure 3.8c). The total shoreline
prediction is displayed in Figure 3.8d. The equation that describes the total
shoreline changes is expressed as:

dy

dt
= C±E1/2(E − Eeq)︸ ︷︷ ︸

seasonal
multi−annual

+ ChfE
1
2︸ ︷︷ ︸

faster
oscillations

(3.1)

where C± are the coefficients for erosion/accretion for the traditional
Y09 model and Chf represents a new coefficient that, together with the wave
energy, allows to account for the high frequency oscillations.

The other models used during the Shorecast competition are provided in
Table 3.1, while individual model descriptions are presented in Appendix A.

Table 3.1.Models used during the ‘Shoreshop’.

Hybrid Models (HM)

Name Modeler

HM1 ShoreFor Kristen Splinter
HM2-R1 ShoreFor-LX Mark Davidson
HM3 Y09-HF Jennifer Montaño
HM4 ShoreFor+uKF Raimundo Ibaceta
HM5 Y09 (3 coefficients) Bonnie Ludka
HM6, HM7 Y09 (4 coefficients) Ian Townend

HM8-R2 LX-Shore
Arthur Robinet,
Bruno Castelle,
Deborah Idier

HM9-R3 CosMos-Coast Sean Vitousek
HM10-R4 COCOONED Jose A.A. Antolinez
R5, R6 [-] Karin Bryan

Machine Learning (ML) Models

Technique Modeller

kNN k-Nearest Neighbor Evan Goldstein
ANN-EI1,2 Autoregressive NN with exogenous inputs Giovanni Coco
NeuFor Artificial NN Josh Simmons
LSTM Long-Short Term Memory Sina Masoud-Anasari
RF Random Forest Tomas Beuzen
BN Bayesian N Nathaniel Plant

35



Chapter 3. Blind testing of shoreline evolution models

Figure 3.8.Modification of Yates model using different time-scales for the pre-
diction. a) only seasonal and longer oscillations used as input for Y09 model; b) oscil-
lations longer than 15 days and shorter than seasonal used as input for Y09 model; c)
predictions of the shorter scales (same than panel b) using a linear regression; d) Total
shoreline prediction as the sum of long time-scales (panel a) and short-time scales (panel
c). Note the different vertical scale in the panels.

3.3 Results

3.3.1 Calibration period

Fifteen years (1999-2014) were used for model calibration, while the last
three years (2014-2017) were used for the blind prediction, ‘Shorecast’, in
which modelers did not have access to the shoreline data. Both HM and
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ML approaches were able to reproduce seasonal cross-shore (alongshore av-
eraged) shoreline behaviour during the calibration period. Figure 3.9 shows
the models’ performance for three years (2001-2004) of the calibration period
(1999-2014). Regardless of the modelling approach, oscillations of shoreline
position with periods larger than 3 months were well captured. Some of
the HM and almost all ML models were able to reproduce accretion periods
(e.g., beginning of 2002, Figure 3.9a,b). In general, HM predictions were
smoother, except for the Y09 modification, HM3, proposed in the previous
section (see qq-plot Figure 3.12a) than ML predictions which reproduced
faster oscillations (shorter than seasonal) and more extreme events in the
shoreline position (Figure 3.9b and Figure 3.12b). For instance, almost all
HM underestimate the erosion that occurred on August 2003 (Figure 3.2a)
except for the models that use data assimilation (Kalman filters, HM4, HM9).
There were no major differences among HM that based the equilibrium con-
cept on: wave history (HM1, HM2, HM4 and HM8) or shoreline position
(HM3, HM5, HM6, HM7, HM9 and HM10), nonetheless, the models based
on the wave history better predicted the accretion periods like, for instance,
the first part of 2000 and 2002 (Figure 3.10). HM models improved when
Kalman filters were used (HM4 and HM9). Despite being diverse in approach
and architecture, all ML models displayed very high performance during the
calibration period compared with the Shorecast period.

Some of the HM (HM2-R1, HM8-R2, HM9-R3 and HM10-R4) and others
specifically developed for shoreline rotation (R5, R6) were also used to predict
beach rotation (evaluated as the slope of the trend-line fitted to the shoreline
before alongshore-averaging), but no ML model was tested. Some of the ro-
tation models essentially simulate multiple 1D cross-shore models which then
require multiple calibrations of cross-shore profiles along the embayment (see
Appendix A). Almost all the models followed the rotation pattern (clockwise
or anticlockwise) even during extreme rotation events. An exception is R1,
which displayed a smooth behaviour (Figure 3.9c and qq-plot Figure 3.12c).
Conversely, some models consistently over-estimate rotation (e.g., R4).

3.3.2 Shorecast (Three years of blind prediction)

During the Shorecast (last three years of unseen data, grey shading Fig-
ure 3.1,c-e), HM collectively displayed similar behaviour (Figure 3.11a and
Figure 3.12d) and this was distinct from the ML models (Figure 3.11b and
Figure 3.12e). Both types of models were able to predict seasonal changes.
Underestimation of extreme erosion events by HM (models above the dotted
black line, Figure 3.12d) and inability of reproducing faster scale oscillations
(order of 30 days) were more evident during the Shorecast (for example, see
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the beginning of 2015, Figure 3.111a), being less evident for HM3, which
showed a better performance than other HM capturing faster oscillations
(Figure 3.12d).

Figure 3.9.Three years of the entire calibration period (1999-2014). Examples
of model outputs (see legend) compared to three years (2001-2004) of calibration data
(black): a) Hybrid models; b) Machine Learning models; c) Shoreline rotation models.
See Appendix A for models details.

Some of the ML models captured extreme accretion-erosion events and
faster scale oscillations not reproduced by HM. However, the models that
better captured some localised large shoreline changes were also the ones that
for other events produced the largest errors (Figure 3.11b and Figure 3.12e).
Results from ML models changed more from the calibration to the testing
phase compared to HM results (Figure 3.11b and Figure3.12b,e), except for
the HM that used Kalman filters which had a similar behaviour to the ML
models. During the Shorecast period, the mean of the averaged alongshore
shoreline position was slightly different to the mean for the calibration period
(dashed grey lines in Figure 3.12a-f). Models tend to follow the calibration
period mean shoreline position during the Shorecast, suggesting they are
heavily dependent on the training dataset, which may indicate that they
cannot predict/follow the long-term trend underlying the short term changes.

All models capture the general rotation patterns (shoreline orientation
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Figure 3.10.Differences among HM that based the equilibrium concept on: a)
Wave history (HM1, HM2, HM4 and HM8); b) Shoreline position (HM5, HM6, HM7,
HM9).

clockwise/anticlockwise) during the Shorecast, showing a better performance
in terms of metrics than during the calibration period, except for the models
that used data assimilation (Figure 3.11d and Figure 3.12). This may suggest
that models have less skill for extreme rotation events since the Shorecast
period showed fewer and smaller beach rotation events compared with the
calibration period. At times, models were able to predict shoreline rota-
tion but underestimated/overestimated the shoreline position. Conversely,
the shoreline rotation was poorly predicted at times when the erosion and
accretion events were reasonably predicted.

3.3.3 Model ensembles

Uncertainties due to the model limitations have been addressed through
multi-model ensembles (Limber et al., 2018), such as the global climate mod-
els (Tebaldi & Knutti, 2007; Buchanan, 2018). An ensemble of the HM and
ML models was created as a mean estimate of each type of model (HM and
ML models, separately) to compare them (Figure 3.11c). ML models dis-
played comparable skill to HM, suggesting they might be useful in describing
multi-year variability at shorelines not well simulated by HM. In general, HM
predictions do not capture the extremes events in shoreline position that oc-
cur over short time-scales (∼monthly) exhibited by the Tairua beach data. In
contrast, ML reproduced these fast oscillations and the more extreme events
in the shoreline position (Figure 3.2b and Figure 3.2b).

Overall, it appears that these two classes of model tend to focus on differ-
ent time-scales. Therefore, ML models and HM may play a complementary
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role in estimating cross-shore shoreline position, due to their different ap-
proaches (inductive versus deductive). A multi-model ensemble is generated
as a mean estimate of all the models (Figure 3.11d and dashed black line in
Figure 3.12d,e).

Figure 3.11.Shorecast predictions (2014-2017, blind test) a) Hybrid models; b)
Machine Learning models; c) HM and ML ensemble; d) Multi-model ensemble; e) Rotation
models; f) Hybrid models ensemble for beach rotation. Dark shadows in the ensembles
figures represent one standard deviation of the models prediction. Light shadows represent
maxima/minima envelope of the models predictions. Appendix A for models details

The total multi-model ensemble Shorecast often overlaps the shoreline
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data, showing capacity to predict seasonality and some extreme events, for
instance, accretion (end of 2015) and erosion (beginning of 2016). When
all models reproduce the measured shoreline position correctly, the aver-
age of the models converges (low standard deviation), while when some of
the models diverge from the measured shoreline, the ensemble cancels out
the possibility of a large error. In general, ensembles (HM, ML and all
models ensemble) showed better performance than many individual models
(Figure 3.11c,d, Figure 3.12 and Table3.2). Even though an ensemble ap-
proach may increase model complexity and might smooth the predictions,
Figure 3.12d,e show that the total model ensemble captured extreme events
(erosion/accretion) better than almost all HM and some of the ML models.
Therefore, the ensemble approach improves the reliability of the predictions,
and in effect reduces model-related uncertainty (Figure 3.11d,f).

3.3.4 Assessment of model performance

We calculated different metrics to assess predictive model performance. A
brief description of the metrics used is provided below. The following symbols
are used:

– o = observed shoreline position /rotation angle

– m = modelled shoreline position /rotation angle

Also, the use of a top bar (x) indicate the average, σx denotes the standard
deviation, σ2

x is the variance, |x| is the absolute value and N the length of
the time series. We used the following metrics:

• Squared error or coefficient of determination: Indicates how well the
model fits the observed data in terms of their correlation. A disadvan-
tage R2 is that the series may be well correlated but have large residuals
(Davidson et al., 2013)

R2 =

(
1

N − 1

N∑
i=1

(oi − o) (mi −m)

σoσm

)2

(3.2)

• Root Mean Square Error: Summarizes the mean differences in units of
o and m

RMSE =

√√√√ 1

N

N∑
i=1

(oi −mi)
2 (3.3)
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• Skill: Compares the error variance with the observed variance by nor-
malizing the RMSE. In general, skill is classified as: a poor model
performance (0-0.2), Fair (0.2-0.4), Good (0.4-0.7), Excellent (> 0.7)

Skill = 1−
∑N

i=1 (oi −mi)
2

σ2
o

(3.4)

• Mean Absolute Error: Similar to the RMSE, this metric does not con-
sider the direction of the errors and additionally it is unbounded

MAE =
1

N

N∑
i=1

|oi −mi| (3.5)

• Index of Agreement d: This index can detect additive and proportional
differences in the observed and simulated means and variances. How-
ever, it is overly sensitive to extreme values due to the use of squared
differences (Willmott & Willmott, 1982)

d = 1−
∑N

i=1 (oi −mi)
2∑N

i=1 (|mi − o|+ |oi − o|)2
(3.6)

0≤d≤1, with values close to zero for poor performance and values close
to 1 indicating excellent performance

• Mielke’s modification λ: This metric is a symmetric index, dimension-
less and bounded. This index can basically be considered as a natural
extension to correlation coefficient (r) that downregulates the value of
r according to the bias encountered in the data (Duveiller et al., 2016):

λ = 1− N−1
∑N

i=1 (oi −mi)
2

σ2
o + σ2

m + (o−m)2 (3.7)

This metric seems to give better information about the models’ capa-
bility to predict extremes.

We included a linear trend as a predictive model and, even though the
linear trend does not follow the shoreline oscillations, metrics like R2, RMSE
or Skill were better than for some of the models (Figure 3.12g-n).

The best metric for assessing model performance remains unclear and
different model performance metrics favoured different models, highlighting
the importance of considering multiple metrics and different approaches for
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a robust model evaluation. Table 3.2 displays all the above metrics for each
model. Each model is represented by a colour shown in the legend. Models
that obtained a good performance based on each metric are in the upper part
of the table.

Model performance was also assessed in terms of quantile-quantile (pre-
dictions vs measurements) which provides information about extremes events,
the direction of shoreline change (erosion/accretion), and mean behaviour
(Figure 3.12a-f).

Table 3.2.Summary of different metrics used to assess models performance.
Upper panels display values for the averaged alongshore shoreline position and bottom
panels metrics for the rotation predictions during the calibration period (left) and Shore-
cast (right).

In addition, it has to be acknowledged that the usefulness of a model
should not be expressed only in terms of metrics but also reproducibility
and understanding that leads to scientific advancements. In general, models
showed a lower performance during the Shorecast period than during the
calibration period, and lower performance compared to previous studies in
different sites where the models were first presented and tested against a data
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Figure 3.12.Models performance. Quantile-quantile plots of model behavior. Top 3
panels: Calibration period; bottom 3 panels: Shorecast. Model prediction vs measured
shoreline position for a) and d) HM; b) and e) ML; c) and f) model prediction vs measured
shoreline rotation. Dashed grey line represent the average shoreline position during the
calibration and the Shorecast period, respectively. R2, RMSE, skill and λ for shoreline
prediction for; g-j) averaged shoreline position; k–n) shoreline rotation.
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set (Castelle et al., 2014; Davidson et al., 2013; Lemos et al., 2018; Ludka
et al., 2015; Splinter et al., 2014; Turki et al., 2013; Yates et al., 2009). The
exact reason is difficult to determine but it is evident that, despite data
uncertainties, true predictions of unseen shoreline data remain a difficult
task.

3.4 Discussion and Conclusions

3.4.1 Uncertainty

Uncertainties are a key component of any modelling study. During the Shore-
cast, uncertainty arises from both the shoreline position and wave character-
istics. Wave characteristics have been obtained through a numerical model
and so contain potential sources of error. This could affect models differ-
ently since some models only use wave height and others include also the
wave period which in general is more difficult to reproduce. Despite the
wave period being poorly reproduced when compared to reproducibility of
the wave height, this did not seem to affect models’ performance during the
calibration. Due to the stochastic nature of waves, probabilistic approaches
using synthetic hydrodynamic forcing may give more realistic shoreline pre-
dictions that account for uncertainties, especially for long-term projections
(Davidson et al., 2017; Ranasinghe et al., 2012). The shoreline positions we
provided are likely to contain detection inaccuracies, although most of the
errors occur over a scale shorter than a week (Blossier et al., 2017). Large
shoreline changes, order of 30 days, were observed and these changes are only
marginally affected by the faster-scale inaccuracies (Blossier et al., 2017).
This is relevant since a number of models managed to reproduce instances
of rapid and large shoreline retreat, but others completely missed the fast,
order of 30 days, shoreline changes.

A different kind of uncertainty involves model structure and parameteriza-
tions. Such uncertainties in shoreline models arise because we use simplified
models that may ignore some of the physical processes; for example, HM
used during the Shorecast lack processes including, for example, overwash,
beach/dune interactions, influence of bars, human interventions which may
play an important role in shoreline evolution. Also, we use a variety of ML
techniques to find hidden processes and relations among drivers and response
since, a priori, it is uncertain which ML model works best for the dataset
provided. There is also an uncertainty related to parameters (D’Anna et al.,
2020; Splinter et al., 2016). While some models used only a minimal number
of parameters (e.g., equilibrium models), others included many more (e.g.,
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ML models) which brings up questions about model generality. Our test
indicates that, even when model structure is similar, results may differ be-
cause models are highly dependent on a range of parameters that the scientist
chooses.

3.4.2 Long-term predictions

Uncertainty in drivers (e.g., waves and SLR) and therefore shoreline response
increases as longer time horizons are explored. During Shoreshop 2018, an
attempt to predict Tairua shoreline evolution until 2100 was carried out. Re-
sults are not presented here because uncertainties in the future wave climate
were deemed too large and the model outputs diverged drastically. However,
the exercise was educational in two ways. First, it highlighted that shoreline
evolution models require calibration and often fail when implemented outside
of the regime of calibration (D’Anna et al., 2020). Secondly, the processes
causing long-term shoreline change can differ from those that produce sea-
sonal to multi-annual oscillations in shoreline position or plan-view shape
(as addressed in the calibration and Shorecast periods). For an alongshore-
restricted beach like Tairua, cross-shore processes related to SLR are likely
to be the main cause of cumulative shoreline change. However, many of
the models presented do not include the effects of SLR. We have thus far
discussed creating ensembles for shoreline prediction, but ensembles are also
needed for the drivers such as, SLR, wave conditions, storm surge where dif-
ferent scenarios are considered (Le Cozannet et al., 2019; Davidson et al.,
2017; Ranasinghe et al., 2012).

Comparisons between multiple models on additional datasets (e.g., long-
shore vs cross-shore transport or seasonal vs storm dominance) are recom-
mended to address issues in long-term predictions that include (a) down-
scaling an appropriate future wave climate using a probabilistic approach
that allows uncertainties to be accounted for, (b) assessing morphodynamic
implications of different scenarios of SLR, and (c) dealing with the effect
of out-of-calibration parameters. This will help better differentiate model
performance, including transportability to different wave climates and mor-
phodynamic settings. Then, an increase of this type of modelling competition
it is a way to accelerate knowledge exchange and dissemination, as well as
fostering community interaction.
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CHAPTER 4

A multi-scale approach to shoreline prediction

Abstract

Shorelines respond to a number of ‘drivers’ operating on a variety of time-
scales, ranging from short-term wave variability to long-term climate oscilla-
tions. For some time-scales, the driver-shoreline relationship is evident (e.g.,
seasonal changes in waves are reflected in winter/summer cross-shore pro-
files). However, shoreline changes at longer time-scales (e.g., multi-annual,
decadal) may be superimposed on changes at shorter time-scales and thus
difficult to identify. Here, we predict shoreline position evolution from storm
events to decadal time-scales at two beaches (Narrabeen, Australia, and
Tairua, New Zealand), using a novel approach based on the Complete En-
semble Empirical Mode Decomposition. This approach identifies the primary
time-scales of variability in the drivers (large-scale sea level pressure and/or
waves near to the shore) and shoreline position. The multi-scale approach re-
produced shoreline changes more skilfully than a commonly adopted shoreline
model when sea level pressure and wave information were used in combina-
tion. The model is also able to reproduce shoreline changes, although with
decreased performance, when only sea level pressure or only wave informa-
tion are used. Our approach allows the drivers that have the largest influence
on the shoreline response at each time-scale to be identified, providing the
opportunity to link some of the longer time-scales with climate patterns (e.g.,
El Niño Southern Oscillation.
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4.1 Introduction

Changes in the shoreline position are due to the interaction and feedbacks
between different processes (e.g., cross-shore sediment transport, longshore
sediment transport, sea level rise). Each process may be characterized by a
different dominant time-scale related so that the short- and long-term shore-
line evolution remains difficult to predict. Cross-shore sediment transport is
generally considered the main control of shoreline evolution at seasonal and
inter-annual time-scales mainly due to changes in the wave height and period
(Kriebel & Dean, 1985; Miller & Dean, 2004), whilst longshore processes on
open coastlines typically become more relevant over much longer time-scales
(decades to centuries) (Hanson, 1989; Ashton et al., 2001). Other processes
like changes in sediment supply, tectonic processes, anthropogenic interven-
tions, and sea level rise (SLR) (Bruun, 1962; Ludka et al., 2018; Le Cozannet
et al., 2019) may also be superimposed. On wave-dominated coastlines, bulk
parameters (wave height, Hs, wave period, Tp, and/or wave direction θ) are
generally used as drivers in numerical models to simulate shoreline change.

Wave information in turn depend on atmospheric patterns (Harley et al.,
2010; Camus et al., 2014; Godoi et al., 2016; Rueda et al., 2019) there-
fore, atmospheric anomalies, such as North Atlantic Oscillation (NAO), El
Niño Southern Oscillation (ENSO) can also be related to shoreline variability
(Masselink & Van Heteren, 2014; Robinet et al., 2016; Anderson et al., 2018).
Barnard et al. (2015) found that extreme erosion events in beaches in the
Pacific Basin were linked with ENSO. Castelle et al. (2017) proposed a cli-
mate index, West Europe Pressure Anomaly (WEPA), based on the Sea Level
Pressure, SLP, to explain wave variability along the coast of Western Europe
and extreme beach erosion events. So far, only a few approaches have taken
advantage of the link between atmospheric circulation patterns and shoreline
changes. For example, Antoĺınez et al. (2016) proposed a multi-scale climate
emulator that considers the global atmospheric circulation fields as part of
the input of a ‘one-line’ shoreline model. Robinet et al. (2016) developed
a statistical model to predict inter-annual shoreline variability at Truc Vert
beach, France, using weather regimes based on the regional atmospheric cir-
culation patterns and showed similar skill to a common equilibrium model
(Yates et al., 2009). Anderson et al. (2018) developed a climate index to
relate beach rotation with climate patterns at multi-decadal time-scales and
showed that large shoreline excursions are related to extreme El Niño win-
ters. Wiggins et al. (2020) used a combination of the NAO and WEPA index
to predict beach rotation in the U.K.
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In this chapter, a new methodology based on the Complete Ensemble
Empirical Mode Decomposition (CEEMD) (Huang et al., 1998; Torres et al.,
2011) to isolate and link the main time-scales in drivers and shoreline re-
sponse for two beaches is introduced. To predict shoreline changes, we used
two different drivers: Large-scale SLP fields and their gradients, and bulk
wave parameters (Hs, Tp, θ). Our hypothesis is that shoreline position at
an individual time-scale can be predicted using the oscillations in the drivers
at the same time-scale. Then, the overall shoreline change can be predicted
superimposing changes predicted at the most relevant time-scales.

4.2 Methods

4.2.1 Study sites

Two beaches where high-quality shoreline measurements were available were
considered in this study: Narrabeen Beach, Australia (11 years of shore-
line data), and Tairua, New Zealand (18 years of shoreline data) (Phillips
et al., 2017; Montaño et al., 2020b). Narrabeen Beach is a 3.6 km embay-
ment located in the Sydney metropolitan area. The beach is micro-tidal
(mean tidal range = 1.3 m) with coarse sand (D50 ∼ 0.4 mm). The beach
morphology at the profile used in this study (the southern part of the beach,
PF6, refer Turner et al. (2016)) experiences a range of beach states depending
on antecedent wave conditions, from lower-energy intermediate and reflective
beach states to higher-energy intermediate beach states such as rhythmic bar
and beach and longshore-bar trough (Wright & Short, 1984; Splinter et al.,
2014; Turner et al., 2016). Shoreline data at Narrabeen were obtained at
approximately daily intervals between 2004 and 2015 using an Argus camera
system (Harley et al., 2011; Phillips et al., 2017).

Tairua Beach is located on the east coast of the North Island of New
Zealand. Tairua is a 1.2 km long pocket beach, with medium to coarse sand
that exhibits intermediate beach states, typically showing a single dynamic
longshore subtidal bar with two headland rips and three to six additional
rip channels (Gallop et al., 2011; Blossier et al., 2016). The beach is micro-
tidal with a tidal range varying between 1.2 and 2 m. Shoreline data were
obtained through a camera and the alongshore-averaged cross-shore position
was averaged weekly (Blossier et al., 2016, 2017; Montaño et al., 2020b).
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Figure 4.1.Model drivers for Narrabeen beach. a) Mean energy flux for all pos-
sible source points computed with the ESTELA method. The travel time (in days) is
represented by the black lines (3 day increments) and grey lines (1 day increments); b)
Example of the Empirical Orthogonal Functions (EOF1) of the SLP fields and gradients.
Shaded areas represent SLP gradients while the contours represent SLP fields; c) Principal
Component (PC1) corresponding to the EOF1 shown in panel b; d) wave bulk parameters
used for the analysis (Hs, Tp, θ).
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Figure 4.2.Model drivers for Tairua beach. a) Mean energy flux for all possible
source points computed with the ESTELA method. The travel time (in days) is repre-
sented by the black lines (3 day increments) and grey lines (1 day increments); b) Example
of the Empirical Orthogonal Functions (EOF1) of the SLP fields and gradients. Shaded
areas represent SLP gradients while the contours represent SLP fields; c) Principal Com-
ponent (PC1) corresponding to the EOF1 shown in panel b; d) wave bulk parameters used
for the analysis (Hs, Tp, θ).
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4.2.2 Model Drivers

We considered two model drivers: large-scale two-dimensional SLP fields and
gradients from CFSR reanalysis, and wave time-series (Hs, Tp and θ). The
SLP influence area was identified using the ESTELA method (Pérez et al.,
2014). The method evaluates the source and travel time of waves reaching a
given location based on the geographic criteria and the two-dimension wave
spectra (IFREMER wave hindcast, (Rascle & Ardhuin, 2013)). In order to
include the travel time of swell waves in the analysis, the SLP information is
modified according to the isochrones of the average travel time, Hegermiller
et al. (2017) (Figure 4.1a and Figure 4.2a). Then, a Principal Component
Analysis (PCA) is performed over the SLP fields and gradients to obtain the
Principal Components-PCs (Figure 4.1c and Figure 4.2c), associated with
the dominant spatial variability patterns: Empirical Orthogonal Functions,
EOFs (Figure 4.1b and Figure 4.2c). Here, we use only the first ten PCs,
which explain up to 55% (Narrabeen) and 42% (Tairua) of the overall vari-
ance, since after the 10th PC-EOFs the % E.V is lower than 2%, being more
difficult to extract meaningful physical information. Wave parameters at
Narrabeen were obtained from a buoy located 11 km offshore (80 m water
depth). The deepwater observations were downscaled to 10 m depth contour
(immediately offshore of profile PF6) using a SWAN nearshore wave model
(Turner et al., 2016). Similarly, waves at Tairua were obtained at 10 m water
depth using SWAN forced with deepwater wave reanalysis using WaveWatch
III, at a 3 hourly resolution (Montaño et al., 2020b). For the analysis, all
time-series were interpolated at a daily scale.

4.2.3 Complete Ensemble Empirical Mode Decompo-
sition (CEEMD) model

CEEMD is a noise-assisted data analysis based on the Empirical Mode De-
composition (EMD) introduced by Huang et al. (1998). EMD-based methods
were designed to identify non-linear and non-stationary oscillations in data,
even with small amplitudes, assuming that simple oscillatory modes of sig-
nificantly different superimposed frequencies coexist (Huang et al., 1998).
EMD decomposes time series into a finite set of ‘intrinsic mode functions’
(IMFs), representing different time-scales with varying amplitudes and fre-
quencies. The last IMF (residual) is considered as the trend, and therefore,
the method does not require detrending the time-series. EMDs have shown
a good performance when compared with traditional methods used in geo-
physical and climatology studies (Huang & Wu, 2008; Carmona & Poveda,
2014; Wu et al., 2008; Ji et al., 2014).

53



Chapter 4. A multi-scale approach to shoreline prediction

CEEMD is a step forward compared to EMD, since the IMFs separation
is improved through the addition of Gaussian white noise to the signal and
the true IMF is calculated as the mean of an ensemble of tests (100 in our
study) (Wu & Huang, 2009; Torres et al., 2011).

We used white noise amplitudes between 0.1 and 0.5 the standard devi-
ation of the signal. Then, a significance test that identifies the statistically
significant oscillations Wu & Huang (2004) was performed, and only the IMFs
that satisfied a significance level higher than 95% were selected for further
analysis. When averaging the shoreline predictions, we used only the predic-
tions for white noise amplitudes, with significant skill during the calibration
period. To summarise, the methodology consists of five steps (See Figure
4.3):

1. Decompose the time-series of the shoreline (Figure 4.4 and Figure 4.5)
and drivers SLP and/or wave information using CEEMD, in order to
isolate time-series representing the different time-scales. Then, apply
a statistical test (Wu & Huang, 2004),to identify the significant IMFs.
(See Step 1 in flowchart, Figure 4.3).

2. Separately reconstruct the shoreline oscillation (SIMF,j) at each sig-
nificant time-scale, using the drivers (YIMF,i) with similar time-scale
(Figure 4.6 and Figure 4.7). The normalized IMFs of the drivers are
used to find the coefficients c that best fit the shoreline position at a
specific time-scale, i.e.,SIMF,j =

∑N
i ciYIMF,i, where N = 1, 2 . . . i cor-

respond to the number of drivers that satisfy the significance test at the
time-scale considered, and the subindex j corresponds to the time-scale
of the shoreline being reconstructed. The coefficients ci are optimized
by maximizing the Mielke’s modification index (λ) (Duveiller et al.,
2016). As can be seen in Step 2 in the flowchart, not all the drivers
have significant oscillations at the time-scale being reconstructed (black
square). An example of an equation is also shown in the flowchart.

3. The overall shoreline position is reconstructed as the summation of the
different time-scales (j) found in step 2, as: S =

∑M
j SIMF,j , with

M = 1, 2 . . . j. Steps 1 to 3 are repeated for each iteration of white
noise (with different amplitudes). Shading in (Figure 4.8 and Figure
4.9), represents the standard deviation of the iterations using different
levels of white noise.

4. Finally, the predictions obtained by applying the different iterations of
white noise that satisfy a suitable threshold, (in our study λ greater or
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equal to the 75th percentile), are linearly averaged to obtain the final
shoreline position (Figure 4.8 and Figure 4.9).

Figure 4.3.Flowchart representing the CEEMD model approach. Representation
of the IMFs obtained after applying the CEEMD method for the shoreline (pink lines)
and drivers (blue lines). Reconstructed shoreline is represented by the dotted black lines.
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4.3 Results and Discussion

4.3.1 Isolating time-scales in shoreline position and as-
sociated drivers

Figure 4.4a-d and Figure 4.5a-d display the shoreline trend (top panels) and
three main temporal oscillations (IMF-S, pink lines, right axis) of the shore-
line position at Narrabeen and Tairua, respectively. The mean period is
obtained using the zero-crossing method. At Narrabeen, a strong trend is
observed (Figure 4.4a) with around 20 m of accretion after 2009. The IMF
related to the trend (pink line) explains up to 46% of the shoreline signal.
Seasonal (∼181 days), annual (∼363 days), and bi-annual (∼709 days) oscil-
lation are observed in the shoreline data, and these oscillations explain about
11%, 18% and 12% of the shoreline variability respectively (Figure 4.4b,c,d).
The periods (days) of the other significant oscillations and the respective
percentage of explained variance (%E.V) were T∼17(2%), 45(3%), 85(4%),
and 1291(3%) leading to an overall E.V=99%. Tairua does not show a clear
trend (E.V=2% Figure 4.5a). The seasonal(∼146 days) and annual(∼352)
variability at Tairua have a %E.V of 10% and 28% (Figure 4.5c,d). A ∼2.7
years (980 days) oscillations have a large E.V (30%). The other oscillations
found at Tairua were T∼15(2%), 39(8%), 73(6%), 1125(9%), 1911(4%), and
4537(2%) days explaining 99% of the shoreline variance. We performed the
same analysis for the drivers to identify their respective time-scales (blue
lines, Figure 4.6 and Figure 4.7).

4.3.2 Shoreline position at individual time-scales

We hypothesize that shoreline changes at a specific time-scale can be pre-
dicted using the drivers with a similar temporal oscillation. For instance,
seasonal shoreline changes might be predicted using only seasonal oscillations
in the drivers while the total shoreline change results from the summation
of the different time-scales (e.g., seasonal, annual, bi-annual, decadal). Fig-
ure 4.6a-c and Figure 4.7a-c show the individual shoreline oscillations (pink
line, IMF-S) for a specific time-scale (same as Figure 4.4 and Figure 4.5)
and the reconstructed shoreline (dotted black line), using both the PCs of
the SLP fields and gradients (Figure 4.1c and Figure 4.2c) and the waves
(Figure 4.1d, and Figure 4.2d). Some oscillations, for instance, 709 days at
Narrabeen (Figure 4.6c), are more difficult to reconstruct since only a few
drivers are significant at that scale and their signal shows stronger sensitivity
to the white noise selection (pink shades).
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Figure 4.4.Shoreline oscillations (IMFs) for Narrabeen beach. The black line
represents the shoreline data (left axis), where low values of the shoreline position rep-
resent erosion and high values accretion. The pink lines display shoreline oscillations of
IMFs (IMF-S, right axis) after noise averaging. Standard deviation due to different white
noise levels are represented by pink shades. Approximate period in days of the shoreline
oscillation (T) and percentage of explained variance (%E.V) for each IMF are displayed
in each panel.
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Figure 4.5.Shoreline oscillations (IMFs) for Tairua beach. The black line repre-
sents the shoreline data (left axis), where low values of the shoreline position represent
erosion and high values accretion. The pink lines display shoreline oscillations of IMFs
(IMF-S, right axis) after noise averaging. Standard deviation due to different white noise
levels are represented by pink shades. Approximate period in days of the shoreline oscilla-
tion (T) and percentage of explained variance (%E.V) for each IMF are displayed in each
panel.
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Figure 4.6. Drivers and shoreline response at individual time-scales for
Narrabeen. a)-c) left panel: Shoreline oscillation (pink line, left axis) and an exam-
ple of a driver that was found to have a strong influence in the shoreline evolution at this
specific time-scale (blue line, right axis). Dotted black line shows the averaged shoreline
prediction using the SLP and wave information. Pink shades represent the standard de-
viation of the white noise runs. Metrics are displayed (Root Mean Square Error: RMSE;
Square error: R2, Mielke’s modification index λ). Ts is period (days) of the shoreline os-
cillation). Right panels: Cross-correlation (blue dot) between the driver and the shoreline
RSD; d) Behavior of the PC1 (black line) and SOI (color bars). Correlation coefficient R
is displayed. The PC1 has been normalized with the SOI to improve the visualization.

59



Chapter 4. A multi-scale approach to shoreline prediction

Figure 4.7. Drivers and shoreline response at individual time-scales for Tairua.
a)-c) left panel: Shoreline oscillation (pink line, left axis) and an example of a driver that
was found to have a strong influence in the shoreline evolution at this specific time-scale
(blue line, right axis). Dotted black line shows the averaged shoreline prediction using the
SLP and wave information. Pink shades represent the standard deviation of the white noise
runs. Metrics are displayed (Root Mean Square Error: RMSE; Square error: R2, Mielke’s
modification index λ). Ts is period (days) of the shoreline oscillation). Right panels:
Cross-correlation (blue dot) between the driver and the shoreline RSD; d) Behavior of the
PC1 (black line) and SOI (color bars). Correlation coefficient R is displayed. The PC1
has been normalized with the SOI to improve the visualization.
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Blue lines in Figure 4.6 and Figure 4.7 (right axis) show some of the
drivers that had a strong cross-correlation coefficient (RSD, blue dots in the
right panel) with the shoreline position at the individual time-scale, which
is reflected in the coefficients (ci, step 3) when reconstructing the shoreline.
Moreover, changes in the amplitude of the drivers (blue lines) are reflected
in the shoreline position (pink lines), allowing us to account for the non-
stationarity of the wave climate (e.g., Figure 4.6c). In section 4.5, the re-
lationship of some of the drivers with the SOI index at long time-scales is
discussed (Figure 4.6d and Figure 4.7d).

4.3.3 Hindcasting the total shoreline change

The total shoreline position is the sum of all the reconstructed time-scales.
Figure 4.8a and Figure 4.9a show the predicted shoreline changes at Narrabeen
and Tairua using SLP and wave information as the basis for prediction. We
repeated the analysis using: only SLP information (Figure 4.8b and Fig-
ure 4.9b); only wave parameters (Hs, Tp, θ) (Figure 4.8c and Figure 4.9c).
The new approach is compared with ShoreFor model (Davidson et al., 2013)
which is used globally (Splinter et al., 2014; Dodet et al., 2019; Montaño
et al., 2020b) due to its simplicity (it requires only Hs, Tp, sediment size, and
only uses three free coefficients) and excellent performance at reproducing
shoreline change. At Narrabeen, our model performed better than ShoreFor
when SLP information was included (Figure 4.8a,b). When only waves were
used at Narrabeen, the model performance was poorer. The model was able
to reproduce some accretion (e.g., 2006) and erosion events (e.g., 2007) only
when SLP information was used, which were underestimated by ShoreFor
or by our model when only waves were used. At the beginning of 2013, all
models predict accretion during an erosion event, probably because of the
bar influence in the shoreline behavior (twice the average distance between
bar and shoreline) (Phillips et al., 2017). For Tairua the best model result
was also obtained when SLP and waves were used (Figure 4.9a), but, con-
trary to Narrabeen, similar results were obtained when the model used only
SLP (Figure 4.9b) or only wave information (Figure 4.9c),i.e.,ShoreFor per-
formed similar to the only-SLP and only-wave cases. Quantile analysis has
been performed as it highlights performance for extreme events (Figure 4.8e
and Figure 4.9e), showing that our approach captured these events better (a
perfect model follows the diagonal dashed black line).
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4.3.4 Predictive capability

We also tested the model prediction capability (grey area, Figure 4.8d and
Figure 4.9d) using SLP and waves. The calibration dataset of the models was
reduced and the last 21

2
years of each time-series were used to test the model

predictions. The last years of shoreline change at Narrabeen show events not
present in the calibration period (e.g., the large accretion-erosion sequence in
2014-2015), making predictions particularly challenging. At Narrabeen our
model had a better performance during the forecast than ShoreFor, but the
contrary was observed at Tairua. Nonetheless, our model seems to perform
better for extremes (Figure 4.9d,e). We suggest that the reason for this is
that ShoreFor tries to optimize a parameter for all time-scales, whereas this
approach treats each time-scale separately and is hence able to better capture
both short and long time-scales.

4.3.5 Extracting information from the different time-
scales

Our results show that the model performance improved when SLP and wave
information are both used. The two drivers contain related information but
there are also differences, which might explain why their combined use im-
proves model skill. For instance, the SLP information obtained through the
PCA only explains part of the variance. To fully explain variability, many
more PCs are needed, for instance, Rueda et al. (2019), used 568 PCs to
explain 95% of the variability in New Zealand. The SLP might contain in-
formation of fluctuations related to the mean sea level (Robinet et al., 2016;
Ruggiero et al., 2001; Serafin & Ruggiero, 2014), not present in the wave data,
although, both study sites are not highly influenced by storm surge, this in-
formation could be important at other locations. Moreover, the PCs-EOFs
obtained from the SLP track wave information from a large-scale generation
areas. At the same time, the wave information near to the shore considers
bathymetric effects that are not captured by SLP but reduces wave variabil-
ity to a single bulk parameter and ignores the complexities of bi-modality
wave spectra on coastal processes (e.g., Montaño et al., 2020a; Wiggins et al.,
2020). Overall, both drivers are complementary.
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Figure 4.8.Shoreline predictions for Narrabeen using ShoreFor model and
CEEMD approach with: a) SLP and wave information; b) only SLP; c) wave pa-
rameters; d) Shoreline model using SLP and wave information during 2 1

2 years of forecast
(gray area). Standard deviation associated with different white noise levels are represented
by shades; e) QQ-plot, hindcast period (left panel), and forecast period (right panel).
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Figure 4.9.Shoreline predictions for Tairua using ShoreFor model and CEEMD
approach with: a) SLP and wave information; b) only SLP; c) wave parameters; d)
Shoreline model using SLP and wave information during 2 1

2 years of forecast (gray area).
Standard deviation associated with different white noise levels are represented by shades;
e) QQ-plot, hindcast period (left panel), and forecast period (right panel).
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We analyzed the influence of the two drivers in the shoreline prediction
for individual time-scales. For instance, at Narrabeen, the largest cross-
correlations (RSD) between drivers and changes in the shoreline position at
time-scales shorter than annual: ∼45, 85 and 181 days, were found with Hs

(RSD ∼ -0.47; -0.41; -0.44, Figure 4.6a); while very low RSD were found with
the PCs (SLP fields and gradients) at these time-scales. Conversely, at the
annual scale, atmospheric patterns captured by the PCs (e.g., PC1, Figure
4.6b) showed a strong RSD ∼-0.75 compared to Hs (RSD ∼-0.31). It is also
shown that the shoreline changes at the bi-annual scale are highly modulated
by Hs (Figure 4.6c).

Some shoreline equilibrium models (Davidson et al., 2013; Splinter et al.,
2014) provide insight on characteristic time-scales by using a memory decay
parameter (φ), which reflects the shoreline response to wave conditions, which
in turn explains the efficiency of sediment exchange between the shoreface and
the offshore sandbar, nearshore circulation patterns, among others (Davidson
et al., 2013). At Narrabeen φ ∼ 15 – 30 days, which is related to the storm
frequency (Davidson et al., 2013; Splinter et al., 2014; Phillips et al., 2017;
Davidson et al., 2017). We noticed that our model, which does not explicitly
use the beach memory parameter, shows large correlations between wave
parameters and shoreline response at similar time-scale indicated by φ. The
shoreline response to Hs is in fact dominant for time-scales shorter than
annual at Narrabeen. The weak correlation between Hs and the shoreline
at the annual scale is reflected in a poor prediction at this scale when only
wave information is used. This affects the total shoreline prediction since the
annual variability explains a large part (18%) of the shoreline variance.

At Tairua, for scales shorter than annual, Hs had the largest RSD, but
contrary to Narrabeen, both drivers displayed a good RSD = 0.60(PC1), and
-0.63(Hs, Figure 4.7) at the annual scale (∼352 days), which is in the same
order of magnitude that φ ∼220 days, and one order of magnitude higher
than for Narrabeen. The shoreline response to Hs at the different time-
scales might explain the similarity in model skill when only SLP or wave
information is used at Tairua.

Previous studies at Narrabeen have identified the influence of the ENSO
in erosion/accretion patterns for time-scales between 2 and 7 years (Harley
et al., 2010; Ranasinghe et al., 2004). Different from previous studies, we
analysed the influence of the ENSO (through the Southern Oscillation Index,
SOI) at individual time-scales. For instance, the 709 days oscillation in
the shoreline was significantly correlated with the PC1-EOF1, (RSD=-0.37),
which in turn had a significant correlation coefficient (R=0.46, p<0.001) with
the SOI at this time-scale (Figure 4.6d). Although some of the PCs-EOFs
have a small E.V (<5%), they were found as relevant drivers at some specific
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time-scale, improving the shoreline predictions when they are considered. For
instance, the ∼3.5 years oscillation (1291 days) had a strong RSD with the
PCs-EOFs 5,6 and 8,(0.69,0.59 and -0.46) which also had a strong R with
the SOI(-0.48,-0.4 and 0.55)(Figure B.3 to Figure B.5, Appendix B).

In New Zealand the influence of the ENSO has been shown to be relevant
(Godoi et al., 2016; Rueda et al., 2019). We found that the SOI had a
significant correlation at the time-scale of ∼980 days with the PC-EOF1
(R = 0.47) (Figure 4.7c,d). Similar R was found at this time-scale with the
PC-EOF2 (Figure B.6, Appendix B). In addition, the RSD at this time-scale
was strong with Tp, which was also significantly correlated with the SOI
(Figure B.7, Appendix B).

4.4 Conclusions

We propose a robust methodology for shoreline prediction that bridges previ-
ous observations and modelling efforts of short-term shoreline change driven
by waves with longer-term changes driven by large-scale climate oscillations.
The new approach identifies characteristic oscillations in the shoreline and
drivers, predicts the shoreline changes at individual time-scales, and allows
us to identify the drivers with the largest contribution to shoreline change.
The methodology allows us to link oscillations longer than annual with some
climate anomalies (e.g., El Niño Southern Oscillation). Finally, the shoreline
position is reconstructed as the sum of shorelines at all time-scales identified
as significant. The new approach can make use of different drivers, with the
best model performance obtained when SLP (comprising both synoptic-scale
weather patterns and larger-scale climate oscillations) and wave information
are used. Nonetheless, the model showed good performance reproducing
shoreline changes when only SLP or wave parameters are used. With recent
studies warning us of a significant change to shoreline erosion patterns (e.g.,
Masselink et al., 2016), more robust prediction methods, that can consider
changes in weather and climate patterns will become increasingly critical
(D’Anna et al., 2020). The new approach might be useful also in the context
of future climate change since it does not depend on pre-existing conditions
and individual time-scales can be predicted separately, allowing for additional
drivers that might be locally relevant.
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CHAPTER 5

Understanding time-scales on a dune-beach system and

implications for shoreline modelling

Abstract

Understanding the interactions between dune systems and beaches is critical
to determining the short-term shoreline response and the long-term resilience.
In this study, almost 15 years of monthly sub-aerial measurements of sand
levels were analyzed for three different profiles at Vougot beach, France to
understand and predict shoreline changes from intra- to multi-annual time-
scales. The analysis showed that the beach was constantly steepening (lower
beach retreating and upper beach advancing), which was interrupted by two
large flattening events (lower beach advancing and upper beach retreating).
These two observations are evidence of how the sediment contribution re-
sulting from the dune erosion events ‘resets’ the shoreline behavior. As a
result, the time-scales related to dune erosion accounts for a large part of
the explained variance of the shoreline changes. Translation modes (retreat
and advance of the entire profile) were less frequent that rotation modes
(steepening and flattening) at the three profiles. A new model approach,
which predicts shoreline changes at different time-scales, was used to pre-
dict shoreline changes, showing significant improvements in comparison to a
traditional shoreline equilibrium model. The results showed that the dune
system affects the beach profile evolution both spatially, with different im-
pacts at different elevations along the cross-shore profile, and temporally, by
periodically ‘reseting’ the shoreline evolution.
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5.1 Introduction

During the last few years, research efforts to understand and predict shoreline
evolution have increased because of the increased threat posed by climatic
changes, including changes sea levels as well as changes in storm magnitude
and frequency. Sediment exchange across the beach occurs over different
time-scales, and many uncertainties in the beach/dune response to different
drivers still exists on scales ranging from storms to the overall wave climate.
The processes involved are further complicated by the stochastic nature of
the forcing and the inherent non-linear interactions and feedbacks operating
over multiple temporal and spatial scales (Larson & Kraus, 1995; Hapke
et al., 2016).

It is in fact becoming increasingly clear that, due to climatic changes,
coastal erosion is likely to be exacerbated because of the intensification of
storms. Sea Level Rise (SLR) has been the focus of the attention of the beach
community in the last couple of years (Le Cozannet et al., 2019; Nicholls &
Cazenave, 2010), but it is becoming evident that shoreline erosion is not only
affected by SLR but also by changes in the (storm) wave climate (Masselink
et al., 2016). Barnard et al. (2015), found that El Niño and La Niña events in
the Pacific Ocean basin might lead to extreme coastal erosion and flooding,
independent of sea level rise. This was also observed along the Atlantic Coast
of Europe during the 2013/2014 winter, which has been the most energetic
winter since 1948, causing unprecedented dune and beach erosion on North-
ern European Atlantic beaches (Burvingt et al., 2018; Dodet et al., 2019;
Masselink et al., 2016). Therefore, models than can accurately predict shore-
line changes in short (storm) and mid horizons (wave climate) are required.
D’Anna et al. (2020) studied the uncertainty associated with different vari-
ables in a cross-shore-only version of the LX-Shore shoreline change model
(Robinet et al., 2018) including SLR effects using the Bruun Rule. When ap-
plied to reproduce 20 years of shoreline evolution at Truc Vert beach, France,
they found that the free parameters (response rate, linear trend, and beach
memory) used to model intra to multi-annual time-scales) resulted in larger
contributions to the overall uncertainty than the SLR or depth of closure
(used in applying the Bruun Rule). This highlighted a major problem in
long-term predictions, since climate change impacts may significantly im-
pact the wave climate and extremes at these time-scales, making difficult the
use of the calibrated model parameters (D’Anna et al., 2020).

During storms, the shoreline typically moves landward (erosion), while
during calm periods the shoreline typically moves seaward (accretion). Shore-
line changes occurring over much larger time-scales (decadal to centennial)
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may be the result of other factors such as longshore sediment transport,
changes in sediment supply, anthropogenic interventions, sea level rise (SLR),
and changes in the wave climate, amongst others (Bruun, 1988; Hanson,
1989; Vitousek et al., 2017). Generally, cross-shore sediment transport is
considered to be the main control of shoreline evolution at seasonal and
inter-annual time-scales (Kriebel & Dean, 1985; Miller & Dean, 2004), whilst
longshore processes (specifically on open coastlines) become more dominant
over much longer time-scales (decades-century) (Ashton et al., 2001; Hanson,
1989; Hurst et al., 2015). Nonetheless, factors such as the chronological order
of storms (Callaghan et al., 2008; Coco et al., 2014; Senechal et al., 2015),
phase of the tide (Castelle et al., 2014; Lemos et al., 2018), and variable water
levels (Ruggiero et al., 2001; Serafin & Ruggiero, 2014) may also have an im-
portant role in the dune/beach system response. In addition, the antecedent
morphological conditions (Davidson et al., 2013; Miller & Dean, 2004; Yates
et al., 2009) and other morphological and hydrodynamic characteristics, such
as the shoreline orientation and exposure to incoming waves (Burvingt et al.,
2018; Scott et al., 2011), bar morphology (Blossier et al., 2017; Castelle et al.,
2010), and cliff/dune contributions (Larson et al., 2016; Limber et al., 2018)
may also have significant impacts on the shoreline response.

Uncertainties in the prediction of dune/beach system changes are still
large due to limited knowledge of the interactions between the physical
drivers and the system response, which occur over a range of time-scales.
For instance, short-term dune/beach erosion during storms may cause abrupt
changes to the coastal system with long-lasting effects. Drivers that control
dune/beach erosion and subsequent recovery are likely to be different, and
therefore the time-scales associated with those processes will also be differ-
ent. For example, erosion is usually fast and episodic, while recovery is often
slow and long-term, and the physical processes and therefore time-scales are
different for dunes and beaches. Dune erosion has been found to be a re-
sult of wave and water level action mobilising and removing sediment from
the dune/berm and depositing deeper along the cross-shore profile offshore.
Nonetheless, Cohn et al. (2018) found that high water levels, along with wind-
induced sediment transport, may also contribute to dune growth. Erosion
along the upper beach has been attributed mainly to interactions between
the impacts of incident waves and the antecedent morphology of the sub-
aerial and subaqueous beach (Coco et al., 2014; Ludka et al., 2015; Splinter
et al., 2014). In addition, dune recovery by wind-blown sand occurs over
significantly longer time scales compared to the recovery of the upper beach
(Morton et al., 1994; Phillips et al., 2019). Although the external drivers that
control dune and beach erosion and subsequent recovery may vary, feedbacks
between both parts of the dune/beach system play an important role. Dune
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recovery needs a source of sediment to be transported by the wind. This
requires first that the beach recovers, through the onshore migration and
welding of nearshore bars, which is in turn followed by accretion along the
backshore to generate a sediment source for dune recovery (Houser, 2009;
Larson et al., 2016). On the other hand, dune erosion is controlled not only
by the exceedance of wave run-up over the antecedent dune toe elevation,
but also by the width of the beach immediately fronting the dune, since the
berm reduces the wave energy ultimately reaching the dune (Beuzen et al.,
2019; Houser, 2009; Plant & Stockdon, 2012).

In recent decades, data availability has increased, with long time-series
from camera systems (Montaño et al., 2020b; Phillips et al., 2017), Lidar mea-
surements (Phillips et al., 2019), advances in satellite remote-sensing (Lui-
jendijk et al., 2018; Vos et al., 2019), or longer time span topo-bathymetric
measurements (Turner et al., 2016; Ludka et al., 2019) encouraging the de-
velopment of shoreline change models using data-driven approaches. For
instance, equilibrium models (Davidson et al., 2013; Yates et al., 2009), also
called Hybrid models (Montaño et al., 2020b), have become popular due
to their simplicity, low computational cost and good performance in pre-
dicting shoreline changes at intra-annual to multi-annual time-scales. This
type of model is based on the dis-equilibrium concept (Wright et al., 1985),
in which the shoreline position rate of change is governed by the difference
between present and equilibrium wave and/or morphological conditions to
predict cross-shore shoreline changes (Davidson et al., 2013; Miller & Dean,
2004; Yates et al., 2009). This type of model relies heavily on data to search
for and optimize the model free parameters (Splinter et al., 2013). As one
might expect, the performance of these cross-shore models is poor at loca-
tions where the driver of shoreline changes is long-shore sediment transport
(Dodet et al., 2019). To fill this gap, Vitousek et al. (2017) added a new term
to the cross-shore model based on Yates et al. (2009). The new term accounts
for longshore processes through a ‘one-line’ model approach (US Army Corps
of Engineers, 1984). It is also worth pointing out that the authors added a
term that accounts for SLR-induced shoreline recession based on the ‘Bruun
rule’ (Bruun, 1962), in addition to a long-term trend term taking into account
unresolved processes. Robinet et al. (2018) followed a similar approach and
proposed a model integrating the cross-shore component based on the Shore-
For model of Davidson et al. (2013), which also includes a long-term trend
term, and an alongshore component similar to Ashton et al. (2001). A more
recent improvement to the this type of model was introduced by Antoĺınez
et al. (2019), which also included the contribution of foredune erosion, in ad-
dition to the cross- and long-shore changes. Despite the level of complexity
of the model, the berm profile was fixed, and dune recovery was neglected.
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Other types of more complex process-based models calculating 2D or 3D
sediment transport processes have been proposed to simulate dune/beach
changes from intra- to multi-annual temporal scales (Hanson et al., 2010;
Larson et al., 2016; Palalane et al., 2016) . However, their generality remains
to be tested, and in some cases, process-based models have not shown bet-
ter performance than simpler equilibrium-based hybrid models (Splinter &
Palmsten, 2012).

Hapke et al. (2016) found that shoreline change patterns representing re-
sponses to different oceanographic forcing factors can often be separated, and
shoreline response can be resolved on time-scales ranging from storm events
to decadal variations. Montaño et al. (submitted), presented a different
approach to equilibrium models in which shoreline changes are predicted by
isolating and associating time-scales in the drivers and the shoreline response.
The method hypothesizes that shoreline changes at a specific time-scale can
be predicted using the drivers at the same temporal scale. For instance, sea-
sonal shoreline changes might be predicted using only seasonal oscillations
in the drivers while the total shoreline change results from the summation of
a range of different time-scales (e.g., seasonal, annual, bi-annual, decadal).
As in equilibrium models, this approach heavily relies on data to identify the
important time-scales and to calculate the free coefficients that link drivers
and shoreline response at different time-scales. This model approach also
uses the Sea Level Pressure (SLP) fields and gradients to predict the shore-
line changes, since SLP might contain information not present in the bulk
waves parameters (Hs, Tp, θ), such as, mean water level fluctuations, wave
generation areas and information of large atmospheric patterns anomalies.

The aim of the present study is to analyze dune-beach behavior in the con-
text of shoreline modelling, using almost 15 years of observations of monthly
subaerial beach profiles collected in a macro-tidal beach, Vougot, France
(Section 5.2.1). To do so, the Complete Ensemble Empirical Decomposi-
tion (CEEMD) was used to analyze the dominant time-scales of observed
changes at different elevations along the intertidal profile (Section 5.2.2),
while the beach migration modes (steepening, flattening, advance an retreat)
were identified through a profile centroid analysis (Section 5.2.3). Results of
both the analysis and the shoreline predictions using the model introduced
by Montaño et al. (submitted)(refers to Chapter 4 for more information) are
presented and discussed the section 5.3 and 5.4, where the influence of dune
events on shoreline changes and the implications for the shoreline change
modelling are also discussed. Finally, the key findings and conclusions are
summarized in section 5.5.
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5.2 Methods

5.2.1 Study area

Vougot is 2 km long beach located on the north coast of Finistère in Brit-
tany (France) in the municipality of Guissény (Figure 5.1a). The beach is
characterized by a macro-tidal range, reaching 8.5 m, which can expose more
than 400 m of the intertidal profile at low tide. The beach is backed by an
extensive dune system that varies from 200 m to 400 m wide, with a dune
sediment size D50 ∼ 0.20 mm, which becomes coarser on the beach (D50
∼0.250 mm to 0.315 mm). The beach is fronted by a rocky shore platform
with the presence of islets and reefs that shelter the coast, giving the dune
system a convex curved shape (Suanez et al., 2012).

Figure 5.1.Study site. a) Location of Vougot beach, France, with the location of the
modelled waves (wave rose; blue dot); b) Dune erosion event: 2008/03/12; c) Dune re-
covery: 2012/10/18; d) Detail of Vougot beach identifying the three profiles (red lines)
analyzed in this study; e) Dune erosion event: 2014/02/04. Images taken from Google
Earth.

Nearly 15 years of monthly observations of the sub-aerial beach profile
elevation (Figure 5.2) from 2004/07/05 (dashed black lines, left panels) to
2018/12/11 (dotted black line, right panels) were analyzed for three pro-
files located in the eastern part of the beach, near the jetty (Figure 5.1d,
red lines). Although the shoreline is generally defined as the physical in-
terface of land and water (Boak & Turner, 2005), on macro-tidal beaches
where the cross-shore length is of the order of hundreds of meters, a exactly
shoreline definition is difficult to obtain(Castelle et al., 2014). In this study,
different elevations are used as a proxy for the shoreline cross-shore position
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(S = f(z)) where z represents the different elevations. Countour elevations
changes (‘shoreline’ ) each 0.5 m elevation are displayed in Figure 5.2, right
panels.

In recent decades, the dune system experienced significant retreat, es-
pecially along the eastern part of Vougot beach, with most of the material
transported to the west, contributing to building-up the western section of
the beach (Suanez et al., 2010, 2012). This erosion has been attributed to
the construction of the Enez Croas Hent jetty in 1974, which modified the
local hydrodynamics, interrupting the westward sand drift and inducing an
increase in sediment loss for the Vougot beach/dune system. In addition, the
beach is characterized by small islands and reefs situated in the tidal zone
that cause wave diffraction, contributing to the longshore sediment transport
(Suanez et al., 2010, 2012).

Suanez et al. (2012) carried out a detailed analysis of the dune recov-
ery after the storm ‘Johanna’ hit the French Atlantic coast in March 2008,
causing severe dune erosion (Figure 5.1b). This was followed by a phase of
dune recovery from 2008 to 2013 (Figure 5.1c), characterized by growth of
vegetation and the construction of ‘secondary’ embryo dunes, which reduced
the impact of the storm surge. Another severe dune erosion event occurred
during the 2013/2014 winter (Figure 5.1e), considered one of the most ener-
getic winters along the Atlantic coast of Europe since 1948 (Masselink et al.,
2016). A series of energetic winter storms coincided with large spring high
tides, augmenting the effects of the storm surge, with important implications
for the dune-beach system (Blaise et al., 2015; Burvingt et al., 2018; Dodet
et al., 2019; Masselink et al., 2016). The current study evaluates both dune
erosion events and the subsequent recovery phases.

5.2.2 CEEMD Model

Montaño et al. (submitted) introduced and tested a new shoreline change
model based on identifying the time-scales of the drivers and shoreline changes
using the Complete Ensemble Empirical Mode Decomposition (CEEMD)
method (Huang et al., 1998; Torres et al., 2011), and then linking them
with a set of calibrated free parameters. The model showed good perfor-
mance compared with a traditional equilibrium model when was tested at
two cross-shore dominated beaches (Narrabeen, Australia and Tairua, New
Zealand). The CEEMD (Torres et al., 2011) was used to identify the dif-
ferent temporal oscillations (time-scales) in drivers and shoreline position.
CEEMD is a noise-assisted data analysis approach based on the Empirical
Mode Decomposition (EMD) introduced by Huang et al. (1998).
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Figure 5.2.Monthly sub-aereal measurements. Beach profile evolution during the
study period (2004 to 2018) along the inter-tidal zone (left panels) for profiles Profile 1
(a), Profile 2 (b), and Profile 3 (c). Contour elevation position time series (right panels)
for elevations ranging from 0 m (lower intertidal zone) to over 5 m (upper intertidal zone
and dune)
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EMD-based methods were designed to identify non-linear and non-stationary
oscillations in data, assuming that simple oscillatory modes of significantly
different superimposed frequencies coexist (Huang et al., 1998). EMD de-
composes time series into a finite set of ‘intrinsic mode functions’ (IMFs),
representing different time-scales with varying amplitudes and frequencies.
Once the number of significant oscillatory modes is identified, the last IMF
(residual) is considered to be the trend. More information about the model
implementation can be found in Montaño et al. (submitted) or Chapter 4.

The model consists of five steps, in which time-series of shoreline and
drivers are decomposed using the CEEMD method. Then, a statistical test
(Wu & Huang, 2004) is applied to identify the significant IMFs obtained
using the CEEMD approach. The reconstruction of the shoreline changes
at each individual time-scale is performed through an optimization analysis
to find the coefficients that link driver and shoreline changes by maximizing
the Mielke’s modification index λ (Duveiller et al., 2016). The total shoreline
position change is reconstructed as the summation of the different time-scales
for each white noise. The final shoreline position is obtained by averaging
the shoreline position obtained with the different levels of white noise. More
information about the model development can be found in Chapter 4.

After the SLP influence area is found with the ESTELA method (Figure
5.3a), a Principal Component Analysis (PCA) is performed, which is a sta-
tistical technique widely used in climatology to identify dominant variability
patterns and reduce dimensionality (Camus et al., 2014; Rueda et al., 2019).
PCA projects the original data on a new space, searching for the maximum
variance of the sample data. The dominant spatial variability patterns, called
Empirical Orthogonal Functions or EOFs (Figure 5.3b and c), and tempo-
ral coefficients, i.e., Principal Components or PCs (Figure 5.3d and e), are
used to reconstruct the original predictor X(x, t) with a linear combination
of EOFs and PCs, where N is the is the number of selected EOFs:

X(x, ti) = EOF1(x)∗PC1(ti)+EOF2(x)∗PC2(ti)+ ...+EOFN(x)∗PCN(ti)
(5.1)

Following Chapter 4, we only used the ten first PCs (i.e. N=10), which
explain up to 54% of the overall variance. As was discussed in Montaño et al.
(submitted), this analysis including the use of SLP and its gradients allows
tracking wave information from a large generation area, avoiding reducing the
large-scale variability to a single bulk wave parameter, which would ignore,
for example, the complexities of wave spectra, such as, bi-modality which has
been found important in different coastal processes (Montaño et al., 2020a;
Wiggins et al., 2020). On the other hand, the wave information considers
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bathymetric effects that are not captured by SLP. Thus, in this study both
drivers are used to predict shoreline changes.

Figure 5.3.Model Drivers. a) mean energy flux for all possible source points (calcu-
lated using ESTELA). The travel time (in days) is represented by the black lines (3-day
increments) and grey lines (1 day increments); b) and c) examples of the first and third
Empirical Orthogonal Functions (EOFs) of the SLP fields and gradients. Shaded areas
represent SLP gradients, while the contours represent SLP fields; d) and e) examples of the
corresponding Principal Components (PCs) for b) and c) used as drivers for the CEEMD
model; f) total water levels (TWL) and g) to i) bulk wave bulk parameters used for the
analysis (Hs, Tp, θ).

Wave parameters at 43 m water depth (Figure 5.1a) were obtained with
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the numerical model WaveWatch3 run by the Ifremer (Boudière et al., 2013)
(Figure 5.3g-h). As can be seen in Figure 5.1a, waves arrive principally
from the northwest during the study period (2004 to 2019). The beach is
partially sheltered from the direct impact of Atlantic swell, and relatively
well protected from the west to northwest waves by the platform scattered
with islets and reefs emerging at low tide (Masselink et al., 2016; Suanez
et al., 2012). Since dune erosion events are important at Vogout, the Total
Water Level (TWL) is also included in the analysis, with tide measurements
from the Roscoff tide gauge station located about 30 km to the east of the
survey area (Suanez et al., 2012). The maximum wave run-up (Rmax) was
computed using the formula provided by (Cariolet & Suanez, 2013) which was
calibrated using field measurements for Vougot beach as, Rmax = 0.7H0ξ0,
with ξ0 = tanβ

H0
L0

2 where H0 and L0 are the offshore wave height and wave length,

and the beach slope β correspond to the active section of the upper part of
the beach, which in macro-tidal enviroments was found more appropriated
for run-up predictions (Cariolet & Suanez, 2013).

5.2.3 Centroid Analysis

In general, four main migration modes can be identified for beach systems:
flattening or steepening (rotation modes), and advancing and retreating
(translation modes). In the rotation modes, the cross-shore profile does not
retreat or progress as an equilibrium profile, but develops towards a flatter or
steeper profile around a pivot point (nodal point). The flattening mode con-
sists in upper beach erosion and lower beach accretion, while the steepening
mode displays the contrary behavior (upper beach accretion and lower beach
erosion). In the migration modes the beach response is vertically uniform
and no pivot point is observed (see the schematic in Figure 5.4).

Although the migration modes have been generally computed using beach
volumes (e.g., Burvingt et al., 2017), a volumetric centroid analysis was used
to estimate beach migration modes following Taylor (2004) and Villamarin
(2017) since the method provides information related not only to beach ad-
vance or retreat, but also to beach rotation processes such as flattening and
steepening. Rotation modes might also be affected by migration modes,
nonetheless, in this analysis, the focus is on the predominant movement.

78



Chapter 5. Understanding time-scales on a dune-beach system and
implications for shoreline modelling

Figure 5.4.Diagram of the four simple cases of beach change inferred from the
centroid movement. The dotted black line represents the initial beach state (yellow
square), while the solid black line represents the next beach state. The cardinal directions
are used in the interpretation to indicate the x- and z-centroid movement between each
survey (see Figure 5.6)

The centroids, here defined as a measure of the volumetric centre of the
profile, were computed using the CoastalTools package (Townend, 2018).
Cross-shore variations of the centroid (X horizontal axis) and vertical cen-
troid variations (Z vertical axis) are computed from the first moments cal-
culated using the cross sectional control area defined by a rectangle (Figure
5.5). Inside this control area, the following parameters are calculated:

Volume V =
∫
z′dx′

Horizontal centroid: X =
∫
x′z′dx′/V (first moment in x)

Vertical centroid: Z =
∫
x′z′dz′/V (first moment in z)

(5.2)

Where x′ and z′ are the horizontal and vertical distance from the origin
(xmin, ymin) of the control area Figure 5.5:

x′ = x− xmin;x′ > 0z′ = z − zmin; z′ > 0 (5.3)

The total beach and dune volumes were computed using defined control
volumes (VT , black dashed square and VD, red dashed square, Figure 5.5).
These zones were defined with xT,min = 0 m for the three profiles, and with
zT,min = −0.5 m for Profile 1 and zT,min = 0 m for Profiles 2 and 3. The same
computation was made for the dune volumes, where the dune toe elevation
in this study remained fixed (red dot, Figure 5.5). Then, xD,min = 0 m for
the computation of the dune volumes at the three profiles, while zD,min =
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5 m, (x = 18 m) for Profiles 1 and 2, and zD,min = 5.6 m, (x = 21 m) for
Profile 3 based on dune toe location in the initial measurement.

Figure 5.5.Volumetric centroid calculation reference scheme. Control areas for
the beach volume and centroid computations: Total volume VT (black dashed square) and
dune volume VD (red dashed square), where the red dot represents the initial dune toe.
Modified from Townend (2018).

With the aim of directly comparing different profiles, the non-dimensional
centroids x1, z1 are used, computed as:

Non-dimensional volume: m0 =
∫
z”dx”

Non-dimensional x centroid: x1 =
∫
x”z”dx”/m0

Non-dimensional y centroid: z1 =
∫
x”z”dz”/m0

(5.4)

where x” and z” are calculated as:

x” =
x′

Lx
z” =

z′

Lz
(5.5)

with Lx = max(x′) and Lz = max(z′)

5.3 Results

5.3.1 Dune influence on shoreline behavior

Through the non-dimensional centroid maps (Townend, 2018), three clusters
were identified for the three profiles (colour dots, Figure 5.6). The numbers
in the circles in Figure 5.6 show large changes in the beach migration modes.
By analyzing the overall alignment of the clusters and the steps between
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each cluster, Figure 5.4 indicates how this can be interpreted to describe the
general behavior of the beach shown in Figure 5.6. The primarily southeast
to northwest diagonal movement of each cluster indicates the dominance of
steeping processes. While the changes from one cluster to another, mainly
correspond to steps from the northwest to southeast (Profiles 1 and 2), mean-
ing significant flattening events (Figure 5.7d and Figure 5.8d). Nonetheless,
during the first large dune erosion event (2008), Profile 3 showed a northeast
to the southwest movement, showing beach retreat (Figure 5.9d). As can be
seen in Figures 5.6 to 5.10, Profiles 1 and 2 experience very similar beach
changes, contrary to Profile 3.

The first cluster in all three profiles (beige dots) corresponds to the period
from the beginning of the measurements (2004/07, see label 0) to the last date
before a change in a cluster (2008/02, see label 2). During this period, the
three profiles mainly experience profile steepening, (e.g. northwest migration,
from label 0 to label 1), reaching the maximum steepness for Profiles 1 and
2 on 2007/11 (Figure 5.6, Figure 5.7b, and Figure 5.8b) and on 2006/11 for
Profile 3 (Figure 5.9b). Other beach movements within the clusters, due
to seasonal-annual variations are observed (see dot with label 2 in Figure
5.6, Figure 5.7c, Figure 5.8c and Figure 5.9c), although with less pronounced
effect on the beach behavior. On 2008/03/10, the high energy storm Johanna
hit the French Atlantic coast causing large dune face erosion (Suanez et al.,
2012), inducing beach changes associated with a new cluster (red dots, Figure
5.6). A pronounced flattening (southeast migration, label 2 to 3, Figure 5.6)
was observed for Profiles 1 and 2 (Figure 5.7d and Figure 5.8d), and a retreat
(southwest migration) in Profile 3 (Figure 5.9d). However, after the storm,
the three profiles continued showing primarily profile steepening (northwest
migration, label 3 to label 4). The maximum steepening for Profiles 1 and 2
was observed on 2012/10 (label 4, Figure 5.6 and Figure 5.7e, Figure 5.8e)
and on 2011/01 for Profile 3(label 4, Figure 5.6 and Figure 5.9e). As in the
first cluster, different migration modes such as flattening, are observed before
a change to a new cluster (label 4 to 5, Figure 5.6, Figure 5.7f, Figure 5.8f and
Figure 5.9f). Most of the flattening was due to a sequence of storms during
the 2013-2014 winter, which eroded the lower part of the dune, without
causing a change in the cluster. From the sequence of storms experienced
that winter, only the one on 2014/02, during which the dune face was heavily
eroded, generated a change to a new the cluster (yellow dots, Figure 5.6).
Behavior within this cluster was different for Profile 3, which experienced
flattening (label 6 to 7, Figure 5.6c and Figure 5.9h) due to dune face erosion
that was not observed on Profiles 1 and 2 on 2014/04.
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Figure 5.6.Non-dimensional centroid maps for: a) Profile 1; b) Profile 2, and c)
Profile 3. The colours represent the three different clusters identified through the cen-
troid analysis, and the numbers in circles (with the corresponding dates) represent major
changes in beach mode migrations.
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Figure 5.7.Beach changes for Profile 1 corresponding to the non-dimensional
centroid analysis in Figure 5.6a. a) non-dimensional centroid map showing most
significant changes only; b-i) dune and beach face profiles corresponding to these events .

Figure 5.10 shows the x (red lines) and z (yellow lines) centroid evolution
over time. Numbers in circles represent the dates indicated in Figure 5.6,
before and after the two large dune erosion events, when the centroids moved
to a new cluster. As observed in Figure 5.6, Profiles 1 and 2 show similar
behavior. It can be seen that the two large erosion events (label 3 and 6) and
subsequent recovery changed the beach dynamic significantly. Although the
analysis is based on a dominant beach migration mode, Figure 5.10 shows
that a change in x-centroid might imply a mix of advance/retreat and either
flattening or steepening, in which a rotation mode could involve a translation
movement too.

83



Chapter 5. Understanding time-scales on a dune-beach system and
implications for shoreline modelling

Figure 5.8.Beach changes for Profile 2 corresponding to the non-dimensional
centroid analysis in Figure 5.6b. a) non-dimensional centroid map showing most
significant changes only; b-i) dune and beach face profiles corresponding to these events .

The total beach volume (dune and intertidal zone, black line, Figure 5.11
panels a, c and e) during the measurement period showed a decreasing long-
term trend for the three profiles. Along Profiles 1 and 2, the dune completely
recovered when compared with the initial profile (as seen by comparing the
solid and dotted black lines in Figure 5.2, left panels, and as seen by the
dashed gray lines Figure 5.11). However, the dune in Profile 3 showed a
significant loss in volume when compared with the initial profile. Changes
in the total volumes also show a different behavior in Profile 3, which seems
to be ‘out of phase‘ with the other two profiles. For instance, the two large
dune erosion events labels 3 and 6 resulted in a slight increase in the total
sediment volume for Profiles 1 and 2, while Profile 3 showed a large volume
decrease. Also, changes in volume in Profile 3 display a stronger annual cycle
than Profiles 1 and 2, although they also showed an annual cycle after the
2014/02 event. The different beach migration modes are identified in each
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time series, showing variable responses as a function of time (colours, Figure
5.11 a, c, and e, with legend in e). Histograms in Figure 5.11b, d and f confirm
that the three profiles are dominated by the rotation modes: steepening (ST)
and flattening (FT), with steepening being the most dominant. Profiles 1 and
2 had a similar number of advance (AD) and retreat (RT) events, while the
advance mode was slightly higher for Profile 3. The dune volumes changes
show a large dune recovery (2008-2014) for Profiles 1 and 2, while the volume
increase in Profile 3 was smaller (dashed grey line, Figure 5.6a, c, and e).

Figure 5.9.Beach changes for Profile 3 corresponding to the non-dimensional
centroid analysis in Figure 5.6c. a) non-dimensional centroid map showing most
significant changes only; b-i) dune and beach face profiles corresponding to these events.
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Figure 5.10.Centroid evolution for: a)Profile 1; b)Profile 2 and c) Profile 3. Numbers
in circles correspond the events in Figure 5.6, where each colour represents a different
cluster.

5.3.2 Shoreline evolution and time-scales

The centroid analysis shows a dominant steepening trend of the beach during
the studied period, with contour elevations retreating strongly along the lower
part of the beach and advancing along the upper part of the beach (as seen in
Figure 5.2, right panels and Figure 5.11). The analysis also showed that the
steepening process was interrupted by a strong flattening during two large
dune erosion events in 2008 and 2014, resetting the changes in the shoreline
position with a sudden shoreline advance in the lower part of the beach
and retreat in the upper part of the beach, especially for Profiles 1 and 2.
With the aim of analyzing and predicting shoreline changes at Vougot, a new
modelling approach (Montaño et al., submitted) was applied. This approach
has been tested previously at two cross-shore dominated beaches where dune
face dynamics contributed minimally to shoreline evolution (Montaño et al.,
submitted), contrary to this site. Only results for Profiles 1 and 3 are shown,
since the centroid analysis displayed different beach behavior for these two
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profiles (Profiles 1 and 2 are characterized by very similar dynamics).

Figure 5.11.Beach/Dune volumes and different migrations modes over time.
a), c) and e) Volume changes for the three profiles: total volume (black line), dune volume
(dashed grey line), and upper inter-tidal beach volume (solid grey line). The colour dots
in the legend show the occurrence of different migration modes in time. b), d) and f)
Histograms for the different migration modes for each profile: no change (NC), steepening
(ST), advance (AD), flattening (FT), and retreat (RT).

For the analysis the intertidal beach profile was divided in three sections,
lower, middle (a zone around the nodal/inflection point) and upper parts,
since the three selected areas show distinctive shoreline evolution (Figure
5.2). Figures 5.12 and 5.13 show the shoreline trends and the three primary
time-scales (IMFs) identified with the CEEMD method (yellow lines, right
axis) for both profiles, where the colour dots (labels 3 and 6) indicate the
two large dune erosion events. The upper part of the beach in Profile 1 (4.5
m, column Figure 5.12a) is dominated by a long-term accretion trend, which
explains up to 49% of the shoreline variance. However, the lower part of
the beach showed a strong erosion trend with an explained variance (E.V)
of about 48% (-0.5 m, column Figure 5.12c). Near the ‘inflection point’ (3
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m,column Figure 5.12b), the long-term trend only explained about 9% of
the shoreline variance. The behavior of the trend at the three elevations is
in agreement with the dominant steepening mode revealed by the centroid
analysis. In the middle part of the beach, a 2005-day oscillation, which is
similar to the period between the two large dune erosion events (2168 days),
had the highest E.V (32%). At the three elevations, an oscillation of about
3400 days had an important E.V (12% to 28%), in which peaks and valleys are
in phase with the maxima advance/retreat of the shoreline. In the upper and
lower part of the beach, oscillations with similar time-scales as the duration
of the clusters (1224 days, cluster 1; 1665 days, cluster 2 and 1760 days,
cluster 3) were found. In the three sections of the beach, the annual scale
explained only 13%, 6% and 10% of the E.V, while the seasonal scale seemed
to be important only in the middle part of the beach (14% E.V, not shown).
An almost bi-annual time scale was identified with E.V lower than 10% for
all three elevations (not shown).

Conversely to Profile 1, the upper part of the beach of Profile 3 (4 m,
Figure 5.13a) did not show a strong advancing long-term trend (only 9%),
while the middle (2.5 m, Figure 5.13b) and lower parts (1.5m, Figure 5.13c)
of the beach experience a stronger long-term retreating trend compared with
Profile 1 (28%, 85% of the E.V). This may be explained by the shape of the
clusters in Profile 3 (Figure 5.6c), where the steepening mode was smaller
(northwest migration) compared with Profiles 1 and 2, while the migration
to a new cluster was larger (southwest) for Profile 3 than for the other two
profiles. As in Profile 1, temporal scales with a ∼3400-day oscillation corre-
sponding to maximum retreat/advance of the shoreline were observed only
in the upper and lower parts of the beach. The oscillations similar to the
length of the cluster had E.V of 2% to 15%. In the upper part of beach, the
annual oscillation showed a significant increase in the amplitude of the sig-
nals after 2014, which was also observed for Profile 1. Also similar to Profile
1, the explained variance of the middle part of the beach (Figure 5.13b) was
distributed more evenly among the different time scales, with a strong E.V.
in the annual scale (31%).

5.3.3 Shoreline modelling

The shoreline change model was then applied at the elevations presented in
Figures 5.12 and 5.13 for Profiles 1 and 3.
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Figure 5.12.Examples of three dominant shoreline time-scales and the long-
term trend identified with the CEEMD analysis for three different elevations
along Profile 1. Columns: a) upper part of the beach (4.5 m); b) middle part of
the beach near the inflection point (3 m); c) lower part of the beach (-0.5 m). The
black line represents the detrended shoreline data (left axis), where small values of the
shoreline position represent an eroded state and large values an accreted state. The yellow
lines display time oscillations of the IMFs (IMF-S, right axis) after noise averaging. The
standard deviation due to different white noise levels are represented by the shaded yellow
zone. The approximate period in days of the shoreline oscillation (T) and the percentage
of explained variance (% E.V) for each IMF are displayed in each panel. Numbers in
colour represent the dates of the two large dune erosion events (vertical dashed lines).

5.3.3.1 Hindcast

The hindcast results (covering the span of the data time series) for Profile 1
(Figure 5.14a) and Profile 3 (Figure 5.14b) show that the model is capable of
reproducing the contour elevation changes. At Profile 1, the ShoreFor model
performed poorly since it only captures the long-term trend, which is actually
independent of the wave forcing. At Profile 3, the ShoreFor model performs
better, especially in the upper and middle part of the beach, capturing some
of the annual oscillations. However, similar to Profile 1, the model coefficients
are primarily controlled by the long-term trend. This is more evident in
the upper part of the beach for Profile 3 (Figure 5.14b, upper panel), where
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shoreline advance is observed between the two dune large dune erosion events,
generating a large oscillation (38% of the E.V, Figure 5.13a, third panel) that
is not captured by the ShoreFor model.

Figure 5.13.Same that Figure5.12 for Profile 3. Columns: a) Upper part of the
beach (4 m); b) Middle part of the beach near the inflection point (2.5 m), and c) Lower
part of the beach (1.5 m).

5.3.3.2 Forecast

A test of the model predictive capability was performed by training the model
only with 12 years of data, and then forecasting the remaining 2.5 years of
shoreline evolution (gray area, Figure 5.15). In general, the CEEMD model
showed good performance when predicting the last 2.5 years of shoreline
changes (yellow lines), except for the lower part of the intertidal zone of
Profile 3 (Figure 5.15b, lower panel), where the model underestimated the
long-term trend while still following the annual cycle. The ShoreFor model
showed similar behavior (orange line) with the forecast run as with the hind-
cast run, except for lower part of the intertidal zone of Profile 1 (Figure 5.15a,
lower panel) where, surprisingly, the model captured better the annual cycle
and the long-term trend in comparison to the hindcast results (Figure 5.14a,
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lower panel).

Figure 5.14.Hindcast data at three different elevations (upper, middle, and
lower intertidal zone). for columns a) Profile 1 and b) Profile 3, showing the shore-
line measurements (black lines), CEEMD model (yellow lines and metrics), and ShoreFor
Model (orange lines and metrics).

5.4 Discussion

5.4.1 Beach migration modes

Previous studies have shown that Vougot beach exhibits a long-term erosional
trend (Suanez et al., 2012; Dodet et al., 2019) that has been attributed to
the construction of a jetty. In addition, loss of sediment along the intertidal
beach during the 2008/03 storm was attributed to seaward return currents
carrying sediment offshore (Suanez et al., 2012). Nonetheless, during the
highly energetic 2013-2014 winter, the sediment remained in the intertidal
zone, and the beach volume increased slightly (Profiles 1 and 2), although
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the dune retreated by more than 5 m (see Figure 5.11 and also Dodet et al.
(2019)).

Figure 5.15.Forecast predictions at three different elevations (same as Figure
5.14). The gray shaded area represents the forecast period.

A centroid analysis was carried out considering both the dune and the
intertidal beach volumes (scheme Figure 5.5), allowing the identification of
large changes in the entire dune-beach system. This study showed that de-
spite the dominant sediment loss trend, the beach experienced different be-
havior in the upper and lower parts of the intertidal zone. During the study
period, the beach experienced mainly steepening (advances in the upper in-
tertidal zone, and retreat in the lower intertidal zone), in which the loss of
sediment in the lower part of the beach was larger than the gain of sedi-
ment in the upper part (dune and berm recovery, Figure 5.11), indicating an
overall decrease in sediment volume along the intertidal profile.

Contour elevations along the upper part of the beach showed a long-term
accretion trend (left panels, Figure 5.12a,b and Figure 5.13a), in agreement
with the dominant steepening mode. The analysis also allowed identifying
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differences in migration modes. For instance, the flattening mode only gen-
erates changes of cluster when the dune face and the upper part of the beach
are eroded, redistributing large amount of sediments along the lower inter-
tidal beach (Figures 5.7 to 5.9). Although the flattening mode was observed
frequently (Figure 5.11), in general, this was caused by the lower part of
the dune and berm being eroded, without a large amount of sediment being
redistributed in the lower intertidal zone.

Different studies have addressed beach/dune sediment exchanges based
on volume analyses with the goal of classifying different beach responses dur-
ing storms and recovery periods (Taylor, 2004; Burvingt et al., 2017; Phillips
et al., 2019; Beuzen et al., 2019). Based on volumetric changes, Burvingt
et al. (2017) used hierarchical clustering to analyze beach migration modes
during extreme storms at 157 beaches in England. Nonetheless, contrary
to the centroid analysis, the volume computations for the upper and lower
parts of the beach require defining a pivot point (nodal point), which is not
always evident and even change in time, making the analysis difficult. More-
over, contributions of the dune system to the beach dynamics were neglected
in their analysis. Phillips et al. (2019) used a decision tree classification
and described four behavioural modes of subaerial profile variability during
berm recovery. However, they also neglected the dune contributions in their
study. Using a Bayesian network analysis, Beuzen et al. (2019) indicated that
variability in berm and dune storm erosion was controlled by morphological
conditions such as exposure to incident waves, pre-storm beach sand volume,
and pre-storm beach width. Similar results were found in the studies of the
impact of the 2013/2014 winter storms on the UK coastline, where variability
in coastal storm erosion response was attributed to the coastline indentation
and the associated variability in beach orientation and direction of incident
wave attack (Burvingt et al., 2018; Masselink et al., 2016). In this study,
in addition to the jetty influence, the differences in the beach/dune response
between Profiles 1 and 2 (behaving similarly) and Profile 3 may be attributed
to the profile exposure to incoming waves. As can be seen in Figure 5.1d,
local refraction and diffraction effects likely cause differences in the nearshore
wave field, which may also explain the more evident annual volume changes
observed at Profile 3 (Figure 5.11).

5.4.2 Implications for shoreline modelling

In macro-tidal environments, the wave conditions, hydrodynamic processes,
and duration of exposure to these conditions depends on the elevation in the
intertidal zone (Masselink & Short, 1993). Equilibrium models have been
previously tested at macro and meso-tidal beaches displaying different be-
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haviour across the intertidal zone (Castelle et al., 2014; Lemos et al., 2018).
Sediment from the erosion in the upper inter-tidal zone is expected to be
transported to the lower intertidal zone, much like the redistribution of sed-
iment along the full profile of micro-tidal beaches (e.g., Winant et al., 1975;
Yates et al., 2009). Nonetheless, Lemos et al. (2018) found that at a macro-
tidal beach (Prosmilin, France), the cross-shore elevation contours along the
upper and lower intertidal zone of the beach were not clearly correlated.
However, our study showed that when shoreline oscillations are analyzed in
terms of their dominant time-scales, it is possible to observe that temporal
oscillations observed for the upper (Figure 5.12a) and lower (Figure 5.12b)
part of the beach are out of phase for Profile 1. This is in agreement with the
strong steepening/flattening process observed for this profile. This was not
as evident for Profile 3, at intra-annual time scales, which might be explained
by the fact that the profile experienced more advance events, where the entire
intertidal profile changed in phase. Waves at Vougot are characterized by a
strong seasonal-annual signal (Figure 5.2g,h). Nonetheless, previous studies
at Vougot, have found that there is no correlation between wave conditions
and beach volume changes (Dodet et al., 2019), arguing that the beach–dune
system continually lost sediment, independent of the wave conditions due to
the jetty construction (Suanez et al., 2010). However, Figure 5.9c shows that
volume changes in Profile 3 display a strong annual cycle, and even Profiles
1 and 2 also display a strong annual cycle after the 2013-2014 winter. The
analysis proposed here also allowed identifying different time-scales and the
drivers that dominate the observed changes, showing that the annual scale
has an important role in explaining changes at certain cross-shore elevations
(Figure 5.12 and Figure 5.13, upper panels). Figure 5.16a shows the annual
shoreline oscillation for Profile 3 at 2.5 m elevation (31% of the E.V, Figure
5.13b) and the 3546-day oscillation at 4 m elevation (38% of the E.V, Figure
5.13a) and the drivers that had the largest cross-correlation (RSD) with the
shoreline changes and therefore the largest contributions when reconstructing
the shoreline at these time-scales. Other drivers such as Tp (RSD = −0.76)
and TWL (RSD = −0.69) were also important in the shoreline reconstruction
at the annual-scale.

Observations of large sediment exchanges between the beach and the dune
showed that dune contributions play an important role in shoreline evolution.
The developed method showed that oscillations with larger E.V than the
annual scale, related the sediment contributions to shoreline changes due
to dune erosion events and the subsequent recovery phases (T∼3400 days).
This highlights the importance of linking dune and beach interactions to
improve shoreline predictions. The relevance of this time-scale was different
among the different profiles and contour elevations, in particular having a
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more important role along the upper part of the beach.

Figure 5.16.Examples of drivers and shoreline IMFs at some characteristics
time-scales for Profile 3. a) Two main drivers that controlled the annual (∼367-day)
oscillation (IMF) at the 2.5 m elevation (middle zone); b) 3546-day oscillation at 4 m
elevation (upper zone).

The majority of simple shoreline change models (excluding process-based
models such as XBeach) are not able to take into account the beach/dune
sediment exchanges. For example, the ShoreFor model does not account for
these interactions, so the observed poor skill is not surprising. Interestingly,
ShoreFor demonstrates better performance during the forecast period than
when the whole dataset was used for calibration at the Profile 1 (lowest
elevation, Figures 5.14a and 5.15a, bottom panel). The poorer behavior
during the hindcast is likely due to the shoreline being characterized by an
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E.V variance that is distributed similarly among the different IMFs (Figure
5.12c). Overall, ShoreFor tries to optimize a single parameter to account for
all time-scales (and their interactions), whereas the newly proposed approach
treats each time-scale separately and is hence able to better capture shorter
and longer time-scales.

Different models have been proposed to predict dune and beach evolution,
but only a limited number of them attempt to predict the effects of beach
and dune interactions over multiple time-scales (Hanson et al., 2010; Larson
et al., 2016; Palalane et al., 2016; Antoĺınez et al., 2019). One of the limita-
tions of these models is that they are based on a schematized profile, usually
with a fixed berm, neglecting seasonal changes. In addition, in some of these
models, dune erosion is distributed throughout the whole shoreface instanta-
neously, neglecting lags in the propagation in the lower parts of the shoreface
profile (Antoĺınez et al., 2019). The analysis presented here indicates that
the shoreline response due to dune contributions is strongly dependent on the
contour elevation (Figures 5.12 and 5.13), a feature that numerical models
will need to account for.

Another complication for modelling dune-beach interactions is that differ-
ent drivers control both the spatial extent and temporal response the beach
(Morton et al., 1994; Phillips et al., 2019). The upper part of the beach
is mainly controlled by wave action and the antecedent morphology (Yates
et al., 2009; Davidson et al., 2013), while dune erosion has been found to be
the combined result of wave action and total water levels. Furthermore, pat-
terns of berm crest formation and vertical growth were found to be primarily
governed by the neap-spring tide variations in total water levels (Phillips
et al., 2019). The current model suggests that the sediment contribution
to shoreline changes due to dune erosion events (e.g., T∼3400 days), which
accounts for the 28% and 38% of the E.V in the upper part of the inter-
tidal zone for Profiles 1 and 3, are indirectly considered. This time-scale
was related to drivers (Figure 5.16b) that might be responsible for the dune
erosion. The PC3-EOF3 and PC7-EOF7 have a strong influence on shoreline
changes at this time-scale (Figure 5.16b). However, this statistical approach
is not able to identify why the information contained in these PCs-EOFs is
important at these time-scales. Thus, future investigations need to be carried
out to understand better the nature of this time-scale and the possible links
with global climate anomalies.

5.4.3 Conclusions

Here, almost 15 years of inter-tidal profile measurements at Vougot beach
were analyzed to understand the influence of the dune system on shoreline
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changes and the implications for shoreline modelling and prediction. Three
different cross-shore profiles were analyzed, confirming previous results indi-
cating that the profile that was more exposed to the incoming waves (Profile
3) experienced more severe dune-beach erosion. For all three profiles, we
observed differences in the beach response for the upper and lower part of
the beach since the beach is constantly steepening. Nonetheless, two large
dune erosion events had significant impacts on each profile by flattening the
beach and therefore ‘resetting’ the shoreline position.

The CEEMD analysis allowed identifying the main time-scales of the ob-
served shoreline changes, showing that a large percentage of the explained
variance along the upper part of the inter-tidal beach was related to time-
scales associated with the two large dune erosion events and the subsequent
recovery phases. On the contrary, the lower part of the beach was domi-
nated by a long-term erosion trend. For the profile most exposed to incoming
waves, the annual scale showed a large contribution in the percentage of the
shoreline explained variance. However, the other two profiles also showed an
increase in the annual cycle signal after the 2013/2014 winter, showing the
importance of models that are able to capture the non-stationarity of shore-
line evolution processes. These findings provide useful insight to understand
that in addition to the expected seasonal-annual shoreline changes caused
by incident wave variability or long-term changes associated with longshore
sediment transport, many other time-scales of changes may co-exist and have
significant impacts on shoreline changes.

Although the proposed modelling approach does not directly consider
dune process or an alongshore sediment transport term, changes in the shore-
line position are accounted for indirectly. As a result, this modelling approach
was able to reproduce well shoreline changes at Vougot, where traditional
equilibrium models have displayed poor skill. Overall, this methodology al-
lows improving understanding of beach-dune interactions, and even more
generally, prediction horizons at beaches where a variety of processes oper-
ate and traditional approaches fail.
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CHAPTER 6

Summary and future research

6.1 Summary

In this thesis, different approaches to simulate shoreline evolution were anal-
ysed with the aim to understand drawbacks in shoreline prediction over mul-
tiple time-scales. Three studies sites characterized by distinct processes and
time-scales were assessed. The main reached goals and findings stemming
from my PhD research are summarized below:

1. A modification of an established shoreline equilibrium model Yates
et al. (2009) is proposed to address events over time-scales shorter than
seasonal. The model shows better skill at predicting extreme erosion
than the traditional equilibrium approach.

2. A ‘blind’ comparison among 19 shoreline evolution models allows us
to identify limitations in present capability to predict shoreline change.
An additional finding is that the use of different approaches, traditional
shoreline models and machine learning, techniques may be complemen-
tary. The proposed model ensemble shows better performance that any
individual model.

3. A new model approach based on the hypothesis that shoreline position
at a specific time-scale can be predicted using the oscillations in the
drivers at the same time-scale and that the total shoreline change can
be predicted superimposing changes at the significant time-scales is
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proposed. The model has been tested at three different study sites
showing a good predictive capability.

4. These findings provide useful insight to understand that in addition to
the expected seasonal-annual shoreline changes caused by incident wave
variability or long-term changes associated with longshore sediment
transport, many other time-scales of change may co-exist and have
significant impacts on shoreline changes.

5. The new approach improves predictions when the sea level pressure
fields and gradients, in addition to the wave bulk parameters, are used.
The model performs better (better predictions skill) than an established
shoreline evolution model.

6. The proposed approach bridges previous observations and modelling
efforts of short-term shoreline change driven by waves with longer-term
changes driven by large-scale climate oscillations (e.g., ENSO) present
in the sea level pressure fields and gradients.

7. The influence of the dune at different contour elevations on the beach
evolution at Vougot was analysed. The CEEMD showed that a large
percentage of the explained variance along the upper part of the inter-
tidal beach was related to time-scales associated with the large dune
erosion events and the subsequent recovery phases.

8. CEEMD analysis was supported by a centroid analysis, which showed
that Vougot beach mainly exhibits a steepening movement, interrupted
by the dune erosion events ‘resetting’ the beach behaviour.

9. We are aware that even though the CEEMD model offers and im-
provement in the predictions the model might also have shortcomings.
Therefore, the use of ensembles is recommended as the best alternative
to shoreline prediction. Nonetheless, the accuracy of those ensembles
is likely to improve when individual models are improved or new alter-
natives are developed (e.g., CEEMD based model).

6.2 Future research

The research conducted as part of this thesis has been able to propose a new
approach the shoreline prediction allowing to understand the different time-
scales and drivers that control shoreline changes. The following list outlines
research directions that directly stem from this work:
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1. The model should be tested on beaches were additional or different
processes are recognized to be important, since this approach allows to
account for the compound effect of different drivers (river discharge,
winds) or beach features, such as bar migration.

2. Use the model with shoreline datasets extracted from satellite images,
testing the performance, and then apply it worldwide.

3. EMD based methods have shown to be a powerful tool to analyse 1D
time-series. Bidimensional Empirical Mode Decomposition Method,
(Nunez et al., 2003) has been successfully applied to analyse 2D pat-
terns. Therefore, the methodology presented in this study could be
further extended to analyse beach evolution in 2D.

4. In the frame of long-term projections, different wave realizations to
account for climate change scenarios may be implemented by the model,
using a probabilistic approach.
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A.1 Hybrid (HB) Models

A.1.1 ShoreFor (HM1)

ShoreFor is an equilibrium-based cross-shore model first presented in David-
son et al. (2013). The model formulation used in this work follows the mod-
ifications of Splinter et al. (2014) allowing for a more general equilibrium
model with inter-site variability of model coefficients. The model formula-
tion follows:

dY

dt
= c

(
F+ + rF−

)
+ b (A.1)

Where dY
dt

is the rate of shoreline change, dependent on the magnitude of
wave forcing F defined as:

F =
P 0.5 (Ωφ − Ω)

σ
(A.2)

where P is the breaking wave energy flux and Ω is the dimensionless fall
velocity. The model includes two coefficients. The first one, c which is the
rate parameter accounting for the efficiency of cross-shore sediment transport
and φ which defines the window width of a filter function, performing a
weighted average of the antecedent dimensionless fall velocity and is a proxy
for the ‘beach memory’. The model contains two constants, r =

∑
F+

F−
and σ which is the standard deviation of (Ωφ − Ω), both computed over
the calibration segment of the wave data. The linear trend parameter, b,
has been included to simplistically account for longer-term processes (e.g.,
longshore sediment transport, sediment supply, etc) not explicitly accounted
in the model. The model is calibrated by choosing the minimum normalized
mean square error (NMSE) of a least-squares regression solving for c, and
b for different values of φ in the range of 5 to 1000 days.

A.1.2 ShoreFor-LX (HM2-R1)

The ShoreFor-LX model presented here aims to provide a more physical
representation of the impact of longshore sediment transport gradients on
shoreline change than ShoreFor and is a simple variation of the ShoreFor
model described above with the inclusion a CERC-type rotational term in
place of the trend term (b):

dY

dt
= c1

(
F+ + rF−

)
+ c2

dF2

dx
(A.3)

102



Appendix A. Models used during the ‘Shoreshop’

Here x is the longshore direction and F2 is the longshore forcing term
defined as P sin 2α, where α is the angle of wave incidence. This version of the
ShoreFor model has an equivalent number of free parameters to the original
version (c1, c2andφ). The model equation is integrated using a standard one-
line algorithm (Kamphuis, 1991)

A.1.3 Shorefor+uKF(HM4)

This model uses a joint unscented Kalman Filter(Van Der Merwe et al., 2001)
within the ShoreFor model (HM1) to assess the time-varying free parameters
(b, c, φ) that best fit the observed shorelines during the calibration period. A
state vector, here represented by the observed shorelines and the ShoreFor
paramaters are sampled through sigma points in a way that their mean and
covariance are maintained (Julier & Uhlmann, 2004). The nonlinear system
(here given by the original ShoreFor formulation) is used to propagate each
sigma point at the prediction step, weighting these propagations to obtain
an accurate estimation of the state vector mean and covariance. Then, an
update step combines the propagated non-linearities with observed shoreline
measurements to optimally estimate the state vector when observed shore-
lines become available. Following (Long & Plant, 2012), the total shoreline
position Y (t) is defined as the contribution of short-term processes, Yst, and
long-term (or unresolved) processes, Ylt, thus linking Yst with the equilibrium
formulation and Ylt with the b coefficient.

A.1.4 LX-Shore(HM8,R2)

LX-Shore is a two-dimensional plan-view cellular-based one-line shoreline
change model for wave-dominated sandy coasts presented first in Robinet
et al. (2018). The model can simulate shoreline change resulting from gradi-
ents in total longshore sediment transport and/or from cross-shore transport
driven by the variability in incident wave energy. LX-Shore can handle com-
plex shoreline geometries (e.g., sand spits, islands), including non-erodible
areas such as coastal defences and headlands, and is coupled with the spec-
tral wave model SWAN (Booij et al., 1999) to cope with complex nearshore
wave fields. For the present application, the longshore sediment transport
along the coastline was computed using the formula of Kamphuis (1991) with
a calibration multiplication factor fQ1 tuned to minimize the RMSE of beach
orientation at Tairua over 1999-2013. The cross-shore transport is resolved
using an adaptation of the ShoreFor model (Davidson et al., 2013; Splinter
et al., 2014) where the disequilibrium term is computed from offshore wave
conditions instead of breaking wave conditions. The three ShoreFor free pa-
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rameters (φ, c and b) were optimized using a simulated annealing procedure
minimizing the RMSE of alongshore-averaged cross-shore shoreline position
at Tairua over 1999-2013. During the simulation, waves were propagated
onshore using SWAN with default processes and parameter values. Overall,
only 4 calibration parameters were tuned to simulate shoreline change along
the entire embayment.

A.1.5 Y09 - [4 Coefficients] - (HM6, HM7)

The fitting and hindcasting of shoreline position were done using a derivative
of the Kriebel and Dean model (Kriebel & Dean, 1993), as proposed by
Yates et al. (2009). An offset to the initial shoreline was included as an
additional fit parameter, as proposed by Castelle et al. (2014). The model

relates nearshore wave energy, (represented by H2
s

16
), to shoreline position,

Y . Inshore wave data were obtained using plane bed refraction to account
for refraction and shoaling to the closure depth of the beach profile, taking
account of water levels variations due to the tide.

Fitting of the parameters is sensitive to the initial guess and search
bounds. Two of the model parameters (a and b) are estimated by find-
ing the line for dY

dt
= 0 from the energy between surveys and the shoreline

anomaly (dY ) and this was modified to use only the points that were close
to dY

dt
= 0 . The accretion and erosion rates, C+ and C−, were estimated

from the mean positive and negative values of dY
dt

respectively, with an initial
offset of zero. Parameter fitting was done using derivative free, constrained
non-linear optimisation. Matlab functions for particle swarm, simulated an-
nealing and simplex optimisation were used. Statistically, there was little
to choose between them and the results reported used the simplex method.
Selection of the best fit was based on minimising the RMSE with the slope
of the modelled v observed regression line as close to 1 as possible. In all
model runs the large erosional anomalies were better represented than the
accretional anomalies, suggesting that the model is not capturing the full
extent of beach recovery.

A.1.6 Y09 - [3 Coefficients] - (HM5)

HM5 uses the formulation of Y09 model, but with a single scalar value for
the rate coefficient C. Y09 model used a different value of C for erosion and
accretion, C±. Based on the equilibrium framework suggested by (Wright
et al., 1985; Wright & Short, 1984) and similar to Miller and Dean model
(Miller & Dean, 2004), the shoreline change rate depends on both the incident
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wave energy and the difference between the incident wave energy and the
equilibrium energy

dY

dt
= CE0.5 (E − Eeq) (A.4)

where the equilibrium energy is defined using a linear relationship with
the present shoreline position

Eeq = aY + b (A.5)

The three free parameters (a, b, and C) are optimized by minimizing
RMSE, using simulated annealing. This model attempts to minimizeRMSE
while minimizing the number of free parameters, minimizing the number of
independent variables (e.g., only wave height is used and not wave period),
and minimizing equation complexity (e.g., uses a linear relation for equilib-
rium energy rather than a quadratic).

A.1.7 CosMos-Coast (HM9, R3)

CoSMoS-COAST is a ‘one-line’ model that integrates longshore and cross-
shore transport processes to predict long-term coastal change presented in
(Vitousek et al., 2017). The model synthesizes several popular process-
based shoreline change models including (1) a ‘one-line’ model for longshore
transport(Pelnard-Considère, 1956), (2) a wave-driven cross-shore equilib-
rium shoreline change model(Yates et al., 2009), (3) a cross-shore equilib-
rium beach profile change model due to sea-level rise (Anderson et al., 2015;
Bruun, 1962; Davidson-Arnott, 2005), and a residual term obtained via data
assimilation. The governing equation of CoSMoS-COAST, based on conser-
vation of sediment in the alongshore direction, is given in Chapter 2.

The original CoSMoS-COAST model applied an extend Kalman filter
data-assimilation technique following (Long & Plant, 2012). The current
version of CoSMoS-COAST applies an ensemble Kalman filter data assimi-
lation technique (with N=100 ensembles) following (Evensen, 1994).

A.1.8 COCOONED(HM10, R4)

The COCOONED model presented by Antoĺınez et al. (2019) is a transect-
based process-driven coastal change model loaded by waves and varying water
levels that solves: nearshore wave propagation with a hybrid scheme based on
SWAN (Booij et al., 1999), cross-shore transport and equilibrium shoreline
change using a modified version of Miller and Dean model (Miller & Dean,
2004), longshore transport and shoreline change with a one line approach
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similar to Barnard et al. (2015), foredune erosion using the model proposed
by Ruggiero et al. (2001) based on (Kriebel & Dean, 1993), and the inclusion
of profile adjustment by sediment supply. In Tairua, dune erosion was not
computed. Model equation is presented as:

∂Y

∂t
=
−1

d

∂QL

∂x
+Kc (Yeq − Y ) +

−1

d
(qx + yy) (A.6)

where Y represents the shoreline position, t is time, qx
d

and qy
d

are the
alongshore and cross-shore sediment sources per unit shoreline and unit time.
QL is the alongshore transport rate:

QL = Q0 sin (2 (θb − αshoreline)) (A.7)

where Q0 is computed applying the CERC (US Army Corps of Engineers,
1984) sediment transport formula. The cross-shore component of the model
is based upon the general observation that the shoreline tends to approach
an equilibrium position, Yeq.

The model is set-up with transects every 100m, is run with a time step
of 6h and there are no sediment sources at the boundaries (qx = 0, qy =
0). At every transect three calibration parameters are set up to reproduce
the observational period provided in terms of RMSE, bias and correlation
coefficient (alongshore transport rate, KL, erosional cross-shore transport
rate KC,e, accretional cross-shore transport rate KC,a).

A.1.9 Rotation R5, R6

These models use the alongshore wave energy flux to predict the orientation
of the shoreline, where the orientation is the slope of the regression line fit
to the shoreline for each time step. The models are essentially the same as
the one-line diffusion models reviewed in Ruggiero et al. (2001), which have
been applied to beach rotation in Turki et al. (2013), with the addition that
the beach rotates around its alongshore equilibrium position (the shoreline
position if the alongshore wave energy flux was zero). As the alongshore
wave energy flux deviates from zero, there is a time-delay over which the
beach responds to the forcing. Turki et al. (2013) use the beach volume
and sediment characteristics to inform estimates of the delay. The version in
Blossier et al. (2017) where the rotation rates are coefficients C that are set
by fitting the observations to the model was used.

∂α

∂t
= CE (sin θ cos θ − α cos 2θ) (A.8)

106



Appendix A. Models used during the ‘Shoreshop’

Where E is wave energy, θ is wave approach angle and α is the shoreline
orientation. In R5, constant coefficients were used, with a different one for
negative and positive wave energy flux. In R6, coefficients were linearly
dependent on the wave energy flux, with the slope and intercept fitted by
matching model output to observations, which should allow better fitting
of large events. The optimal values of coefficients were obtained by RMSE
using boot-strapping for optimisation. The mean was removed from the
observations and the mean beach orientation (54.2 degrees) was removed
from θ.

A.2 Machine Learning (ML) Models

A.2.1 k Nearest Neighbor kNN

The k-nearest neighbor (kNN) model used the past as a ‘catalog’ to predict
the future system dynamics. Here, the ‘catalog’ is a set of 5 dimensional
vectors, where each vector represents a day. The 5 dimensions are the daily
significant wave height, Hs, daily shoreline position, two past shoreline posi-
tions (from previous days) and the future shoreline positions (which can be
used to compute daily shoreline change). A prediction involves searching the
catalog to find the ‘k′ nearest vectors in the 4 dimensional Euclidean space.
The ‘k′ past instances are used to compute a weighted average (using inverse
distance) of the daily shoreline change. The shoreline position can then be
updated, and the whole process repeats for the following day’s prediction.
To optimize parameters, the known historic data were split into two parts
— the first was used as a catalog, and the second was treated as validation
data to find optimized parameter values. After the optimization, the entire
catalog of known data were used for the ‘Shorecast’.

A.2.2 Autoregressive neural network (ANN) with ex-
ogenous inputs

The input dataset consisted of a multidimensional dataset combining the
modes obtained through out the Complete Ensemble Empirical Mode De-
composition method (Torres et al., 2011), with daily wave conditions (Hs,
T02, θ) and the shoreline position of the previous day Yi−1.The two algorithms
proposed are neural networks using a different number of nodes (7 and 2) to
connect the variables in a single hidden layer (a sigmoid function was used
to connect different layers). The calibration was performed by minimizing
the RMSE and differed between the two algorithms proposed. In the sec-
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ond algorithm, white noise (+/− 5 m) was added to the shoreline signal to
minimize overfitting.

A.2.3 Long-Short Term Memory (LSTM)

LSTM are recurrent neural network models capable of learning long-term
dependencies in sequence modelling problems (Hochreiter & Schmidhuber,
1997). A stateless model was created using six input features (Hs, T01, T02, Tp,
and θ) and the previous shoreline position (Yi−1). Features were normalised
and training samples were generated adding sequence subsampling with a
window size of 10 time-steps The LSTM model was implemented using
Python with Keras and Tensorflow. The model architecture consisted of
a single LSTM unit fully connected to a single output neuron using a linear
activation. Mean Squared Error was used as the loss function and the Adam
optimizer(Kingma & Ba, 2014) was used to tune network weights. Nested
cross-validation was performed using 5 partitions with a batch size of 4 and
10 epochs per training cycle. In all cases the random number generator
was initialised to 42. Daily forecasts were generated iteratively, using the
forecasted value as part of the next input series.

A.2.4 NeuFor

A neural network (multilayer perceptron) was used to predict shoreline change
(dYt) at each timestep (t) and integrated to model shoreline position (Yt) over
time. The neural network takes as input the normalised hydrodynamic forc-
ing (Hs and T02) over a daily shoreline change time-step. The model has
an explicit feedback whereby the previous prediction of overall shoreline po-
sition Y(t−1) forms an additional normalised input variable to the network.
The hydrodynamic forcing variables are provided to the model at three-
hour time-steps making a total of 17 input variables including the previous
shoreline position. An exhaustive search using 5-fold cross-validation was
to determine the optimum model inputs, architecture and hyperparameters.
The model was developed and trained using the Python package PyTorch to
optimise mean squared error and the coefficient of determination when pre-
dicting shoreline position over time. The final model contained two hidden
layers (of 40 and 20 neurons), with rectified linear unit activation functions
and a dropout of 40% on each of the hidden layers to prevent overfitting.
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A.2.5 Random Forest (RF)

Random Forests (RFs) are ensembles of decision trees (Breiman, 2001).
Training time series of shoreline positions were linearly interpolated and
smoothed with a three-day moving average. The input variables used are Hs,
Tp and the disequilibrium in dimensionless fall velocity, Ωdis defined as the
difference between the instantaneous and weighted average of the antecedent
dimensionless fall velocity (Davidson et al., 2013) and using a ‘memory de-
cay’ φ of 30 days. Hs, Tp and Ω were defined at 12 and 24 hours prior to
time t, resulting in a total of seven input variables. The Python toolkit
SciKit-Learn (Pedregosa et al., 2011). The final model was an ensemble of
50 decision trees where each tree was constructed using a bootstrap sam-
ple of the training dataset. The samples were the same size as the training
data but drawn with replacement. Each tree was also constrained to have a
maximum depth of eight and a minimum of 20 data samples was required to
form a split in the tree. The hyperparameter values were selected following
an exhaustive 10-fold cross-validation grid search with the RF performance
measured as the RMSE from 10-fold cross-validation.

A.2.6 Bayesian Networks (BN)

Following (Plant & Stockdon, 2012) the alongshore averaged shoreline posi-
tion was forecasted using as input variables the position at an earlier time
Y(i−1), Hs, T02, and wave direction. Model time-step was 5 days, and faster
variations were removed by time-averaging over this interval. Time-averaged
inputs were used to train the BN (Norsys Software Corporation, 1995). In-
put variables were discretized into 3 bins, each having equal prior probability
based on the training data. The output bin Y(i+1), was discretised into 5 bins.
A 10-fold calibration/validation testing approach (Fienen & Plant, 2015) en-
sured that forecast skill was maximized. During calibration, the RMSE was
minimized but results indicate that the calibration included some overfitting.
The forecast was cast into a Bayesian-mean value, x, where x =

∑
p(i)x(i)

over the bins, p(i) is the predicted forecast probability that the shoreline lies
in the ith bin and x(i) is the shoreline position at the center of the ith bin.
The forecast uncertainty can be computed as the variance using the same
approach. The results obtained at the model time step (5 days) were linearly
interpolated to the sample time step (1 day) for comparison with the other
models.
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Figure B.1.Empirical Orthogonal Functions (EOFs) of the SLP fields and gradi-
ents for Narrabeen. Shaded areas represent SLP gradients while the contours represent
SLP fields
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Figure B.2.Empirical Orthogonal Functions (EOFs) of the SLP fields and gra-
dients for Tairua. Shaded areas represent SLP gradients while the contours represent
SLP fields
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Figure B.3.Atmospheric pattern captured by the PC-EOF5 and shoreline evo-
lution at 1291 days for Narrabeen. a) left panel: Shoreline oscillation (pink line,
left axis) and SLP behavior captured by the PC-EOF5 at this specific time-scale (blue
line, right axis). Cross-correlation RSD for the oscillations shown in the left panel (blue
dot, right panel); b) behavior of the driver in panel a (black line) and SOI (colour bars).
Correlation coefficient R is displayed. Driver in panel b has been normalized with the SOI
to improve the visualization.

Figure B.4.Atmospheric pattern captured by the PC-EOF6 and shoreline evo-
lution at 1291 days for Narrabeen. a) left panel: Shoreline oscillation (pink line,
left axis) and SLP behavior captured by the PC-EOF6 at this specific time-scale (blue
line, right axis). Cross-correlation RSD for the oscillations shown in the left panel (blue
dot, right panel); b) behavior of the driver in panel a (black line) and SOI (colour bars).
Correlation coefficient R is displayed. Driver in panel b has been normalized with the SOI
to improve the visualization.
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Figure B.5.Atmospheric pattern captured by the PC-EOF8 and shoreline evo-
lution at 1291 days for Narrabeen. a) left panel: Shoreline oscillation (pink line,
left axis) and SLP behavior captured by the PC-EOF8 at this specific time-scale (blue
line, right axis). Cross-correlation RSD for the oscillations shown in the left panel (blue
dot, right panel); b) behavior of the driver in panel a (black line) and SOI (colour bars).
Correlation coefficient R is displayed. Driver in panel b has been normalized with the SOI
to improve the visualization.

Figure B.6. Atmospheric pattern captured by the PC-EOF2 and shoreline
evolution at 980 days for Tairua. a) left panel: Shoreline oscillation (pink line, left
axis) and SLP behavior captured by the PC-EOF2 at this specific time-scale (blue line,
right axis). Cross-correlation RSD for the oscillations shown in the left panel (blue dot,
right panel); b) behavior of the driver in panel a (black line) and SOI (colour bars).
Correlation coefficient R is displayed. Driver in panel b has been normalized with the SOI
to improve the visualization.
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Figure B.7. Tp and shoreline evolution at 980 days for Tairua. a) left panel:
Shoreline oscillation (pink line, left axis) and Tp at this specific time-scale (blue line, right
axis). Cross-correlation RSD for the oscillations shown in the left panel (blue dot, right
panel); b) behavior of the driver in panel a (black line) and SOI (colour bars). Correlation
coefficient R is displayed. Driver in panel b has been normalized with the SOI to improve
the visualization.
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(2019). Quantifying uncertainties of sandy shoreline change projections as
sea level rises. Scientific Reports, 9(1), 1–11.

Lemos, C., Floc’h, F., Yates, M., Le Dantec, N., Marieu, V., Hamon, K.,
Cuq, V., Suanez, S., & Delacourt, C. (2018). Equilibrium modeling of
the beach profile on a macrotidal embayed low tide terrace beach. Ocean
Dynamics, 68(9), 1207–1220.

Limber, P. W., Barnard, P. L., Vitousek, S., & Erikson, L. H. (2018). A
Model Ensemble for Projecting Multidecadal Coastal Cliff Retreat During
the 21st Century. Journal of Geophysical Research: Earth Surface, 123,
1566–1589.

Long, J. W. & Plant, N. G. (2012). Extended Kalman Filter framework for
forecasting shoreline evolution. Geophysical Research Letters, 39(13), 1–6.

Ludka, B. C., Guza, R. T., & O’Reilly, W. C. (2018). Nourishment evolution
and impacts at four southern California beaches: A sand volume analysis.
Coastal Engineering, 136, 96–105.

Ludka, B. C., Guza, R. T., O’Reilly, W. C., Merrifield, M. A., Flick, R. E.,
Bak, A. S., Hesser, T., Bucciarelli, R., Olfe, C., Woodward, B., Boyd, W.,
Smith, K., Okihiro, M., Grenzeback, R., Parry, L., & Boyd, G. (2019).
Sixteen years of bathymetry and waves at San Diego beaches. Scientific
data, 6(1), 161.

Ludka, B. C., Guza, R. T., O’Reilly, W. C., & Yates, M. L. (2015). Field
evidence of beach profile evolution toward equilibrium. Journal of Geo-
physical Research: Oceans, 120(11), 7574–7597.

123



References

Luijendijk, A., Hagenaars, G., Ranasinghe, R., Baart, F., Donchyts, G., &
Aarninkhof, S. (2018). The State of the World’s Beaches. Scientific reports,
8(1), 6641.

Lundquist, J. K. (2003). Intermittent and elliptical inertial oscillations in the
atmospheric boundary layer. Journal of the Atmospheric Sciences, 60(21),
2661–2673.

Masselink, G., Castelle, B., Scott, T., Dodet, G., Suanez, S., Jackson, D.,
& Floc, F. (2016). Extreme wave activity during 2013/2014 winter and
morphological impacts along the Atlantic coast of Europe. Geophysical
Research Letters, 43, 2135–2143.

Masselink, G. & Short, A. D. (1993). The effect of tide range on beach
morphodynamics and morphology: a conceptual beach model. Journal of
Coastal Research, 9(3), 785–800.

Masselink, G. & Van Heteren, S. (2014). Response of wave-dominated and
mixed-energy barriers to storms. Marine Geology, 352(November 2018),
321–347.

Miller, J. K. & Dean, R. G. (2004). A simple new shoreline change model.
Coastal Engineering, 51, 531–556.

Montaño, J., Blossier, B., Osorio, A. F., & Winter, C. (2020a). The role of
frequency spread on swash dynamics. Geo-Marine Letters, 40, 243–254.
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