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summary

Mangrove is a coastal vegetation type primarily located in the tropical regions between 5° North and
5° South. This coastal vegetation is capable of reducing the force of incoming waves. This is a result
of the obstruction created by the roots, stems and canopies against waves to propagate through. Be-
cause of this capability, mangrove vegetation offers coastal protection against extreme annual flood
events for 15 million people. Recent studies identified that in 2050, the present-day 100-year extreme
sea level will occur annually in a large part of the tropical region. The increase of these extreme events
is primarily driven by the projected sea level rise. The hypothesis is that before this chronic flooding is
observed, storm-induced flooding might already be observed. The expected increase in the probability
of these extreme events is defined as non-stationarity of extreme events. The hypothesis therefore is
that the non-stationarity of extreme events could already be observed in historical data.

This study examined non-stationary extreme events between 1987 and 2018 for a total of 5809 hydrody-
namic environments distributed around the global mangrove coastline. These mangrove environments
defined the hydrodynamic wave characteristics and water levels. The results showed that 87.5% of
the mangrove environments have a positive trend in the location parameter of the Generalized Pareto
Distribution for the extreme events. The shift of the location parameter indicates an increase of the
impact of the extreme events. These extreme events were defined as multivariate extreme events con-
sisting of the significant wave height, the mean wave period and the skew-storm surge, respectively
the parameters H,, T,, and S. This combination is based on the fact that the coastal protection offered
by mangroves is depending on the water level and the energy within the long-period waves.

The methodology proposed is capable to perform a non-stationary multivariate extreme value analysis
and observe the evolution of the extreme events in these three dimensions between 1987 and 2018.
The study showed that the average of the extreme events has been increasing at 70.6%, 72.6% and
64.6% of the mangrove environments in the discussed three dimensions. The average multivariate
extreme event in mangrove environments increased by 0.06 m, 0.16 s, and 0.7 cm in three dimensions
respectively H,, T,,, and S. Furthermore, the number of extreme events increased, on average, be-
tween the first and second half of the time period, from 4.16 to 4.32 extreme events per year.

The global impact assessment of the non-stationarity of these multivariate extreme events was trans-
lated to the 27440 mangrove locations along the global coastlines. Statistical upscaling methods al-
lowed the application of a numerical expensive hydrodynamic model to propagate the offshore con-
ditions to onshore. The impact of the non-stationarity of extreme events was applied to a theoretical
framework, introducing the possibility of defining the vegetation width as an optimization parameter. To
meet the same safety standard for the 1/40 year design condition in 2018 concerning 1987, the vege-
tation width of the theoretical framework had to increase on average by 16.8 m. After post-processing
the hydrodynamic runs, the results showed that the coastal safety offered by mangrove vegetation is
depending on the combined impact of these three parameters, emphasizing the importance of expand-
ing the mangrove vegetation to withstand the non-stationary multivariate extreme event.

The main recommendations from this study are based on the results. First, the study showed that the
required vegetation width to ensure coastal safety has increased. It is therefore highly questionable if
a stationary extreme value analysis is still valid in these environments, especially when the currently
neglecting sea level rise is taken into account. Second, the observed increase in multivariate extreme
events and the number of extreme events may reduce the persistence of mangroves and therewith
their ability as coastal protection. It is therefore recommended to monitor the condition of the global
mangrove forests more closely and to take action when mangrove vegetation is decreasing.
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Ntroduction

1.1. Background

Around 600 million people live in the coastal areas that are more than 10 meters below sea level and therefore
they are vulnerable to flooding (McGranahan et al., 2007). Despite the fact that these areas only cover 2% of the
world’s land area, it attracts around 10% of the human population (McGranahan et al., 2007).

The globally projected extreme sea level rise will increase the risk of flooding in these populated regions. Between
the year 200 and 2100 the extreme sea-level invent is expected to increase with 34 to 76 cm based on a moderate-
emission-mitigation-policy scenario. The defined business as usual emission scenario results in an increase of 58
to 172 cm of these extreme events (Vousdoukas et al., 2018).

It is expected that in 2100 0.2 - 4.6 % of the human population is annually exposed to flooding. Thus results in
an annual loss of the global gross domestic product by 0.3 - 9.3% (Hinkel et al., 2014). The traditional solution to
prevent flooding based on climate change scenario’s are estimated to have an annual cost of US$ 12-71 billion in
2100 (Hinkel et al., 2014).

Nature-based Solution for coastal protection are often proposed as a more cost-effective and sustainable ap-
proach (Spalding et al., 2014). Examples of Nature-based Solutions are vegetated foreshores with mangroves or
salt marshes and reefs, which are capable of attenuating waves and reducing the risk of flooding (Gedan et al.,
2011). These Nature-based Solutions have the capability to adapt to the sea level rise (Marijnissen et al., 2020;
Winterwerp et al., 2005).

Previous research identified that especially in the tropical region flood risks are increased by the year 2050. It
is stated that a large part of this region will be annually exposed to a present-day 100-year extreme sea level by
the year 2050 (Vousdoukas et al., 2018). Based on the expectation that these regions will already be exposed to
storm-induced, high tide or nuisance flooding, before chronic inundation occurs introduces the expectation of an
increase in the probability of these extreme events (Shadmehri Toosi et al., 2020).

Mangrove can be found in this tropical region, primarily located between 5 North and 5 South. It covers 137.760
km? of the earth surface with often considerable co-benefits (Spalding et al., 2014; Giri et al., 2011). This coastal
vegetation can effectively reduce wave heights between 0.14% to 1.1% per meter vegetation (Mcivor et al., 2012).

Previous research has shown that this wave attenuation capacity differs over the vertical, due to the vertical den-
sity differences between the roots, stem, and canopy (Quartel et al., 2007). Furthermore, studies have shown that
mangroves have a reduced wave attenuation capacity of long-period waves (Horstman et al., 2014; Phan et al.,
2015; Gijsman et al., 2021). Still, the coastal protection offered by this Nature-based Solution are worth over $ US
65 billion per year and protection 15 million people against annual extreme flood events (Menéndez et al., 2020).
Therefore, efforts are being made to enhance nature-based solutions in coastal protection and to propose design
guidelines for them (Sutton-Grier et al., 2015)
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The identification of the extreme events against which mangrove protects and their probability of occurrence is
commonly based on a stationary assumption. When the stationary assumption is applied in an extreme value
analysis, the probability of a design event is equal over time p, = p: (Salas and Obeysekera, 2014). This proba-
bility statement is visualized in figure 2.5a
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(a) Stationary by Salas and Obeysekera (2014) (b) Non-stationary by Salas and Obeysekera (2014)

Figure 1.1: The impact of non-stationarity vs. stationarity assumption on the probability of a design flood.

However, the expected increase of extreme events in the tropical region could mean that this stationary assump-
tion no longer holds. This would mean that the probability for an extreme event changes over time, po # p:. The
implication of the non-stationarity of the extreme value distribution over time is an increase in probability of these
extreme events. This increase of the probability is displayed in figure 2.5b.

Methodologies to take into account this non-stationarity of extreme events in the determination of the probability
of occurance of these events are available (Mentaschi et al., 2016; Ragno et al., 2019; De Leo et al., 2021). How-
ever, these are commonly defined on a extreme events driven by one paramter. The coastal protection offered by
mangrove is also depending on the waterlevel and the energy within the long-period waves. Therefore a multivari-
ate extreme value analysis should be defined and applied, to assess the impact of the non-stationarity of these
multivariate extreme events on the coastal protection offered by mangroves.

1.2. Problem definition

The expected increase of extreme flood events for the year 2050 in the tropical region described in Vousdoukas
et al. (2018), could already be observed as storm-induced flooding (Shadmehri Toosi et al., 2020). Mangroves are
primarily located in these tropical regions between 5 degrees North and South (Giri et al., 2011). Therefore the
coastal protection offered towards 15 million people against annual flooding could be affected (Menéndez et al.,
2020).

Therefore, this study will extend the knowledge of extreme value analysis under the assumption of non-stationarity
for multivariate extreme events in mangrove regions. These multivariate extreme events are applied while the
coastal protection offered by mangroves is depending on the water level and long-period waves, besides the in-
coming wave height. This will give insight in the vulnerability against the non-stationarity of these extreme events
in mangrove regions.

Based on the statements of Shadmehri Toosi et al. (2020), it is expected that the extreme events in mangrove
areas have already been increased. This should imply that more coastal vegetation is needed to ensure the iden-
tified coastal protection for the regions where in total 15 million people are protected against annual flooding.
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1.3. Research objective and questions

The research objective for this master thesis is to examine the impact of the non-stationarity of multivariate extreme
events on the coastal protection offered by mangroves. This results in the main research question, which is stated
as:

Main question + What is the impact of the non-stationarity of multivariate extreme events with
respect to the coastal safety in mangrove areas?

Several sub-questions are introduced to answer this main research question and create further insight into the
processes involved. These sub-questions are:

Sub-question 1+ How to identify an extreme event in respect to coastal safety offered by man-
groves?

Sub-question 2+ How to identify and incorporate non-stationarity of a multivariate extreme event
in the assessment of the coastal protection offered by mangrove on a global
scale?

Sub-question 3 + How did the extreme events transform in the considered period using a multi-
variate extreme value analysis?

Sub-question 4 « Which sensitivities of the coastal protection offered by mangroves can be iden-
tified from the results and what is the influence of this sensitivities?

1.4. Research approach

The research objective will be fulfilled by using an approach that is split in three sections. First, the non-stationarity
of the multivariate extreme events is identified in the extreme value analysis, where global data will lead towards
time-dependent hydrodynamic conditions. Second, the extrem events are used as input for the hydrodynamic
model to identify the transformation from offshore towards onshore of these different extreme events. Third and
final, the impact of the non-stationarity on the coastal safety will be identified. The approach of this studie is
schematized in figure 1.2.

Extreme value analysis Hydrodynamic model Coastal protection

Identifying climate change Propogating storms Impact climate change on
in mangrove areas through mangroves flood safety

Figure 1.2: Schematized overview of the three steps performed in this study to work towards the research objective.



_iterature backgrouno

This study uses different methods that need an introduction to make the application more clear. This chapter will
therefore elaborate on the literature background, the different techniques and researches leading to the applied
methodology.

2.1. Coastal mangrove vegetation

Mangrove is a coastal vegetation type which grows partly in water. The vegetation can mainly be found in tropical
areas between 5° North and South and are covering 137,760 km? of the world’s surface, as shown in figure 2.1a
(Giri et al., 2011). Mangrove define a group of currently approximated 77 halophytic tree and shrub species (Duke
et al., 1998), examples are shown in figure 2.1b and 2.1c. This vegetation grows in areas between the mean sea
level and the highest astronomical tide (Wilms et al., 2020).

(b) Mangrove tree (Chen, 2013)

(a) Distribution of mangrove on a global scale (U.S. Geological Survey, 2010) (c) Mangrove tree (Wilkins, 2008)

Figure 2.1: Overview mangrove vegetation
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Characteristics

Mangrove trees can be divided into Red, Black and White mangrove. In this study the focus is on Black (Avicen-
nia germinans) and the Red (Rhizophare mangle) mangrove, because White mangrove trees are located more
inland. The Red mangroves have a prop rootsystem to lift itself from the ground, figure 2.2a (Kazemi et al., 2018).
Black mangroves have a large extending rootsystem of pneumatophores to breath, figure 2.2b (of Environment
and Natural Resources, 2021; GeiBler et al., 2002). Both root systems are complex structures and influence the
attenuation of the waves.

(a) Rootsystem Red mangrove (Stabrin, 2018) (b) Rootsystem of Black and White mangrove (Stabrin, 2018)

Figure 2.2: Mangrove root-system schematization

The rootsystem of mangrove is a dense obstruction for the waves. This density is not equal over the whole vertical
of a mangrove tree. The dense root structure, spare structure of the stems in the middle and the again dense
structure of the canopies, the attenuation of wave energy differs over the vertical. This is visualized in figure 2.3.
This results in a water level depending wave attenuation capacity of the mangrove vegetation (Spalding et al.,
2014).

[ConpPex sTRucTuRE | OPEN STRUCTURE™ |
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Figure 2.3: Vertical layerization of mangrove trees resulting in a water level dependent wave-attenuation (Spalding et al., 2014)

Wave-attenuation capacity

The dissipation of wave energy due to coastal vegetation has been concluded from several field studies. In the
research of Vo-Luong and Massel (2008) the wave height reduction due to mangrove vegetation is measured in
the Can Gio Mangrove Biosphere Reserve, Southern Vietnam. This resulted in a set of datapoints along a close
to uniform bed for three different wave heights, offering the opportunity to create more insight in the added value
of vegetation on the dissipation of wave energy. The study suggest that most of the waves are dissipated within
the mangrove forest even at relatively small vegetation widths. In the study of Mcivor et al. (2012), different stud-
ies were combined to define the wave height reduction of mangrove trees. The conclusion was that this coastal
vegetation has the capability to reduce the wave height between 0.14% to 1.1% per meter vegetation.

However, in the study of Gijsman et al. (2021), it is argued that the functionality of mangroves is decreasing by an
increase of the storm intensity. This due to the lower attenuation capacity for longer period waves. The studies
of Horstman et al. (2014) and Phan et al. (2015) can emphasize this vulnerability of mangrove vegetation for long
period waves.

The observations shared in Horstman et al. (2014), measured in two transects in the southern Andaman region of
Thailand, show that the mean wave periods along a mangrove transect were slightly increasing. From 2.9 - 6.4s to
4.1-57s and from 2.8 - 4.1s t0 4.8 - 5.0s. This increase in mean wave period is explained by the fact that shorter
waves lose more energy while propagating through mangrove vegetation than longer waves.

In the study of Phan et al. (2015) a numerical experiment was performed with the goal to define a minimum width
for a healthy mangrove forest along the Vietnam coastline. To better understand the hydrodynamics within the
mangrove forest the short and long-period waves were modelled with XBeach. The wave energy of the short
waves was significantly reduced in the first 100 m of vegetation. However, the long waves were able to penetrate
much further into the mangrove forests, even in the order of 1000 m, but mention-able is that after 300 to 400 m
the long-wave energy is only 10% of the initial energy at the seaward-edge of the mangrove forest.
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2.2. Extreme value analysis

Mangroves offering coastal protection against annual flooding for 15 million people (Menéndez et al., 2020). They
are even protecting against the extreme conditions of tropical cyclones with their presence in areas known for
tropical cyclones, indicated in figure 2.4. However, the extreme events are becoming more extreme in the tropical
region (Vousdoukas et al., 2018). Therefore this section introduces the methods applied in this study to identify
the extreme events in these coastal regions.

— Coastal mangroves
-« - - Common cyclone pathways
== High seaquake frequency

Figure 2.4: Global distribution of mangrove areas known for their presence of cyclones or seaquake (Marois and Mitsch, 2015)

Peak over Threshold analysis

Identifying the extreme events is commonly performed by the easily implemented Block-Maxima approach, where
the focus is on the extreme value of a particular time window (Jenkinson, 1955). However, the main weakness of
this method is that only one feature of a certain period is stored, neglecting the information regarding the remaining
extremes. The Peak Over Threshold (POT) method is an extreme value analysis method, which can include these
features (Méndez et al., 2006). This approach is collecting extremes which are above a certain threshold, u. This
may result in multiple exceedances over the threshold, based on the chosen threshold. Based on this remaining
data the tail of the extreme events can be determined fitting it to the Generalized Pareto distribution, as shown in
equation 2.1 Méndez et al. (2006).

1— (14 )78 e

L-exp(~)  £=0 @

F(myu;o,€)={

Where F(u;0; €) is the cumulative distribution function, . the location parameter, o the scale parameter and ¢ the
shape parameter. The cumulative distribution function show the distribution X, by evaluating the probability of X
at level = being smaller or equal to z.

Stationary vs. Non-stationary

The threshold for the peak over threshold analysis is time-independent. This means that the extremes defining
the GPD over the whole time-series have to be above the same threshold value, which will be the stationary
assumption in this study. When the stationary assumption is applied to the Generalized Pareto distribution of the
extreme events, the change of occurrence of a design event is equal over time p, = p:.. However, if the tropical
regions are already exposed to storm-induced flooding, this assumption does not hold (Shadmehri Toosi et al.,
2020). This makes the extremes non-stationary and as a result, the probability of the value of an extreme event
changes over time, po # p:. The figures of the study of Salas and Obeysekera (2014), figure 2.5a and 2.5b,
explains the implication of the non-stationarity of the distribution of extreme events.
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Figure 2.5: The impact of non-stationarity vs. stationarity assumption on the probability of a design flood.

There are two methods discussed in this study to implement the non-stationary assumption in the definition of
the GPD deistirbution. The first approach is by defining the trend in the extremes and translate this towards
time-dependent relations (Ragno et al., 2019; De Leo et al., 2021). The second approach takes into account the
non-stationarity of the complete initial time-series and is therefore less sensitive for outliers (Mentaschi et al., 2016).
Therefore the second approach is applied in this study for addressing the expected non-stationary.

This analysis is performed with a stationary time series z(¢) based on the non-stationary time series y(¢). The first
step in this approach is shown in equation 3.3 in which the data is normalized by re-scaling it with the standard
deviation Sy, (t) of time window W¢ and the mean, Ty, (t), of a time window Wr. The Ty, (¢) is calculated by the
centralized mean of the time series as shown in equation 3.4. To decrease the sensitivity of the Sy, (¢) for outliers,
the Soy (t)|rovew, from equation 3.5 is smoothed with a moving average based on the time window W /2 result-
ing in equation 3.6. The extreme value analysis can be performed on the stationary time series to eventually be
transformed back to the real non-stationary situation. By applying this method only to the resulting values of P,
the dependency between the different variables is equal to the real-time series. When the approach of Mentaschi
et al. (2016) would be applied to the wave parameters (Hs, Tr, 6..) the resulting P., would be based on variables
of which the dependency has changed due to different standard deviations and trends.

_ _y(t) — Toy(t)
z(t) = f(y,t) = TS0, (2.2)
tt=t+W /2
Toy(t)= > y(tt)/N: (2.3)
tt=t—W/2
tt=t+W /2
Soy®)lroven = 9 VI(tt) —gtt € [t — W/2,t + W /2])]2/Nusn (2.4)
tt=t—W /2
tt=t+W /4
Soy(t) = > 2S0,(tt) /Ny (2.5)
tt=t—W/4 ROUGH

In which z(t) is the stationary time series, y(t) the non-stationary time series, To,(t) is the long-term trend in the
time series, So, (t) equals the long-term varying standard deviation, W is the time window and XV, is the number
of observations available during the time window .

The found distribution of the GPD resulting from the POT analysis based on the stationary time-series is trans-
formed to the original non-stationary time-series (Mentaschi et al., 2016). This results in a time-dependent thresh-
old u,(t). With the same approach the found distribution of GPD are transformed to the original non-stationary
scale. This is performed for the location parameter p. with equation 3.8, the shape parameter ¢ stays constant,
shown in equation 3.9, and the scale parameter ¢ is calculated with equation 3.10. The subscripts , and , show
respectively the stationary and the non-stationary parameters.

wy(t) = Sy(t) - e + Ty (1) (2.6)
py(t) = Sy(t) - pa + Ty (2) (2.7)
€y = €4 = const. (2.8)

acpoy(t) = oy (t) + ey [uy(t) — py(t)] = Sy(t) - ocPDL (2.9)
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Design conditions

With the mean number of exceedances per year and the GPD distribution, the probability of exceedances can be
defined. By identifying the impact can be translated towards design conditions. The mean number of exceedances
per year N, indicates the average number of extreme events per year. Using this parameter, the return period of
a extreme event with a minimum impact can be calculated. The return period is the expected time between two
extreme events that are at least of a certain level of impact. The return period of a POT analysis follows from the
fitted Generalized Pareto Distribution on the observed extreme events, equation 2.1. This cumulative equation
expresses the non-exceedence probability, meaning the probability of a certain extreme event being smaller than
the examined extreme event. This is transformed towards the exceedance values, Q, with equation 2.10 (Van
Den Bos and Verhagen, 2018). Eventually the obtained equation can be transformed towards equation 2.11, the
expected return period of a extreme values R (Van Den Bos and Verhagen, 2018).

Q=1-F(0:8) (2.10)

(2.11)

Multivariate dependency model

In this study the focus is on multivariate extreme events, introducing a multivariate dependency between the dif-
ferent parameters. With taking into account these dependency extreme events that have not been recorded yet
can be created based on the observed probability distributions of the extreme value analysis. The extreme event
for a particular return period can be substracted from this multivariate dependency model. By sampling a total of
the return period of interest times the N, the extreme event with the largest impact is the design condition for the
particular return period (Gréaler et al., 2013).

A method to represent the multivariate dependence structure is by applying the vine method, where the depen-
dence structure is based on the bivariate dependence between the variables (Bedford and Cooke, 2002). In which
the vine, V, is a nested set of trees, T', where the edges of T} are the the nodes of the T, Kurowicka and Joe
(2010). This dependence structure is shown in figure 2.6, representing a regular vine with 5 variables. This means
that this method gives the ability to represent a multivariate dependence structure.
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Figure 2.6: A regular vine (Bedford and Cooke, 2002)

The edges represent the dependency between two parameters based on the copula theory. Copulas, C, are
flexible joint distributions for modelling the dependence structure between two or more random variables (Bender
etal., 2014). These are based on uniform marginal distributions. These copula functions can be written as shown
in equation 2.12. In this study, Archimedean copulas are applied to capture the dependencies within the Vine-
D model. Based on previous research, the assumption is made that the Archimedean copulas are capable of
representing the dependency between these variables (Corbella and Stretch, 2013; Li et al., 2018; Lira-Loarca
et al., 2020).

C(uty...,un) = F (Fy ' (u1),...,F, ' (un)) (2.12)

In which F' is the multivariate distribution with margins F;(u;),7 = 1, ...,n, being n the number of variables, F[l
are the inverse distribution functions of the marginals.
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2.3. Statistical upscaling

This study will define the impact of non-stationary of extreme events in a global analysis with a computational de-
manding hydrodynamic model. Other studies left this out of the scope, due to the computational demand (Van Zelst,
2018). However, the application of statistical upscaling will reduce the computational demand of this approach.

In the study of Camus et al. (2011) clustering and selection algorithms are analyzed to give insight in the differences
between the different algorithms. In this analysis, it was concluded that the K-means algorithm, KMA, is capable
of giving the best representation of the average wave conditions in comparison to the Self-organizing maps, SOM,
and the maximum dissimilarity algorithm, MDA.

The K-means clustering method divides the multi-dimensional data space into a number of clusters, each defined
by a prototype and formed by the data the nearest to this prototype (Camus et al., 2011). The data of the different
points is converted to a n-dimensional vector X = (z1,....,zn), Where N is the total amount of data locations.
Then the K-means algorithm is searching for M groups with a prototype vy, = (1%, ...., Znk), inwhich k = 1, .., M.
The location of these prototypes in the data starts with a random initialization of the prototypes. Then by an iterative
process a set of centroids is searched for which the overall within-cluster distance, variance, converges and the
designation of data of data points to clusters converges (Camus et al., 2011). In this iterative search, two steps are
continuously performed after the sum-of-squares criterion, also called inertia, shown in equation 2.13 converge.
The first step is assigning the different samples to the closest centroid. The second step is determine the mean of
the samples assigned to a single centroid to determine a new centroid within the data set.

To prevent that the algorithm searches to a local minimum within equation 2.13, the method k-mean++ can be
applied. This means that the initial centroids are not randomly selected but to be distant from each other. By
applying weights to certain variables within the vector X, the importance of these variables in finding the centroids
differs.

> min (|lzs — psl) (2.13)

i=0 "7

The number of centroids are validated with the Silhouette coefficient and the Sum Squared Error (SSE). The Sil-
houette coefficient is a way to describe how well the different clusters can be distinguished within the dataset. This
value ranges from -1 to 1, where 1 means that the centroids of the clusters are well apart from each other. A
value 0 means that the distance between the centroids is not significant, and -1 represents that the centroids are
not assigned properly. The SSE represents the sum of the squared differences between the centroids and the
observation allocated to this group. The larger the number, the more difference between the different vectors and
the centroids.

2.4. \/egetation implementation in hydrodynamic model

The propagation of the offshore extreme wave conditions is transformed towards the mangrove vegetation belt
with the use of a hydrodynamic model. Hydrodynamic models which could be applied are for example SWAN,
XBeach and SWASH. In this study SWASH is selected, because it is capable of solving the transformation of
waves towards onshore with a non-hydrostatic approach.

SWASH is a non-hydrostatic wave-flow model and is developed to predict the transformation of dispersive surface
waves (The SWASH team, 2020). It can be applied to model unsteady, non-hydrostatic, free-surface, rotational
flow and transport phenomena. Due to the non-hydrostatic application the model is expensive in the sense of
computational time. The nonlinear shallow water equations with the non-hydrostatic pressure term are used in
SWASH to model the propagation of offshore waves into the coastal waters.

SWASH is capable to model the additional momentum loss of the waves caused by vegetation, allowing to model
the coastal protection of mangrove vegetation (Suzuki et al., 2019; Reis et al., 2020). The vegetation is defined
with separate layers for the roots, stem and canopy, following the methodology of Suzuki et al. (2012) and visu-
alized in figure 2.3. This offers the opportunity to apply the vertical differences in wave attenuation capacity of
mangrove vegetation. The characterizations of the different layers is performed by applying a layer specific height
of the vegetation h, ;, thickness of the cylinders of vegetation b, ; and the number of roots N;. The eventually
wave energy dissipation of the mangrove vegetation is depending on the drag coefficient Cp;, which is separately
defined for the three layers in SWASH. The formulation of this drag coefficient contains a lot of uncertainty (Sumer
and Fredsge, 1998; Van Wesenbeeck et al., 2021). The drag coefficient for rigid cylinders is usually set to 1.0
(Narayan et al., 2011; Reis et al., 2020). However, due to the swaying of vegetation under extreme storm condi-
tions this value could be smaller. The study Van Wesenbeeck et al. (2021), indicates that a Cp of 0.7 could be
more representative for the wave attenuation of the canopy of a tree.
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Figure 2.7: Layer schematization of a mangrove tree in the applied hydrodynamic model (Suzuki et al., 2012)

Sveg = Sveg, + Svegz

2.5. Coastal safety assessment

The eventual impact of the non-stationary of the extreme events on the coastal safety is calculated based on two
flood hazard mechanisms. The first is wave run-up and the second is wave-overtopping. Wave run-up is the phe-
nomena when waves run-up against the slope of a dike. Overtopping is the amount of water flowing over a dike
due to the breaking and non-breaking waves. These two failure mechanisms of the coastal safety determine the
eventually needed height of the protection against the waves to protect the hinterland. The required dike height,
also called crest height R., is calculated with two empirical relation of Van der Meer et al. (2018).

Run-up is the maximum water level is the maximum water level at a slope during a wave period. For irregular
waves the calculation is based on the a run up level that is only exceeded by two percent of the waves, R, 2%,
calculated with equation 2.14. Based on the design guide lines of the EurOtop Manual (Van der Meer et al., 2018),
it is advised that the crest height of the dike should be at least one standard deviation above the calculated maxi-
mum run up, to be design a safe protection. Based on results of field experiments the deviation between the found
results and the proposed equation follows a normal distribution with a standard deviation of 7%. This results in a
safe crest height for run-up given in equation 2.15. The failure mechanism overtopping requires a dike height that
can be calculated with equation 2.16, with an upper limit based on equation 2.17.

Ryo9 . 1.5
m b Sm—1,0
Re = 1.07- Rusy, (2.15)
q 0.023 ( R. )1'3
_ e ro-exp |- (2.7 216
Vg H2, \/tana% Sm-1,0 €XP |: Em—1,0* Hmo - o - vf =78+ o (2-18)

q

R, 1.3
——=0.09-exp |- | 15— (2.17)
Va-H:, Hemo - vy -8 7o

In these equations R, is the 2% run-up level, ¢ the overtopping [I/s/m], g the gravitational acceleration [m/s?],
H,,.o the significant wave height [m], « the slope of the foreshore of the dike or levee [o], {m—1,0 the Iribarren
number [—], R. the free board of the crest [m], v, the reduction factor for the berm [—], v the reduction factor of
the slope roughness [—], v the reduction factor for the incoming angle of the wave [—] and ~, the reduction factor
for walls [—].

The height of the dike to prevent the failure mechanism is depending on the type of breaking of the waves. This
is defined in the equations with the Iribarren number, which can be calculated with equation 2.18. The equation is
dependent on the steepness of the wave and the slope of the dike where the waves might break on.

tan o

Em-1,0 = —Fm————
VHmo/Lm-1,0

(2.18)



Material & Methods

This chapter elaborates on the material and methods applied in defining the answer to the research questions.
The methodology is introduced by defining the data sources and parameters for the study. The next section de-
scribes the non-stationary extreme value analysis. Based on the results of these two phases a statistical upscaling
method is applied to reduce the computational demand, which is explained in the next section. The last section
will elaborate on the global impact assessment. This impact assessment defines the impact of the non-stationarity
of the multivariate extreme events.

3.1. Data collection and parameter definition

This section describes the different data collection of the study. The study requires a theoretical framework to iden-
tify the impact of the non-stationary extreme events. The framework is visualized in figure 3.1. The parameters in
this theoretical framework are:

width,s
width s
hys

20,veg

veg

These parameters represent respectively the width of the nearshore in m, the width of the foreshore in m, the
height of the foreshore in m, the vertical starting point of the vegetation in m with respect to mean sea level and
the height of the vegetation in m.

MSL -

-20m -
width,, width,

Figure 3.1: Theoretical frame work applied in the study, identifying the 5 parameters widthns, widthys, hys, 20,veq and the
hveg, Used to represent the mangrove transects.

The data needed for the analysis can be split in three sections. The first set of data is required to identify where
mangrove is present in front of the coastline. The second source are the hydrodynamic conditions at these man-
grove locations over time to identify the non-stationary. The third part are the natural conditions at these locations
and how these parameters are represented in the hydrodynamic model.

1
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3.1.1. Coastal mangrove locations

The study performs a global assessment of the impact of non-stationary multivariate events by implementing 27440
coastal mangrove locations collected from the study of Van Zelst (2018). These coastal mangrove locations are
based on a methodology in which along the global coastlines the presence and type of vegetation is determined.
This resulted in a minimum spatial distribution of 1 km along the coastline. The spatial distirbution of the 27440
coastal mangrove locations is given in figure A.1. Further elaboration on the filtering of the data of the study of
Van Zelst (2018) and the methodology applied in that study can be found in appendix A.1.

Vegetation data
80 - Locations

20
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Figure 3.2: The 27440 locations where mangrove is present at the coastline, based on the study of Van Zelst (2018)

3.1.2. Environmental data sources

For these 27440 locations the non-stationarity of the multivariate extreme events is identified by using the data
source of a period of 32 years of two data-sources. The first time-series is the ERA5 model of the European
Centre for Medium-Range Weather Forecasts, ECMWF, which describes atmospheric, land, and oceanic climate
variables in a 30 km global grid (ECMWF, 2021). This model will be used to define the wave-characteristics at
the mangrove locations. Appendix A.2 will elaborate further on the characteristics of the dataset and the data
extraction from these data sets based on the mangrove locations used in this study.

The second data source is the water level characteristics driven by extreme events extracted from the Global Tide
and Surges Model, called GTSM (Verlaan et al., 2015; Muis et al., 2016). The GTSM applied in this study is
updated with ERA5 data, instead of ERA-I. The time-series of the GTSM is the sum of the tidal signal, the storm
surge, and the observed increase in water levels in the past years. By extracting the calculated tidal signal and
sea-level rise from the calculated time-series of the model, the result is the so-called skew-surge, which will be
the definition of storm surge used in this study (Batstone et al., 2013). The GTSM model is furthermore used to
define the highest astronomical tide at the different mangrove locations. The sea-level rise in the GTSM model is
added with a constant height per year, appendix A.2. This makes it possible to calculate a stationary time series
representing the tidal signal, from which the HAT is extracted. With the use of a nearest neighbor method, called
KD-tree, the environmental locations of interest are selected (Maneewongvatana and Mount, 1999) . These loca-
tions are based on the coastal mangrove locations. This resulted in 2200 locations of the ERA5 model and 4708
locations of the GTSM model, which are of interest for the environmental conditions in the specified mangrove
locations.

The two data sources have a different grid from which the data is extracted, resulting in 5809 different combina-
tions of these two data sources. An example of this is given in appendix A.2. The minimum number of mangrove
locations represented by one of these unique combinations is 1 and the maximum is 68. The time-series starts at
1987-01-01 and ends on 2018-12-31. The start of this time frame of 32 years is based on the limiting accuracy of
the ERA5 model at the beginning of the 80s. The end of the time frame is a result of the fact that the time-series
of the Global Tide and Surges model end at 2018-12-31.
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3.1.3. Natural protection data sources and parameter definition

The parameters widthns, widthyss, hys, z0,0eg @and the h,e4 for the 27440 mangrove locations are extracted from
three different data-sources. The parameter width,,s is extracted from the work of Athanasiou et al. (2019). The
dataset from that study has a resolution of 1 km along the global coastline. It contains the coastal slopes defined
between the depth of closure and the mean sea level. Further explanation of the method used in this study can
be found in appendix A.3. By applying the KD-tree the dataset is combined with the original dataset. While all
the slopes are determined on the shoreline, some show the slope within a delta, which is not representative of the
transformation of offshore conditions towards onshore conditions. For that reason literature was used to provide a
filter on the data set, resulting in an upper limit of 0.02 [m/m] and a lower limit of 0.0005 [m/m] before the nearest
neighbor within the dataset was searched (Tas, 2016; Bakker, 2017). When the calculated width., s is above 10000
m, itis replaced with 10000 m. This step is introduced to prevent a computational expensive hydrodynamic domain.

The parameters widthys, hys and zo,vcq are extracted from the dataset of Van Zelst (2018). The slope of the fore-
shore, height of the starting point of the foreshore and the starting point of the vegetation are calculated. Appendix
A.3 elaborates on the methodology applied in the study of Van Zelst (2018). The starting point of the foreshore, is
at some locations higher then z ,.,. Based on the method applied in the study of Van Zelst (2018), this should not
be feasible. For that reason at these location zo, .4 is set equal to the zo, ¢s. When the calculated width ;s is above
10000 m, it is replaced with 10000 m. This step is introduced to prevent a computational expensive hydrodynamic
domain.

The height of the mangrove trees are extracted from the study of Simard et al. (2019). Along the transects at the
27440 mangrove locations the average height of the maximum basal weighted height is collected. The creation
of the transects is explained in further detail in appendix A.1. For 74.1% (20333) of the locations, an average
vegetation height was found. For the other locations, the height of the nearest neighbor was used. The result of
this data extraction is visualized in figure 3.3.
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Figure 3.3: Maximum canopy basal weighted height in meters of the coastal mangrove tree defined with the data set of Simard
etal. (2019)

The transects resulting in the vegetation height have to contain at least 5 grid cells of data along the transect before
the h..4 can be calculated, otherwise the h,., of the nearest location is applied. When the vegetation height was
below 1.37 m, it was replaced with a minimum vegetation height of 1.37 m.

The vegetation height is used as input to define the different parameters for the coastal vegetation. The three
layers to define are the roots, stem and canopy. With the use of the extensive literature study of Janssen (2016)
on parameterization of vegetation and the representation of a pioneering tree in van Zelst et al. (2021), 7 different
trees have been defined in this study. These trees represent Red mangroves trees. Appendix A.3 discusses
the results of the differences of Black and Red mangrove trees based on the results of the hydrodynamic model.
The conclusion was made that Red trees are less effective in attenuating waves, and therefore leads to a more
conservative approach. The first tree, representing a young pioneering tree, has a height of 1.37 meter based on
the representation in the forest model of Chen and Twilley (1998). The other trees increase in height from 5 un-
til 30 meters, to cover the distribution of found heights. The definition of parameters is defined on two assumptions.
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The first assumption is that with an increasing height the density and the dimensions of the cylinders within a layer
are increasing. This results in an increase of the parameters b, ; and N, ; when the height of the tree is increasing.
This assumption is based on the fact that a higher tree needs more and thicker roots to stabilize itself. This is in
line with the parameterization made in Janssen (2016).

The second assumption is that the maximum BMy,. 3 for the canopy is 100, based on the study of Narayan et al.
(2011). This results in a decrease of density of the canopy for the largest trees, observed in the parameters N, 3
and b, 3. This is in line with the maximum BM .. s of 100, being a representation of the biomass in the third layer
of the tree known as the canopy. This parameter is calculated with equation 3.1.

BMfac,i = Nz . bv,i . hv,i (31)

The parameters of the 7 trees are listed in table A.1. SWASH requries a minimal number of stems per squared
meter of 1, therefore the lowest N, value present in the vegetation is set to 1. The parameters of the tree with the
closest height to the one of the transect are applied in the hydrodynamic model.

| | Roots | Stem | Canopy | Height |
‘ ‘ N(r/m?)b(em)  h(m) ‘ N(r/m?)b(em)  h(m) ‘ N(r/m?)b(cm)  h(m) ‘ hiot ‘
Tree 1 | 1 0 0 1 0 0 30 3.5 1.37 1.37
Tree 2 | 15 1 0.15 1 5 2 33 3.5 2.9 5
Tree 3 | 25 1.5 0.275 | 1 13 4 36 3.5 5.7 10
Tree 4 | 35 2.0 0.40 1 20 6 40 29 8.6 15
Tree 5 | 47 2.3 0.53 1 28 8 43 2.0 11.5 20
Tree 6 | 58 2.6 0.66 1 38 10 46 1.5 14.3 25
Tree 7 | 70 3.0 0.80 1 50 12 50 1.2 17.2 30

Table 3.1: Vegetation parameters for the hydrodynamic model of the three different layers, namely roots, stem and canopy, of
a representative Red mangrove tree, selected for 7 different heights.

The last parameter to represent the vegetation in the hydrodynamic model is the bulk drag coefficient, Cp. This
parameter is set to the commonly used 1.0, representing mangrove as rigid cylinders (Narayan et al., 2011; van
Zelst et al., 2021).
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3.2. Non-stationary extreme value analysis

In literature, methods are available to perform multivariate extreme value analyses with the use of a Proxy value.
However, these methods are based on a stationary assumption (Gouldby et al., 2014; Lira-Loarca et al., 2020).
In this study, the non-stationarity of extreme events is implemented in a multivariate extreme value analysis. The
hypothesis is that storm-induced flooding will already occur before chronic flooding is expected in the tropical
region in 2050 (Vousdoukas et al., 2018; Shadmehri Toosi et al., 2020).

3.2.1. Proxy

The application of a Proxy is already introduced in previous studies and offers the capability to define combina-
tions of parameters leading towards extreme multivariate events (Gouldby et al., 2017; Lira-Loarca et al., 2020).
The Proxy is used to define the region of multivariate extreme events based on two vulnerabilities of the coastal
protection offered by mangrove trees.

The first vulnerability of mangrove forests as coastal protection is the lower wave-energy attenuation capacity for
long-period waves (Horstman et al., 2014; Phan et al., 2015; Gijsman et al., 2021). This means that the wave
period of the waves during an extreme event is of importance in the determination of the added value of mangrove
vegetation in coastal protection. For that reason, a proxy with the mean wave period is favored above a proxy with
a peak wave period, resulting in taking into account the long-period waves of the spectrum.

The second vulnerability is the difference in wave attenuation capacity over the vertical of a mangrove tree. This
is a result of the more dense roots and canopies of a tree with respect to the stems (Mcivor et al., 2012; Van We-
senbeeck et al., 2021). This means that the proxy should incorporate the storm driven water level, called the skew
surge (Batstone et al., 2013).

These two vulnerabilities resulted in the selection of the multivariate extreme event definition used in the study
of Gouldby et al. (2014). The multivariate event applied in that study is the notional flooding level, [, shown in
equation 3.2. This equation is originally defined by Stockdon et al. (2006), to represent the 2% run-up level for at
dissipative beach. It was extended with the addition of the surge in the study of Gouldby et al. (2014).

(3.2)

271/2
1=5+0.043 {HSQT’"]
2

In which is the [ is the flood level in [m], S the storm surge in [m], H, the significant wave height in m, g the
gravitational acceleration in 73 and 7', the mean wave period in s.

This multivariate event definition includes the the storm driven water level and the characteristics of the wave spec-
trum. With the inclusion of the T’,, and S, it takes into account the vulnerabilities of the wave attenuation capacity
of the mangrove tree and therefore indicate the region of multivariate events of interest. This results in the proxy,
P,, of equal to equation 3.2.



3.2. Non-stationary extreme value analysis 16

With the use of this Proxy, the extreme multivariate events can be identified. In this study an event has to meet
the following three requirements to make sure that the event is indeed an extreme event:

» The sampling should only identify one peak during an extreme event. This leads to a minimal inter-arrival
time, ¢, is defined as 48 hours between extreme events, following the study of Caires and Sterl (2005).

 To prevent that two short crested peaks may result in the classification of a storm, the duration of a storm is
based on the total duration of a group of peaks above the threshold. This is visualized in figure C.4, where
the time between the different peaks determines if it is classified as a single storm with multi peaks or a
storm with a single peak. The minimal duration of a group of peaks above the threshold before it is identified
as a storm is set to 12 hours (Van Den Bos and Verhagen, 2018).

» The number of extreme events has to be between 2.5 and 10 per year, to secure enough data points for the
following analysis.

D=d, D=YN.d;
(a) Single peak storm (b) Multi peak storm

Figure 3.4: Visualization how the requirement for the minimal duration of a storm is defined

The duration requirement mentioned above differs from the study of Lira-Loarca et al. (2020) Where the duration
of a storm was the time between the first upward crossing of the threshold and the last downward crossing of the
last peak of a group of peaks above a threshold. That approach may result in two short peaks above the threshold
with an interarrival time just below the maximum interarrival time. In the study of Corbella and Stretch (2013)
the duration of a storm is only based on a single peak and the time of it above the threshold. This means that
neighboring peaks around this peak are not considered in the analysis. Due to this consideration, the requirement
is set on the total duration above the threshold. Summarized, the assumptions used for identifying the extreme
compound events are listed in table 3.2.

Parameter Relation Value
Duration, D > 12 hours
Interarrival time, A > 48 hours
Number of extreme events, N, > 2.5 per year
< 10 per year

Table 3.2: Overview of the the selection procedure of extreme events as input for the multivariate extreme value analysis
performed with the Proxy.

The next step is to define the threshold applied in the Peak over Threshold analysis, POT, which is applied as
extreme value analysis in this study. This optimization process for the 5809 environmental locations is performed
with a statistical test, to identify when the threshold is indeed selecting the extreme events. The classification of the
Proxy is identified as an extreme is based on the assumption that the found extreme events follow a Generalized
Pareto distribution, equation 2.1 (Méndez et al., 2006). This classification is selected after investigating different
approaches (Caires and Sterl, 2005; Gouldby et al., 2017; Lira-Loarca et al., 2020).

The statistical test to define the goodness of fit of to a statistical hypothesis is the Kolomogorov-Smirnov test, fol-
lowing part of the methodology of Lira-Loarca et al. (2020). The statistical hypothesis in this case is the GPD distri-
bution of the extreme values of the Proxy. The Kolmogorov-Smirnov test searches for the largest vertical distance
between the expected distribution and the obtained distribution. To test if the assumption of an exponential distri-
bution for P, is met with a certain threshold for P, called P,,, ., a Generalized Pareto distribution is fitted through
the data as shown in figure 3.5. The level of significance of the null hypothesis from the Kolmogorov-Smirnov test
is given by p, defining the level of significance of the null hypothesis. This reflects the probability of rejecting the
null hypothesis when it is true. When p is larger than «, the null hypothesis holds with a significance level of a. The
level of significance for which the null hypothesis is met should be at least « = 0.05. This level of significance is in
line with previous studies (Caires and Sterl, 2005; Gouldby et al., 2014; Solari et al., 2017; Lira-Loarca et al., 2020).
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Figure 3.5: Visualization of the goodness of fit approach of the extreme events following the required GPD for Py, .

For this study, an optimization script is used to search for the lowest percentile of the Proxy data to meet this
requirement. It will select the lowest percentile based on the values presented in table 3.3, which meets the sta-
tistical test. This will result in the largest amount of data for further analysis, which is advised by Caires and Sterl
(2005). A decrease in stepsize is applied for the percentile above 98.5%, because this increased the capability of
the approach to find a percentile for which the requirements were met.

If the number of defined extreme events does no longer meet the requirement of N, the previous lower percentile
is chosen. This approach is applied to be as close as possible to the required level of significance. When the level
of significance is met, but the N; is to large, the script will continue to search for a larger percentile meeting the

statistical test.

ny’u percentile  0.950, 0.955, 0.960, 0.965, 0.970, 0.975, 0.980, 0.985, 0.986. 0.987, 0.988, 0.989, 0.990, 0.991,
0.992, 0.993, 0.994, 0.995, 0.996, 0.997, 0.998, 0.999

Table 3.3: Percentiles of the Proxy time-series to test the statistical assumption of the Generalized Pareto distribution on.
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3.2.2. Non-stationary extreme value analysis

In appendix B.1, implications are explained when a stationary approach is applied in a non-stationary climate.
Based on the hypothesis of this study, that non-stationarity can already be observed in the tropical regions, a
non-stationary extreme value analysis will be performed on the Proxy. This approach is based on the following
two assumptions:

« The transformation of N over time is left out of the scope of this analysis, because only 32 N, values are
available, resulting in a large sensitivity to outliers.

» The non-stationarity is defined by fitting the trend in the mean and standard deviation of the complete dataset,
to prevent sensitivities to outliers.

The first assumption is based on the limited length of the time-series. These time-series would only resultin in 32
N, values. For that reason, a trend analysis on this parameter would be too sensitive for outliers and is therefore
left out of the scope. This introduces the application of a stationary N,

The second assumption is applied with the technique proposed in this study of Mentaschi et al. (2016). In that
study the extreme value analysis is performed with a stationary time series z(¢) based on the non-stationary time
series y(t). The first step in this approach is shown in equation 3.3 in which the data is normalized by re-scaling
it with the standard deviation Sy, (¢) of the time window W and the mean T;,(t) of a time window W. The Ty, (t)
is calculated by the centralized mean of the time series as shown in equation 3.4. To decrease the sensitivity of
the Sy, (t) for outliers, the So, (t)| roucH, from equation 3.5 is smoothed with a moving average based on the time
window W /2 resulting in equation 3.6. Seasonality within a year is left out of the analysis, as only the extreme
events during the storm season are of interest. The time window W of 6 years is applied, advised for shorter time
series like the 32 years in this analysis (Mentaschi et al., 2016).

£(t) = f(y,1) = w (3.3)
tt=t+W /2
Toy(t)= > y(tt)/Ns (3.4)
tt=t—W /2
tt=t+W /2
SoyBlroven = VI(Et) — g(tt € [t = W/2,t + W /2])]?/ Nusn (3.5)
tt=t—W/2
tt=t+W /4
Soy(t) = > 2S0y(tt) /N; (3.6)
t=t—W/4 ROUGH

In which z(t) is the stationary time series, y(t) the non-stationary time series, To,(t) is the long-term trend in the
time series, Soy (t) equals the long-term varying standard deviation, W is the time window and X, is the number
of observations available during the time window .

The obtained distribution of the GPD resulting from the POT analysis based on the stationary P,,, is transformed
to the original non-stationary P,, to result in useful parameters for the clustering phase following the approach
of Mentaschi et al. (2016). The threshold P, . and the location parameter x are transformed in the same way
as shown in equations 3.7 3.8, the shape parameter ¢ stays constant as shown in equation 3.9 and the scale
parameter ¢ is calculated with equation 3.10. The subscripts , and , show respectively the stationary and the
non-stationary parameters. By assuming a linear trend over the time series of Ty, (¢) a line is fitted through the
obtained P, ., resulting in a linear trend over time. Examples of this complete analysis can be found in appendix
B.4 for 4 of the 5809 environmental locations.

sz,uy(t) = Sy(t) * Pryuz + Ty(t) (3.7)
py(t) = Sy(t) - pa + Ty (2) (3.8)
€y = €z = cONst. (3.9)

oaroy(t) = oy (t) + ey [uy (1) — uy ()] = Sy(t) - ocpos (3.10)
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3.2.3. Non-stationary multivariate extreme value analysis

The extreme compound events identified represent a combination of the parameters H,, T,, and S. This means
that the non-stationarity could be in three dimensions with respect to time. This transformation of the multivariate
extreme events is visualized in figure 3.6 for a two-dimensional multivariate extreme event. On the horizontal and
vertical axis, the transformation of the mean over time is given with, Aux and Auy. The non-stationary scale
parameter, results in a different extend of the cloud of extreme events at ¢ = 1 in comparison to ¢ = 0. This is a
result of the fact that the scale parameter influences the spread of extreme events.

Y 4

~Soy’y ‘ . t=1

AT, ®

v

AT, x

Figure 3.6: Assumptions of non-stationary location and scale parameter of the multivariate extreme value analysis

The time-dependent mean, Ty (¢), and standard deviation S, (), are introduced to track the discussed degrees of
freedom in the three directions of the parameters. With the assumption of a linear trend over time for both param-
eters, equations 3.11 and 3.12 are introduced.

Toy(t):Ty(0)+TT*t (311)

Soy(t) = Sy(0) +Ts =t (3.12)

where Ty, (t) is the time-dependent mean, T, (0) the stationary part of the mean, Tr the linear trend over time,
t the moment in time, Sy, (¢) is the time-dependent standard deviation, S, (0) the stationary part of the standard
deviation and T's the linear trend over time.

The first step in this approach is transforming the non-stationary univariates towards a stationary time series, apply-
ing the methodology of Mentaschi et al. (2016) on the identified cloud of compound events. For the three different
parameters the mean, Ty, (t), and the standard deviation, Sy, (¢), are determined using the equations 3.3 to 3.6.
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The time dependent procedure of the parameters results in a transformation procedure to transform the non-
stationary H,, T, and S over time towards the stationary H;, T,, and S*. The linear assumptions used are

applied in equation 3.3 resulting in equation 3.13:

U*(T()quTT‘t)

U=

(Soy +Ts - 1)

(3.13)

where U is the non-stationary univariate and U* the detrended stationary univariate. To, and Sy, are the stationary
part of the mean and standard deviation of the univariate. T+ and Ts represent the non-stationary part of these
detrending parameters. Parameter ¢ is the time in days with respect to the begin of the time series at 1987-01-01.
The fitting procedure is visualized in figure 3.7. For the three parameters the linear fitted slope T's is indicated with

light and dark blue and the slope Tr is indicated in orange.
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Figure 3.7: Mentaschi et al. (2016) method applied to univariates of extreme compound events with time window of 18 years
for location 1000.
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These linear fittings result in the time dependent Ty, (¢) and Sy, (¢) applied in equation 3.13. Detrending of the
univariates from the extreme value analysis is presented in figure 3.8. The blue dots indicate the univariates at
the original scale, the light blue points indicate the stationary result of the univariates.
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Figure 3.8: Transformation of non-stationary univariates to stationary univariates with equation 3.13

The next step is to represent these stationary univariates with a statistical distribution. With the comparison and a
focus on the fitting of the upper and lower tail of the distributions, different distributions found in literature to fit the
extreme values of a compound event are tested in appendix C (De Michele et al., 2007; Lira-Loarca et al., 2020).
A Log-Normal distribution was found to best represent the compound extreme events examined in this study. The
Log-Normal distribution shown in equation 3.14, contains the parameters ¢, u and o, which are the shape, location
and scale parameter. In figure 3.9, this procedure step is visualized. The relation of the observed and expected
values are given based on the fitted distribution. The outliers of H, could be a result of an event that is extremely
wave-driven.

(3.14)

Log-Norm fitting for H; at location 1000 Log-Norm fitting for T, at location 1000 Log-Norm fitting for §* at location 1000
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Figure 3.9: Cumulative distribution functions for the detrended variables
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The dependency between the different variables is defined by applying a Vine model, based on H}, T, and S*.
The Archimedean copulas are applied to capture the dependencies within the Vine-D model. Based on previous
research, the assumption is made that the Archimedean copulas are capable of representing the dependency be-
tween these variables (Corbella and Stretch, 2013; Li et al., 2018; Lira-Loarca et al., 2020). This results in three
bivariate copulas applied on the set (H;,Ty,), (T, S™) and (Cusrsx ,Crx s+), where Cusrx and Crx s+ are the
determined copula’s of the first level of the Vine tree. The construction of the Vine-D model is performed with the
python Copula package written by the MIT Data To Al LAB (SDV - MIT Data to Al Lab, 2018). The selection of
the best fitting copula is based on the sum of the error of the upper and lower tail between the empirical cumula-
tive distribution function and the candidates. The candidates are the three Archimedean copulas with their fitted
parameters to the data set. A visual inspection is a commonly used approach, as there is no clear procedure for
selecting (Lira-Loarca et al., 2020; De Michele et al., 2007). A visualization of this procedure step is shown in
figure 3.10. In this figure the relation between the marginal of two stationary parameters is shown, yellow indicates
the original distribution of the marginals, and grey the points generated with the Vine-D structure.
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Figure 3.10: Vine-D dependency structure of compound events
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From this multivariate dependency model, the stationary design conditions can be extracted. The choice is made
to sample the 1/40 year design condition, to keep the range of 32 year of the original data set in mind. The depen-
dency structure between the univariates defines the probability of the combinations of the three parameters during
the extreme events and the univariate probability function defines the probability of occurrence of these parame-
ters. With these constraints extreme events can be sampled from the dependency model in the stationary domain.
The 1/40year design conditions, means that 40 times N, samples are extracted, as explained by equation 2.11.
With the use of the inverse of equation 3.13, these design conditions can be transformed to the moment of time of
interest. In this study, the interest lies within the transformation of these design conditions between the beginning
and the end of the time period. For that reason, the design conditions are transformed towards 1987-01-01 and
2018-12-31.

Based on the probability functions, samples can be created which are beyond physical bounds. For that reason,
two restrictions are applied to the sampled parameter combinations. These two restrictions will be applied to the
trended data of the two time periods. When one of the restrictions is not met at one of the time periods, this pa-
rameter combination is replaced with a newly generated sample from the Vine-D model.

The first restriction is to validate that the sampled H, and T,, are positive values, while negative values for these
parameters have no physical sense. The parameter S on the contrary can be a negative value, representing a
negative surge.

The second restriction on the data generation is checking the shape of the wave input, based on the maximum
wave steepness that can occur. Waves that are too steep can not hold and will break. For this validation, the first
step is transforming the mean wave period T, to the peak wave period T,, by applying equation 3.15 (Schiereck,
2017). The second step is based on the equation of Miche (1944), where it is argued that the maximum steepness
for H/L is equal to 0.142. By transforming wavelength L towards the peak wave period T}, the equation of 3.16
is the result, assuming deep water.

T = 0.9-T) (3.15)

2
<0.142 (3.16)
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3.3. Statistically upscaling

The computational demand of the non-hydrostatic hydrodynamic model would be too large for this study to apply
to all the different climates and transects as indicated in a previous study (Van Zelst, 2018). For that reason, a
statistical upscaling technique is introduced on the original 5809 mangrove environments and the 27440 mangrove
locations. The statistical upscaling method applied is a clustering technique called K-means. The K-means algo-
rithm searches for groups of data that can be represented with one single scalar. Based on searching the locations
with the smallest error to the complete dataset as defined in equation 2.13. Figure 3.11 depicts a simplified visual-
ization of this procedure, where grouped points represent the clusters and the gray points represent the selected
scalar value.
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Figure 3.11: Visualization of statistically upscaling approaches applied. Defined by representative mangrove environments
and representative mangrove locations.

The first step is to reduce the number of mangrove environments with clustering within the 31-dimensional man-
grove environments. This will result in a reduced number of representative mangrove environments. To make
sure that the optimization does not work towards a local minimum, the distributions of the data are evened out by
applying the maximum dissimilarity approach, resulting in 1000 mangrove environments. This approach selects
a reduced number of the original environments resulting in largest intermediate distance between the different
environments. The different mangrove environments are represented by 31 parameters, resulting from the non-
stationary extreme value analysis of the Proxy, the analysis on the detrended H, T, and S*, the Copula model
Vine-D representing the dependency and the fitted univariate distribution of H;, T,, and S*. The different param-
eters of the different statistical analyses are listed in table 3.4.
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Analysis \ Resulting parameters
Non-stationary extreme value analysis \ Ny
Non-stationary univariate transformation Toy,H.» Ty, » Soy, s Tsyy
CZ—‘(]yA,Tm ) TTTm ) S(]y,Tm ) TSTm
Toy,s» Trs, Soy,s, Tsg
Time-independent univariate distribution WH*, OH*, €5
KT, OTx > €T,
Hs*, O5*, €5*
Multivariate dependency model Cus1,00,, 70,
Crs 5+, 0c,, 70y
Cec,,cyy 0cy, Tey

Table 3.4: The 31 parameters on which the statistical representation of the 5809 mangrove environments is based for the
statistically upscaling. Where the dots indicate the raw data points, the dashed line encircles the cluster and the grey colored
dot represents the centroid of the cluster.

For this first step, weight factors are introduced, to give more attention to parameters important for this study of
the 31 dimensions. The importance of each of these parameters is included in the optimization process of the
K-means cluster. The consideration of the weight of the different parameters is based on expert judgement of how
the clusters will be applied in the further analysis. The goal is to generate design conditions that are representing
the combined environmental locations. This resulted in the eventual distribution of the weight factors as listed in
table 3.5.

Analysis Weight | Parameters with double weight
Non-stationary extreme value analysis 5% -

Non-stationary univariate transformation 45% \ Toy,a., Ty, Toy, 1, Ty, s Toy,s, Trs
Time-independent univariate distribution 20% \ WH.» OH, WT,,s OT,,» €T, [4Ss OS
Multivariate dependency model 30% | Cu.1,.Cr,.5 Coy o

Table 3.5: The distribution of the weight over the 4 analysis resulting in the 31 parameters for the statistically upscaling, with in
the last column the parameters that have obatined a double weight.

The second step is to cluster the 6-dimensional mangrove locations, to reduce the number of locations that are
used as input for the hydrodynamic model. In table 3.6 these different parameters are listed. Literature empha-
sizes a relation between the water level and the cross shore location where mangroves occur. Mangroves are
namely expected to grow below the HAT and above the M SL (Wilms et al., 2020). This implies that there is a
relation between the starting point of vegetation along the foreshore and the tide. For that reason, H AT, is defined
as location specific in this study. In this 6-dimensional domain, the first step is applying the maximum disssimilariy
algorithm on the original dataset. This will prevent that the K-means algorithm works towards a local optimum. The
number of maximum dissimilarity points within the cloud selected are 5000, which is 18.2% of the original 27440
mangrove locations. After this pre-processing step of the data, the second step is to apply the K-means clustering
method to the resulting 5000 datasets.

Part | Parameters
Nearshore | widthy,
Foreshore | widthygs, hys, 20,veq
Vegetation | hoeg

Tidal signal | HAT

Table 3.6: The 6 parameters on which the statistical representation of the 27440 mangrove locations is based for the
statistically upscaling.
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3.4. Hydrodynamic model & safety assessment

The impact of the non-stationary conditions is assessed in the two step methodology with the hydrodynamic model
and the empirical coastal safety equations. These steps are introduced in this chapter and visualized in figure 3.12.
The output locations of the hydrodynamic model are indicated with red arrows. The in- and output parameters of
the different parts of the analysis are indicated in the blocks.

Step 1 is to identify the multivariate extreme event requiring the largest crest height at the beginning of the horizon-
tal plane. For this analysis the offshore design conditions of 1987-01-01 and 2018-12-31 are propagated towards
onshore conditions with the use of the hydrodynamic model SWASH. Based on the time-series of the water level
from SWASH, H; and T, are calculated at the beginning of the horizontal plane. These two parameters are com-
bined with the inital S and used as input of the safety assessment. The empirical equations 2.14 to 2.17 are used
to transform this input to a required crest height to meet the coastal safety standards. The event with the highest
R. is defined as the expected event with the most impact, defined as the 1/40 year design condition.

Step 2 calculates the required vegetation width of the 1/40 year design condition. The first part of this analysis is to
propogate the offshore conditions towards onshore and through the mangrove vegetation with the use of SWASH.
SWASH delivers the transformation of H, and T, over the horizontal plane with mangrove vegetation for every 10
meter. The same empirical flood safety equations of Pullen et al. (2018) are used to define the location of the dike
along the horizontal plane to meet the required crest height, R. .. This results in a required width of vegetation,
Widthyeg-

Step 1

s,off s,0n

Tm,oﬁ g Tm,on
S S

Step 2
1/40-year 1/40-year
Hs,off ‘ :
T o - Lo, |

.
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Figure 3.12: The first step is used to identify the 1/40-year design condition. The second step identifies the required vegetation
width. The red arrows indicate where the output of the hydrodynamic model is obtained and which location it represents in the
empirical relations of Pullen et al. (2018).

3.4.1. Hydrodynamic model set-up

First the set-up of the hydrodynamic model in SWASH is introduced. Step specific set-up conditions are indicated
in the steps of this chapter. SWASH uses three grids to set up the numerical wave model.

Bathymetry grid

The first grid is the bathymetry grid. This grid defines the location of the bottom of the domain. The grid will start at
-20 meter water depth and will use the parameters z¢,veg, hys, width,s and widths, to construct the bathymetery
at the other locations in the domain. At every 5 meter the location of the bottom is defined, this is sufficient for the
linear slopes of the theoretical framework.

An overview of the construction of the bathymetery of the different test cases is displayed in figure 3.13. 20 vcq iS
the reference point for the construction of the bathymetery. Based on this reference point, hy, is used to calculate
until which height the nearshore has to be constructed over a width of width,s. At the end of the nearshore the
foreshore starts. This part of the bathymetry has width width s and a height of h¢,. The last part of the bathymetry
starts at zo,.¢4, CONtinuing with a horizontal plane for the vegetation. The bottom friction of the bathymetry is set

to the default of SWASH, which is a Manning coefficient of 0.019m /% /s (The SWASH team, 2020).
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Figure 3.13: Schematic representation of the hybrid coastal structure introduced in the coastal safety assessment with the
horizontal vegetation plane and the dike located behind.

Vegetation grid

The second grid defines the characteristics of the vegetation. The step size of this grid is equal to the step size of
the bottom grid and defines the location of the vegetation. SWASH is only capable to apply an uniform vegetation
grid at the specified locations, this results that only one mangrove tree can be applied at a single SWASH run. This
is limiting the spatial differences in vegetation observed at mangrove locations (Verhagen and Loi, 2012). SWASH
uses the vertical layerization of the vegetation, making it possible to represent the roots, stems and canopy sep-
arately as introduced in Suzuki et al. (2012). The parameters for these layers is given in chapter 3.1.3 and is
depending on the vegetation height.

Computational grid

The third grid is the computational grid. This grid defines at which locations the non-linear shallow water equations
are solved in SWASH. The discretization of the computational grid in time and space is depending on the courant
number, indicating the stability of the system based on the traveling speed of information. For waves the courant
number is defined with equation 3.21 (The SWASH team, 2020).

Vg-h-At (3.17)

Owaves = Az

where ouqves IS the courant number for waves, g the gravitational acceleration in m/sz, h the water depth in m,
At the step size for the time-discretization and Az the step size for the space discretization.

With the implementation of an explicit time scheme an upper and lower limit for the courant number is introduced.
SWASH will then search during the integration for the time-step resulting in a courant number between the upper
and lower limit. Default SWASH implies an minimum courant number of 0.4 and an upper limit of 0.8. This study
examines high waves with wave breaking involved, which results in a lower limit for the courant number. The lower
limit is 0.2 and the upper limit is 0.6 for the determination of the most extreme event. For the runs where the width
of the vegetation is calculated the advised upper limit of 0.5 is applied to solve the non-linearities correctly (The
SWASH team, 2020).

In contrast with the time-discretization step, the space-discretization has to be selected beforehand. In principle
the step size in space should be able to resolve the most energetic wave components accurately. This means that
a sufficient number of grid cells should be applied per wave length. The rule of thumb is 50 grid cells for the peak
wave length (The SWASH team, 2020).

In contrast with the time-discretization step, the space-discretization has to be selected beforehand. In principle
the step size in space should be able to resolve the most energetic wave components accurately. This means that
a sufficient number of grid cells should be applied per wave length. The extreme events considered in this study
have a T,,, value ranging from 2.5 till 17 seconds. Using the assumption of 1.1 - T}, is equal to T}, the wave length
can be calculated with equation 3.18 (Holthuijsen, 2007).

_ 97 2rd
L= o * tanh( 7

The rule of thumb is 50 grid cells for the peak wave length (The SWASH team, 2020). This results in a range of
the space-discretization step of 0.12 till 2.5 meter. In this study, large numerical domains are applied, with in some
cases a domain up to 20 kilometer. For that reason, the space-discretization will be discussed separately in the
different chapters of Step 1 and Step 2.

) (3.18)

To track the wave transformation more precisely the number of vertical layers in the computational grid is de-
termined and is depending on the linear frequency dispersion (The SWASH team, 2020). This will indicate the
accuracy in the phase velocity of the different wave components and thus the transformation of wave energy. The
product of k and d, being the dimensionless water depth, is of special interest in this determination indicating the
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relative error in the normalized wave celerity of at most 1%. Where k is the wave number calculated with equation
3.19 (Holthuijsen, 2007).

o

L

The wave lengths ranging between approximately 11.8 and 251.8 meter, based on the T;,, of 2.5 and 17 seconds
at the offshore boundary result in a relative water depth between the 10.6 and 0.5. This would mean accordingly to
the manual that three vertical layers should be applied to meet the relative error for the extreme events with a 7,
below 2.9 seconds. However, 98.8% of the input for the determination of the most extreme event has a larger T,
then this limit. Taken into account the computational demand of applying 3 vertical layers instead of 2 vertical layers
and the small percentage of events that will have a larger error, the choice is made to only apply two vertical layers.

k (3.19)

Sponge layer

While a horizontal plane with a certain water depth is considered in the theoretical framework, a sponge layer is
applied at the end of the domain to absorb the outgoing waves. The thumb of rule of determine the width of the
sponge layer is at least 3 times the typical wave length. While the wave lengths used as input for the determination
of the most extreme multivariate event range approximately between 11 and 250 meter. The choice is made to
introduce a sponge layer of 1000 meter at the end of the domain.

Water level

The waterlevel in the domain is calculated with equation 3.20. The mean sea level, M SL, is located at 0 m. The
eventual waterlevel in the domain WT'L is calculated with the increasing the waterlevel with highest astronomical
tide, HAT, and the storm surge, S, both in meters.

WTL = MSL + HAT + § (3.20)

Wave spectrum

The other boundary condition implemented in the model is on the offshore location. At this location a wave spec-
trum is constructed, based on the H, and T;,, of the specific extreme condition. The wave spectrum used in this
study is the JONSWAP spectrum (Hasselmann et al., 1973).

By imposing a spectrum in SWASH, evanescent modes may occur in the computations. These modes are decay-
ing exponentially in the beginning of the domain and are therefore not modelled in SWASH (The SWASH team,
2020). The frequency where above these frequencies may occur can be calculated by equation 3.21, where wcy
is the so called cut off frequency, K the number of layers in the computational domain and g the gravitational

acceleration.
_ g
oy = 2K\/g (3.21)
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The water depth is approximately ranging between 20 tot 25 meter. While SWASH runs with two vertical layers
the cut-off frequency is between 0.40 and 0.45 Hz. This means that waves with a larger frequency will not be
modeled in SWASH, resulting in a reduction of the significant wave height H,. This decrease in H; is solved with
increasing the input of the system. The increase is often defined in an iterative process. However, due to the large
number of computations in this study, another approach is designed. The solution applied in this study is based on
the defined relation between the steepness and the drop in H,. An further explanation of the process is described
in appendix D.1. The result of this analysis is visualized in figure 3.14. The color of the dots indicate the drop in
H; observed in the results from SWASH, ranging between 0 m and 0.38 m. The contourlines behind indicate the
applied increase of Hj, to reduce the mismatch between input and the H at the start of the domain in SWASH.

Relation wave steepness and additional Hs input
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Figure 3.14: Observed drop in signficant wave height and the applied relation between the wave steepness and the increase
of the significant wave height at the boundary of the domain.

Post-processing

The time-series of the water level produced by SWASH are transformed into a variance density spectrum. With this
spectrum the parameters, H; and T,,, can be calculated. The spectrum is defined with equation 3.22 (Holthuijsen,
2007). where a is the amplitude of the oscillation and A f the chosen frequency band for the analysis. With the
use of these variance density spectra the spectral moments of the signal can be calculated, indicating the energy
stored within the system. The equation for the nth-order of moment of E(f) is equation 3.23. These spectral
moments define with the use of equation 3.24 the parameters H, and T,, (Holthuijsen, 2007).

BE(f) = Al;rgoAifE{%f} (3.22)
M = /OOO FPE(f)df, for n=..—3,-2,-1,0,1,2,3,... (3.23)
Too10 = =% H, = 4y/mo (3.24)

mo
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3.4.2. Step 1: Identifying the extreme event

The first step in the analysis is to identify the 1/40 year design condition of a specific mangrove environment. This
step is performed to use the multivariate extreme events that have a H, above the 75% percentile. This pre-
processing step is introduced based on the positive correlation between H, and S, and reduces the computational
demand. The result of this step is the input of the hydrodynamic SWASH model of this step.

SWASH

The hydrodynamic model of Step 1 is introduced to propagate the offshore conditions towards onshore. Besides
the previous explained set-up of the hydrodynamic model, some set-up parameters are step-specific. These
parameters are listed in table 3.7.The space discretization step for this domain is 1 meter. This is based on a
sensitivity analysis for different step sizes, given in appendix D.5.

Set-up parameter | Value | Unit
Modelled time 2 hours
Space-discretization step 1 m
Spin-up time 40 mainutes
Frequency band 0.0076 Hz
WTLMSL+HAT above 20,veg 1 m

Table 3.7: The 6 parameters on which the statistical representation of the 27440 mangrove locations is based for the
statistically upscaling.

With tracking the transformation of a set of extreme events on three different transects, the methodology is intro-
duced to run the different extreme events on one specific transect. The three different transects differed in length
and slopes, to identify the influence of the nearshore and foreshore bathymetry. The influence was limited resulting
in the proposed methodology. A further elaboration on the validation of this assumption can be found in appendix
E.1.

This domain applied in SWASH for step 1, is visualized in figure 3.15. In this figure the red lines indicate the loca-
tions where the output of SWASH is generated. The first location is used to validate the increased H; .s5, needed
to solve the underestimation of the evanescent modes. The second red line indicate the location where the H; o,
and T,,,,» are obtained for the safety assessment.
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Figure 3.15: Domain of the hydrodynamic model, SWASH, for step 1. The second red line indicates the locations where the
output for the safety assessment is obtained.
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Coastal safety assessment

The H, o» and Tr, o based on the output of SWASH are combined with the S of the multivariate extreme event.
With the use of the empirical relation of Pullen et al. (2018), a R. is calculated. The dike in this study has slopes of
tan(a) = 3 and a maximum allowable overtopping volume of 1 I/m/s, assuming a normal quality slope (Schiereck,
2017). With the addition of the .S on top of the calculated R., the R. of the multivariate extreme event is defined.
The 1/40 year design condition is then the multivariate extreme event requiring the largest dike height. The ini-
tial offshore conditions of this event are then used as the 1/40 year design condition for the next step in the analysis.

3.4.3. Step 2: Identifying the required mangrove width

For every mangrove environment, step 1 results in a 1/40 year design condition for the 1987-01-01 and 2018-12-
31. These design conditions are the input for the analysis in step 2. With the use of the hydrodynamic model the
required vegetation width is calculated for the different representative mangrove locations.

SWASH

The set-up specific parameters for the hydrodynamic model of step 2 differs from step 1, given in table 3.8. The
most important change is the applied spac=discretization step of 2 m. With domains reaching up to a length of
21600 meter, a space-discretization step of 1 m turned out to be to computational expensive. The implication with
this is that SWASH will reach its limitations to solve the short-period waves correctly. This will be discussed in
more detail in the discussion.

Another adjusted parameter is the spin-up time. As a result of the large computational domains, the conclusion
was made that the spin-up time had to be increased towards 50 minutes. This while the numerical domain can
reach a length up to 21500 meter in this step. The increase of the spin-up time, resulted in an increase of the
frequency band to 0.0086 Hz.

The water level during the extreme conditions is not reaching the horizontal in 6.9% of the 9864 SWASH runs.
To solve this problem, a minimal water depth of 0.5 m is introduced at the horizontal plane where vegetation is
present. This increase of the water level is eventually applied at 26.7% of the runs.

Set-up parameter | Value | Unit
Modelled time 2 hours
Space-discretization step 2 m
Spin-up time 50 minutes
Frequency band 0.0086 Hz
Minimal WT L above zg yeq 0.5 m

Table 3.8: The 6 parameters on which the statistical representation of the 27440 mangrove locations is based for the
statistically upscaling.

The set-up of this hydrodynamic model is used to transform the offshore H, ,¢s and T}, .s¢ towards the onshore
H ,» and T, ., within the mangrove vegetation. The characteristics of the mangrove forest are based on the
height of the mangrove location, h,eg, which defines the parameters for the three layers of the mangrove tree.
These parameters are provided in chapter 3.1.3. SWASH only has the capability to model a single type of vegeta-
tion.
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The numerical domain applied in this step is depending on the parameters of the different representative mangrove
location. One example is visualized in figure 3.16. The coastal mangrove vegetation is located at the start of the
horizontal plane and has a width of 500 m.
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Figure 3.16: Example of the numerical domain applied in step 2, with a mangrove belt of 500 m located at the horizontal plane.

The SWASH model produces for every 10 m of vegetation the time-series of the water level. These are used to
define the transformation of the two parameters within the mangrove forest. The output locations are indicated
with red lines in figure 3.17, which is a part of the domain of figure 3.16. At these output locations the H, ,, and
T on are calculated to track the transformation of the two parameters in the mangrove forest. These parameters
for every 10 meters are used as input for the safety assessment of step 2.
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Figure 3.17: Detail visualization of the distribution of output locations of the SWASH model along the mangrove forest.

Coastal safety assessment

For all the output locations in the domain, the empirical safety equations of Pullen et al. (2018) are applied to
calculated the required R.. The eventual R., including S, is the required crest height of the dike above the
WTLnsn+maar. Within the 500 m of mangrove forest the location is searched where the R. is meeting a re-
quired R. im. This optimization process is to compare the required 1/40-year design condition of 1987 with 2018.
With selecting the lowest R. ;:.,,, containing a vegetation width for 1987 and 2018, the largest vegetation width is
selected. This means that the required crest height results in the ideal case in a vegetation width above the 0 m
and below the 500 m for both design conditions. The possible R, i, values are 1, 2, 3,4 and 5 m.



Results

This chapter elaborates on the results from the study of the non-stationary extreme value analysis, the statistical
upscaling and the impact this could have on the coastal safety at the mangrove locations.

4.1. Extreme value analysis

From the data collection, 5809 different mangrove environments were defined to represent the hydrodynamic con-
ditions in mangrove areas. These 5809 hourly time-series of the past 32 years contained 280512 data points for
the parameters H, Ty, and S. With the use of the Proxy of Stockdon et al. (2006), the trend of the multivariate
extreme event was tracked between 1987-01-01 till 2018-12-31. This Proxy neglected the direction of the extreme
events. Insight in the result of neglecting this parameter is created in B.3. This identified that applying only the
wind direction and the transect orientation, would not completely cover the processes that occur during tropical
cyclones. For that reason, this study used the conservative approach to consider the parameters H, T;, and
S. The introduction of the non-stationary approach of Mentaschi et al. (2016) for the POT analysis, resulted in
a method to test the hypothesis. 56.9% of the 5809 mangrove environments meets the desired GPD within the
requirements set. At the other 43.1%, N, was the limiting factor.

The linear time-dependency of the location parameter, 7,,, identified the non-stationarity of the multivariate extreme
events. At 87.5% of the locations a positive trend was observed, indicating that the threshold and thus the extreme
events are increasing at these locations in the researched period of 32 years. The distribution of this parameter for
the 5809 mangrove environments is given in figure 4.1, with a minimum of -0.0018 m/year till a positive maximum
of 0.0041 m/year. On average the parameter T, was positive with a value of 0.0006 m/year.
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Figure 4.1: Observed trend in u of Py, representing the non-stationary of the empirical flood levels, resulting from the
multivariate input.
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The global spatial distribution of this parameter is visualized in figure 4.2. Areas with a decrease are found along
the West coast of Central-America and the Northern part of Vietham. However, overall a positive trend can be
observed indicating an increase in the impact of the extreme events over the past 32 years.

60
40
= \'\ T g -
20 S N 1. , "
—_ “sr P ] 1 CF
e N X \ ’
() i \ NN
5 o . ‘/ b
T ) \
~ 7 3 .
i j )/ a
-20 i
f " ) ]
s
. N
—40
-60
=150 =100 =50 0 50 100 150
Longitude [°]
-0.002 -0.001 0.000 0.001 0.002

T, of GPD for period 1987-2018 in (m/year)

Figure 4.2: Global distribution of the trend observed in the location parameter, p, of the Generalized Pareto distribution of the
Proxy, Py.y.

With the use of the non-stationary assumption and the POT analysis, the number of extreme events was identified
over time. The results of this analysis are presented in figure 4.3. This figure shows the distribution of the mean
number of storms, N, of the 5809 environmental locations for the period of 1987 until 2002 and 2003 until 2018.
The horizontal axis displays the N, found in this period. The vertical axis indicates the percentage of locations
at a particular bin. With the two dots in this plot the mean N, for the 5809 environmental locations is indicated
for the two observed time periods. An increase in the mean number of extreme events was identified at 59.8% of
the environmental locations, the other locations a decrease was observed. Furthermore, the mean N; of all the
environmental locations increased from 4.16 till 4.32 for respectively the time periods 1987-2002 and 2003-2018.
This is an increase of 3.78 % for the average N, in mangrove areas.
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Figure 4.3: Visualization of the stationarity of Ns, by comparing the time periods 1987-2002 and 2003-2018.
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With the proposed methodology in this study to track the non-stationarity of multivariate extreme events, the evolu-
tion of the parameters H,, T}, and S were defined. This non-stationarity was tracked with the trend in the long-term
mean and standard deviation to track the slowly varying tendency of the series of the extremes over the past 32
years. The parameters T+ and T’s tracked the tendency of the multivariate extreme events in the 3 dimension of
Hs, T, and S.

Table 4.1 presents the calculated percentages of mangrove environments with a positive trend in the period 1987-
2018. The results indicate that the transformation of the T was more significant then T's. The T+ over the past
32 years changed in H direction from -0.025 til 0.041 m/year, for T,, the range was -0.053 til 0.051 s/year and
S ranged between -0.49 and 0.57 cm/year. The average extreme event in a mangrove environment increased in
the past 32 years with 0.06 m, 0.16 sec and 0.7 cm for respectively the parameters H,, T;,, and S.

\ H, T S
Positive trend Tt 70.6% 72.6% 64.6%
Positive trend Tg 51.5% 56.6% 48.9%

Table 4.1: Percentage of locations with a positive TTHS, TTTm and Ty or T's Hy TSTm and Tsg.

The distributions of the parameter T for the three parameters are given in figure 4.4. In this figure the mean
tendency of the long-term mean is indicated by a grey dot. These were positive for the three parameters, which
implies on average an increase of the three parameters of the design conditions.
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Figure 4.4: Distribution of T of the 5809 mangrove environments for the three parameters of the multivariate extreme event.
The grey dot indicates the mean of the parameter of the environments.

The global distribution of the parameter T+ of the parameters H, T,, and S are respectively visualized in the
figures 4.5, 4.6 and 4.7. The observation can be made that the designed model produces stable result based on
the tendency of the gentle trends along the coastlines of mangrove areas.
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4.2. Statistical upscaling

This non-stationarity of the multivariate extreme events was used to eventually define the impact of this non-
stationarity on design conditions and the coastal safety at mangrove locations. To make this translation without
demanding a large amount of computational power, the K-means method was applied.

Representative mangrove environments

The first result of this part is the number of representative mangrove environments that were used to replace
the original 31-dimensional 5809 mangrove environments. The results indicated that 49 clusters were sufficient,
based on the Silhouette coefficient and the Error Sum of Squares, called SSE. The Silhouette coefficient reached
a local maximum with 49 clusters, see figure 4.8a. This indicator defines how well the clusters are defined from
one another.

The other indicator of how well the centroids represent the complete dataset is by determining the eventual SSE,
representing the sum of the squared differences between the centroids and the observation allocated to this group.
Figure 4.8 shows that the error was reduced by almost 50% between the 16, 25 and 36 applied clusters. The step
of increasing the number of clusters from 36 to 49 is no longer halving the SSE score.
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Figure 4.8: Performances of number of different number of clusters to represent the complete 31-dimensional data set of
mangrove climates based on the Sum of Squared Error and the Silhouette coefficient.

Figure 4.8 indicates that as expected an increase in the number of centroids reduced the SSE. The decrease of
the SSE results in a better representation of the original 31-dimensional dataset. To get insight into the implica-
tions of the SSE for 36 and 49 clusters, figure 4.9 and 4.10 can be used. In these figures, the results are given of
respectively 36 and 49 representative mangrove environments for representation of three of the 31-dimensional
non-stationary climates. In these figures the boxplot distribution of the parameter T+ of H,, T, and S, is given
per cluster. A green background is applied when the median of the boxplot and the centroid of the data have the
same sign. When for a parameter the centroid and the median of the boxplot have the same sign, being either
positive or negative, a green background is added to the figure.

Figure 4.9 indicates that 8 of 36 clusters had an equal sign for the three different T'r, , T'r,, and T'rg of the median
and the centroid representing this cluster. This is indicated with a green bar behind the considered boxplot within
the plot. With the use of 49 clusters, 11 clusters have this same sign for the median and the centroid for the three
different parameters, as one can observe in figure 4.10.

Every cluster represented a different amount of mangrove environments, therefore the results of figures 4.9 and
4.10 were weighted with the total number of environments combined within these clusters. The results of this anal-
ysis is given in table 4.2. The performance of using 49 clusters to represent the 31-dimensional non-stationary
climates resulted in a better performance for correctly identifying the sign of the median of the data in 1 dimension.
Only in 3 dimensions the 36 clusters performed better. Therefore the application of 49 clusters is preferred on this
analysis.

\ 3 dimensions 2 dimension 1 dimension
36 Clusters | 32.8% 69.8% 89.7%
49 Clusters | 30.6% 64.1% 93.2%

Table 4.2: Percentage of equal sign of the median and centroid of the clusters for the parameters Try_ , Tr

T, and Trg,
weighted with the number of environments represented by a cluster.
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boxplot.

In table 4.3 the weighted percentage of the clusters with a positive trend in the mean of extreme events T is
given. This percentage were weighted with the number of locations designated to the particular cluster. Initially,
the percentage of the dataset was 70.6%, 72.6% and 64.6%, which can be found in table 4.1.

| H, T, S
36 Clusters | 66.9% 61.6% 70.3%
49 Clusters | 68.2% 71.4% 61.8%

Table 4.3: Percentage of equal sign of the median and centroid of the clusters for the parameters Try,, Tr

T and Trg,
weighted with the number of locations represented by a cluster.

The 49 clusters had comparable performance in correctly identifying the trend of the Ty, in the one, two, and three-
dimension in comparison with the 36 clusters, table 4.2. However, the 49 clusters were better at representing
the initial percentage of positive trends of Tp,. Therefore, 49 clusters were used to represent the 5809 mangrove
environments. The spatial distribution of the 49 representative mangrove environments is shown in figure 4.11.
The color indicates the representative mangrove climate for the considered mangrove environment.
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Figure 4.11: Spatial distribution of the 49 identified representative mangrove environments for the 31-dimensional
non-stationary mangrove climates.

The multivariate dependency model of these different representative mangrove environments were used to define
the design conditions. Performances of the statistical representation of the time-dependent sampling procedure
are visualized in more detail. The representative environments 5,14 and 33 have a misfitting of the dependency
for the representative mangrove environments, based on the results. An example is showed for 5 in figure 4.12,
where the orientation of the dependency is limiting in comparison with the original data. The original extreme
events identified for this environmental cluster are indicated in grey. The design conditions of 1987 and 2018, are
respectively visualized in dark and light blue.
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Figure 4.12: The original and sampled extreme events resulting in the design conditions for the further analysis for
environmental cluster 5, for the year 1987 and 2018.
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The results of environment 8 are given in figure 4.13. The light and dark blue dots indicate a underestimation of
the extremes in H; direction in comparison to the original multivariate extreme events, indicated with a grey dot.
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Figure 4.13: The original and sampled extreme events resulting in the design conditions for the further analysis for
environmental cluster 8, for the year 1987 and 2018.

A better representation of the original dataset can be observed in figure 4.14, where the sampling procedure is
capable of defining the edges of the multivariate extreme events itself. These results for representative mangrove

environment 10 visualizes the complicated dependency models that can be modelled with the proposed method-
ology.
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Figure 4.14: The original and sampled extreme events resulting in the design conditions for the further analysis for
environmental cluster 9, for the year 1987 and 2018.
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Representative mangrove locations

The next step in the statistical upscaling was reducing the number of mangrove locations. The data collection
resulted in the distributions of figure 4.15, of the six parameters for 274440 mangrove locations. This dataset
of mangrove locations was reduced to 289 representative mangrove locations. This selection of the number of
representative mangrove locations was based on Silhouette coefficient and the SSE. In figure 4.16a the Silhouette
coefficient of the different number of clusters to represent the 6-dimensional mangrove locations is visualized. In
figure 4.16b the SSE is given for the different amounts of clusters. The Silhouette coefficients of the different
clusters are comparable with one another, for that reason the selection of the number of clusters will be based on
the SSE. With a further increase of the number of clusters above the 289, the decrease tended to move towards
a linear trend, also known as the elbow method. For that reason 289 clusters were selected to represent the 6-
dimensional 27440 mangrove locations in this study. A visualization of the complete statistical upscaling is shown
in appendix C.2.
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Figure 4.15: Visualization of the 6-dimensional mangrove locations data set, containing the 27440 mangrove locations. In this
figure the lower left part visualizes the spatial distribution of the mangrove locations in 2 dimension, with the Spearmann
correlation coefficient between the different parameters given in black. On the diagonal a bar chart is included, which shows
the density distribution of the parameter. Above this diagonal the density within the spatial distribution is visualized with a
kernel density estimate where the brighter colors represent an area with a higher density. The order of parameters from left to
right and top to bottom is widthn,s, widthys, hys, 20,veq , hveg and HAT.
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Figure 4.16: Performances of number of different number of clusters to represent the 6-dimensional data set of mangrove
locations based on the Sum of Squared Error and the Silhouette coefficient.
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4.3. Hydrodynamic model & safety assessment

The defined non-stationarity of multivariate extreme events is applied to calculate the impact on the coastal safety.
The hydrodynamic model and coastal assessment is used to define the global impact based on the representative
mangrove environments and locations.

Step 1: Identifying the extreme event

The first step in this analysis is defining the 1/40 year design condition. The sampling procedure of multivariate
extreme events is based on the Vine-D model and the linear time dependencies in the three dimensions Hs, T\,
and S. The initial number of 15982 multivariate extreme events for the 49 clusters was reduced to a number of
4038 extreme events based on the discussed pre-processing step. The theoretical framework applied in the hy-
drodynamic model was not capable to solve 4 events of representative mangrove environment 19. These events
had an H; above 10 m. Therefore, these events were left out of the analysis.

The result of the methodology of step 1 was 49 multivariate extreme events for the analyzed moments in time. The
results of the analysis are visualized in figures 4.17 and 4.18, for respectively 1987 and 2018. In the right plot, the
H, and combining T, are indicated, the left figure shows the accompanying S value in relation to the H,. The
color in the plot indicates the specific representative mangrove environment the design condition originates from.
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Figure 4.17: Left panel shows the mean wave period versus significant wave height. Right panel shows the storm surge versus
significant wave height. The color bar indicates the cluster to which the multivariate 1/40-year design condition of 1987 belongs.
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Figure 4.18: Left panel shows the mean wave period versus significant wave height. Right panel shows the storm surge versus
significant wave height. The color bar indicates the cluster to which the multivariate 1/40-year design condition of 2018 belongs.
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The changes in design conditions, are shown using scalars in figure 4.19a. The difference between the two de-
sign conditions per representative mangrove environment are visualized in the figure 4.19a. The event of 1987 is
located in the origin and the transformation towards the 2018 event is indicated with a line. The left plot indicates
the transformation in H, and 75, direction and the right plot indicate the transformation of H, and S. These two
plots combined represent the absolute change of the multivariate extreme event between the two time periods.
The hue of red indicates the weight it has in the total determination of the weighted mean, based on the number of
environmental locations represented by this specific mangrove environment. In figure 4.19b, the same procedure
is performed but weighted by the number of mangrove locations it is representing instead of environments.
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(a) Transformation weighted by the 5809 environmental climates.
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(b) Transformation weighted by the 27440 environmental locations

Figure 4.19: Absolute difference between the 1987 and 2018 design conditions for the 1/40 year event, with the 1987 event
located in the origin. The hue of red indicates the weight of the specific representative mangrove environments.

These different weights and the accompanying changes resulted in different average transformation of the multi-
variate extreme event in the three directions, given in table 4.4. While the storm surges can be either negative or
positive, the percentage transformation over time does not provided insight into the change. For that reason, this
percentage is not given. The results indicate that the 1/40 year design condition was on average increasing with
8.75% in H; direction and 2.57% in T}, and a increase of 0.01 m in S direction. These environmental climates
were as a result of the GTSM model more evenly distributed in comparison with the mangrove locations. The
transformation weighted by the mangrove locations was more extreme in the three dimensions.
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Weighted by | H, T, S
5809 environmental climates | +0.15 m +0.13 sec +0.01m
+8.75% +2.57%
27440 mangrove locations | +1.04 m +0.86 sec +0.08 m
+46.9% +11.83%

Table 4.4: Relative and absolute average weighted increases for the parameter H, Ty, and S for the 1/40-year design
condition in the period 1987-2018.

The eventual set of 1/40 year design conditions was depending on the complete proposed methodology in this
study. One can observe the H, during the 1/40 year design condition identified based on the sampled events in
1987 and 2018 in figure 4.20. The color indicates, in accordance with the color bar, the H;, with a maximum of
9.86 m in 1987 and 9.92 m in 2018. The parameters of the accompanying 7’,, and S of these multivariate extreme
events can be found in appendix E.1.
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Figure 4.20: Global spatial distribution of H of the multivariate extreme 1/40 year design condition of 1987-01-01 and
2018-31-12
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Step 2: Identifying required mangrove width
The second step was to define the required vegetation width, width..4 for the 1/40-year design condition of 1987
and 2018. In appendix D.2 a sensitivity analysis of the coastal safety with respect to the water level is given,
to elaborate on the performance of a mangrove tree as coastal protection in the defined theoretical framework.
These results indicated that the location of the water level with respect to the canopy is of importance during these
extreme conditions in mangrove environments.

An important difference in model set-up between step 1 and step 2 is the space-discretization of 2 m applied in-
stead of 1 m. This decision was made to meet the limited available computational resources of this study. SWASH
advises the use of 15-20 computational grid cells per wavelength to accurately resolve the processes. With the
assumption of the shallow water, the period of waves accurate solved was calculated with equation 4.1.

_ 20Az
vg-h

The coarser resolution on the longer foreshores resulted in a energy concentration in the long-period waves. Four
cases with different representative mangrove locations were selected to create more insight in the results of this
process and are visualized in appendix D.6. The wave speed is depending on the water depth, and due to friction
also on the length of the foreshore, influencing the number of computational grid cells per wavelength. The results
of the appendix created the expectation that there could be a relation between the concentration of energy at the
long-period waves and the water level at the horizontal plane.

T (4.1)

In figure 4.21, the distribution of the water depth on the 500-meter-long horizontal plane is visualized in a histogram.
On the horizontal axis, the water level at the horizontal plane of vegetation is given ranging from 0 to 6, neglecting
the small number of extremes up to a depth of 10.9 meters. At the left vertical axis, the percentage in the different
bins can be observed and at the right vertical axis, the wave period of the waves is given in seconds. The red
area in the plot indicates the wave periods that are not solved correctly in this water depth. The light blue line
indicates the requirement of 15 grid cells per wavelength and the dark blue line the requirement of 20 grid cells
per wavelength.

In figure 4.22, the 9864 combinations of the water level at the horizontal plane and widthy, are given. With the
color the density of the location within the 2D plot is visualized. Yellow indicates a dense area and blue the oppo-
site. A concentration of runs was observed in the area between 0.5 and 1 m water depth.
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Figure 4.21: The left vertical axis indicate the percentage in a specific bin. The right vertical axis indicate the period of the
waves that can be solved in the system based on equation 4.1 with a Ax of 2 meter, the horizontal axis indicate the water level
on the horizontal plane.
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Figure 4.22: Combinations of widths of the foreshore and waterelevels at the horizontal plane for the 9864 SWASH runs for
step 2 of the analysis.

The concentration of energy in the long-period waves was tracked for the SWASH runs of step 2. This was per-
formed with measuring the percentage of energy concentrated between 0 and 0.0086 in respect to the energy
of the total spectrum. This calculation was performed based on the 0-order of moment of E(f). In figure 4.23,
the energy concentration in the lowest bin is visualized as a percentage of the energy in the complete 0-order of
moment of E(f).
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Figure 4.23: The described energy concentration in the lowest bin 0.0086 of the spectrum plotted against the percentage of
the in total 27440 locations for the SWASH runs of the design condition of 1987 and 2018.

After mentioning this limitation of step 2 found in the results, the results of the safety assessment of this step are
presented. A total of 9864 mangrove runs were performed. This resulted in 4932 different combinations of a rep-
resentative mangrove location and environment. For these combinations the design condition of 1987 and 2018
were modelled. If at one of two SWASH runs the vegetation width exceeded 500 m, a higher crest height, hereafter
referred to as R., was applied in the hybrid coastal protection. The distribution of the applied crest heights is listed
in table 4.5.

Crest height, R., above WT L1gs7 | 1m 2m 3m 4m 5m
4932 Combinations 4494 412 20 5 1
91.1% 8.4% 0.4% 0.1% 0.0%

Table 4.5: The applied dike heights above the WT L of 1987 to meet the requirement of a maximum width,eq of 500 m.

The results of the calculated difference in vegetation width between 1987 and 2018 are listed in table 4.6. When
the 27440 mangrove locations are considered, the methodology applied resulted in a required vegetation width
increase at 53.3% and a decrease at 22.1% of the locations. At 24.6% of the locations the change in the 1/40
design condition did not influence the required vegetation width. The average difference in required vegetation
width of 1987 and 2018 is an increase of 15.6 m for the 4932 SWASH combinations, resulted in 16.8 m when
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weighted by the 27440 mangrove locations. At a total of 20709 (75.4%) of the mangrove locations required veg-
etation width had changed over time, A,., # 0, emphasizing the importance of determining the coastal safety
with a non-stationary approach. Of the non-stationary locations, 70.7% of the locations showed an increase in
vegetation width and 29.3% of the locations showed a decrease in required vegetation width, with a respective
average increase of 55 m and an average decrease of 58 m.

\ Increase Decrease
All 27440 location \ 53.3% 22.1%
20709 locations, where A, #0 | 70.7% 29.3%
55m -58 m

Table 4.6: The percentage of mangrove locations with a positive or negative difference in required vegetation width,
Awidthyeg, between the 1987 and 2018 1/40 year design condition. Defined for the all the 27440 locations and for the 20709
non-stationary locations

Figure 4.24 shows the impact of the non-stationarity of the 1/40 year event in a spatial distribution, by visualizing
Awidthyeq. The color bar beneath the figure indicates the identified changes in vegetation width, where a blue hue
indicates a decrease and a red hue indicates an increase. The limits of the color bar for Awidth.., range between
-150 and 150 m. Awidth.., was between these limits at 92.3% of the locations. The maximum decrease observed
was 500 m and the maximum increase was 410 m. The figure expresses the importance of the non-stationarity of
the multivariate extreme events. The required width of the coastal mangrove vegetation had increased especially
at the coastline of North and South Brazil, West Central Africa, the Southern islands of Japan, and West and Cen-
tral Indonesia. Further insights in the data can be obtained in appendix E.1 and within the discussion.
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Figure 4.24: Spatial distribution of Awidth,.q between the 1987 and 2018 1/40 year design condition in meter

However, the water depth on the horizontal plane was replaced with a minimum of 0.5 m at a large number of
the SWASH runs, as a result of the applied methodology. This means that the sensitivity of the transformation
of S was not completely represented in the results. Therefore the results of these 27440 mangrove locations are
post-processed by only selecting the locations where Awidth,eg # 0 and the water level at the horizontal plane
being at least 1 m. This resulted in 7722 mangrove locations. These represented 28.1% of all the locations and
37.3% of the non-stationary locations. The energy concentration in the lowest bin of the energy spectrum for these
runs is given in figure 4.25. If these distributions of the energy concentration are compared with figure 4.23, the
conclusion can be made that these results of 7722 are less influenced by the described concentration of energy
in the long-period waves.
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Figure 4.25: Percentage of energy in the lowest bin (0-0.0086Hz), plotted against the percentage of the in total 7722 with
minimal waterdepth of 1 m at horizontal plane and a Ay.4 # Om of the design conditiono of 1987 and 2018.

Figure 4.26 visualizes the sensitivities of Awidth,., With respect to the three parameters. This is only for the
post-processed 7722 mangrove locations. The figure indicates that the impact in terms of Awidth.eq is @ combi-
nation of the transformation of H,, T,, and S. This is indicated with the Spearman correlation coefficient between
Awidthyeq and AH, of 0.39, between Awidth,ey and ATy, of 0.39 and Awidth,.q and AS of 0.35.
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Figure 4.26: Pair plot representation of the non-stationary vegetation results of the in total 7722 locations with waterlevel of at
least 1 m at horizontal plane and A4 # Om. The plots in the lower left show the scatter combinations, with the Spearman
rank coefficient between the parameters. The diagonal indicates the distribution of the four parameters and the right upper part
are the density plots, where the darker blue colors indicate an area with a higher density.



DISCUSSION

This chapter further elaborates on the results in contrast to previous studies regarding the coastal protection of-
fered by mangrove vegetation now and in the future. By critically reflecting on the applied methodologies, this
chapter discusses the limitations of the current methodology applied.

5.1. Reflection on main results

The main result from the study is that on average an increase of the multivariate extreme events was observed
in mangrove environments between 1987-01-01 and 2018-12-31. At 87.5 % of the in total 5809 environments, a
positive trend of the location parameter was calculated. This location parameter defines the location of the Gen-
eralized Pareto Distribution, hereafter referred to as GPD, of the extreme events defined by the Proxy of Gouldby
etal. (2014). The eventual global impact assessment with this non-stationary multivariate extreme events, resulted
in an required average increase of 16.8 m width..y between 1987 and 2018. This is needed to ensure the coastal
safety against the 1/40 year design condition at the 27440 mangrove locations. This design conditions has the
probability to occur ones per 40 year.

Non-stationary extreme value analysis

The extreme value analysis showed that the extreme events in mangrove environments are becoming more ex-
treme and the average number of extreme events per year is increasing. At 87.5% of the environments an increase
in the location parameter of the multivariate GPD was identified, with average number of extreme events per year,
hereafter referred to as N, increasing in 59.8% of the cases. The average N, increased from 4.16 to 4.32 between
the time-periods 1987-2002 and 2003-2018. The multivariate extreme event increased on average with 0.06 m,
0.16 sec and 0.7 cm for respectively the parameters H,, T,, and S. The transformation of the average extreme
event, T, was positive at 70.6%, 72.6% and 64.6% for the three parameters at the 5809 investigated mangrove
environments.

Previous studies identified that the coastal protection offered by mangroves is depending on the water level and
the vulnerability to long-period waves (Quartel et al., 2007; Gijsman et al., 2021). However, in the global impact
assessment of coastal mangrove vegetation, a univariate extreme value analysis is commonly applied (van Zelst
et al., 2021; Menéndez et al., 2020). In the study of Marcos et al. (2019), it was pointed out that neglecting the
multivariate dependency could lead to an underestimation of the risk. The proposed methodology in this study
incorporated these limitations identified in previous studies. Based on the studies of Gouldby et al. (2014) and
(Mentaschi et al., 2016), the methodology is capable of taking into account the non-stationarity of multivariate
extreme events. These multivariate extreme events take into account the dependency of the water level and the
vulnerability to long-period waves for the coastal protection offered by mangroves.

The hypothesis of this study was that the non-stationarity of extreme events in mangrove areas could be observed
in historical data. To test this hypothesis an analysis over a period of 32 years was performed, from 1987-01-01 till
2018-12-31. The findings of the extreme value analysis are based on 280512 hourly combinations of H;, T}, and
S per mangrove environment. The significance of the percentage of environmental locations with a positive trend
implied that the dependency and non-stationary extreme events in these regions are important in the determination
of design conditions. The increase of N, indicated that besides the non-stationarity of the extreme events itself,
the number of extreme events could be of importance. This increases the probability of extreme events to occur
in these mangrove regions.

51
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Step 1: Identifying the extreme

The next step for the global impact assessment was to define the impact of the non-stationarity for design condi-
tions. The method was defined by applying the detrending equations of Mentaschi et al. (2016) and a multivariate
dependency model. The result was that on average the 1/40 year design conditions increased with 0.15 m (8.75%)
for Hs, 0.13 sec (2.57%) for T}, and a increase of 0.01 m for S. The higher location weighted averages in table 4.4,
created the expectation that mangroves are concentrated in areas that are subjected to a more extreme increase
in design conditions over the studied period of 32 year.

The average increase of these multivariate extreme events are moderate. However, this increase in hydraulic
loads on the vegetation belt can influence the persistence of the mangrove vegetation. Mangrove forests are ca-
pable to recover from damage caused by extreme events, but the rate of recovery and success declines when the
damage itself is increasing (Gijsman et al., 2021). This moderate increase of the average conditions, can therefore
influence the persistence of forests that already are at their limit.

Step 2: ldentifying required mangrove width

The transformation of the 1/40 year design condition between 1987 and 2018 was in the last step transformed to
the impact it had on the coastal safety. The theoretical framework for the global analysis resulted in the possibility
to take the parameter width.., as optimization parameter. The analysis showed an increase of the required veg-
etation width of on average 16.8 m, with an increase at 53.3% of the 27440 mangrove locations.

The second main result from step 2 of the assessment is the sensitivity of Awidth.., with respect to the three
different parameters. This was indicated with the Spearman correlation coefficient between Awidth,.y and AH,
of 0.39, Awidth,eq and AH, of 0.35 and Awidth..qg and AS of 0.48, visualized in figure 4.26. These values
were defined with 7722 locations, meeting the post-process requirements. The Spearman correlation coefficient
implied that the coastal protection offered by mangrove vegetation is a result of the transformation of these three
parameters. This follows literature that argues that the wave attenuation of this coastal vegetation is depending
on these parameters (Quartel et al., 2007; Gijsman et al., 2021).

5.2. Materials and Methods

The main results of the study are defined with the applied materials and methods as stated in the methodology
part of this thesis. This part of the chapter discusses these applied methods and assumption to define the context
for interpretation of the main results of this study.

5.2.1. Data sources

The extreme value analysis was based on hydrodynamic conditions from the globally covering ERA5 data and
GTSM. The last model had been updated with ERA5 as forcing conditions. However, it is known that the ERA
products underestimate the extreme conditions during tropical cyclones. In the paper of Shanas and Kumar (2015),
it is argued that ERA-I data underestimated tropical cyclones with 33%. The observation of an underestimation
of tropical cyclones is also observed in the ERAS5 model (Bian et al., 2021). The influence of this is limited for
the determination of the non-stationarity of the extreme events itself, while this underestimation is expected for all
of the tropical cyclones. Therefore the data sources used for identifying the non-stationarity of the climate were
applicable to create a global image.

The global impact assessment used data from the three studies of Van Zelst (2018), Athanasiou et al. (2019) and
Simard et al. (2019), besides the extreme conditions from the previous analysis. Indicated in figure 4.15 the 27440
mangrove locations represent a large spread of data. As stated in section 3.1.3, the accuracy of these data sets
was in some cases limited. One example is that the data of Van Zelst (2018) contained 20 locations where z ¢4
was located beneath -10 m in respect to the mean sea level, with an extreme of -38.5 m. Furthermore, the dataset
of Athanasiou et al. (2019), contained steep nearshore slopes above 1 in mangrove regions. The mentioned limita-
tion of the data collection of parameters from Simard et al. (2019), with the locations of Van Zelst (2018), will partly
influence the accuracy of this data set. These limitations of the different data sets were solved with the discussed
pre-processing of the different data sets.

With the introduction of the theoretical framework, the focus was on the relative change in width..4, and no longer
the absolute change. Therefore the study revealed valuable insights in the impact of non-stationarity and points
out that further research should be performed to identify the extend of the impact of non-stationarity on the coastal
safety of the mangrove regions.
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5.2.2. Non-stationary extreme value analysis

Limitations were introduced with the applied methodology of the non-stationary extreme value analysis. First of
all, the Proxy of Gouldby et al. (2014) resulted in already imposed contribution of the different parameters to an
extreme event. While it is defining the extreme flood events, it is expected that it is capable of defining the critical
region. It is advised to further study the performances of this Proxy on the identification for the coastal protection
offered by mangrove vegetation.

Secondly, the case-study of appendix B.3 showed the capability to take into account the tropical cyclones. The
complex wind driven orientation of these events is left out of the scope of this study. By neglecting the orientation
in the extreme value analysis, events at the coastline could be less extreme than the currently applied assump-
tion of an oblique orientation defines. This could be implemented with further case studies and for example the
methodology proposed in the study of Menéndez et al. (2020).

5.2.3. Statistical upscaling

The results of the statistical upscaling method are discussed in more detail in figure 4.10. The differences between
the median of the boxplot and the centroid of the data visualizes that the upscaling method had, with the current
application, limited capacity to reduce the Error Sum of Squares, hereafter referred to as SSE, correctly for the
study. The green bars and their weights showed that only 30.6% of the mangrove environments the centroid and
the median of all the three boxplots had the same sign. This was a result of the large spatial differences of the
mangrove environments and the 31-dimensions to represent these environments. The percentages of equal sign
presented in table 4.1 and table 4.3, implied that the averages are comparable. Therefore the study will give an
insight in the global transformation, however further studies are needed. These studies should represent the orig-
inal data set with more clusters or less parameters, to reduce the SSE.

It is therefore advised to reduce the number of parameters for clustering of the mangrove environments. A pro-
posed solution for this is to replace the 9-dimensional multivariate dependency model with Spearman correlation
coefficients. Besides the reduction of parameters, the number of clusters to further reduce SSE is possible. This
second solution was not applied in this study, because of the limited computational resources.

5.2.4. Step 1: Identifying the extreme

The limitation of step 1 of the analysis are divided in three sections, to elaborate on the different limitations of the
applied methodology.

Sampling procedure

The first limitation to identify the extreme is the applied methodology for the sampling procedure. Figure 4.12
represents one of the current limitations of the sampling procedure applied. The complex dependency structure
was at three of the representative mangrove environments modelled with a dependency direction that was not in
coherence with the identified extreme events. Another limitation of the sampling procedure is the selected distri-
bution, visualized in figure 4.13. The extreme events were not covered by the generated cloud of extreme events,
which should be to represent the original design conditions of this specific representative mangrove environment.

The cause of the orientation of the different dependency direction at these three clusters, is explained first. The se-
lection of the best fitting copula was based on the sum of the error of the upper and lower tail between the empirical
cumulative distribution function and the candidates for the copula. This is already a step forward in comparison to
the commonly used visual inspection (Lira-Loarca et al., 2020; De Michele et al., 2007). However, a further study
in properly representing the dependency is advised. This should result in a better framework to test the goodness
of fit of the dependency model. The dependency model itself was fitted on the stationary parameters H;, T,,, and
S™, this implied a stationary dependency, which could be questionable for longer time scales (Bender et al., 2014).

The cause of the underestimation of extremes is explained next. This is expected to be a result of the detrending
procedure and the fitted distributions. The first limitation in this approach is that a linear trend was fitted for 7' and
Ts. Especially the linear trend of T's could be sensitive to outliers, considering the number of extreme events. The
sensitivity of this parameter is pointed out in previous research (De Leo et al., 2021). The sensitivity was reduced
by increasing the time window to 18 years as discussed in appendix B.2. However, the large percentages of the
transformation of H for the design condition, indicates that further research is needed. This could be caused by
the fact that the analysis had been performed in regions that are known for tropical cyclones. These result in large
outliers influencing the T's. Furthermore, the sampling procedure sampled the stationary H;, T,,, and S* from
the Log-Norm distribution. This distribution was primarily fitted on the large weight of the central regime, misfitting
the extremes, visualized in appendix C. In the studies of Rozas Rojas (2017) and Lira-Loarca et al. (2020) this
problem is solved by introducing a mixed distribution. The current length of the original time-series in this study
was to short for this analysis. The 32 years of data, would result in a limited amount of extreme events on which
the tails of the extreme value distribution could be fit, making it for this study to sensitive.
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Applied framework

The second limitation is that in the framework the influence of vegetation was neglected to identify the design condi-
tion. The test cases resulted that the extreme design condition at the edge of the horizontal plane were calculated
at one particular transect. This approach reduced the computational demand, however neglected the sensitivity of
the water level with respect to the efficiency of the mangrove vegetation to attenuate the waves. For local studies,
it is therefore advised to include the vegetation at the local transect.

Spatial coherence

Besides these limitations, one can observe in figure 4.20, that the global distribution of the largest H, follows the
expected distribution. The spatial differences identified in the study of Marois and Mitsch (2015). The map indicates
that the procedure sampled the largest extreme H, parameters around the Caribbean sea and the South-Chinese
sea, these areas are known to be crossed by the common cyclone pathways.

5.2.5. Step 2: Identifying required mangrove width

The discussion of the second step of the hydrodynamic model and the safety assessment is divided in three parts.
First the discussion will be focused on the theoretical framework applied. Second, the application of the applied
hydrodynamic model for the frame work. Third and last, the representation of wave-vegetation interaction within
the model is discussed.

First, the framework defined introduced the possibility to define Awidth,., as optimization parameter. This ne-
glected the wave reduction of a decreasing water depth. The differences in Awidth,., were therefore higher than
they would be with the observed sloping bathymetery (van Zelst et al., 2021). This has to be kept in mind with the
observed difference in vegetation width.

The second part of this discussion focuses on the applicability of the hydrodynamic model applied. SWASH is
tested and validated on shallow and very shallow foreshores, with slopes ranging between 1/35 and 1/50 (Suzuki
et al., 2017). However, the length of the domain and the space-discretization were limited to respectively 35 m
and 0.02 m. In this study, slopes with a maximum of 1/620 for the nearshore and 1/2000 for the foreshore were
examined. The results of the hydrodynamic model showed a concentration of energy in the long-period waves,
comparable with the energy concentration of the step 1 in appendix D.5. This was solved for step 1 by decreasing
the space-discretization step. However, due to the computational demand this was not possible for step 2. This
energy concentration on long shallow foreshores was previously observed in the study of (Bakker, 2017). Their
explanation was numerical resonance of the hydrodynamic model itself, causing a concentration of energy in the
long-period waves. The results from the second step of the hydrodynamic model needs further research to validate
this cause of the phenomena and the influence of it on the results of the SWASH model.

The third and last discussion point is the wave-vegetation interaction that is modeled in the hydrodynamic model.
The parameterization of the mangrove trees in this study was based on literature (Narayan et al., 2011; Janssen,
2016). Appendix D.7 visualizes for four runs the wave attenuation in the mangrove forest. The average dissipation
of H, within the forest ranged between 0.25 till 0.51 %/m. In literature, it is stated that Hs decreases with 0.14 till
1.1%/m vegetation (Mcivor et al., 2012). This validates that the modelled energy dissipation was within the ranges
of literature. Only the wave vegetation interaction during extreme conditions is not completely represented in the
hydrodynamic model. Interaction as swaying, breaking and uprooting of the vegetation during extreme events
were not included. These wave-vegetation interactions reduce the efficiency of the mangrove vegetation to at-
tenuate the waves. The uprooting and breaking of mangrove trees, point out that mangrove trees have a limiting
amount of wave attenuation capacity (Kovacs et al., 2001; Smith et al., 2009; Yanagisawa et al., 2009; van Hespen
et al., 2021). However, limits for the degradation of the functionality of a mangrove tree are currently not defined.
Furthermore, the model setup did not allow to include the spatial difference along the transect, with dense young
vegetation located at the coastline and older higher trees in the upper regions of the transect (Janssen, 2016).
This will underestimate the wave attenuation, while the young pioneers will reduce the waves passing through the
vulnerable stem regions of the higher trees.
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5.3. Main limitations

From the discussed limitation, some main limitation are mentioned below. This section therefore summarizes the
discussion of the applied methodology to place the results in the appropriate context.

Sampling procedure design conditions

The design conditions were sampled from the fitted time-dependencies, the Log-Norm distributions and the mul-
tivariate dependency model. This procedure was sensitive to outliers in the extreme events, resulting in extreme
design conditions. A cause of this is the large amount of environmental locations where tropical cyclones are
present, influencing the linear fittings of the model. This results in the transformation of the design conditions that
need further research to validate these values.

Choice hydrodynamic model

The SWASH model was applied in the methodology of this study to better track the transformation of energy
from short-period waves to long-period waves on the long and shallow foreshores. However, as pointed out in this
study the limitations in space-discretization with the computational resources available reduced the accuracy of the
results. It is therefore advised to compare the results with a simplified hydrodynamic model or with measurements
from field studies, to validate the results of this study.

Theoretical framework

The applied theoretical framework made it possible to choose the width of the mangrove vegetation as optimization
parameter. This neglects the impact of the bathymetery and the commonly natural appearance of mangrove veg-
etation on a sloping bed. The found differences in required vegetation width are therefore more an identification
of the impact of non-stationarity.

5.4. Relevance

The results of this study are based on the 5809 mangrove environments spread over the mangrove regions. The
large amount of data and the therefore represented part of the global coastline, creates the confidence that the
non-stationarity of the multivariate extreme events observed is of importance at a broader scale. The defined
increase in design conditions in the mangrove environments and the observed increase in N, points out that the
hydrodynamic loads in mangrove areas have increased in the analyzed period of 32 years. This observed increase
in multivariate extreme events and the number of extreme events may reduce the persistence of mangroves. ltis
therefore advised to study and monitor the condition of the coastal mangrove vegetation and to take action when
mangrove vegetation is decreasing.

This study proved that an increase in the extreme storm-induced events is observed in the period of 1987 till 2018,
a period of 32 years. The historical sea level rise implemented in the GTSM model is subtracted, to only take into
account the storm-induced skew-surge (Batstone et al., 2013). The observed historical increase in the 32 years
had a minimum increase of 0.4 cm and a maximum of 10.0 cm. The average transformation of S was 0.7 cm
for an extreme event and 1 cm for the 1/40 year design condition. The eventual impact assessment would with
the transformation of this parameter be more extreme, than the currently defined average increase of 16.8 m of
mangrove vegetation at the 27440 locations.

Mangrove trees may be damaged during extreme conditions and need time to recover from these events to survive
(Kovacs et al., 2001; Smith et al., 2009; Yanagisawa et al., 2009; van Hespen et al., 2021). The observed increase
of the average extreme event, results in an expected increase in recovery time to keep surviving. However, the
increase of N, reduces the time between the extreme events. Based on the results of this study it is therefore
advised to monitor the evolution of the coastal mangrove vegetation and the impact this may have on the coastal
protection for the 15 million people defined in the study of Menéndez et al. (2020).

The large extend of this study in the tropical regions, further indicates that multivariate extreme events are increas-
ing over time. This will increase the risk for floods in these coastal areas, especially when the historical sea level
rise is considered as well, defined in Muis et al. (2016).



Conclusion and recommenaations

This chapter answers the research questions defined in the introduction of this research. First, the main research
question is answered followed by the sub-research questions. Finally a section with recommendations for further
research following from the performed research work of this study is given.

6.1. Conclusion

Main research question
What is the impact of the non-stationarity of multivariate extreme events on the coastal safety in the
mangrove areas with respect to the wave attenuation capacity of mangroves?

The hypothesis of this study was that the extreme events in mangrove areas have increased. The results of
this study showed that at 87.5% of the mangrove environments an increase in the location parameter of the Gen-
eralized Pareto Distribution of the extremes was observed. On average the increase of this parameter was 0.02 m
between 1987 and 2018. The transformation of these multivariate extreme events was tracked in three dimensions.
Conclusion from this is that the average H,, T, and S increased in 70.6%, 72.6% and 64.6% of the mangrove
environments. The average multivariate extreme event in mangrove environments increased with 0.06 m, 0.16
sec and 0.7 cm for the the parameters H,, T;, and S. Furthermore, the number of extreme events increased on
average between the period 1987-2002 and 2003-2018, from 4.16 to 4.32 per year.

The global impact assessment of this non-stationary multivariate extreme events resulted in a required average
increase of 16.8m mangrove width at the 27440 assessed mangrove locations. This vegetation width is defined in
a theoretical framework, as an optimization parameter to secure the coastal safety between the design conditions
of 1987 and 2018 for a 1/40-year design condition. The post-processed results from the hydrodynamic SWASH
model resulted in the Spearman rank correlation coefficients between the difference in required vegetation width
and the three parameters of 0.39, 0.35 and 0.48, for respectively AH;, AT,,s and AS. This validated that extreme
events for the coastal protection of coastal mangrove vegetation should be assessed as a multivariate extreme
event. The observed increase in the multivariate extreme events and the number of extreme events may reduce
the persistence of mangroves and therewith their ability as coastal protection.

Sub-research question
How to identify an extreme event in respect to coastal safety offered by mangroves?

In this study an extreme event has been examined as a multivariate event. This is based on the assumption
that the wave attenuation is depending on the wave characteristics and the accompanying water level. The Spear-
man rank correlation coefficients between the difference in required vegetation width and the three parameters
0.39, 0.35 and 0.48 with AH,, AT,,s and AS validated this approach. The application of a Proxy resulted in a
methodology feasible to define these extreme events.

How to identify and incorporate non-stationary of a multivariate extreme event?

A large part of this study dealt with defining a new methodology for filling the knowledge gap to incorporate non-
stationary multivariate extreme events in the calculation of design conditions. The results from the methodology
seems promising, but further research is needed to identify the sensitivity of the methodology to the extreme tropi-
cal cyclones in mangrove regions. In this research, the methodology was applied to the complex wave attenuation
processes of mangroves in the expected non-stationary tropical mangrove environments. The identified workflow
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could be translated to global studies or even local assessments to identify the impact of non-stationarity in prevent-
ing under- or overestimating of extreme events.

The study identified the potential of the non-stationary Peak over Threshold analysis and the identification of the
non-stationarity. With a further focus on the parameters themselves, the transformation of these extreme events
can be tracked. An overview of the workflow proposed is listed in the 5 steps below:

1. Identify with a non-stationary Peak over Threshold analysis the combinations of multivariate extreme events.

2. Identify the trends of the univariates found during the multivariate extreme events, to transform the non-
stationary univariates towards stationary univariates.

3. Define the dependency of the stationary univariates by implementing a Vine-D model.

4. Sample the design conditions in the stationary distributions.

5. Transform the stationary design conditions towards the desired moment in time.

How did the extreme events transform in the considered period using a multivariate extreme value
analysis?

The multivariate extreme event was a combination of H,, T;,, and s. The mean of the considered three parameters
during extreme events increased in the three dimensions in 70.6%, 72.6%, and 64.6% of the mangrove environ-
ments. Resulting in a maximum increase in Ty, of 1.3 m for H,, 1.6 sec for T, and 0.2 m for S over the past 32
years. On average an extreme event at a mangrove location increased with 0.06 m, 0.16 sec, and 0.7 cm for the
three parameters.

The sampling procedure of the time-dependent 1/40-year design condition resulted in an average increase of 0.15
m, 0.13 sec and 0.01 m. The difference in weighted averages between the mangrove environments and mangrove
locations, brought the expectation that the coastal mangrove vegetation is concentrated in regions with a more
extreme positive increase of the multivariate extreme event. This needs further research, due to the limitations of
the sampling procedure.

The research furthermore emphasized the importance of the application of the Peak over Threshold analysis, which
resulted in the observation of a mean increase in N, between the first and second half of the period 1987 to 2018.
The increase from 4.16 to 4.32 of this parameter, results in the conclusion that the probability of these extreme
events occurring is increasing. This emphasizes the vulnerability of the coastal safety in the tropical region.

Which sensitivities of the coastal protection offered by mangroves can be identified from the results
and what is the influence of these sensitivities?

As indicated in previous research, the water level influences the wave attenuation capacity of mangrove trees.
The sensitivity of the wave attenuation capacity of mangroves with respect to the water level is emphasized further
by identifying the differences in required vegetation width needed to meet the safety requirements for overtopping
and run-up of the different water levels. The conclusion from this analysis is that higher water levels increase the
required width of vegetation needed, which has been validated by comparing seven different mangrove trees.

This study showed that the coastal protection offered by mangrove vegetation is depending on the parameters
Hs, T,, and S during the extreme conditions. This is based on the results from the post-processed SWASH re-
sults of 7722 mangrove locations. The Spearman rank correlation coefficients between the difference in required
vegetation width and the three parameters 0.39, 0.35 and 0.48 with AH;, AT,,s and AS. This means that the
impact of non-stationary multivariate extreme events on the coastal safety in mangrove areas is depending on the
combination of these parameters during the extreme events. Emphasizing the importance of taking into account
the combination of these parameters during the multivariate extreme events.
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6.2. Recommendations

The recommendations of this study are divided in two parts. First the scientific recommendations for further re-
search will be examined. Second, the recommendations for engineering purposes will be discussed.

6.2.1. Scientific recommendation

Stability of the mangrove ecosystem

The first key-message of this research is the focus to the expected increase in vulnerability of the coastal protec-
tion offered by mangrove. In this research, mangroves were represented as static rigid structures, which is not
influenced by the extreme conditions. However, mangrove is a living vegetation with a complex root structure.
With the identified non-stationarity on the loading part of these coastal systems, the hypothesis is that the coastal
safety is decreased. With more frequently and more extreme events subjected on the mangrove vegetation in
2018 in respect to 1987, it is emphasized that further research is needed to secure this important natural coastal
protection will survive. Especially when the increase of N, turns out to be significant, the recovery time for the
coastal vegetation between the extreme loads decreases. It is therefore recommended to monitor the condition
of the global mangrove forests more closely and to take action when mangrove vegetation is decreasing. Impor-
tant is to measure the wave attenuation capacity to validate the results further and to identify the response to
extreme events. It is furthermore recommended to focus on the non-stationarity in global impact assessments,
while with the transformation of multivariate extreme events, the risk may increase with respect to a stationary
univariate analysis. This while a combination of moderate values for the different parameters already can lead to
an extreme.

Global non-stationarity of multivariate extreme events

Secondly, this study processed hydrodynamic conditions of 5809 mangrove environments. These are distributed
along a large part of the global coastline. The therefore identified non-stationarity of 87.5% of only the storm-
induced multivariate extreme events requires more attention. Especially when the consideration is made that
within these regions mangroves protect a hinterland against annual flooding where globally 15 million people live
Menéndez et al. (2020). The extreme events are neglecting the already observed historical sea level rise. When
this sea level rise of a calculated maximum of 10 cm in the mangrove regions, the impact on the coastal safety is
expected to increase.

It is furthermore possible that the observed non-stationarity of multivariate extreme events can be observed at
other coastlines, based on the significance of the observation. Therefore it is recommended to extend this study to
identify the non-stationarity of extreme flood events in coastal regions. The limitations of the applied model given
in the discussion, should therefore be considered.

Mangrove during extreme events

Third and last, this study identified the wave-attenuation capacity of mangroves during extreme conditions. Mea-
suring campaigns to validate the performances and persistence of mangrove vegetation and coastlines during
these extreme events are limited. It is therefore advised to extend the monitoring of these coastlines and deploy
measuring campaigns in mangrove areas during extreme conditions. This will increase the knowledge, which can
be used to identify the impact of the non-stationarity of multivariate extreme events in these regions.

6.2.2. Engineering recommendations

Methodology of non-stationary multivariate extreme value analysis

The application of this study for further research and engineering purposes is mainly focused on the proposed
multivariate extreme value analysis. The research identified the implication of the commonly used stationary as-
sumption and proposed a methodology to prevent the under- or overestimation of the probability of extreme events.
By identifying the trend, coastal protection can be designed more accurately to secure the safety of the hinterland.
And while the results of the extreme value analysis are used to define the design conditions, this non-stationarity of
the extreme events itself should be kept in mind with great importance. Neglecting the dependency of the different
parameters of a multivariate extreme event, could result in an underestimation of the probability of occurrence of
these extreme events.

Importance multivariate extreme events

The research furthermore pointed out that the approach of univariate extreme value analysis could result in limita-
tions of the insight created. For some coastal protection structures, it could for example be that a single extreme
parameter is not resulting in an extreme impact. However, the combination of semi-extreme parameters with a
larger probability could result in a more extreme impact. The described methodology in this study could be applied
to identify the critical regions of parameter combinations, which should be considered during the design or assess-
ment phase of coastal structures. This approach is especially of importance in regions where mangrove offers a
coastal protection function.
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Data collection and parameter definition

A.1. Coastal mangrove locations

Coastal mangrove locations

The coastline locations of the study of Van Zelst (2018) are used as data source to identify the coastlines where
vegetation is present. This data is based on shore normal transects obtained from the Aqueduct project. The
Aqueduct project is a project of the American World Resources Institute, Deltares, VU University of Amsterdam,
Utrecht University and the Netherlands Environmental Assessment Agency. This study is based on estimating
shore line locations based on the Open Street Map. On this coastline, shore normal transects are determined
and each of these transects is extended 4 km into sea and 4 km into landward direction. The distance along the
shoreline between the different transects is approximately 1 km (Van Zelst, 2018). With global vegetation maps,
the presence of vegetation was determined. The data of Van Zelst (2018) contained salt marsh coastlines beside
the mangrove coastlines. For that reason a few filter steps are applied to end up with a dataset towards the scope
of this research. The filtering steps are:

» The locations are located between the latitudes 60° S and 66 ° N
» The location is identified as a location where mangrove is present
» The locations are located at the coastline

» The foreshore is based on the results of the FAST project

The foreshore parameters should be determined within the FAST project. These are based on combining a global
tide model and satellite imaginary of different tidal moments resulting to define the parameters with. The result
of this data filtering is shown in figure A.1, resulting in 27440 locations with mangrove and foreshore characteristics.

Vegetation data
80 - Locations

Latitude [*]
=
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Figure A.1: 27440 locations along the coastline, identified as locations where mangrove is present, based on the study of
Van Zelst (2018)
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Transect orientation

In the database of the study of Van Zelst (2018), the orientation of the transects is not included. To obtain these
transects and to use these in further data collection steps, QGis 3.18 is used. With the use of the OSM coastline
shape file OpenStreetMap contributors (2021), the nearest location of these points on the coastline is determined,
trying to mimic the approach used in the Aqueduct project.

This resulted in two points per location, the original and its nearest neighbor on the coastline. The orientation
between these points is used to define a transect with. This transects has been given a length of 0.04 degrees
in off- and onshore direction, following the methodology of the Aquaduct project. However, the results from the
nearest point on the coastline showed that 1361 points of the 27440 had a larger distance from the coastline than
0.01°, which is approximately 1000m were found. This means that approximately 5.0% of the data has a orientation
based on a shoreline that is more than 1000m away. The reason for this is visualized in figure A.2a. Due to the
choice of shoreline some points are located land inward, for example in estuaries.

While zonal statistics will be performed to obtain the vegetation parameters the transects are converted from a
line to a polygon with a thickness of 0.001°, which is approximately 110m. This width is based on the width of the
vegetation raster of the study of Simard et al. (2019), which has a 30 x 30 meter grid. The result of this process is
visualized in figure A.2a.
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Figure A.2: Transect orientation process

A.2. Environmental data sources

EMCWEF - ERA5

ERAS5 data is a product of the European Centre for Medium-Range Weather Forecasts, ECMWF, and describes
atmospheric, land, and oceanic climate variables in a 30km global grid (ECMWF, 2021). The product of EMCWF,
ERADS, contains 259920 grid cells, placed on a grid with a resolution of 0.5° x 0.5°. With the use of the KD-tree
method, the closest neighbor of the original locations in the grid of ERAS5 is identified. Eventually, 2200 points of
the ERA5 database cover the spread of the mangrove locations.

In the paper of Shanas and Kumar (2015), by applying ERA-I data extreme events occurring from tropical cyclones
are underestimated. That study found an underestimation of the significant wave height of 33% by comparing the
ERA-I data with buoy data. This is due to the large grid size, 0.75° x 0.75° of the ERA-I data. The new data product
of the EMCWF, ERAS5, has a resolution of 30 km x 30 km. It is expected that this underestimation of the ERA5
data will be similar or smaller, and for that reason, the data is used without correction.
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Historical sea level rise

In the global tide and surge model the average water level increased for the used 4708 measuring stations in this
study with 7.1 cm between 1987 and 2018. In figure A.3 the average water level in the GTSM (Muis et al., 2016) is
displayed where the color indicates the calculated average water level of the year 1987. In figure A .4, the average
water level of the year 2018 are displayed on the same color bar as the previous figure.
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Figure A.3: Mean waterlevel observed in the Muis et al. (2016) in the year 1987.
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Figure A.4: Mean waterlevel observed in the Muis et al. (2016) in the year 2018.

An moderate increase of the water level between the period of 1987 and 2018 is observed. The maximum increase
observed in these 32 years is 10.0 cm, the minimum increase observed is 0.4 cm. This moderate increase in the
water level resulted in the conclusion that the sea level rise will be left out of the scope of this master thesis study.
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Unique combinations

The GTSM model is defined on a finer grid closer towards shirt with respect to the ERA5 model. This results
that the location of the eventual applied GTSM model and ERAS model, are not equal. For the visualization of
the performed analysis, figure A.5 is used. In this figure, the GTSM location and ERA5 location representing the
mangrove locations at the southern coastline of Cuba is visualized. With the green dot, a mangrove location is
defined, of which the hydrodynamic conditions are defined by these two locations.
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Figure A.5: The GTSM and ERAS location of environmental location 750 and the mangrove location represented by this
environmental locations.

A.3. Natural protection data sources and parameter definition

Nearshore data

The nearshore slopes are defined between the depth of closure and the coastline. The depth of closure is the depth
of which there is no significant change in bottom elevation, determined by equation A.1 (Nicholls et al., 1998). In
this equation H. : and T.; are respectively the significant wave height and wave period that are exceeded for only
12 hours per year. The slope is determined on a transect 4000m landward until 4000m seaward, from the point
located on the OSM coastline. Then the slope is calculated from the most offshore point which is smaller than the
depth of closure until the point of the mean sea level of the coastline. At some locations the depth of closure was
not reached within the transects, at these locations the most offshore point is taken as starting point to calculate
the nearshore slope.

HZ,
de = 2.28He,, — 68.5 (gTeé) (A1)

Foreshore data

The foreshore parameters in the study of Van Zelst (2018) are determined using the global inter tidal elevation map
(Murray et al., 2012). That map shows the elevation of the tidal flats, by using data from NASA/USGS Landsat
EO data and ESA/Copernicus Sentinel 2 EO data for the period of 1997-2017 and combining it with the global tide
model FES2012 (Carrére et al., 2012). The resulting height of the starting point of the foreshore is with respect to
the mean sea level, MSL.

The vegetation parameters of the 27440 locations with mangrove vegetation are the width and starting point of veg-
etation with respect to the mean sea level. With the use of the Global mangroves map (Giri et al., 2011), Globcover
(ESA and UCLouvain, 2010) and the Vegetation presence map from the FAST project, the locations, and widths
of these vegetation belts are determined. The FAST project is a consortium of Deltares, NIOZ, the University of
Cambridge, GEOECOMAR, and the University of Cadiz, which was focused on foreshore assessment using space
technology.
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Vegetation data

In the study of Simard et al. (2019), the characteristics of the mangrove forests around the globe are derived from
SRTM DEM data of February 2000 and lidar heights from ICESat/GLAS Spaceborne Lidar Mission collected glob-
ally between 2003 and 2009. The locations of the mangrove environments are based on the work of Giri et al.
(2011). To calibrate the data in the work of Simard et al. (2019), the height of the trees was measured on-site in
331 selected plots ranging from 26°S to 25°N in a 15-year period after the SRTM data was obtained, which is 2000.

Parameters collected during the study of Simard et al. (2019), are estimates for the mangrove above ground
biomass, AGB, maximum canopy height, HGB, and the basal area-weighted height, HBA. Where the HBA is
based on the height of individual tree heights which are weighted in proportion to their basal area. These parame-
ters are given on a 30-meter resolution grid. The Openstreet map shoreline is used as coastline file, to determine
the orientation of the local mangrove location with. This process is explained in appendix A. Due to the limited ac-
curacy of this addition, this will only be used to collect the average of the maximum canopy basal weighted heights.

With the use of Zonal Statistics of QGis 3.18, the average of the maximum canopy basal weighted heights is deter-
mined. In figure 3.3, the average basal area weighted height of the defined mangrove locations is visualized. For
20333 (74.1%) of the transects. These parameters are not found for all locations explained further in appendix A.
For the locations without mangrove heights of the nearest neighbor are used, determined with the KD-tree method.

Vegetation parameters

With the use of a literature study, the vegetation parameters for 14 trees were defined. These are listed in table
A.1. The first 7 trees represent Black mangrove with their large extending root system of pneumatophores. The
second 7 trees represent Red mangrove with a prop root system. The assumptions and literature sources of these
parameters are explained in further detail in the methodology.

\ \ Roots \ Stem \ Canopy | Height |
] ‘ N(r/m2)b(cm)  h(m) ‘ N(r/m2)b(cm)  h(m) ‘ N(r/m2?)b(em)  h(m) ‘ hiot ‘
Tree 1 | 1 0 0 1 0 0 30 3.5 1.37 1.37
Tree 2 | 45 0.5 0.15 1 7 1.75 33 3.5 3.1 5
Tree 3 | 82.5 0.75 0.275 | 1 19 3.5 36 3.5 6.25 10
Tree 4 | 120 1.0 0.40 1 32 5.25 40 2.7 9.35 15
Tree 5 | 160 2.0 0.53 1 47 7.00 43 1.9 125 20
Tree 6 | 180 3.0 0.66 1 64 10.5 46 1.6 13.3 25
Tree 7 | 240 4.0 0.80 1 86 14.0 50 1.3 15.2 30
Tree 1 | 1 0 0 1 0 0 30 3.5 1.37 1.37
Tree 2 | 15 1 0.15 1 5 2 33 3.5 2.9 5
Tree 3 | 25 1.5 0.275 | 1 13 4 36 3.5 5.7 10
Tree 4 | 35 2.0 0.40 1 20 6 40 2.9 8.6 15
Tree 5 | 47 2.3 0.53 1 28 8 43 2.0 11.5 20
Tree 6 | 58 2.6 0.66 1 38 10 46 15 14.3 25
Tree 7 | 70 3.0 0.80 1 50 12 50 1.2 17.2 30

Table A.1: Vegetation parameters of the three different layers, namely roots, stem and canopy, of a representative Black and
Red mangrove tree, selected for 7 different heights.



=xtreme value analysis

B.1. Stationary vs. Non-stationary

ERAS and GTSM provide hourly estimates of the hydrodynamic statistics for the period of 32 years, from 1987-
01-01 until 2018-12-31. In global assessments of mangrove environments, the extreme events are based on a
stationary assumption (Menéndez et al., 2020; van Zelst et al., 2021).

The concept of stationarity and non-stationarity of extreme events is an important theoretical aspect of this study.
For that reason, further insight into the impact of a stationary approach is introduced to emphasize the importance
of the non-stationary analysis. This is done by analyzing the results of a stationary approach at one of the 5809
environmental locations. Figures B.1a and B.1c¢ show the time-series of the Proxy given over the period of the past
32 years for locations 500 and 1000. Identified with the horizontal line which implies a stationary assumption, the
97.5% quantile is identified. On the vertical axis, the flood level defined by the Proxy is given for the moment in time
displayed on the horizontal axis. The plot already implies that the impact of the extreme event is increasing over
time. This results in a transformation of the Generalized Pareto distribution, increasing the probability of design
conditions.
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Figure B.1: For two mangrove environments the analysis with a stationary assumption is visualized. The left figures show the

time series of the Proxy with a 97.5% quantile as threshold, to define the extreme events with. In the right figure the N over
the years is given for the examined time-series.
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The number of extreme events per year, Ng, for this stationary approach, are plotted in figure B.1b and B.1d.
The vertical axis indicates the N, identified and the horizontal axis the year. The distribution of N, should follow
a Poisson distribution, to make sure that the probability of occurrence of an extreme event stays stationary over
time. This figure implies that this is not the case and that the probability increase over time.

When the stationary assumption would be applied to this time series the distribution of extreme events will be
mainly calibrated on the last part of the time series, while these years contain more extreme events. However, this
would underestimate the probability for design extreme events based on two reasons.

The first reason is that the observed non-stationarity of extreme events can be translated towards a shift in the
distribution of extreme events. When the stationary assumption is applied on the Generalized Pareto distribution of
the extreme events, the change of occurrence of the design event is equal over time p, = p;. However, when the
assumption is applied that the distribution is shifting over time, the conclusion can be made that po # p: and even
po < pe. The figures of the study of Salas and Obeysekera (2014), figure B.2a and B.2b, explain the implication
of the non-stationarity of the distribution of extreme events.
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Figure B.2: Visualization of the underestimation of assuming a stationary time-series on a non-stationary extreme climate,
translated towards the probability of a design flood.

When the mean Nj; is increasing over time, the probability of an extreme event above a critical level occurring,
is increasing. This process is visualized in figure B.3, where the assumed Poisson distribution is transforming
towards a more skewed distribution, with an increased probability of higher N, values occurring.
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Figure B.3: Shift in the Poisson distribution Ns over time, when the average N is increasing over time.
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B.2. Time window selection multivariate analysis

Resulting from the limited amount of data, the time window of 6 years would be to sensitive to outliers. This was
not the case when these equations were applied on the Proxy, while the complete time series was considered in
that step. For that reason, a time window of 18 years is applied for this transformation, resulting from an iterative
process. This iterative process is visualized in figure B.4, where the vertical axis shows the values of the parameter
H; in the original scale for the time period of the analysis from 1987 until 2018 can be observed. The value of the
parameter during a compound event is indicated with a blue dot in the figures. Based on these original values, the
Toy (t) and Soy(¢) is calculated resulting in the orange line and the grey area. Applying a linear assumption, a line
is fitted through the time-dependent Ty,(;) and S (t), resulting in a Trendr,, and Trends,,, () With @ Toy,:=0 and
Soy,t=0 at the first of January 1987. The different time windows are 6, 12 and 18 years, in respectively figure B.4a,
B.4b and B.4c.
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Figure B.4: Selecting time window for detrending univariates

One can observe in figure B.4 that the sensitivity to outliers decreases with an increase of the time window. While a
linear time-dependency of Ty, (t) and So, (t) defines the time-series of the stationary univariate and the distribution
fitted on these, this sensitivity should be prevented. For that reason, a time window of 18 years is applied in the
analysis.
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B.3. Tropical cyclones

The implementation of the wind direction does not solve the complexity of the wind patterns in tropical cyclones.
To elaborate further on this point, the results of neglecting the direction of the wind are discussed for location 750.
Location 750 is located at the Southern edge of Cuba, a region known to be annually exposed to hurricanes. In
figure B.5 the data extraction points of location 750 are plotted. The GTSM model of Muis et al. (2016) was used
for the time-series of S for the model and the ERA5 model ECMWF (2021) the time-series of H, and T},.
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Figure B.5: Data extraction point to construct the hydrodynamic climate of location 750 at the Southern coastline of Cuba

At this location 186 extreme events are identified based on the proxy of Stockdon et al. (2006), resulting in an
average N, of 5.2 extreme events per year. With the use of the methodology explained, this will result in a total of
186 observed combinations over the past 32 years for the parameters H;, T,,, and S. The parameters found at
these locations are visualized in figure B.6.
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Figure B.6: Information of the identified compound extreme events for location 750 at the southern coastline of Cuba.
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Figure B.6a, B.6b and B.6¢ display respectively the observed H,, T,,, and S during the compound extreme events
identified for the environmental location. Figure B.6d visualizes the corresponding wave directions identified after
the extreme value analysis is performed. The color indicates the wind speed observed in m/s and the size of the
slice indicates the number of observations, ranging from 0 till 49, for every direction. The wind rose indicates from
which direction the wind came, thus a wind from the Northeast is blowing towards the Southwest. The wind rose
shows a mainly directed wind during the extreme compound event from the North-Northeast till East-Northeast.

The most extreme wave observed at the ERA5 location was on the 24Th of October 2012, with a H, of 7.53 meter
and a S of only 0.25 meter. The wind at this moment was from the North-Northeast. With the use of the historical
hurricane path data of National Oceanic and Atmospheric Administration (2019), a hurricane attacking the coast-
line of Cuba was identified, called Sandy. The track of the hurricane is plotted in figure B.7, which is moving from
the south towards the coastline of Cuba. Therefore it may be expected that waves generated by this storm will
attack the coastline. This small insight in a specific location indicates that further analysis has to be performed in
a successive study to make sure that only the onshore-directed events are taken into account.
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Figure B.7: Historical hurricane track of hurricane Sandy starting at 21st of October until the 31st of October 2012 (National
Oceanic and Atmospheric Administration, 2019)
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B.4. Interim results

Statistical test

At 56.9 % of the 5809 environmental locations, the desired Generalized Pareto distribution for the multi-variable
Proxy was met within the requirements set. at the other 43.1 % the statistical test was not met within the limits of
N,. The spatial distribution of the performances of the statistical test is visualized in figure B.8, where a blue loca-
tion identifies an environmental location where the statistical test was met. At the locations with a yellow point, the
statistical test was not met and the N, requirement was limited. The large number of locations where the statistical
test was not met could be explained for three reasons, the first one is that the requirements for the classification
of an extreme event in this study are two strict and a large number of extreme events is not meeting the require-
ments. Another reasoning is based on figure B.8, areas are known for large extreme due to the tropical cyclones
are showing a better performance than more moderate climates. This could mean that the global analysis should
be performed with a definition and N, for the extreme environment, meeting the local climate. The third reasoning
could be that N; is to strictly and that the lower limit of 2.5 is not applicable for less extreme climates. Figure B.9
shows the distribution of N, of the in total 5809 mangrove environments. The approach with choosing the largest
quantile, while still meeting the requirement of the minimal number of storms per year, explains the distribution
shown in figure B.10. Most locations can be found just above the N value of 2.5.
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Figure B.8: Spatial distribution of the performances of the statistical test with the stated requirements for the classification of
an extreme event.
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Figure B.9: Disbribution of the found N, of the different environments
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The maximum quantile of the data set used as threshold was 0.992, which is below the maximum quantile of 0.999
until which the algorithm was allowed to search. The distribution of the used quantiles for the extreme value anal-
ysis is shown in figure B.11, where the density in the upper tail can be explained with the approach of the minimal
extreme events. The fact that the maximum quantile is not reached could indicate that the minimal duration of the
extreme events is to large for this specific multivariate extreme event.
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Figure B.10: Disbribution of the found q; of the different environments

The spatial distribution of the quantile selected for the multivariate extreme value analysis is visualized in figure
B.11. The color indicates which quantile is selected indicated in the color bar beneath. The yellow colors indicate
the locations where the a higher quantile was needed to meet the requirements. The dark color indicate the oppo-
site and a lower quantile of the data was sufficient.
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Figure B.11: Quantile used for extreme value analysis

Performed non-stationary extreme value analysis

This process of the multivariate extreme value analysis is visualized with the use of four of the mangrove en-
vironments in Central America. These environments are located at the coastlines of Mexico, Honduras, Cuba,
and Suriname, visualized in figure B.12. The process of identifying the multivariate extreme events with the time-
dependent threshold p.,., is visualized for the four locations in figure B.13. The time-dependent threshold makes
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sure that the extremes of the whole data series are used to calculate a time-dependent Generalized Pareto distri-
bution. To indicate the non-stationarity of these extreme events, the mean of i and o are determined per location,
and while the shape parameter ¢ is constant, this can be stored directly. The calculation of the trend of p, called
T, is defined based on a linear assumption, resulting in the black line in figure B.13.
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Figure B.12: The locations of the four environments to visualize the non-stationary extreme value analysis on the Proxy in

detail
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Figure B.13: Visualization of the applied methodology for the non-stationary POT on the Proxy.
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Observed extreme parameter values

The figures show the spatial distribution of the maximum value of the different parameters leading towards the
multivariate extreme event are displayed. Figures B.14, B.15 and B.16 show respectively the distribution of the

maximum H,, T,, and S observed during an multivariate extreme event.
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Figure B.14: Maximum significant wave height during multivariate extreme event in the past 32 years
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Figure B.15: Maximum mean wave period during multivariate extreme event in the past 32 years
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Figure B.16: Maximum storm surge during multivariate extreme event in the past 32 years
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Trends in the 3-dimensions of the multivariate event

During the non-stationary multivariate extreme value analysis the conclusion could be made that the univariates
during the non-stationary extreme events are not stationary. The average increase of the extreme events, defined
with T, , is for the three parameters 0.06 m, 0.16 s and 0.7 cm for respectively the H;, T,,, and S during these
multivariate extreme events.

The spatial distribution of these trends are visualized in figures B.17, B.18 and B.19. Where the colorbar indicates
if the observed trend is positive or negative. Red implies a positive trend of the mean of specific parameter during
the multivariate extreme events and blue indicates a decrease.
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Figure B.17: Spatial distribution of the average H during the specified extreme event in the period 1987 till 2018. Red
indicates an increase in the specific environment and blue indicates a decrease.
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Figure B.18: Spatial distribution of the average T, during the specified extreme event in the period 1987 till 2018. Red
indicates an increase in the specific environment and blue indicates a decrease.
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Figure B.19: Spatial distribution of the average S during the specified extreme event in the period 1987 till 2018. Red indicates
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Statistical upscaling

C.1. Fitting stationary univariates

To represent the region of interest of the different univariates, the choice was made to find a statistical distribution
that is close towards the empirical distribution. With the use of 12 locations selected with a step size of 500 within
the 5809 environmental locations, the goodness of fit is examined. The environmental locations selected are visu-
alized in figure C.1. Location 3500 is located at almost the same location as 4000, due to this, the location is not
visible in the figure.
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Figure C.1: The spatial distribution of the 12 selected locations to test the different fittings for the stationary H}, T}, and S*

After a first selection, four different statistical distributions are selected to test the fitting for. These distributions
are listed below:

* A Log-Normal distribution

» An Exponentially modified Normal distribution
* A Weibull distribution

* A Generalized Pareto distribution

80



C.1. Fitting stationary univariates

81

Fitting Hs for Log-Norm distribution with r=0.991
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Figure C.2: Tested distributions for H} visualized in QQ-plots
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Fitting T, for Log-Normal distribution with r=0.993
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Figure C.3: Tested distributions for T}, visualized in QQ-plots
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Fitting S for Log-Normal distribution with r=0.989
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Figure C.4: Tested distributions for S* visualized in QQ-plots
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C.2. Representative mangrove locations

For the visualization of the statistically upscalling method applied to the 6-dimensional data set, figure C.5 is pro-
duced. The steps and locations of the Maximum dissimilarity points and cluster centroids are visualized with
respectively grey and magenta. The original data set is identified with light grey. The six parameters are respec-
tively from left to right, widhtns, widthss, hfs, 20,veg, hveg and HAT.
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Figure C.5: Visualization of the statistically upscaling steps applied to the 6-dimensional mangrove locations data set



C.3. Distribution over the representative mangrove environments 85

C.3. Distribution over the representative mangrove environments

Figure C.6 displays the number of environmental locations assigned to a particular cluster. The different colors
indicate the clusters, related to the colors of figure 4.11. The number of environmental locations assigned to a
cluster range between 8 and 500, which are respectively cluster 43 and 47. When the maximum dissimilarity
function was not applied, the minimum of the k-means algorithm would be optimized more towards cluster 47.
This would decrease the level of representation of the environmental locations of cluster 1.
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Figure C.6: Number of the 5809 environmental locations designated to particular cluster for the 31-dimensional non-stationary
mangrove climates.

These different environmental clusters were used to calculate the 1/40 year design condition based on the sam-
pled multivariate extreme events. For the global assessment, these design conditions for the years 1987 and
2018 are subject to the different mangrove locations. The distribution of the original 27440 location over the 49
representative mangrove environments is shown in figure C.7. The first row indicates respectively as in figure C.6
the representative mangrove environment 1 until 7. This procedure continues till the last row where the represen-
tative mangrove environments 43 to 49 are visualized. The number in the boxes of the different representative
mangrove environments indicate the number of locations of the original 27440 location belonging to the specific

representative mangrove environment.
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Figure C.7: Number of the 27440 mangrove locations designated to the 49 different representative mangrove environments.
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In figure C.8 the distribution of the possible combinations is sorted per cluster. The different representative man-
grove environments are indicated in the same order as the previous figures. The reduction in computational
demand becomes clear by comparing figure C.7 with C.8. Where for example cluster 47 first demanded 2712

SWASH computations for every design condition, it only needs 215 SWASH computations when the representa-
tive mangrove locations are introduced.
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Figure C.8: Number of the 289 representative mangrove locations designated to the 49 different representative mangrove
environments.

183! B33




Hydrodynamic model

D.1. Evanescent modes

With the use of test runs on a test domain the reduction in the significant wave height H, was identified. The
domain on which the test runs were applied is shown in figure D.1. The red lines in the figure indicate the mea-
suring location of the domain where the output is generated. For a set of input conditions the output at 25 meter
is collected and processed to indicate the drop in significant wave height by SWASH. These runs were in contrast
to the other runs performed with a computational space-discretization of 5 meter instead of 1 meter, to reduce the
computational demand.
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Figure D.1: Measuring locations
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The significant wave height calculated with the time-series of the waterlevel at x=25 meter. Figure D.2 shows the
under estimation in terms of H for the different test runs. The left plot within the figure shows the significant wave
height against the mean wave period. The right figure shows the significant wave height against the storm surge.
The color of the points within these scatter plots indicates the drop in wave height observed after 5 grid cells, equal
to 25 meter. These decreases were up to almost 10% of the input. Resulting that when this would be ignored, the
computations were simulated with less extreme events than the extreme value analysis indicated.
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Figure D.2: In the left panel the H is visualized against the T,,. The right panel the H is plotted against the T,,,. The
colorbar indicates the underestimation of the H in meter.

The assumption that this drop is larger for waves with a larger wave steepness was introduced based on the
results of figure D.2. By calculating the wave steepness of the different waves using equation 3.16, the relation
between the drop in wave height and the steepness is indicated to validate this assumption. With a Spearman’s
rank correlation for the test case above 0.95, meaning a strong correlation between the wave steepness and the
drop in significant wave height, this assumption is determined as useful. Therefore a linear relation between the
wave steepness and the significant wave height was assumed to result in the method of figure D.3. In this figure
the observed drops in wave height are plotted at the locations of the significant wave height and mean wave period
that were the initial input. The isolines in the figure indicate the drop in wave height based on the wave steepness
and a linear relation between the wave steepness and the drop. The results are indicating an approach to prevent
the iterative process.

Relation wave steepness and additional H; input

5.0

s 036
E 40 030
& 35 T
u 024 2
o 30 £
5 5
= 25 018
= a
2 20 B
E 012 £
&8

10 006

05 ; \ , , . . .

5 6 7 8 9 10 1 12 13 0.00

Mean wave peried (s)

Figure D.3: Observed drop in significant wave height and the applied relation between the wave steepness and the increase of
the significant wave height at the boundary of the domain.
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Eventually the input of the test runs of figure D.2 are corrected for the wave height drop with the use of the found
relation of figure D.5, resulting in a maximum drop of only 7 centimeters in stead of the initial 36 centimeters. This

due to the fact that the second run is also containing evanescent modes. This approach will be applied on all input
combinations.
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Figure D.5: In the left panel the H is visualized against the T,,. The right panel the H is plotted against the T,,,. The color
bar indicates the underestimation of the Hs in meter.

This calibration has been performed in a computational domain with a space-discretization step of 5 meter, in the
eventual runs a space-discretization of 1 meter is applied. A smaller step in space, results in a smaller wave
dissipation in the numerical model. For that reason, another validation step is performed to check if the found
relation still holds described in the chapter itself.

D.2. Coastal safety of the magnrove tree

With the 7 representative trees for Black and Red mangroves the functionality of the mangrove tree as a coastal
protection element is investigated. In figure D.6, the results of the SWASH computations for 42 runs are visualized.
For every tree height and tree type, three runs with different water levels are performed. These different water
levels are listed on the vertical axis of the figure. On the horizontal axis, the required width of vegetation needed is
plotted to meet the safety requirement. The safety requirement is that the dike may only be heightened 2 meters
above the water level to make sure that no run-up will overtop the dike. The bathymetry used in this analysis has
a nearshore width of 1960 meters and a foreshore width of 590 meters, with the nearshore starting at a depth of
-20 meters and the eventual horizontal plane at 0.18 meter. The water levels on the lower axis are relative to the
horizontal plane of the vegetation. At all the runs a storm event with a significant wave height, H, of 4 meters and
a mean wave period , T, of 10 seconds is applied.
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Figure D.6: Comparison in coastal protection between Black and Red mangrove type of trees expressed in required mangrove
width for different water levels within the vegetation.

One can analyze several processes from these results. The first one to mention is the influence of the water
level, higher water levels result in all the seven trees an increase in vegetation width needed to attenuate the
required amount of wave energy. While higher water levels mean that more wave energy will reach the vegeta-
tion and thus more vegetation is needed to attenuate wave energy. This reduction in reduced energy dissipation
on the nearshore and foreshore, due to an increase in water level can be concluded for all the trees of this analysis.

The in-homogeneity between the wave attenuation capacity of the different trees can be explained with several
steps. The first tree of the analysis, with a height of 1.37 m is representing a pioneering species, following van Zelst
et al. (2021), only be created from one layer. The other six trees are represented by three layers, one for the roots,
another for the stems, and the last layer for the canopy of the tree. The assumption made by defining the param-
eters of these trees is that the biomass of the different layers is increasing when the height of the tree is increasing.

The increase in biomass following the increase in height of the tree, explains the decrease of vegetation width
needed for the 1 and 2 m water level in the mangrove forest. Modeled with an increase in the parameters N, ;,
by,; and h, ;, the wave attenuation capacity of the different layers is increasing, as a result of a more dense root
system and thicker stems. One can observe this process by the decreasing vegetation width needed between
trees two and seven.

However, with an increase in the height of the tree, h..q4, the height of the stems is increasing. This means that
the canopy is growing out of the water level and that waves are attacking more and more the rather open region
around the stems as visualized in figure 2.3 (Spalding et al., 2014). This layer with a sparse density is less effective
in attenuating the waves, explaining the increase in vegetation width needed for the 5-meter water level between
the first and the third tree. From the fourth tree on, the needed vegetation width is decreasing again, due to the fact
that the canopy has completely grown out of the water and the increase in biomass is taking over the efficiency of
wave attenuation. The increase in vegetation width needed for the 1 and 2meter water level runs between trees 1
and 2 follows this explanation.
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D.3. Identifying most extreme event

To make the study feasible within the time frame of this master thesis a simplification based on the coastal safety
assessment is applied to select the most extreme events. By implementing three different transects and subject
the same set of test runs the difference between the transects is observed. In figure D.7 three different transects
are visualized, differing in width and slope. In the three figures on the right the required crest height of the dike is
plotted for different combinations of an extreme event. Due to the same spatial distribution of the required crest
height of the dikes, the conclusion is made that one transect can be used to select the most extreme event. It is
furthermore observed that the most extreme events are in the region with the largest wave height and wave period.
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Figure D.7: Influence of bathymetry on the selection of the defining the design condition.
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D.4. Identifying required mangrove width

Figure D.8a and D.8b show two test cases which are used to visualize the optimization process applied at the
different SWASH runs. In the first figure a numerical domain without vegetation has been introduced. The second
figure is the same numerical domain with the addition of a vegetation grid. The length of the vegetation plane is
extended to 2000 meter in the test case to give a further insight in the way the results are found in this analysis.

s
50 1000 1500 200 2500 000 3500 ER 1000 1500 2000 0 000
n 10 domain (m) Xdirecton 10 domain (m)

(a) Numerical domain without vegetation (b) Numerical domain with vegetation

Figure D.8: Computational domains used to visualize the optimization problem for defining the impact on the coastal protection
offered by mangroves.

The results of the two SWASH runs, is translated in the coastal safety assessment performed in this master thesis
for the different combinations of representative mangrove environments and locations. In the test case a require-
ment of a maximum R, of 0.5 mis introduced. Figure D.9 shows with the light blue line the evolution of the required
R. along the x-axis of the numerical domain. The first measuring location with an R. below the requirement is
indicated as as the location with sufficient wave attention for the placement of the dike. The dark blue line in the
figure indicates the evolution of R.
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Figure D.9: Optimization process to define the location of the dike by visualizing the processed output of the SWASH model for
the two test cases.

The impact of the wave attenuation capacity of mangrove can be observed by comparing the light blue and dark
blue line in figure D.9, representing respectively the propagation with and without mangrove vegetation. Resulting
from the coastal vegetation of mangrove, less width of the horizontal plane is needed to dissipate enough energy
for the requirement of R..
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D.5. Space discretization

During the study, locations were detected with a large energy concentration in the lowest bin of the spectrum. One
of the domains where this process occurred is visualized in figure D.10. In this figure the bathymetry of the domain
is indicated with the yellow line, having a total length of 19020 meters, with a starting point at the horizontal location
-20 meters. The last part of the domain is the sponge layer, with a width of 1000 meters. The blue line indicates
the water level, located at 5 meters. The red lines indicate the locations where the output of SWASH is generated.
This output is generated at the beginning of the hydrodynamic model (x=25 meter) and at every five meter in the
vegetation belt.
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Figure D.10: The bathymetery applied for the test runs to identified

At this location, the observation was made that a large part of the energy is transferred towards the lowest bin,
which will be visualized further in this chapter. The cause of this problem is examined by changing the horizontal
space-discretization from the original 5 meters to 2.5 and 1 meter. It was examined if this could be the origin of
the extreme concentration of energy in long-period waves, with a frequency smaller than 0.07 Hz.

The time-discretization step applied is 0.5 seconds and the different space-discretization steps applied are 5, 2.5,
and 1 meter. The forcing conditions of the system are the JONSWAP spectrum (Hasselmann et al., 1973), with
a H, of 5 meters and a T,,, of 10.3 seconds. The resulting time series, including the spin up-time are visualized
in figure D.11, D.12 and D.13. The grey line indicates the time series of the water level at location x = 25 me-
ters. The light blue line indicates the time series of the water level that can be observed at the beginning of the
horizontal vegetation plot and the orange line is the time series of the water level at the end of the vegetation plane.

One can observe based on the difference between figure D.11 and D.13 that a decrease of the space-discretization
increases the short-period wave signal. Furthermore, an increase in wave height can be observed.

The decrease of the space-discretization step in the results seems to have a positive influence on the results of
the model. A possible reason for this could be that due to the larger space step, a continuity error occurs in the
SWASH model. While the space-discretization of 1 meter results in a reduced energy transfer to the long-period
waves, the choice is made to apply the 1-meter space discretization during the runs.
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Figure D.11: Resulting time-series from the SWASH run with a space-discretization step of 5 meter
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Figure D.12: Resulting time-series from the SWASH run with a space-discretization step of 2.5 meter
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Figure D.13: Resulting time-series from the SWASH run with a space-discretization step of 1 meter
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Using a frequency analysis the evolution of the wave-signal is transformed towards a spectral density plot. The
results of this transformation of the data set is visualized in figure D.14,D.15 and D.16.
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Figure D.14: Resulting spectral density plot from the SWASH run with a space-discretization step of 5 meter
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Figure D.15: Resulting spectral density plot from the SWASH run with a space-discretization step of 2.5 meter
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Figure D.16: Resulting spectral density plot from the SWASH run with a space-discretization step of 1 meter
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D.6. Output at long shallow foreshores

As mentioned in the discussion the applied grid size resulting from the available computational capacities resulted
in a reduced accuracy of solving waves in shallow water. The cases discussed are listed in table D.1, with which
the increase in water depth and the width of the foreshore differs over the different representative mangrove loca-
tions. These four cases are selected to validate the hypothesis that the obtained time-series of the water level is
depending on the water depth and the length of the shallow part expressed in the width of the foreshore.

Representative mangrove location \ Wi W WTL
68 10000 m 4656 m 3.3m
134 10000 m Om 40m
150 10000 m 8246 m 0.5m
154 10000 m 1795 m 0.5m

Table D.1: Domain parameters of 4 representative mangrove locations present in representative mangrove environment 19,
during the 1987 event with Hs of 4.3 m and T,,, of 11.5 sec

In figure D.17, the spectral density analysis is visualized for the result of SWASH for the 4 input cases. The ob-
servation can be made that in the two cases with a water depth of 3.3 and 4 m energy is still present in the waves
above 0.05 Hz. At the locations with a water depth of only 0.5 meter, the energy in the waves above 0.05 Hz is
fully dissipated and only energy in the long-period waves can be observed.
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Figure D.17: Spectral density analysis for four representative mangrove location with Hs of 4.3 m and T,,, of 11.5 sec.
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If this observation is compared with the time series leading towards these results of the spectral density analysis,
the observation can be made that the system is indeed visualizing more short waves at cases 68 and 134, as
visualized in figure D.18 and D.19. At the locations with the water depth of only 0.5 meter, skewed long waves can
be observed, as shown in figure D.20 and D.21. The expectation is that this is a result of the bottom friction and
the phase-resolving approach.

Waterievel (m)

Figure D.18:

Waterlevel (m)

Figure D.19:

Waterlevel (m)

Figure D.20:

Waterlevel (m)

Figure D.21:

—— Waterlevel in the system, atx=25m
Waterlevel in the system, at x= 14760 m
Waterlevel in the system, at x=15260m
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Time series of SWASH output of representative mangrove location 68 with Hs of 4.3 m and T, of 11.5 sec.
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Time series of SWASH output of representative mangrove location 134 with H, of 4.3 m and T, of 11.5 sec.
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Time series of SWASH output of representative mangrove location 150 with H, of 4.3 m and T, of 11.5 sec.
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Time series of SWASH output of representative mangrove location 152 with Hs of 4.3 m and T, of 11.5 sec.
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D.7. Wave attenuation mangrove vegetation

The second discussion point for the results of the hydrodynamic model creates further insight into the relative use
of the results of this study. In figure D.22 the significant wave height Hs is given along the 500 meter vegetation
belt for the four test cases of appendix D.6.
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Figure D.22: Decrease in significant wave height H; within the mangrove belt.

In literature, it is stated that the significant wave height decreases with 0.14% to 1.1% per meter vegetation (Mcivor
etal., 2012). Based on the different wave heights of the four test cases the mean percentage decrease of Hs can
be calculated, with the results given in table D.2. This means that the wave attenuation capacity of the trees is
within the described range.

Representative mangrove location | AH Ryeq WTL
68 0.39 %/m 5m 3.3m
134 0.27 %/m 1.37m 4.0m
150 0.25 %/m 5m 0.5m
152 0.51 %/m 10m 0.5m

Table D.2: Average decreases in H s for 4 representative mangrove locations present in representative mangrove environment
19, during the 1987 event with Hs of 4.3 m and T, of 11.5 sec

Measured in several studies, the wave attenuation capacity of mangrove forest depends on the water level (Quartel
et al., 2007; Brinkman, 2006). This result is also observed in the model of this study when the results of represen-
tative mangrove locations 68 and 150 are compared. This emphasizes the importance of defining extreme events
for mangrove environments by implementing the water level in the multivariate extreme event.



Coastal safety assessment

E.1. Most extreme multivariate extreme event

The methodology applied resulted in the 1/40 year design condition for 1987 and 2018. These design conditions
are multivariate extreme events. One can observe the spatial distribution of T;,, during these 1/40 year design
conditions in figure E.1 and E.2.
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Figure E.1: Spatial distribution of Hs for the 1/40 year design condition for the year 1987.
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Figure E.2: Spatial distribution of H for the 1/40 year design condition for the year 2018.
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E.1. Most extreme multivariate extreme event

100

The spatial distribution of S during this multivariate extreme event is given in figures E.3 and E.4. These values
represent the .S during the 1/40 year design conditions.
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Spatial distribution of H for the 1/40 year design condition for the year 1987.
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Spatial distribution of H for the 1/40 year design condition for the year 2018.
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