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SUMMARY

Coastal flooding constitutes a major risk to all low-lying coastal areas around the world. This
risk is expected to increase during the 21st century with rising sea-levels and future societal
development. Broad-scale coastal flood risk assessments are essential for identifying regions
most at risk and evaluating the effectiveness of coastal adaptation responses in reducing future
coastal impacts. Despite recent advances in coastal flood risk modelling research, there are a
number of methodological and data related constraints and limitations inherent in broad-scale
studies that affect the accuracy of assessment findings. Understanding and communicating
these uncertainties is necessary for effectively supporting decision-makers in developing long-
term robust and flexible adaptation plans. However, most uncertainties involved in broad-scale
assessments are not fully quantified and their relative importance often remain unexplored.
This thesis contributes to improving our understanding of data uncertainties and addresses
data limitations in broad-scale coastal flood risk assessments. In particular, this thesis (1)
addresses data availability, consistency and reproducibility constraints, (2) extends existing
data models and increase the level of detail of assessments and (3) explores and quantifies
data uncertainties in broad-scale coastal flood risk studies.

For this purpose, Chapter 1 summarizes the main data limitations and uncertainties inherent
in each coastal flood risk component (coastal hazard, exposure and vulnerability) and its
implications for broad-scale coastal flood risk assessments.

Chapter 2 assesses sea-level rise related coastal flood impacts for Emilia-Romagna (Italy) using
the Dynamic Interactive Vulnerability Assessment (DIVA) modelling framework and
investigates the sensitivity of model results to four uncertainty dimensions, namely (1)
elevation, (2) population, (3) vertical land movement, (4) scale and resolution of assessment.
Results show that by the end of the century coastal flood impacts are most sensitive to
variations in elevation input data, followed by vertical land movement data and population
data. The choice of one digital elevation model over another can lead up to 45% differences
in the total extent of the coastal flood plain. Further, the inclusion of human-induced
subsidence rates in the input data increases the relative sea-level rise on average by 60cm in
2100, resulting in coastal flood impacts that are up to 25% higher, highlighting that the non-
consideration of human-induced subsidence in broad-scale studies underestimates coastal
flood impacts.

Chapter 3 describes the development of the open-access, spatially-explicit Mediterranean
Coastal Database (MCD) that contains consistent information in terms of resolution, quality,
accuracy and format of around 160 parameters on characteristics of the natural and socio-
economic coastal subsystems for the entire region. The MCD, as well as the code for all data
processing steps, is publicly available in an online repository.



Chapter 4 illustrates the development of a new set of spatially-explicit projections of urban
extent for ten countries in the Mediterranean, with a high spatial (100m) and temporal
resolution (5-year time steps). These future urban projections indicate that accounting for the
spatial patterns of urban development can lead to significant differences in the assessment of
future coastal urban exposure. Depending on the urban development scenario chosen, the
exposure of certain coastal regions can vary by up to 104 percent until 2100. The urban extent
projections spanning from 2025 to 2100 and the python code to set up the urban change
model are available from a public repository.

Finally, Chapter 5 summarizes the main findings and lessons learned from this thesis and
highlights some key challenges related to data that require further research targeting.



ZUSAMMENFASSUNG

Uberflutungen zahlen weltweit zu den gréBten Risiken fiir niedrig gelegene Kiistengebiete. Ein
steigender Meeresspiegel und die zukiinftige gesellschaftliche Entwicklung im 21. Jahrhundert
fuhren voraussichtlich zu einer Verscharfung dieses Risikos. Vor diesem Hintergrund sind
Gefahrdungsanalysen im multinationalen bis globalen MaBstab unerldsslich, um die
potentiellen  Auswirkungen von Uberschwemmungen und die Wirksamkeit von
AnpassungsmaBnahmen an Kisten bewerten zu koénnen. Bei der Modellierung von
Hochwasserrisiken an Kisten in dieser MaBstabsdimension konnten in der jlngsten
Vergangenheit immense Fortschritte gemacht werden. Allerdings gib es bei diesen Studien
eine Reihe von methodischen und datenbezogenen Unsicherheiten, welche die Genauigkeit
der Hochwasserrisikoanalysen beeinflussen kénnen. Um Entscheidungstrager:innen wirksam
bei der Entwicklung langfristiger, robuster und flexibler Anpassungsstrategien unterstiitzen zu
kdnnen, ist sowohl das Versténdnis, als auch die Kommunikation dieser Unsicherheitsfaktoren
erforderlich. Die meisten dieser Unsicherheiten sind derzeit jedoch nicht vollstéandig
quantifiziert. Dartber hinaus ist ihre relative Bedeutung in Gefahrdungsanalysen haufig nicht
bekannt. Die vorliegende Dissertation leistet einen Beitrag dazu, unser Verstandnis von
Datenunsicherheiten in multinationalen bis globalen Geféahrdungsanalysen zu verbessern und
die Datenverfugbarkeit flr derartige Analysen zu optimieren. Die Arbeit befasst sich im
Speziellen mit (1) Datenverfligbarkeit-, Konsistenz- und Reproduzierbarkeitsbeschrankungen.
Sie (2) erweitert vorhandene Kistendatenmodelle und erhéht dadurch den Detailgrad von
Gefahrdungsanalysen. Zudem werden (3) Datenunsicherheiten in Risikobewertungen
untersucht und quantifiziert.

In Kapitel 1 werden die wichtigsten Datenlimitierungen und -unsicherheiten in multinationalen
bis globalen Gefdhrdungsanalysen zusammengefasst, die jeder der einzelnen
Kistenhochwasserrisikokomponenten (Kustenhochwassergefahr, Exposition und
Verwundbarkeit) inhdrent sind. Ferner werden die Auswirkungen dieser Unsicherheiten auf die
Bewertung des Hochwasserrisikos an Kisten restimiert.

In Kapitel 2 wird mithilfe des ,Dynamic Interactive Vulnerability Assessment (DIVA)'
Modellierungs-Frameworks eine Gefahrdungsanalyse hinsichtlich der Uberflutung fiir die
Region Emilia-Romagna (Italien) durchgeflihrt. Dabei wird die Sensitivitat der
Modellergebnisse gegeniiber vier Unsicherheitsdimensionen untersucht: (1) Gelandehothe, (2)
Bevolkerung, (3) vertikale Landbewegung, (4) MaBstab und Auflésung der Untersuchung. Die
Ergebnisse zeigen, dass die Gefahrdungsanalysen besonders sensitiv gegeniliber
Schwankungen der Hoheneingabedaten sind, gefolgt von Daten zur vertikalen Landbewegung
und Bevdlkerung. Die Unterschiede in der modellierten Uberflutungsflache bei der Nutzung
verschiedener Héheneingabedaten kénnen bis zu 45% betragen. Werden durch den Menschen
verursachte Landabsenkungsraten in die Eingabedaten einbezogen, fihrt dies zu einer



Erhdéhung des durchschnittlichen relativen Meeresspiegelanstiegs um 60 cm im Jahr 2100. Dies
bewirkt, dass die Bewertung potenzieller Auswirkungen von Uberschwemmungen an Kiisten
bis zu 25 % hoher ausfallen. Dies weist darauf hin, dass Studien, die menschlich verursachte
Absenkungsraten nicht berticksichtigen, die Auswirkungen von Kistenlberflutungen
unterschatzen.

In Kapitel 3 wird die Entwicklung einer raumlich expliziten Open-Access-Datenbank fiir die
Mittelmeerkiiste (MCD) beschrieben. Die Datenbank ist konsistent in Bezug auf Auflésung,
Qualitat, Genauigkeit und Format und enthalt Informationen zu rund 160 Parametern zu
Merkmalen des nattirlichen und soziobkonomischen Kiistensystems. Die MCD sowie der Code
fur alle Datenverarbeitungsschritte sind in einem Online-Repository 6ffentlich verfligbar.

Kapitel 4 erldutert die Entwicklung neuer, raumlich expliziter und sowohl raumlich (100m) als
auch zeitlich (5-Jahres-Zeitschritte) hochaufgeldster Projektionen der stadtischen Ausdehnung
fur zehn Lander im Mittelmeerraum. Diese Projektionen wurden anschlieBend genutzt um zu
untersuchen, wie die Stadtentwicklung das zukiinftige Hochwasserrisiko an der Kiste
beeinflusst. Die Ergebnisse zeigen deutlich, dass es erhebliche Unterschiede in der Bewertung
der Gefdhrdung von Stidten durch Uberflutung gibt. Der potentielle Anstieg der Gefihrdung
bestimmter Kustenregionen kann im Zeitraum bis zum Jahr 2100, je nach gewahlten
Stadtentwicklungsszenario, um bis zu 104 Prozent variieren. Der flr die Erstellung des
Stadtentwicklungsmodells genutzte Python-Code, sowie die raumlich expliziten Projektionen
sind offentlich in einem Repository erhaltlich.

AbschlieBend werden in Kapitel 5 die wichtigsten Ergebnisse und Lehren aus dieser Arbeit
zusammengefasst. Zudem werden eine Reihe relevanter Herausforderungen im
Zusammenhang mit den fur diese Arbeit genutzten Daten aufgezeigt, die weitere Forschung
erfordern.
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1

INTRODUCTION



1.1 COASTS AT RISK

Climate-change induced sea-level rise (SLR) and associated hazards, in combination with
continued socio-economic development, will lead to an increase in coastal flood risk in low-
lying coastal regions in the future (Vousdoukas et al., 2020b, Vousdoukas et al., 2018b, Hinkel
et al., 2014). Even a small increase in mean sea level can disproportionately increase the
occurrence of extreme sea levels (ESLs) and thus coastal flood risk (Taherkhani et al., 2020).
Coastal flood risk is shaped by multiple drivers that are dynamic and therefore, variable across
time and space (Nicholls et al., 2018).

Box 1 | Coastal flood risk

The Intergovernmental Panel on Climate Change (IPCC) defines risk as the interaction of
climate-related hazards with exposure and vulnerability of human and natural systems.
The components of risk are defined as:

Hazards refer to the potential occurrence of a natural or human-induced physical event
(e.g ESLs) or trend (e.g. SLR) that may cause impacts on the natural or human systems.

Exposure encompasses the presence of all elements, such as people, livelihoods,
infrastructure or cultural assets, in hazard-prone areas.

Vulnerability refers to the degree to which a natural or social system can withstand or
cope with negative effects caused by a hazard (IPCC, 2019).

Changes, for instance, in the climate system or socio-economic conditions along with
adaptation and mitigation actions may influence hazards, exposure, and vulnerability
(Oppenheimer et al., 2014), leading to changes in the temporal and spatial variability of risk.
Several studies indicate that the main driver of future coastal flood risk is the combination of
increased coastal flood hazards and exposure due to SLR (Tiggeloven et al., 2020) and the
increasing concentration of people and economic services in coastal regions (Neumann et al.,
2015, McGranahan et al., 2007). Coastward migration combined with rapid economic
development has led to higher coastal population growth and urbanisation rates compared to
non-coastal regions (Merkens et al., 2018, Kummu et al., 2016, Neumann et al., 2015). Broad-
scale coastal flood risk studies have shown that the world’s coastline will experience more
frequent flooding from ESLs and SLR, potentially leading to the displacement of hundreds of
millions of people during the 21t century if no adaptation is in place (Hinkel et al., 2014).
Adaptation in the form of hard/engineered and ecosystem-based coastal protection,
accommodation, advancement, or retreat can reduce coastal flood risk by addressing one of
the three risk components (vulnerability, exposure and/or hazards) (Abram et al., 2019). For
instance, Lincke and Hinkel (2018) show that coastal protection is economically robust for 13%
of the global coastline. This study illustrates that coastal flood risk and cost-efficient adaptation



are not uniform and vary significantly between regions and time. A common approach to
identify and quantify the risk of coastal flooding and the benefits of adaptation are coastal
flood risk assessments. In the following section, the need for broad-scale coastal flood risk
assessments, their main advantages and constraints are discussed.

1.2 BROAD-SCALE: COASTAL FLOOD RISK ASSESSMENTS

Broad-scale assessments aim to analyse spatial patterns and temporal trends of coastal
flooding on a continental to global scale. During the last decade, demand for broad-scale risk
assessments under present and future conditions has grown (Vousdoukas et al., 2018a). These
assessments can support international policymaking and organisations, such as the World Bank
and the United Nations (UN), to identify coastal flood risk and adaptation hotspots and allocate
international adaptation funds (Ward et al., 2013, McLeod et al., 2010) where action is
required. Further, reinsurance companies, among others, require such assessments to
evaluate current and future risk portfolios (de Moel et al., 2015). These assessments identify
areas at risk from flooding and evaluate the effectiveness of coastal adaptation measures in
reducing future coastal impacts (Ward et al., 2020). Their main advantage is the consistent
methodological framework and underlying data over the entire region of interest, which
enables comparative analyses of impacts and benefits of different adaptation measures in a
standardised way, even in data-scarce countries (de Moel et al., 2015). Therefore, broad-scale
assessments can help to gain a better understanding of the drivers of coastal flood risk and
their potential implications for the natural and human system (hereafter referred to as
‘impacts’). Despite recent advancements in coastal flood risk modelling research, only a few
tools/modelling frameworks exist that are comprehensive, spatially explicit and assess all the
different coastal flood risk drivers (namely hazard, exposure, vulnerability) in a combined
manner on a broad scale (Tiggeloven et al., 2020). Besides the advantages of broad-scale
coastal flood risk assessments mentioned, there are also a number of difficulties and limitations
surrounding broad- scale assessments. The main challenges in modelling coastal flood risk on
a broad scale are:

(1) unavailability of consistent, open-access input data (Lichter et al., 2011, Vafeidis et
al., 2008, McLeod et al., 2010);

(2) depicting the dynamic coastal system into a data model that allows spatial information
to be stored into a database (McFadden et al., 2007);

1 In this thesis, broad-scale refers to continental to global scale coastal flood risk assessments.



(3) combining datasets of different formats, reference systems and spatial/temporal
resolution into consistent and detailed input data (Vafeidis et al., 2008);

(4) developing models that are capable of resolving the dominant physical and human
processes while remaining computationally inexpensive (Vousdoukas et al., 2018a, de
Moel et al., 2015, Muis et al., 2015) as a large nhumber of model runs are required to cover
a range of scenarios; and

(5) validating broad-scale assessment results due to the lack of spatially explicit and
detailed information on relevant past events (de Moel et al., 2015).

Addressing these challenges requires making simplifications in coastal flood risk assessments
and thus, affect the accuracy of assessment findings. However, most uncertainties involved
are not fully quantified and their relative importance for coastal flood impacts assessments
often remains unexplored (Vousdoukas et al., 2018a). This thesis contributes to improving our
understanding of data uncertainties and addresses data limitations in broad-scale coastal flood
risk assessments, specifically points 1-3 of the above mentioned constraints will be addressed.
In the remainder of this section, I highlight the main data limitations and uncertainties of each
coastal flood risk component and the associated implications for broad-scale coastal flood risk
assessments. Section 1.3 discusses the individual components contributing to future coastal
flood risk, with each section broken into two components: 1) a brief summary of the coastal
flood risk component and its implementation in broad-scale coastal flood risk assessment, and
2) an overview of the main datasets used in broad-scale coastal flood risk assessment together
with a discussion of the main current limitations or areas of uncertainty to illustrate their
potential implications for coastal flood impact assessments.

1.3 DATA LIMITATIONS AND UNCERTAINTIES IN BROAD-SCALE
COASTAL FLOOD RISK ASSESSMENTS

1.3.1 Coastal flood hazards

The first step in coastal flood risk assessments is the determination of the coastal flood hazard,
including the assessment of the probability and intensity of a potential event (de Moel et al.,
2015). ESLs and SLR are the two main hazards which contribute to future coastal flooding
(Oppenheimer et al., 2019) and datasets of those two drivers are commonly used as input for
assessing coastal impacts. ESLs can arise from different drivers, namely mean-sea level rise,
storm surge, astronomical tide, wind waves, precipitation, river discharge and seasonal to
interannual variability. Coastal flooding can occur from the superposition of these components.
Coastal flood risk assessments theoretically require information on all ESL components and
their potential future changes considering natural variability and climate change (even though



not all are used in broad-scale assessments). Climate change, for instance, will alter future
ESLs mainly through rising sea levels and changes in storm activity (Rahmstorf, 2017).

Sea-level rise projections

Sea-levels are rising due to global warming, which is a result of anthropogenic emissions of
Greenhouse Gases (GHG) over the last century. The two primary factors leading to an
accelerated sea level are the thermal expansion as seawater warms and the melting of land-
based ice sheets and glaciers (Church et al., 2013). Therefore, one prerequisite to assess
future coastal flood risk are sea-level rise projections that result from different future GHG
concentration pathways. This involves combining different but uncertain components of sea
level associated with climatic and non-climatic (for example vertical land movement) factors
(Nicholls et al., 2014). A rise in global mean sea level (GMSL) in the future is certain but the
rate and magnitude are subject to large uncertainties especially beyond 2050 (Oppenheimer
et al.,, 2019). The largest uncertainties in sea-level projections are stemming from GHG
emission scenarios and the estimation of future mass loss from the Antarctica and Greenland
ice sheets (DeConto and Pollard, 2016) as our physical understanding of the dynamic response
of the ice sheet is still very limited. The uncertainties in the remaining sea level (SL)
components are much smaller and range in the order of 10 cm (van de Wal et al., 2019).
According to the IPCC Fifth Assessment Report (AR5), GMSL is likely to rise by 0.26-0.55m
under Representative Concentration Pathway (RCP) 2.6 (the lowest greenhouse gas
concentration pathway) and 0.45-0.82m under RCP 8.5 (the highest greenhouse gas
concentration pathway) in the period from 2081-2100 compared to 1986-2005 (Church et al.,
2013). Recent studies suggest that future GMSL will be higher than reported in the IPCC AR5,
which has not assessed probabilities beyond the likely range (67%) (Kopp et al., 2017, Horton
et al., 2018). However, coastal decision-makers and planners with low uncertainty tolerance
often require information on the upper bounds (low-probability) of SLR to assess worst-case
scenarios that lead to high coastal impacts (Hinkel et al., 2019). As a consequence, many
studies developed regional high-end SLR scenarios that do not focus on the median and central
range projections but the upper bound of SLR (Jevrejeva et al., 2019). Many broad-scale flood
impact assessments use those types of sea-level projections to account for the large
uncertainty. Table 1-1 shows a summary of commonly used SLR projections in broad-scale
coastal flood risk assessments.



Table 1-1: SLR projections used in broad-scale coastal flood impact assessment

Study GMSL rise by Modelling approach Selected broad-
2100 scale assess.
(RCP 8.5)

Church et al. 98 cm (83rd percentile) | process based models -

(2013) (IPCC:

AR5)

(Oppenheimer et 110 process based models -

al., 2019) (IPCC - cm (83rd percentile)
SROCC, 2019

Jevrejeva et al. 180 cm process based models and expert = Tiggeloven et al. (2020

(2014) (95th percentile) opinion

Hinkel et al. (2014) 123 cm (95th process-based models Vousdoukas et al.
percentile, across all (2017), Vafeidis et al.
models) (2019)

Kopp et al. (2014), K14: 123 cm (95th fully probabilistic, Kulp and Strauss

Kopp et al. (2017) percentile); 159 cm K14: process based models and (2019), Reimann et al.
(99th percentile) expert opinion on ice sheet (2018)

contributions,
K17: 243 cm (95th

percentile), 267 cm K17: links physical models of ice
(99th percentile) sheet loss to the projection
framework established in K14
Goodwin et al. 105 cm (95th hybrid approach, containing a Brown et al. (2018),
(2017) percentile, across all process-based thermosteric Nicholls et al. (2018)
models), 112cm (99th contribution and a semi-empirical
percentile) ice-melt contribution

Further, as the regional distribution of sea-level rise is not uniform in all regions of the world,
due to spatially varying patterns caused by ocean (i.e. ocean circulation) and non-oceanic
effects (e.g post-glacial rebound) (Bakker et al., 2017), most assessments use regional relative
sea level projections. For instance, vertical land movement, which is the downward
(subsidence) or upward movement (uplift) of the land relative to sea level, is an important
component of regional sea levels. Subsidence often occurs in regions associated with alluvial
sediments, such as deltas (Ericson et al., 2006) and groundwater extraction is one of the major
sources contributing to subsidence. Most impact studies account for natural vertical land
movement by using glacial isostatic adjustment datasets from, for instance, Peltier (2004),
Peltier et al. (2015). However, human-induced subsidence is not considered in most studies
even though it can reach several meters in some regions (Nicholls et al., 2018). One exception
is the study of Tiggeloven et al. (2020) that included subsidence due to groundwater extraction
on a broad-scale. Vertical land movement rates have a high spatial and temporal variability
associated with local processes which makes the development of future vertical land
movement projections extremely challenging. Thus, one source of uncertainty in existing
coastal flood assessments remains the unavailability of comprehensive global datasets and
projections of vertical land movement including natural and human-induced sources. A detailed
overview on the current state of understanding of the processes that cause regional sea-level
change and the remaining uncertainties is provided in Hamlington et al. (2020).



Extreme sea-level models and datasets

Different definitions and approaches calculating ESLs exist, which makes the comparison of
coastal flood risk studies very challenging (Table 1-2 shows a summary of the ESL datasets
commonly used in broad-scale assessments). The product that most broad-scale impact
studies use are return periods (or return water levels) of ESLs. These return water levels are
generated by applying extreme value analysis approaches to hindcast or modelled extreme
water levels (Wahl et al., 2017). Until recently, the DINAS-COAST ESL (DCESL) dataset was
the only comprehensive and consistent global ESL dataset. DCESL was generated using a
simple empirical model that depicts the following ESL components: mean high tide, storm
surge and barometric pressure (Vafeidis et al., 2008, Muis et al., 2017). ESLs associated with
different return periods are provided for 12,148 coastline segments of the Dynamic Interactive
Vulnerability Assessment modeling framework (DIVA) that cover the whole world except
Antarctica. Compared to observations, DCESL overestimates ESLs with a mean bias of 55cm
for the 1 in 100-year extremes (Muis et al., 2017).

Recent computational advancements have paved the way for the first broad-scale
hydrodynamic tide and storm surge model (GTSM = Global Tide and Surge Model). GTSM was
forced with ERA-Interim reanalysis data to produce the Global Tide and Surge Reanalysis
dataset (GTSR). This time series (1979-2014) is used to estimate the return water levels of
ESLs (Muis et al., 2016) for all DIVA segments and tide gauge stations of the University of
Hawaii Sea Level Center. GTSR ESLs are slightly underestimated with a mean bias of -19cm
compared to ESLs from observations (1 in 100-year extremes). The bias is especially high in
areas where tropical cyclones occur. This results from the low spatial and temporal resolution
of the atmospheric forcing (ERA-Interim spatial resolution is ~79 km at the equator, temporal
resolution of 6h). The GTSR dataset does not consider wind waves, baroclinic effects,
precipitation, river discharge or tide-surge interactions. For more details on the DCESL and
GTSR datasets see Muis et al. (2017).

One study that incorporates future changes in ESLs on a broad-scale is the study of
Vousdoukas et al. (2018c) (called thereafter JRC-ESL). Changes in storm surge, astronomical
tide and wind wave characteristics that result from changes in mean sea level (MSL) and wind
forcing under different climate scenarios are modelled using a Monte Carlo approach to
generate probabilistic ESL projections. According to their study, regional MSL is the future
dominant driver of increasing ESLs. Other flood drivers, such as storm surge or the wave
component, show a very small increase on global average until the end of the century
(Vousdoukas et al., 2018c). The study does not account for interactions between SLR, tidal
flow, storm surge and waves. According to Vousdoukas et al. (2018c), the largest source of
uncertainty influencing future ESLs changes is MSL change. However, the projection of future
ESLs changes on a broad scale is still an ongoing research area.



Table 1-2: ESL datasets used in broad-scale coastal flood impact assessments

ESL dataset ESL components included Selected studies using the
ESL dataset

DCESL Mean high tide, storm surge and Neumann et al. (2015), Hinkel et al.

(Vafeidis et al., 2008)  barometric pressure (2014), Hallegatte et al. (2013)

GTSR Mean high tide and storm surge Tiggeloven et al. (2020), Vafeidis et al.

(Muis et al., 2016) (2019), Lincke and Hinkel (2018)

JRC-ESL Mean sea level, tides, storm surges Vousdoukas et al. (2020a), Vousdoukas

(Vousdoukas et al., and wind waves et al. (2018b)

2018c)

Some uncertainties in the hazard component have been explored in the literature, but many
remain unexplored. One major uncertainty in ESLs is that not all relevant drivers are
implemented into broad-scale hydrodynamic ESL models, such as river discharge or waves
(Jevrejeva et al., 2019). For instance, several studies have shown that waves are a significant
factor affecting ESLs at the coast (Serafin et al., 2017, Vousdoukas et al., 2016, Melet et al.,
2018). However, few studies to date have incorporated wave contribution (except Vousdoukas
et al. (2016), Vousdoukas et al. (2018c) — but underestimated it by including wave setup) into
the calculation of ESLs and thus into coastal flood impact assessment on a broad scale. Further,
not accounting for the non-linear interactions of the different drivers of ESLs, such as tide-
surge interaction, introduces uncertainty into the ESL values and thus, impact assessments.
Arns et al. (2020), developed a statistical model that corrects the GTSR ESLs dataset for tide-
surge-interactions. The study demonstrates that not accounting for these nonlinear
interactions may lead up to 30% (or 70cm) higher ESLs and remains a source of uncertainty
in broad-scale coastal flood impact assessments. Another uncertainty in current and future
ESLs results from the statistical analysis of extreme values, which is influenced by the selected
frequency analysis approach, distribution shape, and return period curve fitting. Wahl et al.
(2017) estimated that uncertainties range from under 10cm up to more than 1m in the
estimation of ESLs for the 1-100-year event (global average 22cm).

1.3.2 Coastal flood exposure

The second step in assessing coastal flood risk is the analysis of exposed land and population
to current or future ESLs and SLR. The assessment of coastal flood exposure is often based
on ESLs for specific return periods and future projections of SLR (as described in subsection
1.3.1). In the following section, the main data limitations and uncertainties in calculating future
exposure of land and population are discussed.

Exposure of land

Potential coastal flood extent and depth is a fundamental element in broad-scale coastal flood
risk assessments and there exist different approaches of varying complexity for assessing land



exposure. For all approaches, a digital elevation model (DEM) is the core spatial dataset to
identify areas that are potentially affected by coastal flood hazards. DEMs are a gridded digital
representation of the surface where each pixel value represents the elevation height above a
datum (Hawker et al., 2018). All freely available DEMs with a near-global coverage, which is
required for broad-scale coastal flood assessments, are digital surface models (DSMs)
representing the Earth’s surface height including surface objects, such as the roof of a house
or the crown of a tree, and not the terrain. In other words, the elevation height value
represents the first reflectance surface (Hawker et al., 2019). The most popular DEM used for
broad-scale coastal flood impact assessments is the Shuttle Radar Topography Mission (SRTM)
DEM obtained in 2000 by using Spaceborne Interferometric Synthetic Aperture Radar (InSAR)
(Farr et al., 2007). Elevation values are given as integers. The accessibility of SRTM data,
together with the vertical accuracy and fewer artefacts and noise compared to alternative
broad-scale DEMs, such as ASTER, GTOPO30 and GLOBE, are some of the main reasons for
the wide usage of SRTM in the past (Hawker et al., 2018). However, coastal flood risk
assessments are very sensitive to height errors. SRTM has a reported vertical Mean absolute
error (MAE) of around six meters (Rodriguez et al., 2006) and a Root-mean-square error
(RMSE) of 9.73m ((Gesch, 2018); see Table 1-3). The recent release of products that correct
SRTM, such as Multi-Error-Removed-Improved-Terrain (MERIT) DEM, NASADEM and the
CoastalDEM (Kulp and Strauss, 2018), or the newly developed TanDEM-x-90, have an
improved vertical accuracy compared to SRTM and thus, are most likely better suited to
calculate coastal flood exposure. For instance, MERIT reduces the errors of SRTM by removing
absolute bias, stripe noise, speckle noise and vegetation artefacts (but not buildings) leading
to a significant improvement in flat terrain (Yamazaki et al., 2017) such as coasts. Unlike SRTM,
elevation values are provided in floating-point numbers, which improves their suitability for
coastal flood impact assessments. However, MERIT is basically built on SRTM and is thus
limited by its errors (Hawker et al., 2018). CoastalDEM from Kulp and Strauss (2018), used
Neural Networks to reduce SRTM errors. This correction leads to a reduction of the vertical
bias in the order of decimeters in the US and Australia (see Table 1-3). The RMSE was reduced
by half compared to SRTM (Kulp and Strauss, 2018). The vertical accuracies of the most
commonly used DEMs in broad-scale coastal flood impact assessments are summarized in
Table 1-3.



Table 1-3: Digital Elevation Model (DEM) used in broad-scale coastal flood impact assessments

DEM Horizontal Vertical accuracy Selected studies using
resolution the elevation data

GTOPO30 30 arc-seconds (~1 km) 18m (RMSE)* Kummu et al. (2016), Lichter et
al. (2011), Small and Nicholls
(2003)

GLOBE 30 arc-seconds (~1 km) 18m (RMSE)** Hinkel et al. (2014), Lichter et
al. (2011)

SRTM? 1 and 3 arc-seconds (~ 9.73 (RMSE)# Vafeidis et al. (2019), Muis et

30 m and ~90 m) 5.57m (RMSE -U.S. LECZ)#; | al. (2017), Neumann et al.

(2015), Lichter et al. (2011),
McGranahan et al. (2007)
MERIT 3 arc-seconds (~90 m) 5.9m (RMSE)" Tiggeloven et al. (2020)
3.14 (RMSE -U.S. LECZ)#
CoastalDEM 1 and 3 arc-seconds (~ 2.46 m (RMSE - Australia)’ Kulp and Strauss (2019)

30 m and ~90 m) 2.39m (RMSE - U.S)’
World DEM 3 arc-seconds (~90m), 6.08m (RMSE)* -
(TanDEM-X 0.4 arc-seconds (~12m) 1.69m (RMSE - U.S)#

920)

**Hastings and Dunbar (1999) “ O'Loughlin et al. (2016) ‘Kulp and Strauss (2019) #Gesch (2018) *GTOPO30 Readme file
(URL: https://prd-wret.s3.us-west-2.amazonaws.com/assets/palladium/production/s3fs-
public/atoms/files/GTOPO30_Readme.pdf)

The vertical error of elevation datasets often exceeds the range of projected SLR which makes
the assessment of flood exposure very challenging (Poulter and Halpin, 2008). The error in
broad-scale DEMs and the fact that global DEMs are surface models leads to large uncertainty
in the estimation of coastal flood exposure. Hinkel et al. (2014) explore the uncertainty and
sensitivity of DEMs in broad-scale flood impact assessments. They showed that the 1-100-year
coastal floodplain is twice the extent when using GLOBE DEM compared to employing SRTM
data. Lichter et al. (2011), analysed similar patterns by calculating the coastal area that lies
below 2m. The authors found that the extent is halved when using SRTM data compared to
using GLOBE or GTOPO DEMs.

Another source of uncertainty is introduced in broad-scale assessments due to the horizontal
resolution of broad-scale DEMs. The horizontal resolution varies between 30 arc-seconds
(approximately 1 km at the equator) and 3 arc-sec (approximately 90 m at the equator) in
broad-scale DEMs, leading to simplifications and smoothing of the terrain as each pixel
represents the average elevation height. This leads to, for instance, unresolved natural or
artificial features, such as coastal protection elements, or added systematic bias (Poulter and
Halpin, 2008, Vousdoukas et al., 2018a). Broad-scale coastal flood risk assessments can be
sensitive to the employed spatial resolution. Vousdoukas et al. (2018a) resampled Light
Detection And Ranging (LiDAR) elevation data and found that a lower spatial resolution leads
to a greater extent of the coastal floodplain and accordingly to higher losses (the amount of

2 Note: Different versions of SRTM exist



expected annual damage nearly tripled). The main reason for this was that the coastal
protection of the dunes was not resolved in the lower resolution data. This could be a case-
specific effect, and more research is needed to confirm and quantify this uncertainty. Still, the
study gives an indication that, for instance, coastal protection is not resolved in broad-scale
coastal flood impact assessments which potentially leads to an overestimation of future
impacts. Poulter and Halpin (2008) showed that the horizontal resolution is especially crucial
if low elevation increments are analysed, as results are more sensitive (1.1m SLR: 3%
difference between 6 and 15m resolution, 0.3m SLR: 65% difference in the flood extent).
However, as Lichter et al. (2011) point out, most types of assessments favour a higher
resolution, which does not necessarily suggest that these datasets are more accurate and
appropriate for specific assessments. More research on that topic is needed.

The third source of uncertainty arises from the obstacles in combining datasets of different
formats, reference systems and spatial/temporal resolution. For the purpose of assessing
coastal flood risk, one of the boundary conditions are ESLs for specific return periods which
are referenced to MSL as the vertical datum. However, broad-scale DEMs are referenced to
the geoid (e.g. SRTM - EGM96). The offset between those datasets can be up to 1.5m
(Schaeffer et al., 2012). Only in recent years has this offset been corrected in broad-scale
assessments (Muis et al., 2017) by using the mean dynamic ocean topography (MDT), which
is the difference between MSL and the geoid over a specific period. However, whether this
correction is the best approach to account for the offset is still an open research debate, as
the MDT varies over time and the definition of the MSL of specific datasets is often not well
documented, leading to further uncertainties. Implementing this vertical datum correction into
broad-scale coastal flood impact assessments leads to an increase in the coastal flood extent
between 16 and 20% for the 1-100 year event globally (Muis et al., 2017).

While improved broad-scale DEMs present a significant advancement in the estimation of
broad-scale coastal flood impacts, there is still large variability on the extent of coastal flooding
depending on the flood modelling approach used. This topic goes beyond the scope of the
objectives of this thesis which focuses on data uncertainties and limitations. The sources of
uncertainty in area exposure estimations described above should nevertheless be kept in mind.
Another data limitation in broad-scale assessments is the lack of validation data that leads to
uncertainties as coastal impact models/approaches cannot be accurately evaluated and
validated. One reason for the difficulties in validating broad-scale assessments is the
assessment scale, which is much larger than the scale of a single event. The broad-scale
methods that exist simulate the hypothetical case that a specific event (e.g. 100-year event)
occurs everywhere simultaneously. Given the rare occurrence of a coastal flood event,
establishing a database for the whole globe would require hundreds of years of detailed
observations during which boundary conditions change (de Moel et al., 2015). Even local
historical data for single events rarely exist and constitute a major limitation in coastal flood
assessments at all spatial scales.



Exposure of people

Exposure of people threatened by current and future ESLs is commonly assessed by overlaying
elevation data with spatially explicit population datasets and/or population projections.

Current exposure of people

Five different gridded population products have been commonly used in broad-scale coastal
flood risk assessment to estimate current exposure of people (Table 1-4 summarises them).
The datasets that exist are based on national population and census data of varying years and
resolution (Wardrop et al., 2018, Mondal and Tatem, 2012), which is a source of uncertainty
in broad-scale coastal flood risk assessments. The main uncertainties in national population
and housing census data stems from the fact that they are (1) often outdated, (2) inaccurate
with regard to the quality, number and size of enumerated areas; (3) omit or undercount key
groups or regions (e.g. people living in informal settlements), and (4) large variations exist in
the frequency of data collection and the level of spatial detail that is provided between and
within countries, leading to a potential misallocation of humans as they are not uniformly
distributed within an areal/administrative unit in reality (Leyk et al., 2019, Wardrop et al.,
2018). As a consequence, the research community developed different data products and
strategies to overcome these inconsistencies and redistribute population counts to grids cells.
The Gridded Population of the World (GPW v3 and v4) product uses a uniform allocation
approach, called areal weighting, to redistribute the population of the source census data
evenly across the land area within an administrative unit (Doxsey-Whitfield et al., 2015). This
leads to irregular levels of detail in terms of size and extent of input population census data
within and across different countries in the population data product (Leyk et al., 2019). Further,
this approach leads to simplification as the population is not uniformly distributed within
administrative units. A second, commonly used dataset is the Global Rural-Urban Mapping
Project vl (GRUMP), which is based on GPWv3 and is intended to capture and differentiate
urban and rural locations and populations. GRUMP employs a dasymetric population
disaggregation approach, which uses ancillary or covariate data to redistribute population by
using functional relationships between population density and ancillary data (Leyk et al., 2019,
Wardrop et al., 2018). The third dataset is the Global Human Settlement Layer - Population
(GHS-POP) that is based on the residential population from GPWv4 and employs a dasymetric
population disaggregation approach. The population is here reallocated using the distribution
and density of built-up land provided by the Global Human Settlement Layer (GHSL) (Melchiorri
et al., 2019). The fourth dataset is LandScan which represents an ambient (daytime)
population distribution using a “smart interpolation” approach. The methods employ ancillary
data, such as land cover, slope, roads or night-time lights to calculate a likelihood coefficient
or weight for every cell according to their possible occurrence of the population (Leyk et al.,
2019). Compared to the other three datasets, LandScan redistributes population based on their
likely ambient location averages over a 24-hour period of typical days, weeks and seasons



(Dobson et al., 2000). The fifth dataset is the WorldPop population grid, which was produced
with a weighted dasymetric approach that uses a random forest model to create a predictive
weighting layer for dasymetrically redistributing population counts to raster cells (Leyk et al.,

2019).

Table 1-4: Population datasets used in broad-scale coastal flood impact assessments

Population Reference Horizontal Disaggregation Selected studies
dataset year resolution approach using the
population data
GRUMP 1990, 1995, ~1km Dasymetric (lightly Merkens et al. (2016),
2000 modelled) Neumann et al. (2015),
Hinkel et al. (2014),
McGranahan et al. (2007),
Lichter et al. (2011)
LandScan 1998, 2000 - ~1km Smart interpolation Kulp and Strauss (2019),
2018 (highly modelled) Hinkel et al. (2014), Lichter
et al. (2011)
GWP Areal weighting Paprotny et al. (2018),
V3 1990, 1995, ~5 km (V3) (unmodeled) Reimann et al. (2018), Jones
2000, 2005*, and O'Neill (2016)
2010%*, 2015*
V4 2000, 2005, ~1km
2010, 2015%*,
2020*
GHS-POP 1975, 1990, 250 m & 1 km | Dasymetric -
2000, 2015 refinement,
proportional to built-
up density** (lightly
modelled)
WorldPop 2000-2020 100m & 1km Statistical (random Mainly used in national

forest) /dasymetric assessments to date, e.g.

Yang et al. (2019), Ramirez
et al. (2016)

* extrapolation  ** Leyk et al. (2019)

To summarise, the main determinants that contribute to uncertainties in the final population
data product are (1) the temporal and spatial quality/accuracy of the census input population
data, (2) the implications of the methodological population redistribution approach applied,
and (3) the quality and spatial/ temporal accuracies of the ancillary/covariate data used (Leyk
et al., 2019). Further, the assessment of exposure of people to coastal flooding is based on
combining spatially-explicit DEMs and population datasets. Thus, uncertainties through data
inaccuracy propagate. Furthermore, offsets between DEMs and population data, for instance,
due to different coastlines, could lead to systematic errors in the assessment of exposure
(Lichter et al., 2011). Another source of uncertainties are inconsistencies in definitions of the
global administrative units. Further, uncertainties arise from the daily dynamics of the
population as this could lead to over- or underestimation of, for instance, urban settlements
(Mondal and Tatem, 2012). All these factors influence the accuracy and characteristics of the
output gridded population dataset. Knowledge of these characteristics is, however, crucial for
analysing and interpreting coastal flood risk assessment results.



Only a few studies have quantified these input data uncertainties in coastal impact
assessments. Among them, the studies of Kulp and Strauss (2019), Hinkel et al. (2014),
Mondal and Tatem (2012) and Lichter et al. (2011) explored the sensitivity of coastal flood
impact assessments by using different DEMs or population datasets. Kulp and Strauss (2019),
calculated the exposure of people in the Low elevation coastal zone (LECZ, area below 10m
elevation that is hydrologically connected to the ocean) using LandScan 2010 data combined
with SRTM and CoastalDEM. They found that exposure to people is more than one third higher
using the CoastalDEM compared to SRTM (SRTM+Landscan 2010 = 780 Mio People;
CoastalDEM+LandScan 2010 = 1040 Mio People). Hinkel et al. (2014) used the GLOBE and
SRTM DEM, and GRUMP and LandScan as population datasets to calculate the exposure of the
1-100-year coastal floodplain. The authors found that the coastal exposure of population is
7% (GLOBE) to 70% (SRTM) higher using GRUMP instead of LandScan depending on the DEM
chosen. Lichter et al. (2011) calculated the LECZ using Landscan and GRUMP, and three
different DEMs, namely GTOPO30, GLOBE and SRTM (ISciences). They found that the LECZ
population was 20% higher using LandScan combined with GTOPO30 or GLOBE DEM,
compared to GRUMP, whereas SRTM was 14% higher. The LECZ population was highest under
both population data sets combined with SRTM data. Interestingly, they also analysed the
population distribution below 1,2,3,4, and 5m and showed that LandScan distributes fewer
people in close distance to the shoreline compared to GRUMP. The three studies mentioned
above, highlight that the calculation of population exposure is very sensitive, not only to the
population dataset chosen but even more to the selected DEM. In general, uncertainty due to
the variation in population datasets is, therefore, small compared to DEMs.

The study of Mondal and Tatem (2012) provides insight into regional differences between
LECZ population estimates using GRUMP and LandScan. They detect that small islands are the
countries with the most substantial differences in the estimation of the LECZ population. In
Europe and the US, differences between GRUMP and Landscan are small as both GRUMP and
LandScan use similar input data, and the population distribution modelling approaches have
only a small impact on the LECZ population estimates. In African countries, the input census
data varies significantly in resolution and quality between and within countries, leading to
much higher differences between the population datasets (GRUMP/LandScan) and therefore
the LECZ population estimates.

Future exposure of people

The future distribution of people is essential to assess coastal exposure of people by the end
of the century. However, socio-economic development cannot be forecasted due to deep
uncertainties (Merkens et al., 2018). Therefore, scenarios of plausible future conditions are
applied to address and account for such uncertainties. Different socio-economic scenarios exist
and have been applied to coastal flood impact assessments. Lately, the most commonly used
scenarios in the coastal impact research community are the Shared Socioeconomic Pathways



(SSPs)3. Each of the five SSP scenarios consists of a qualitative (narrative) and quantitative
(numerical quantification) dimension (O'Neill et al., 2017) describing key elements such as
national population growth (Kc and Lutz, 2017), urbanization (Jiang and O'Neill, 2017) or
economic development (Dellink et al., 2017). For this section, I focus on the future population
projections.

Different approaches of applying the scenario assumptions on future population to coastal
flood risk assessment exist (see Table 1-5). For instance, the main assumption in the study of
Hinkel et al. (2014) is a homogenous population growth rate (national average everywhere).
This approach neglects processes such as urbanisation, migration or the fact that coastal
regions often grow faster than those inland (Merkens et al., 2018). In contrast, other spatially
explicit population projections implemented varying growth patterns to account for such
processes. One example is the study of Jones and O'Neill (2016). The authors analysed spatial,
historical population development trends and used a parameterised gravity-based downscaling
model to calculate future spatial population change. The model calculates a potential
population surface that reflects attractiveness to allocate the projected urban and rural
population change for all five SSPs, to develop spatially-explicit population projections.
According to Merkens et al. (2018), population growth rates on subnational level vary indirectly
between coastal and urban areas using the Jones and O'Neill (2016) approach. A second
example of spatially explicit population projections is the study of Merkens et al. (2016), which
focused on differences in spatial population patterns in coastal versus inland areas. The study
analysed historical growth rates for coastal and inland regions and applied these in producing
spatial population projections. Further, they extended the underlying SSP narratives to the
coastal zone and implemented SSP-specific growth differences.

Table 1-5: Population projections used in broad-scale coastal flood impact assessments

SSP spatially explicit Horizontal resolution Selected studies using the
population projection population projections
Homogenous SSP growth Depends on baseline data used as | Lincke and Hinkel (2018), Hinkel et
rates per country input al. (2014)
Jones and O'Neill (2016) ~14km, Vousdoukas et al. (2020b)
downscaled by Gao (2017) to
~1km
Merkens et al. (2016) ~1km Merkens et al. (2018)

Little is known about the uncertainties in the projection of socio-economic development and
hence, future population exposure. The main determinants that contribute to uncertainties in
the future population exposure are (1) the base population data that is used as a starting point

3 The thesis only reviews studies that use the SSPs



to create the spatially-explicit projections and estimate the historical growth patterns, (2) the
regionalisation approach to distribute future population and estimate the future growth rates
per grid cells. On a national level, population projections do not differ as the underlying
population totals are the same. However, on a grid level the regionalisation approach can
introduce large differences and hence uncertainties (Merkens et al., 2018). Another source of
uncertainties (3) are the alternative SSPs that are used to span the range of uncertainties of
future population change over the 21st century.

Only a few studies have quantified those factors mentioned above for the estimation of coastal
flood risk. Merkens et al. (2018) found that the use of different SSPs can lead to up to 72%
differences in the estimation of the LECZ population. Further, a comparison of different
regionalisation approaches showed that the differences between a homogenous growth rate
per country and the approach of Merkens et al. (2016), lead to up to 36% differences in the
LECZ population estimates in 2100. For the Mediterranean region, Reimann et al. (2017)
compared their coastal regionalisation population approach to Jones and O'Neill (2016) and
Merkens et al. (2016). Compared to Jones and O'Neill (2016) differences regarding the LECZ
population in 2100 have been up to 33% and up to 15% in comparison to Merkens et al.
(2016).

Exposure of urban extent

Population densification, in the form of urbanization or urban development affects coastal
exposure and vulnerability (Oppenheimer et al., 2019). Changes in the spatial patterns and
rate of urban development will be one of the main determinants of future coastal flood risk.
Existing spatial projections of urban extent are, however, often available at coarse spatial
resolution, local geographical scales or for short time horizons, which limits their suitability for
broad-scale coastal flood impact assessments. Thus, the assessment of urban exposure has
not been implemented into broad-scale assessment, which is one of the major shortcomings
in coastal impact assessment to date (Muis et al., 2015).

1.3.3 Coastal flood vulnerability

The third step in assessing coastal flood risk is the estimation of vulnerability to ESLs and SLR.
Vulnerability is a multidimensional phenomenon that is dynamic in time and space (Abram et
al., 2019) due to the complex social, demographic, cultural, economic, political and institutional
patterns of societies (Roy and Blaschke, 2015). This complexity leads to difficulties in the
accurate spatial representation of vulnerability and is one of the main drawbacks in broad-
scale coastal flood risk assessments, to date (Jongman et al., 2012, de Moel et al., 2015). The
assessment of vulnerability is therefore often restricted to the analysis of the vulnerability to



assets using depth-damage functions, and the consideration of coastal flood protection on a
broad-scale. Even though the concept of vulnerability has a much broader meaning, a detailed
assessment of vulnerability is often restricted by the unavailability of data, and a lacking
understanding of its driving forces.

Vulnerability of assets

The assessment of direct damages is commonly based on depth-damage curves in broad-scale
coastal flood risk assessments (de Moel et al., 2015). Flood damage estimates often apply
specific depth-damage functions for each type of landuse (Tiggeloven et al., 2020, Vousdoukas
et al., 2020b, Vousdoukas et al., 2020a) or assets located in the flood-prone area (Hinkel et
al., 2014). The aim is to calculate the total value of assets that would be lost by a specific
inundation depth caused by ESLs and/or SLR. Therefore, first, the value of the maximum assets
per square kilometre, house or population is estimated, and second, a depth-damage curve is
applied, which is a function that reflects the relationship between flood inundation depth and
direct damages (Vousdoukas et al., 2018b, Jongman et al., 2012). The main factors that
introduce uncertainties using this approach are (1) the current and future estimation of the
value of assets, (2) the depth damage function (which is often a normalized average), (3) the
calculated flood extent and flood depth, (4) the elevation height of the exposed asset values,
(5) the fact that not all processes that lead to flood damages are captured by only accounting
for flood depth, as several other factors such as flow velocity, wave forces or duration influence
direct flood damages (Huizinga et al., 2017), and (6) land cover change is often not taken into
account. The influence of the uncertainties mentioned above to the assessment of coastal
flood impacts has not been quantified in a systematic way on a broad scale. One exception is
the study of Jongman et al. (2012) that analysed the methodological uncertainties in
estimating assets exposure. On a global scale, they found that asset exposure varies by up to
71% in 2010 and increases to 98% in 2050 between different damage estimation methods.
Further, the uncertainties of different depth damage curves have been analysed in detail on a
local to national scale. For instance, de Moel et al. (2012) showed that the choice of the depth
damage curve is the most influential parameter in the estimation of coastal flood damages at
three beach locations in the Netherlands. However, on a broad-scale, such assessments are
currently unavailable.

Coastal flood adaptation

The implementation of coastal adaptation measures can reduce vulnerability (Oppenheimer et
al., 2019). Coastal adaptation measures need to be implemented and reinforced to withstand
future ESLs and SLR, and keep coastal flood damages constant in the future (Vousdoukas et
al., 2018b). The implementation of coastal flood adaptation in the form of, for instance, coastal



protection into coastal flood risk assessment has a significant effect on model outcomes. This
highlights the benefits of coastal adaptation but also the high sensitivity of model results (de
Moel et al., 2015) and the substantial uncertainty that could be introduced in coastal flood risk
assessments by excluding such coastal protection information (Tiggeloven et al., 2020,
Paprotny et al., 2019, Paprotny et al., 2018, Hinkel et al., 2014).

Vousdoukas et al. (2018a) summarized three sources of uncertainties and errors in existing
coastal protection datasets. The main uncertainties are (1) the way coastal protection is
reported (i.e. in return periods which introduces artefacts), (2) the low level of detail that most
coastal protection datasets provide, and (3) the lack of a consistent and centralized system to
collect and update coastal protection information regularly on a broad scale (Vousdoukas et
al., 2018a). Further uncertainties are introduced in the calculation of coastal adaptation cost,
namely (4) the estimation of the unit costs of coastal flood protection which is site-specific
(Lincke and Hinkel, 2018) and (5) the estimation of the coastal protection length needed to
protect a coastal area which depends highly on the scale of the assessment (see chapter 2 of
this thesis). Those uncertainties can modify expected annual damages between 30% to 60%
in broad-scale coastal impact assessment (Vousdoukas et al., 2018a). Several coastal flood
risk studies have shown that model results are most sensitive to the uncertainties in adaptation
strategies (Paprotny et al., 2019, Hinkel et al., 2014) and thus, future research is needed to
fill the gap of incomplete and missing data.



1.4. RESEARCH OBJECTIVES AND OUTLINE

This thesis aims at addressing some of the data limitations and associated uncertainties
reviewed above. Specifically, the three main objectives of this thesis are:

1. To explore and quantify the effects of elevation, population and vertical land
movement data uncertainties and assessment scale in coastal flood impact

assessment

The sensitivity of the global Dynamic Interactive Vulnerability Assessment (DIVA)
modelling framework is investigated with regard to four uncertainty dimensions,
namely (1) elevation, (2) population, (3) vertical land movement and (4) assessment

scale in Emilia-Romagna (Italy).

2. To develop a consistent coastal database for the broad-scale assessment of
coastal flood impacts and appropriate future interventions to SLR and ESLs

A new open-access spatial data model and database for coastal flood risk assessment
have been developed for the Mediterranean basin. The Mediterranean coast has been
divided into homogeneous units in terms of impacts, vulnerability and adaptation needs
to ESL and SLR. Around 13,900 coastal assessment units have been generated to which
we spatially attributed 160 parameters on the characteristics of the natural and socio-

economic coastal subsystems.

3. To develop spatially explicit urban extent projections to overcome data

limitations in assessing future urban exposure on a broad scale

Spatially explicit projections of urban extent for 10 Mediterranean countries with a
spatial resolution of 100m have been developed. The urban extent projections are
quantitatively and qualitatively consistent with the assumptions of the global Shared
Socioeconomic Pathways (SSPs). A machine learning approach, namely Artificial Neural
Networks, has been employed to develop an urban change model. The developed
urban projections are then used for calculating future urban exposure to coastal

flooding.

These objectives are addressed in the following four chapters of this thesis. The remainder of
the thesis is structured as follows: Chapter 2 outlines analyses on the effects of elevation,



population and vertical land movement data uncertainties, and assessment scale in coastal
flood impact assessment. Chapter 3 describes the development of the Mediterranean Coastal
Database (MCD). In Chapter 4, urban extent projections are developed and the future urban
exposure to coastal flooding is assessed for 10 countries in the Mediterranean. Chapter 5
contains a summary of the key findings of section 2 to 4. Further, recommendations for further
research in the field are proposed.
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ABSTRACT

This paper assesses sea-level rise related coastal flood impacts for Emilia-Romagna (Italy)
using the Dynamic Interactive Vulnerability Assessment (DIVA) modeling framework and
investigate the sensitivity of the model to four uncertainty dimensions, namely (1)
elevation, (2) population, (3) vertical land movement, (4) scale and resolution of
assessment. A one-driver-at-a-time sensitivity approach is used in order to explore and
quantify the effects of uncertainties in input data and assessment scale on model outputs.
Of particular interest is the sensitivity of flood risk estimates when using datasets of
different resolutions. The change in assessment scale is implemented through the use of a
more detailed digital coastline and input data for the coastline segmentation process. This
change leads to a 35-fold increase in the number of coastal segments and in a more realistic
spatial representation of coastal flood impacts for the Emilia-Romagna coast. Furthermore,
the coastline length increases by 43%, considerably influencing adaptation costs
(construction of dikes). With respect to input data our results show that by the end of the
century coastal flood impacts are more sensitive to variations in elevation and vertical land
movement data than to variations in population data in the study area. The inclusion of
local information on human induced subsidence rates increases the relative sea-level by 60
cm in 2100, resulting in coastal flood impacts that are up to 25% higher compared to those
generated with the global DIVA values, which mainly account for natural processes. The
choice of one elevation model over another can result in differences of ~45% of the coastal
floodplain extent and up to 50% in flood damages by 2100. Our results emphasize that the
scale of assessment and resolution of the input data can have significant implications for
the results of coastal flood impact assessments. Understanding and communicating these
implications is essential for effectively supporting decision makers in developing long-term
robust and flexible adaptation plans for future changes of highly uncertain scale and
direction.

2.1 INTRODUCTION

Coastal flooding constitutes a major risk for coastal regions throughout the world and this risk
is expected to worsen considerably during the twenty-first century with rising sea-levels and
as future societal development increases the number of people and value of assets in the
coastal floodplain (Hinkel et al., 2014). Therefore, there is a growing need of coastal
communities and decision makers to access information on current and future risks as well as
on strategies for managing and reducing risks. For instance, national and regional
Mediterranean Coastal Administrations have expressed needs for improved methods to
evaluate flood risk in Mediterranean coastal areas and to identify comprehensive plans to
reduce these risks in recent years (Lupino et al., 2014).

Evaluating and managing coastal flood risk under climate change, as well as climate risk in
general, requires to consider uncertainty about present and future risks as comprehensively
as possible, because not considering uncertainty may only partially lead to maladaptation
(Jones et al., 2014, Hinkel et al., 2015). For coastal flooding, uncertainty relates not only to



the amount or rate of sea-level rise (SLR) and socio-economic development, but also to the
input data used in the analysis. While scenario uncertainty is generally explored in coastal
impact assessments, data uncertainty has not received as much attention in the literature (Le
Cozannet et al., 2015). Initial work carried out (Lichter et al., 2011, Mondal and Tatem, 2012)
has shown that variations in estimates of area and population exposure are highly dependent
on the input datasets. Hinkel et al. (2014) found that coastal flood impacts are much more
sensitive to elevation data uncertainty than to, e.g., sea-level rise uncertainty stemming from
the choice of climate model. Generally, a significant limitation of flood impact analysis on all
scales is the unavailability of free high-accuracy datasets (Gesch, 2009, Mondal and Tatem,
2012, Neumann et al., 2015).

To our knowledge, there is, however, no study that has explored the uncertainty of coastal
flood risk assessment with regard to the spatial scale of analysis and spatial resolution of input
data. Scale is bound to be an essential parameter in flood risk analysis (de Moel et al., 2015)
because different kinds of population, elevation and vertical land movement input data sets
are available at different scales. Of particular interest thereby is the sensitivity of flood risk
when switching from data sets with global coverage to local, high resolution ones, because
the latter are more accurate but only available for a few regions. Comparing flood risk attained
between global and local datasets thus helps to understand how accurate flood risk
assessments are in regions where local high-resolution data are not available.

This paper contributes to improve our understanding of the above uncertainties in the context
of global coastal flood risk assessment. We do this by taking the Dynamic Interactive
Vulnerability Assessment (DIVA) flood risk module from Hinkel et al. (2014) and applying it to
the Emilia-Romagna region in Italy using two scales of analysis: (i) a low resolution one based
on the global coastline segmentation of Vafeidis et al. (2008) also used by Hinkel et al. (2014);
and (ii) a newly developed high-resolution segmentation of the Emilia-Romagna region. The
exercise is directly related to a policy process taking place within the EU-funded ‘Coastal
Governance and Adaptation Policies in the Mediterranean” (COASTGAP) project aiming at
providing policy-relevant guidance on local coastal flood impacts of climate change.

Specifically, our research objectives are the following:

(1) Explore the sensitivity of coastal flood risk estimates to the effects of different
coastlines and segmentations

(2) Explore the sensitivity of coastal flood risk estimates to different population and higher
resolution elevation and vertical land movement input datasets

The remainder of this paper is structured as follows. Section 2.2 ‘Study Area, Methods, and
Data’ provides an overview of the study area, the coastal flood impact model, the segmentation
process as well as the sensitivity analysis approach used in this Chapter. Furthermore, the
underlying datasets as well as future climate and socio-economic scenarios will be described.
Section 2.3 'Results’ presents the sensitivity analysis from a selected number of simulation



outputs of impacts due to different input datasets and segmentations. Finally, key findings are
evaluated and discussed in the 2.4 ‘Discussion’ Section.

2.2 STUDY AREA, METHODS AND DATA

2.2.1 Overview

The determination of the effects of scale and sensitivity of impacts to different segmentations
and input data follows a multi-level step procedure. The first step was the downscaling process
of the assessment units using a more detailed coastline and segmentation process in order to
create a data structure that enables the model to run and to be able to quantify the
improvements of a more detailed coastline and segmentation. The second step was the
calculation of exposure using different vertical land movement, elevation and population
datasets, leading to the six datasets of various combinations of four uncertainty dimensions
shown in Table 2-1. In a final step, the DIVA coastal flood module was used to assess potential
flood impacts in terms of the following three parameters:

(1) Potential floodplain extent of the 1-in-100-year extreme water level [in kmZ2]

(2) The average number of people flooded annually through extreme water level
events [people/year]

(3) The average annual damage caused by coastal flooding [in million US$]

These model outputs are used in order to determine the sensitivity of the model.

Table 2-1: Datasets used to investigate the sensitivity of coastal impacts to the four
uncertainty dimensions (coastline segmentation, elevation, population and vertical land
movement).

lin Digital elevation . .
ket L . gital elevatio Population Vertical land movement
segmentation model
ngh-resol_utlon LIDAR LandScan PeItigr (2000) + 2mm/yr delta
segmentation subsidence
LIDAR GRUMP PeMgr(2000)+-2mnVyrdeka
subsidence
SRTM LandScan Pdu§r (2000) + 2mm/yr delta
subsidence
Peltier (2000) + 2mm/yr delta
SRTM GRUMP subsidence
LiDAR LandScan PINSAR
Global segmentation SRTM GRUMP Peltier (2000) + 2mm/yr delta

subsidence



2.2.2 Study Area

Emilia-Romagna is situated in the southern part of the Po basin in northern Italy (see Figure
2-1). It is inhabited by 4.4 million people and covers an area of 22,124 km2. The gross
domestic product (GDP) per capita in Emilia-Romagna is 24,396 Euro (ISTAT, 2009), which is
higher than the national average (20,043 Euro). The coastal strip is often higher in elevation
than the hinterland, of which more than 100,000 ha are below sea-level (Preti et al., 2009).
The low-lying coastal strip is characterized by different levels of human modification and
development. The level of modification is ranging from natural to urbanized areas (93 km of
the coast or 71% are urbanized). The coastline of urbanized regions has remained relatively
stable due to human intervention such as hard shoreline protections or beach nourishment
(Armaroli et al., 2012). Hard shore protection, mainly offshore breakwaters, protects 60% of
the coastline from flooding and erosion (Nordstrom et al., 2015). The entire region is currently
experiencing a sediment deficit which is a result of decreasing fluvial sediment transport
caused by stabilization of slopes and hydraulic works along the river bed. Furthermore, there
is a current interruption of long-shore sediment transport due to shore protection structures.
More than 10 million m3 of sediment was replenished to the beach of Emilia-Romagna between
1983 and 2012 (Montanari and Marasmi, 2014).
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Figure 2-1. Study area—Emilia-Romagna. (A) Italy (B) Emilia-Romagna.

The dominant coastal type is considered to be sandy beach with an average width of 70 m
(emerged beach). Wave energies are normally low in Emilia-Romagna. The wave height is




generally below 1.25m (91%), but storms from the south/southeast (Scirocco) and northeast
(Bora) result in high waves and storm surge levels. According to Houtenbos et al. (2005), the
relative sea-level rise is higher in Emilia-Romagna than the global eustatic component due to
subsidence. Along the Emilia-Romagna coastal area, the degree of subsidence due to natural
causes entails a few millimeters per year, while the anthropogenic subsidence has reached
high speeds of 50 mm/ year in the 80’s. Main drivers to cause anthropogenic subsidence
include underground extraction of water and natural gas. The Integrated Coastal Zone
Management (ICZM) effort in the Emilia-Romagna region started in 2002 and ended with the
emanation of ICZM Guidelines approved by the Regional council in the beginning of 2005.
They represent the tool to address all coastal activities toward economic, social and
environmental sustainability, in compliance with EU Recommendation of the 30th May 2002.
According to Preti et al. (2009), the touristic use dominates nearly 85 km of the coast. With
more than 36 million overnight stays per year, Emilia-Romagna is one of Italy's most attractive
tourist destinations.

2.2.3 Methods

2.2.3.1 Calculating Flood Risk

We used the DIVA (Dynamic Interactive Vulnerability Assessment) coastal flood module
(Version 5.0.0) as presented in Hinkel et al. (2014) in order to calculate coastal flood impacts
over the next century. The DIVA model operates on data attributed to coastline segments.
Global applications of DIVA used a segmented coastline of the world, which comprises 12,148
units of variable length (average of 70 km) based on Vafeidis et al. (2008). Every segment
represents a uniform response to SLR within the coastal system. More than 80 physical,
ecological and socioeconomic parameters (e.g. uplift/subsidence in mm/year or coastal
population) of the world’s coastal zone (excluding Antarctica) are spatially referenced to these
units. DIVA is driven by climatic and socioeconomic scenarios, which will be described in
Section 2.2.4.1 '‘Sea-Level Rise Scenarios’ and 2.2.4.2 ‘Socio-Economic Scenarios’. One
important innovation introduced by DIVA is the explicit incorporation of a range of adaptation
options, as impacts do not only depend on the selected climatic and socio-economic scenarios
but also on the selected adaptation strategy. Possible adaptation strategies in the DIVA
modeling framework in order to reduce coastal flood risk are the construction of dikes.

DIVA’s flooding module uses a cumulative people and asset exposure function in order to
estimate the potential socio-economic impacts of coastal flooding. In order to get the potential
number of people living below a certain elevation level and therefore prone to flooding, a
digital elevation model (DEM) was combined with a spatial population dataset (a more detailed
description of the calculation can be found in Section 2.2.4.4 ‘Exposure Data’). Based on
extreme water levels given for different return periods in the DIVA database (Vafeidis et al.,



2008) the potential exposed area and number of people living in these areas is calculated
using a bathtub approach. The extreme water levels within the DIVA database were calculated
based on the methodology described in Hoozemans et al. (1993). Relative sea-level rise is
then added to the current extreme water level probability distribution, leading to shorter
average return periods of flood levels. Hinkel et al. (2014) compute the number of people
flooded by only making the binary distinction between flooded and not flooded. The estimation
of the value of assets on a given elevation is done by multiplying the nhumber of people with
the GDP per capita times an empirically estimated GDP-to-assets ratio of 2.8 taken from
Hallegatte et al. (2013). The amount of damage depends on the depth by which the asset is
flooded. Hinkel et al. (2014) uses a depth-damage function in order to calculate the fraction
of assets that will be damaged when flooded by a certain depth. The depth-damage function
reflects the fact that the damage rate decreases with increasing water levels. It is assumed
that a flood depth of 1 m destroys 50% of the assets. According to Hinkel et al. (2014), this
assumption is a good indication based on the information available to date. If dikes are present,
a damage of 0 is assumed for floods lower than the actual dike height. By default, a dike is
constructed if at least 1 person per km?2 lives on the coast. The dike height is calculated based
on a demand for safety function, which depends on the GDP per capita and population density.
Following this function, dikes are built and upgraded for each coastline segment in each time
step (5 years) until 2100. Future exposure is attained by applying national population and GDP
growth rates of the socio-economic scenarios (Hinkel et al., 2014). A more detailed description
of the coastal flood module used in this study can be found in Hinkel et al. (2014).

2.2.3.2 Coastline Segmentation

In order to downscale the assessment scale of DIVA it was necessary to refine the existing
coastline and segmentation. The segmentation is an essential step in order to generate a data
structure that enables the model to run, and it defines the scale of assessment. The original
DIVA segmentation was based on a digital global coastline data set (ESRI, 2002), with a
cartographic scale of 1: 3,000,000. As this level of scale is too general for the purpose of a
sub-national study due to the loss of important coastal features, a more detailed digital
coastline was employed (see Section 2.2.4.3 ‘Coastline Segmentation Data’). This coastline
was then segmented into units, based on the original concept of McFadden et al. (2007) and
using the following parameters relevant for coastal-flood risk assessment and management
(1) administrative boundaries, (2) the geomorphic structure of the coastal environment, (3)
the expected morphological development of the coast given sea-level rise and (4) population
density. We extended those parameters to also include (5) river mouths as these often have
a much greater RSLR due to subsidence than other areas.



2.2.3.3 Sensitivity Analysis

A sensitivity analysis aims at exploring how much model outputs are affected by changes in
input data (Saltelli et al., 2000). We used a simple One-Driver-At-a-Time (OAT) approach. This
single factor approach is undertaken by modifying one input variable, e.g., the elevation data,
while keeping all remaining inputs consistent. This enables us to explore and to systematically
quantify the impacts of different assumptions on the calculated flood impacts. Sensitivity is
calculated as the difference between the impacts in 2100. It is a useful method in order to
identify key drivers which strengthen the understanding and interpretation of the DIVA
modeling framework. In this study we do not quantify how interactions between input factors
affect the variability of the model results, as the generation of input data for each point in the
uncertainty space considered is computation and labor intensive. For each data point a large
number of processing steps is required as the coastline needs to be segmented and the
database needs to be populated with e.g., population, vertical land movement, and elevation
data. Therefore, deriving more data points for conducting a general sensitivity analysis was
not possible within the scope of this study.

2.2.4 Data

2.2.4.1 Sea-Level Rise Scenarios

We uses regional SLR scenarios of Hinkel et al. (2014), which are based on the Representative
Concentration Pathways (RCP) 2.6, 4.5, and 8.5 and comprise the following two main
components:

(1) The steric contribution, produced by the Hadley Global Environment Model2—Earth System
(HadGEM2-ES) (Collins et al., 2008).

(2) Land ice contribution consisting in the mass contribution of glaciers and ice caps, based on
Marzeion et al. (2012). The mass contribution of the Greenland ice sheet and peripheral ice
caps taken from Fettweis et al. (2013) and the mass contribution from the Antarctic based on
Levermann et al. (2012). By combining the three mass contributions a low (5" percentile),
medium (50" percentile) and high (95" percentile) land-ice scenario was created (see Table
2-2). These scenarios also consider gravitational, rotational and local land uplift effects that
results from changes in ice masses and ocean circulations. To implement these effects, the
model of Bamber and Riva (2010) was used which considers a uniform mass reduction over
the ice sheets.



Table 2-2: Global mean sea-level rise in 2100 with respect to 1985-2005. (the median and,
in parentheses, the 5% and 95% percentiles are provided) (Hinkel et al., 2014)

Steric Mass Total
Scenario Model [cm] [cm] [cm]
Glacier Antarctica Greenland Sum
RCP2.6 HadGEM2-ES 14 14 (14,15) 7 (2,23) 0 (0,0) 21(16,39)  35(29,52)
RCP4.5 HadGEM2-ES 18 17 (16,19) 8(2,29) 7 (5,8) 32 (23,56) 50 (41,75)
RCP8.5 HadGEM2-ES 29 22(20,26) 10 (2,41) 112(10,14) 44 (31,81) 72 (60, 110)

For this study, we use three SLR scenarios that sample the full uncertainty space covered by
Hinkel et al. (2014). A lower bound scenario (RCP2.6 combined with the 5% quantile of ice-
melting projections), hereafter referred to as low SLR, a medium scenario (RCP 4.5 combined
with the median), referred to as medium SLR, and an upper bound scenario (RCP8.5 combined
with the 95% quantile), referred to as high SLR. The sea-level scenarios for Italy vary between
31 (low SLR scenario) and 122 cm (high SLR scenario) by the end of the twenty-first century
(see Figure 2-2). For every coastline segment, the relative sea-level rise is generated by linking
the regional sea-level rise values with the vertical land movement.
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Figure 2-2. The average relative sea-level rise for Emilia-Romagna under all sea-level rise
scenarios.

2.2.4.2 Socio-Economic Scenarios

Three socio-economic scenarios have been used, based on the IPCC Shared Socio-economic
Pathway (SSP) storylines (O'Neill et al., 2014), to present a range of potential future
development directions in the Emilia-Romagna region. The SSP3 storyline assumes a high
population growth and a slow economic development and represents a fragmented world. In



this storyline the world is separated into extreme poverty, moderate wealth and a bulk of
regions that struggle to maintain living standards for a rapid growing population. The SSP5
represents a conventional development which is oriented toward economic growth. The
population growth is generally low. SSP2 assumes medium growth in socio-economic
development worldwide.

The amount of assets and people that will be located in the coastal zone determines the future
exposure to coastal flooding. In DIVA the two variables population growth and GDP growth
are the main drivers to determine future socio-economic development. The total population of
Italy ranges between 22.8 and 75.4 million (see Figure 2-3) and the GDP per capita between
27,716 to 160,602 US dollar by 2100 (see Figure 2-4) following the SSP storylines. Those
growth rates are applied to the exposure data in order to estimate future coastal flood impacts.
According to the global flood risk assessment conducted by Hinkel et al. (2014), the flood costs
are highest for SSP5 (economic growth) and lowest for SSP3 (security), reflecting the socio-
economic growth rates developed by Kc and Lutz (2017). In order to cover the full range of
uncertainty and future pathways, SSP3 and SSP5 have been chosen as well as SSP2 which
reflects a world with medium assumptions.
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2.2.4.3 Coastline segmentation data

For this study, the coast has been re-segmented using a more detailed digital coastline (see
Appendix A - Supplementary Figure 2-1 for a comparison between the global and detailed
coastline) and data. We selected the Global Administrative Areas (GADM,
http://www.gadm.org/) level 01 coastline and corrected artifacts related to the format (e.g.
“pixelization” of coastline) using a smoothing algorithm (polynomial approximation) and a
tolerance of 100 m.

The availability of consistent datasets on coastal morphology and characteristics is a common
limitation for global-, regional-, and national-scale impact assessments. Due to the lack of
consistent coastal morphologies and geological characteristics data for the Emilia-Romagna
region, an independent consistent data set was generated with Google earth. Google earth
provides free satellite images and aerial pictures (Chang et al., 2009) for the whole study area.
Based on the concept described in Scheffers et al. (2012), seven different classes [(i) sandy,
(i) unerodible, (iii) pebble, (iv) rocky with pocket beaches, (v) sandy with wave-breakers, (vi)
muddy and (vii) fortified coast — see Figure 2-5B] have been classified based on visual
interpretations of Google Earth imagery and location-tagged photographs from the web-
service Panoramio which offers geographically tagged photographs from users. The coastline
was split every time the type of coast changed.
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Figure 2- 5: Results of the high-resolution segmentation model. (A) Coastal settlements.
(B) Coastal typology classification.



The coastal plain characteristics were segmented with the help of the geomorphic structure
data developed by McGill (1958). The parameter provides information about the
geomorphology and elevation of the coast. The third biophysical parameter is the river mouth
layer. This layer was created with the help of Google earth as well. The population density
information splits the coast into two classes, (i) urban/human settlements and (ii) rural (see
Figure 2-5A). This indicates variations in the population distribution of the Emilia-Romagna
coast which is essential for the assessment of vulnerability to SLR, as e.g. dikes are only built
where people are actually living. This spatial dataset was derived with the help of satellite
images from Google earth. Furthermore, according to (McFadden et al., 2007), institutional
and governmental arrangements play an important role in defining the response of coastal
systems to an accelerated sea-level. The inclusion of the political system (GADM level 03) is
therefore important as different political and administrative controls react differently to SLR in
terms of adaptation strategies. Finally, the created layers, described before, were overlaid in
order to create segments that represent a uniform response to sea-level forcing.

2 2.4.4 Exposure Data

The segmentation creates units for the analysis (data structure) to which information (e.g.,
elevation or population data) is attached. Hence, after the segmentation the DIVA database
was populated and updated with the help of the data provided from the COASTGAP partners
or with the DIVA data. Topography or elevation is one of the main parameters that determine
the vulnerability of coastal zones to sea-level rise. In order to assess areas exposed to
inundation, two different digital elevation models were used. First, the freely available (1)
Shuttle Radar Terrain Mission (SRTM) digital elevation model (Jarvis et al., 2008). It has a
vertical resolution of 1 m and spatial resolution of 03 arc seconds (~90 m at the equator). The
SRTM (datum wgs84) employs an imaging radar system. It is important to note that the
elevation represents the height of the first reflective surface. In open terrain, the SRTM
elevation will represent the ground elevation, but in vegetated or urban areas the ground-
elevation might be overestimated. According to Gesch (2009), this mix of ground elevation
and non-bare ground elevation in SRTM data could be a source of error in inundation mapping
in vegetated and urban areas (Baugh et al., 2013, Lewis et al., 2013, Griffin et al., 2015). The
second data set used is the (2) Light Detection And Ranging (LiDAR) digital elevation model
(datum wgs84) with a spatial resolution of 5 m and a vertical accuracy of ()20 cm which was
provided by the Emilia-Romagna region. LiDAR employs the airborne laser scanning technique
which can resolve a point density of 2 points per m2. Both the 90 and 5m-resolution data have
been used in order to calculate the exposure of areas. A simple ‘bathtub approach’ in which a
grid cell becomes flooded if it is below a certain elevation has been used. In order to reflect
surface flow connections, an eight-side-rule has been used, where the grid cell becomes a
flooded grid cell if the cardinal and diagonal directions are connected. Following this approach,
a mask that represents areas hydrologically connected to the sea was created. Afterwards,
buffer zones per coastline segment have been produced in order to calculate the number of



pixels flooded per segment. The zones also extend seaward, in order to ensure the inclusion
of population mismatching which is important in order to calculate exposure of people. As local
population data was unavailable, two different global population data sets have been used in
order to calculate the exposure of people. The population count datasets of LandScan (2006)
(Bright et al., 2007) and the Global Rural Urban Mapping Project (GRUMP 2000) (Center for
International Earth Science Information Network - CIESIN - Columbia University et al., 2011)
were obtained. Both have a spatial resolution of 30 arc seconds and are based on census
population counts. The main differences are the base year, administrative levels of input data
and the modeling approach used to allocate and disaggregate these data (Mondal and Tatem,
2012). The total global population between those two population datasets varies by around
8% (Lichter et al., 2011), mainly due to the different base years. In this study, this deviation
has been recalculated afterwards to the common base year 1995, using the growth rates of
the SSP scenarios. The LandScan global population project allocated annual midyear
population estimates, usually at province level, based on weightings derived from land cover,
roads, slope, urban areas, and high-resolution imagery analysis. It represents an ‘ambient’
population distribution and hence, presents a highly modeled population distribution. In
contrast to that, GRUMP was produced by population census data from administrative units
and was originally developed in order to reallocate census population counts to urban and
rural areas. People were not only redistributed based on areal weighting, but urban populations
were also reallocated based on night-time light as GRUMP defines population distribution
according to where people actually live (Mondal and Tatem, 2012). Exposure was calculated
by combining the information on elevation data with the population distribution data. The
number of people at risk was calculated by summarizing population per elevation per
increment, per coastline segment. Those values were stored as attributes to the coastline
segment.

2.2.4.5 Vertical Land Movement Data

Vertical land movement is a downward (subsidence) or upward movement (uplift) of the land
relative to sea level. Subsidence often occurs in regions associated with alluvial sediments,
such as deltas (Ericson et al., 2006) as in the case of the study area, Emilia-Romagna. In this
study we compare the vertical land movement of global modeled datasets, which are often
used in flood risk assessment, with higher resolution local datasets, which are often not
available for flood risk assessments because they are expensive to generate. In particular we
consider a global model of glacial isostatic adjustment of Peltier (2000) together with an
estimated 2mmy/year subsidence for delta regions as used by Hinkel et al. (2014). Human-
induced subsidence rates were not considered. However, it is an important parameter for
regions such as Emilia-Romagna where human-induced subsidence due to extraction of water,
oil and gas (Armaroli et al., 2012) is an issue. Data that include both natural and human-
induced subsidence were available for this study through the COASTGAP partners. The data
were generated from the Permanent Scatter Interferometric Synthetic Aperture Radar



(PSInSAR). According to Ferretti et al. (2001), the PSINnSAR is a surface displacement
observation technique based on conventional radar interferometry. The data was provided by
the Emilia-Romagna region in a raster format with a spatial resolution of 100m. The coastal
vertical land movement was calculated by combining the area below 3 m with the PSInSAR
data. The coastal vertical land movement was calculated by averaging the rates per zone.
Afterwards, the values were joined to the coastline segment. Table 2-3 shows the Peltier
(2000) + 2 mm/year delta subsidence and PSInSAR values used in this study.

Table 2-3: Comparison between mean, maximum and minimum values of the globally
modeled and locally measured vertical land movement data for the study area. Positive values
indicate subsidence while negative values indicate uplift.

mm/year Mean Min Max
Peltier (2000) + 2mm/yr delta subsidence 0,14 0,15 0,14
PSInSARs 4,88 0,59 19,62

2.3. RESULTS

2.3.1 Segmentation

For the Emilia-Romagna coastline the global segmentation produced three segments with an
average segment length of 40 km (minimum length 5.5 km, maximum length 98.8 km, total:
121.5 km). In comparison, the high-resolution segmentation generated 113 segments with an
average length of 1.5 km (minimum length is 0.03 km, maximum length is 11.2 km, total:
174.6 km). Thus, the coastline length increased by 43% (53.1 km). The high-resolution
segmentation has a 28-fold increase compared to the global DIVA assessment scale referring
to the average length of segments. In the global DIVA database, the entire coast of Emilia-
Romagna was characterized by a sandy coastal morphology and urban settlements while in
the new version a more detailed distinction (e.g. 57 segments or 86 km represents coastal
settlements, 55km are classified as sandy plus 59 km as sandy with wave breaker - see Figure
2-5) was made. The comparison of the different segmentation models indicates that the new
segmentation approach increased not only the length of the coast but also the spatial
representation of impacts in the Emilia-Romagna region (see Figure 2-7).

2.3.2 Sensitivity to Segmentation

Using the high-resolution segmentation, the 100-year floodplain has an extent of 3309 km?2
(using the SRTM elevation model), assuming a high SLR, in 2100. That covers 15% of the
entire area of Emilia-Romagna. The potential flood area extent differs by 789 km2 depending



on the scale and resolution of assessment in 2100 (see Table 2-4). This situation shows that
even if the underlying data (SRTM) remains the same, the total local values deviate due to the
different scale of analysis. The main reason for that is the creation of buffer zones (see
Appendix A - Supplementary Figure 2-2) which were used in order to calculate the exposure
statistics per increment.
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Figure 2-6: Average annual people flooded from 2000 to 2100 under all SLR scenarios.

The average number of people potentially flooded annually through extreme water level events
is presented in Figure 2-6. The results depend on the coastal topography, population, and
adaptation strategy, as well as sea-level rise and socio-economic developments. Assuming that
there are no protection measures in place, the number of people flooded varies between
90,909 and 511,198 people in 2100, using different assessment scales.



Table 2-4: Sensitivity of coastal flood impacts to the four uncertainty parameters in 2100
(SSP5, high SLR). The impacts represent an average difference while only one of the listed
parameters is modified at a time.

Uncertainty Area of the 100-year Number of people Flood cost

dimension floodplain [km2] flooded annually [million/US$]
Elevation 1,049 (46%) 119,839 (33%) 37,368 (49%)
Vertical land movement 93 (4%) 9,1458 (18%) 19,826 (26%)
Population - 26,476 (08%) 576 (0.8%)
Segmentation 789 (31%) 113,349 (28%) 279 (0.2%)

In the worst case, the choice of one particular assessment scale over another can result in an
additional difference of 2.6% concerning the total population of Emilia-Romagna at risk. The
spatial distribution of the people at risk per coastline segment for both assessments scales is
presented in Figure 2-7. The detailed coastline represents the spatial distribution of people at
risk more realistically, due to the more refined assessment scale and the increase of units.

Global segmentation High-resolution segmentation N

[2100, SSP2 , High SLR]

People flooded
- 0- 500

Annual number of people flooded

Figure 2-7: Comparison of the spatial distribution of the expected number of people flooded
annually using the global and high-resolution segmentation in 2100 (SSP2, High SLR).

Impacts are also very sensitive to population density threshold that determines when dike
building starts. Setting this threshold is a normative decision depending on the risk preferences
of coastal societies. If this threshold is set to 1 person per km2, the entire coastline of the
Emilia-Romagna is protected by dikes for both assessment scales (see Table 2-5). Considering



a dike construction threshold of 10 people per km2, 94% of the coast will be protected via
dikes using the high-resolution segmentation assuming a medium SLR in 2100. In contrast, no
change in the protection length was observed in the study area using the global assessment
units. A threshold of 100 people per km2 decreased the dike length by 36% using the detailed
coastline and by 14% using the global coastline segmentation. The flood cost varies up to 279
million US dollar due to the change in the assessment scales. To conclude, the change in
assessment scale, namely the increase of segments and length, showed a high sensitivity in
this study (see Table 2-4).

Table 2-5: Protected coastline length and cost of dikes for different dike construction
thresholds using two different assessment scales in 2100 (medium SLR).

Dike building 1 10 100
threshold People/km2 People/km2 People/km2
High-resolution Dike [km] (%) 174 (100%) 164 (94%) 112 (64%)
segmentation
Dikecost [millions US$/year] 2.4 2.3 1.5
Global segmentation = Dike 121 (100%) 121 (100%) 104 (86%)
Dikecost [millions US$/year] 1.7 1.7 1.4

2.3.3 Sensitivity to Elevation Data

The coastal flood impact calculation showed the highest sensitivity to the change in the
elevation data in this study (see Table 2-4). The estimated areas exposed to coastal flooding
are smaller with LIDAR DEM than those calculated with the SRTM DEM. This leads to an
increase in the exposed area and potential coastal flood impacts. The choice of one particular
elevation model over another can translate to a difference of more than 1049 km2 of the
current potential 100-year floodplain (see Table 2-4). The floodplain increases by 4 to 26% in
2100 (referring to 2015), depending on the elevation model and sea-level rise scenario chosen.
The differences of potential impacts using different digital elevation models decrease toward
the end of the century when using a higher SLR scenario. This situation occurs due to the
large differences between two elevation models in the area below 5 m. Those low-lying areas
mainly influence the extent of the 100-year floodplain. Hence, the influence of the data sets
used is higher under a low sea-level rise due to the fact that the elevation data differs the
most at low elevations, as illustrated in Figure 2-8.



Table 2-6: 100-year floodplain under three different SLR scenarios using LiDAR and SRTM
(today and in 2100). The sensitivity is calculated based on the difference between various

potential flood areas.

Potential flood area 2015 2100
(km2)
Low SLR Medium SLR High SLR
LiDAR 1,783 1958 2033 2260
SRTM 2,819 3060 3126 3309
Sensitivity 1,036 (58%) 1,102 (56%) 1,093 (53%) = 1,049 (46%)

The potential of people exposed to annual coastal flooding and the average of annual damage
caused by coastal flooding showed a high sensitivity to the change in elevation data (see Table
2-4). The potential impacts of coastal flooding are higher using the SRTM elevation model due
to increasing areas at risk of coastal flooding (as shown in Table 2-6). The difference of 33%
in the potential flood area leads to an increase of 49% in flood costs and to a 46% higher
amount of people at risk compared to the impacts calculated with the LIDAR elevation model.
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Figure 2-8: Comparison of the SRTM90 and LiDAR digital elevation data for the Emilia-
Romagna region.




2.3.4 Sensitivity to Vertical Land Movement Data

The inclusion of measured data on human induced subsidence rates in the vertical land
movement data led to an increase of relative sea-level rise (see Table 2-7). In 2100, an
additional relative sea-level rise of 60 cm is reached, using the PSInSAR data which has a
higher influence than the low and medium sea-level rise scenarios used in this study. This
leads to a significant increase in the potential impacts as it increases the exposure of people
and area to coastal flooding due to the landward displacement of the flood extent.

Table 2-7: Comparison of relative sea-level rise values using the old DIVA and the PSInSAR
values.

RSLR Peltier 2000 PSInSAR
[m]
Low SLR | Medium SLR High SLR Low SLR Medium SLR | High SLR
2000 0.00 0.00 0.00 0.03 0.03 0.03
2050 0.16 0.21 0.34 0.48 0.52 0.66
2100 0.31 0.54 1.22 0.91 1.15 1.82

The expected annual number of people flooded is highest using the PSINSAR vertical land
movement data under SSP5, reflecting the highest population numbers, and a high SLR. The
influence of the change in data is highest under the low SLR scenario and lowest under the
high SLR scenario in 2100. Impacts intensify throughout the century under all socio-economic
scenarios. Using the PSInSAR vertical land movement data, including human induced
subsidence, impacts are up to 25% higher (e.g. flood cost) than those estimated using the
DIVA values, which only account for natural processes.

2.3.5 Sensitivity to Population Data

Model outputs were least sensitive to variations of population data (see Table 2-4). The
estimated number of exposed people using GRUMP is smaller than those calculated with
LandScan. The total amount of population for Emilia-Romagna using the LandScan dataset is
0.7 % higher than using the GRUMP (total population of Emilia-Romagna using GRUMP:
4,016,951 and LandScan: 4,046,404). Due to the different reallocation methods and
administrative levels of input data (explained in Section 2.4.4.3 ‘Coastline Segmentation Data’)
the number of estimated people exposed to coastal flooding differs with respect to the two
datasets. In an area of around 15%, which represents the potential 100-year flood plain of
Emilia-Romagna using the SRTM elevation model, approximately 10 % of the total population
of Emilia-Romagna is living in the flood plain and therefore is potentially at risk to the 100-
year surge. The expected number of people annually flooded due to the switch in datasets
differs by 26 476 people (8 %) in 2100. The potential coastal flood cost differs by 576 million
US dollar (0.8 %; see Table 2-4).



2.4. DISCUSSION

2.4.1 Effects of Different Coastlines and Segmentations to Coastal Flood
Impact Assessment

Within the framework of the COASTGAP project and for the purpose of the current analysis,
the DIVA assessment scale has been downscaled to be applicable at a sub-national scale. The
distribution of features along the coast, the scale of the coastline and the defined classes for
each parameter as well as available data used in order to segment the coast, determines the
number of segments that were produced. The main effect due to the change in scale of the
coastline was the increase in coastal length which influences adaptation cost (construction of
dikes) considerably. The change in assessment units (segmentation), namely the increase of
segments and the decrease of segment average length led to a high sensitivity of model
outputs in this study. The main difference results from the creation of buffer zones which
depend on the shape of the coast and segment (see Section 2.2.4.3 ‘Coastline Segmentation
Data’ and Appendix A - Supplementary Figure 2-2) that was used in order to calculate the
exposure per segment. Using the global segmentation model and buffer zones, parts of the
flood extent are potentially added to the neighboring administrative unit as the segments are
quite large. Hence, one main improvement of the refined segmentation is the increased spatial
accuracy of impacts on a sub-national scale as the number of segments and zones increase
(see Figure 2-7). Thus, impacts are more concentrated and spatially accurate than before. This
improves the assessment by making future predictions more realistic than before and suggests
that the refined segmentation is more appropriate to be used when more detailed data (e.g.
population) become available or underlying normative assumptions, such as dike building
computation, are adopted for more detailed application. Thus, even if the underlying data
improve, model algorithms/assumptions may also need to be adjusted to represent sub-
national to local processes more realistically.

The aim of the COASTGAP project was to develop adaptation policies to reduce risk along the
coast and to create new common tools and opportunities for coastal zone development in the
Mediterranean. The developed approach can be used to support this development as it would
enable consistent and comparable coastal flood impact assessments for local policy makers
with limited data availability. The approach can also be useful for the implementation of the
provisions of EC Directive 2007/60 in the assessment and management of flood risks which
entered into force in 2007 (2007/60/EC). In particular, the Directive now requires Member
States to assess if all water courses and coastlines are at risk from flooding, to map the flood
extent, assets, humans at risk in these areas and to take adequate and coordinated measures
to reduce this flood risk. These requirements can be realized by applying the DIVA modeling
framework for the respective calculations. On a more refined scale it is more realistic to identify
hot spots, for instance where people are at risk of coastal flooding (see comparison Figure 2-



7) or calculate adaptation needs. This simplifies the identification of priority regions that are
highly vulnerable to SLR and need further research effort. Future work could be a scoping
study in the Mediterranean using a downscaled version of the DIVA model in order to serve
the need for basic information to politicians and decision-makers on the overall risk situation
in the coastal zone and pinpoint hot spots. Finding the appropriate spatial scale which is most
relevant for the objective of the research question or decision makers is highly important as
vulnerability to SLR in the coastal zone is scale-dependent (Sterr, 2008, Fekete et al., 2010).
It is important to keep in mind that a more detailed method to calculate coastal flood impacts
requires more effort per unit of an area. The developed approach could be a starting point to
close the gap and assess impacts and risk at an intermediate scale using a global coastal flood
impact model. Furthermore, the link between different spatial scales could be a promising
future research area as it would enable rapid coastal flood impact assessments with limited
data and enable consistent and comparable coastal flood impact assessments worldwide (de
Moel et al., 2015).

2.4.2 Model Sensitivity to Input Data

Results of the study showed a high sensitivity to the change in elevation input data, which is
consistent with previous studies (e.g. Poulter and Halpin (2008), Lichter et al. (2011), Hinkel
et al. (2014)). Nevertheless, it is difficult to compare those studies as the estimates of area
and population exposure in the coastal zone vary depending on the scale (global to local),
input datasets (e.g. SRTM, Globe, Aster, LIDAR), methods (e.g. hydrological connectivity rule)
and objectives of the study. According to Gesch (2009), the identification of areas exposed to
a certain sea-level rise scenario improves considerably when higher-resolution and -accuracy
data, such as LiDAR data, are used. He found the inundation area to be two times higher when
the vertical accuracy of coarser elevation datasets, such as GTOPO30, is considered in the
calculation of area exposure. In contrast to that, the LiDAR-based exposure calculation
increases by only 14% when the accuracy of the elevation model is considered. Previous
coastal impact studies have primarily used SRTM data due to the fact that these cover nearly
the entire world and are freely available. The results of the present study showed a significant
difference between the LiDAR (high resolution data) and SRTM digital elevation model. The
SRTM data produced a much larger potential coastal floodplain than the LiDAR DEM, contrary
to what was initially anticipated as the SRTM digital elevation model is a surface model and
the elevation represents the height of the first reflective surface. In contrast to that, van de
Sande et al. (2012) reported a four times smaller coastal floodplain using STRM data instead
of LiDAR in a delta region in Nigeria (Lagos State and Lagos City). Therefore, it is important
to evaluate and quantify data differences in order to improve our understanding of global
digital elevation datasets and how these influence flood risk assessments.

If one compares the SRTM with land use data, such as the CORINE land use cover (see Figure
2-9), it becomes obvious that low elevation values occur over agricultural and low-vegetation



areas, while high-elevation values occur in forests and cities. This effect can be accounted for
in local studies by, for example, reducing the elevation values of SRTM by the average height
of vegetation derived on the basis of field measurements (Kaiser et al., 2011) or other sources
of spatially distributed vegetation height data (Baugh et al., 2013). However, additional factors
may also influence the elevation values of the model. Although the overestimation of elevation
values, for instance in urban areas or vegetated terrain, is well documented in the literature
(e.g. Hofton et al. (2006), Rodriguez et al. (2006)), some studies have found SRTM to
underestimate elevation values (Jarvis et al., 2008). For example, in a study conducted in two
vegetation-free areas in Iowa and North Dakota (USA) Kellndorfer et al. (2004) reported
absolute errors of -4.0 and -1.1 m, respectively. Notably, most studies express the vertical
accuracy in absolute values (e.g., Gorokhovich and Voustianiouk (2006), Berry et al. (2007)
and do not specify an over- or under-estimation of SRTM values. In this study, an
overestimation of the potential coastal floodplain is observed using the SRTM elevation data,
suggesting a negative bias in the data, which leads to much higher potential impacts.
Understanding the effects of the use of elevation models of different resolution and accuracy
would be of high value for coastal flood impact assessments as the choice of the digital
elevation model can significantly influence the assessment of coastal flood impacts, as shown
in this study. Importantly, high-resolution and -accuracy data cannot be employed for global
or regional studies due to computational constraints and lack of such data.
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in Emilia-Romagna.



Human-induced subsidence which leads to higher relative sea-level rates is a major source of
uncertainty in coastal flood impact assessment as data is hardly available. The results indicate
that the flood risk estimates for the region considered here have a moderate sensitivity to
vertical land movement input data, as these can significantly influence the relative sea-level
rise. In our study relative sea-level rise increased on average by 5 mm/year using data that
include human-induced subsidence (PSInSAR data). This is in line with the study conducted
by Syvitski et al. (2009), who estimated a relative sea-level rise of 4-60 mm/year, for the Po
delta (the Po delta is the northern boundary of the study area). Furthermore, Taramelli et al.
(2014) estimated coastal subsidence of 7-9 mm/year in the Ravenna coastal area and Bevano
River. This study was undertaken in regions where there is intensive mining activity
(freshwater or hydrocarbon) and the subsidence rates can be higher than a meter per century.
This increase in relative sea-level rise leads to a significant increase in exposure of people and
areas to coastal flooding due to the landward displacement of the flood extent, and thus in
the exacerbation of potential impacts. This study indicates that the global results of Hinkel et
al. (2014) using global vertical land movement data underestimates impacts due to the non-
consideration of human induced subsidence even in non-delta regions like Emilia-Romagna.

In order to calculate potential coastal flood impacts a further uncertainty source is the
distribution of people (and assets) along the coastline. Flood risk estimates showed a relevant
but small sensitivity to changes in population input data. A similar trend was observed at global
scale by Hinkel et al. (2014). Nevertheless, relative flood impact can differ substantially per
segment, administrative unit or country, even if the total numbers do not differ significantly.
The GRUMP model distributes people much more uniformly than the Landscan model. Figure
2-10 shows the comparison between the GRUMP and LandScan difference grid in comparison
with the urban areas of the MODIS land cover data. Here, it can be seen that LandScan
allocates higher population values in urban areas and human settlements. This explains why
LandScan distributes more people to the coast than GRUMP in this study as popular tourist
resorts, such as Ravenna and Rimini, are part of the floodplain. Thus, in order to interpret the
flood risk estimates correctly it is important to keep the different representations/ assumptions
of population distributions in mind. However, both population models seem to be useful in
order to calculate coastal flood impact trends. For a more robust evaluation of the global
datasets high-resolution data would be necessary.
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Figure 2-10: Comparison of the GRUMP-LandScan difference grid to the urban areas of the
MODIS land cover data.

Overall, the largest uncertainty when looking at the present-day situation is the elevation data,
as shown in previous work (Lichter et al., 2011, Hinkel et al., 2014). Different elevation
datasets can have substantial effects, increasing or decreasing the floodplain area by factor 2
to 3. Our analysis confirms these findings. In our case study the DEM is the most
important factor for assessing current exposure and risk. For assessing the future impacts of
coastal flooding, sea-level rise is the most important factor, which is also in accordance with
Hinkel et al. (2014). Nevertheless, in our case study sea-level rise is strongly influenced by
human induced subsidence, which, as shown by previous work (Nicholls, 1995), is usually a
local phenomenon often occurring in megacities. Thus, a further insight from our study is that
exposure and risk are increasing in the heavily subsiding broader Emilia-Romagna region,
although no major city is located in this region.

2.5 CONCLUSION

This study presented an assessment of sea-level rise impacts on the coastal region of Emilia-
Romagna using different input datasets and assessment scales. The first objective of the study
was to explore the potential benefits of the use of a more refined coastline and segmentation.
The high-resolution segmentation improves the potential coastal flood impact representation
as future predictions are more concentrated and spatially explicit. This study is a first approach
to downscale the DIVA assessment scale and data for sub-national applications and refines



the existing segmentation model and database; and a first step to downscale global coastal
flood impact assessments for specific areas. Downscaling global coastal flood impact models
could be a promising future research area as it would enable rapid coastal flood impact
assessments for local policy makers with limited data and resource availability. Furthermore,
identifying links between spatial scales can enable consistent and comparable coastal flood
impact assessments and would constitute a useful tool for global actors (e.g., Re-insurers,
European flood directive, World Bank).

The second objective of the study was to explore the model sensitivity to different input data
on elevation, population and vertical land movement when assessing coastal flood impacts.
This study indicates that the lack of high-accuracy elevation and vertical land movement data
remains a significant constraint in global coastal flood impact analysis. We must also note that
coastal flood impact assessment also includes other sources of uncertainties that should be
investigated in future work, such as the spatial (Lewis et al., 2013) and temporal variability
(Quinn et al., 2014) of extreme water levels and their implications in coastal flood impact
assessment. Understanding the whole range of uncertainties and communicating their
implications is essential for the development of long-term robust and flexible adaptation plans
for future changes of highly uncertain scale and direction. Further work aims to assess the
sensitivity of different input datasets and scale of analysis in different regions, in order to gain
a more complete understanding of the use of global datasets in flood-impact modeling and the
sensitivity of the DIVA flooding module to input data and scale.
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ABSTRACT

We have developed a new coastal database for the Mediterranean basin that is intended
for coastal impact and adaptation assessment to sea-level rise and associated hazards on
a regional scale. The data structure of the database relies on a linear representation of the
coast with associated spatial assessment units. Using information on coastal morphology,
human settlements and administrative boundaries, we have divided the Mediterranean
coast into 13,900 coastal assessment units. To these units we have spatially attributed 160
parameters on the characteristics of the natural and socio-economic subsystems, such as
extreme sea levels, vertical land movement and number of people exposed to sea-level rise
and extreme sea levels. The database contains information on current conditions and on
plausible future changes that are essential drivers for future impacts, such as sea-level rise
rates and socio-economic development. Besides its intended use in risk and impact
assessment, we anticipate that the Mediterranean Coastal Database (MCD) constitutes a
useful source of information for a wide range of coastal applications.

3.1 BACKGROUND & SUMMARY

The Mediterranean basin is characterized by a squeezed coastal area with a high concentration
of people and assets and by rapid demographic, social, economic as well as environmental
change (Sanchez-Arcilla et al., 2010, UNEP/MAP, 2016). Between 1960 and 2010, the
population of the Mediterranean has doubled from 240 million to 480 million (European
Environment Agency, 2014) and the urban population has increased by 20% (UNEP/MAP,
2016). This human pressure is further amplified by international tourism. Around one third of
the global tourist arrivals in 2011 have been registered in Mediterranean countries,
predominantly along the coast. The number of arrivals is expected to increase further, and
could reach 637 million per year by 2025 (European Environment Agency, 2014). The
Mediterranean coastal zone is not only increasingly under pressure from local human activities,
but also subject to future global environmental change. In particular, sea-level rise and
associated hazards (Conte and Lionello, 2013) are expected to have significant impacts in
Mediterranean nations during the 21t century (Casas-Prat and Sierra, 2010, Jimenez et al.,
2017, Vousdoukas et al., 2017).

To address these pressures and to underpin future coastal management and adaptation
policies, such as those included in the Integrated Coastal Zone Management (ICZM) Protocol
of the Barcelona Convention (UNEP/MAP/PAP, 2008), policy makers and coastal
administrations in Mediterranean nations require impact and vulnerability assessments. Such
integrated assessments are cross-sectorial studies that require information from various fields
and disciplines. A prerequisite for coastal impact assessment and for the planning of
appropriate future interventions is the availability of consistent information on the physical,
ecological and socio-economic characteristics of the Mediterranean coastal zone. Despite an
increasing demand of decision-makers, planners and coastal researchers from various



disciplines for such consistent scientific data (Malvarez et al., 2015, Santoro et al., 2014) there
is currently no source of readily available information for the 22 countries that surround the
Mediterranean basin. Due to the lack of such data only a limited number of studies exist that
have analyzed the impacts of sea-level rise for the entire region (Santoro et al., 2014, United
Nations Environment Programme/Mediterranean Action Plan (UNEP/MAP)-Plan Bleu, 2009).
Collecting and organising such data is a challenging task as consistent information on socio-
economic and physical characteristics, both on current conditions as well as on future
developments, of the coast is needed.

The developed MCD aims to meet these needs through the provision of an open access spatial
database, that provides consistent information (in terms of format, resolution, quality,
accuracy) for the entire region and that is based on a lean data model. The coastal database
contains 160 parameters that characterize the natural and socio-economic systems of the
Mediterranean coast. It relies on the structure that was originally designed for the Dynamic
Interactive Vulnerability Assessment (DIVA) modeling framework (Hinkel et al., 2014, Hinkel
et al., 2013, Spencer et al., 2016), following the concepts described in Vafeidis et al. (2008)
and McFadden et al. (2007). However, we have downscaled and extended these approaches
by introducing spatial coastal assessment units that capture the spatial structure of population,
assets and land exposed to coastal hazards. Further we have enhanced the transparency of
the process of attribution of spatial data to the segments and coastal assessment units in order
to make the database more user friendly. The developed coastal database is intended for use
in regional scale analyses and provides a robust basis for all types of comparative coastal
studies to future change as it allows results to be comparable across the entire region.

In this data descriptor we describe the generation of coastal segments and associated spatial
coastal assessment units; the methods that we have used to attribute around 160 different
parameters on current and future conditions in various formats to the coastal units; and the
development of consistent data for the Mediterranean coasts.

3.2 METHODS

3.2.1 Coastal data model

Finding a data model to represent coastal space for vulnerability, impact and adaptation
assessment is not a straightforward task as coasts are highly dynamic and complex in terms
of process interactions (Brown et al., 2014). This introduces challenges when trying to depict
this system into a format that allows spatial information to be stored into a database. A linear
representation of the coastal zone has often been used in coastal studies due to the common
perception of the coast as a linear boundary between the sea and the land (Bartlett, 2000).
The main advantage of a linear data model is its computational efficiency, which is essential
for being able to conduct the large number of model runs needed in impact and adaptation



assessments as a result of the large nhumber of plausible sea-level rise, socio-economic or
adaptation scenarios available. However, there is no direct way to attribute spatial data, such
as the number of people living in the low-elevation coastal zone or landuse covering the coastal
space, to a linear feature without losing spatial information. Therefore, a main disadvantage
of a linear data model is that the explicit spatial structure of the system is lost (Brenner et al.,
2006). The alternative data model frequently applied in order to preserve coastal spatial
information is a grid. The disadvantage of this model is, however, that data volumes are large
and computationally expensive for use in impact and adaptation assessments at broader
geographic scales.
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Figure 3-1: Workflow of the data model generation for the Mediterranean Coastal Database.
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To address this challenge, we have created a data structure that combines the linear
representation of the coast with spatial coastal assessment units that extend inland (Figure 3-
1). Thus, we combined the advantages of a linear data model with a spatial representation of
the coastal zone. To create such a data model, the first step was to divide the coast into
homogenous segments in terms of impacts, vulnerability and adaptation to sea-level rise. For
each segment, we then created a set of spatial coastal assessment units according to
administrative boundaries and extent of land up to 20m of elevation above mean sea level.
Our aim was to generate assessment units that will respond uniformly to sea-level rise and
can be treated as single units for the purpose of adaptation planning in the future. In the
following section, we describe the data model and present the computational data processing
that was undertaken for populating the database.

Coastal segments

Following the concept of Vafeidis et al. (2008) and Wolff et al. (2016), we generated coastal
segments of variable length, each segment representing parts of the coast with a uniform
vulnerability to sea-level rise at a regional scale. As differences in vulnerability to sea-level rise
are driven by variations in both socio-economic as well as geomorphic/physical characteristics



of the coastal zone (McFadden et al., 2007), we used four parameters covering both these
domains in the segmentation decision. Every time one of the four parameters changed in
value, a new segment was started (Figure 3-2).
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Figure 3-2: Schematic segmentation procedure for the Mediterranean Coastal Database.

We employed the coastline of the Global Administrative Areas database level 01 (Global
Administrative Areas (GADM), 2015) as the base layer for the segmentation for the
Mediterranean countries (Figure 3-2) and corrected artefacts related to the format (e.g.,
“pixelization” of coastline) using a smoothing algorithm (polynomial approximation) and a
tolerance of 100 meters.

The first social system parameter included in the segmentation were (1) administrative
boundaries. This parameter was included, because society’s capacity to respond to sea-level
rise differs across jurisdictions. In this study, we used the GADM level 02 dataset (see Table
3-1).

The second social system parameter we used in the segmentation was the (2) distribution of
assets and people distinguishing the coast into two classes, (a) urban and (b) rural. This
parameter is relevant for the segmentation, because population and asset density influence
vulnerability by both determining the exposure to sea-level rise and storm surges, as well as
by influencing society’s’ capacity to adapt (Hinkel et al., 2014). We classified the coast using
satellite imagery and photos from Google Earth and the Moderate Resolution Imaging



Spectroradiometer (MODIS) global map of urban extent dataset with a spatial resolution of
500m (Schneider et al., 2009). Classification decisions were based on visual interpretation of
Google imagery and on the MODIS data, where urban areas are defined as places with
predominantly built environment. That includes all non-vegetative, human-constructed
elements, such as buildings, roads, runways and are greater than 1km2 (Schneider et al.,
2009). All pixels with a coverage greater than or equal to 50% built environment according to
the MODIS dataset were classified as urban. As we were particularly interested in all human
settlements that are lying directly on the coast, we refined the classification using Google Earth
in order to also include smaller human settlements. Therefore, settlements with a maximum
distance of 300m to the shoreline and a minimum extent of 300m x 300m, predominantly
covered by residential buildings, were defined as urban. Harbours were excluded from the
urban classification, as they will require specific adaptation measures in the future.

The first geomorphological parameter we considered in the segmentation was the (3) coastal
material. The material of the coast has a significant impact on the large-scale response to sea-
level rise (McFadden et al., 2007). One of the major impacts of sea-level rise is long-term
erosion and land loss due to permanent inundation (Hinkel et al., 2013). For instance, sandy
beaches will respond differently than rocky coasts to a rising sea level. We created a typology
of four different geomorphic classes that respond differently to rising sea level and will require
different adaptation measures. For the Mediterranean, no such dataset on coastal morphology
and geological characteristics was available at that time. Four different classes, namely (a)
sand, (b) unerodible, (c) mud and (d) rock with pocket beaches have been classified based on
visual interpretation of Google Earth imagery and location-tagged photographs from the web-
service Panoramio which offers geographically tagged photographs from users (Scheffers et
al., 2012). A similar method has been used in Wolff et al. (2016) and Scheffers et al. (2012).

The second geomorphological parameter that we included in the segmentation process is (4)
river mouths. This parameter was included because deltas and estuaries are among the most
vulnerable coastal geomorphic features to sea-level rise (Wong et al., 2014). We classified 47
river mouths for the Mediterranean region based on Google Earth imagery.

Finally, those layers with the four different parameters were combined to create the coastline
segmentation for the Mediterranean. Overall, there are 11,975 segments with an average
length of 4.5 km.

Spatial assessment units

The spatial assessment units expanding inland were created by generating inland buffer zones
for every coastline segment and overlaying them with elevation data and the administrative
boundaries (resolution: 3 arc second). We only account for the low-lying part of the coastal
zone that is hydrologically connected to the sea and lies above 20m from mean sea level. The
low-lying part of the coast is particularly at risk due to higher extreme sea levels in the future



(Nicholls et al., 2014, Muis et al., 2015). We decided to extend the LECZ (Low Elevation Coastal
Zone = Area below 10m (Lichter et al., 2011, Neumann et al., 2015, McGranahan et al., 2007))
up to 20m in order to account for all plausible scenarios of changes in mean sea level and
associated hazards, including high-end scenarios, as well as to allow exploring different
adaptation strategies such as coastal retreat. Every coastal assessment unit was linked to a
coastal segment with a unique identifier code. The coastal segment unique identifier code
consists of eight digits. The first three represent the administrative unit and the last five digits
represent the coastline segment (Figure 3-1). The generated coastal data model forms the
basis for the subsequent compilation of the database.

3.2.2 Extreme sea levels and waves

The MCD includes two extreme sea level datasets. The first dataset included is derived from
the Global Tide and Surge Reanalysis (GTSR) dataset. GTSR is the first near-coast global
reanalysis of storm surges and is based on global hydrodynamic modelling combined with
meteorological forcing from ERA-Interim (1979-2014). A Gumbel extreme value distribution
was fitted to the annual maximum to derive extreme sea levels for various return periods.
GTSR generally provides extreme sea levels for the centroids of the coastal segments of the
global database used in the DIVA model. However, for the MCD we increased the spatial
resolution and saved the outputs for the 11,975 centroids of the Mediterranean coastline
segments (GTSR-MED). The general methodology is described in detail in Muis et al. (2016).

The second dataset that we included in the MCD is the DINAS-COAST Extreme Sea Levels
(DCESL). This dataset has been the first global extreme water level dataset and was developed
with the use of a simple empirical model described in detail in Muis et al. (2017) and Hunter
et al. (2017).

Besides the data on extreme sea levels, we have also included information on mean wave
heights for the period 1971-2000 for the Mediterranean basin. The wave data have been
computed using the wave model WAM (Hasselmann et al., 1988) at a resolution of 0.25
degrees, resolving the spectrum using 12 directions and 25 frequencies. The wind
meteorological forcing was generated using the hourly meteorological fields produced by the
regional climate model COSMO-CLM at a resolution of 0.12 degrees. The model framework
has been validated by Lionello and Sanna (2005) and Lionello et al. (2008). These mean wave
heights should be considered representative of offshore conditions, before depth induced wave
breaking and interaction with the bottom in the near shore zone occur.

3.2.3 Computational data processing

The database was developed with the use of ArcPy, which is a site-package that builds on the
ArcGIS scripting module. It enables users to perform geographic spatial data analysis, data
conversion and data management with the programming language Python. One main



advantage is that every Python script constitutes a precise documentation of the computational
data processing that was conducted. The input spatial data were available in various formats
depending on the information that they represented. Therefore, we used different methods to
attribute the data to the coastline segments and spatial assessment units.

Data processing differed according to two characteristics of the input data, namely: (1)
whether the data were originally in vector or raster format; and (2) whether we attributed
them to the coastline segment or to the assessment units (e.g. data representing information
that extends several kilometres inland). For instance, the extreme sea level data were available
in a vector (point) format representing extreme sea levels for different return periods directly
at the coast. We spatially joined the nearest extreme sea level data point to the centroid of
every segment in order to have a common attribution approach. Every coastal assessment unit
obtained the extreme sea level information of the corresponding coastline segment (Figure 3-
1). Another example for the attribution of raster data to the coastal assessment units is the
information about the distribution of people in the coastal zone. For this purpose, a gridded
population dataset was combined with gridded elevation data in order to calculate the number
of people below a certain elevation (in 1 m increments, up to 20 m). Then we calculated the
zonal statistics for every coastal assessment unit in order to get the number of people per
elevation increment. A detailed documentation for every step employed for attributing the
different parameters to the coastal units can be found in the Python scripts (Table 3-1 and
Table 3-2).

The database consists of various parameters about current conditions of the coastal zone. In
addition, the database provides information on plausible future changes that will drive future
impacts, such as sea-level rise or socio-economic development scenarios. Table 3-1 and Table
3-2 summarizes all parameters that are included in the database; their source; a short
description and the name of the python code where the detailed computational data processing
steps are documented. With the exception for the extreme sea level datasets and the wave
data, we only used datasets that are publicly available.



Table 3-1: Summary of the parameter and data included in the Mediterranean Coastal

Database on a segment level.

Label

ISO

country_name

Description

ISO alpha-3 codes, Standard country codes for
statistical use

Country borders

Data source

International Organization for
Standardization (International Standard
ISO 3166-1, 2006)

GADM database of Global
Administrative  Areas, version 2.8
(Global Administrative Areas (GADM),
2015)

admin_name Administrative borders and their associated =@ GADM database of Global
names Administrative Areas, level 02, version
2.8 (Global Administrative Areas
(GADM), 2015)
admin_id Administrative unique identifier code associating | -
each segment/assessment unit with the
corresponding administrative information
urban Distinguishes the coast into two classes, (1) urban | Google Earth imagery and location-

Coast_material

and (0) rural.

Four different coastal material classes, namely (1)
sand, (2) unerodible, (3) mud and (4) rock with
pocket beaches have been classified.

tagged photographs from the web-
service Panoramio; MODIS 500-m
global map of urban extent dataset
(Schneider et al., 2009)

Google Earth imagery and location-
tagged photographs from the web-
service Panoramio

length Coastline segment length [in km], the Equidistant | -
conic (world) projection was used.

lati Latitude of the midpoint of the coastline segment | -
[in decimal degrees]

longi Longitude of the midpoint of the coastline | -
segment [in decimal degrees]

locationid Unique numerical identifier code which links each | -

coastalass_unit

gdpc_year

gdpcGRSSPx_ye
ar

coastline segment to the attributed data

Indicates the coastal assessment unit that
belongs to the segment and lies directly at the
coast. (Segments that are smaller than the
resolution of the assessment units (~ 90m) do not
have an assessment unit. Those coastal
assessment units are indicated with 999 as the
first three digits)

GDP per capita in current international $ for 1995,
2000, 2005, 2010, 2015 (For countries were
records are missing we used the values from GBR
for GIB, FRA for MCO; for LYB and MNE we used
the gdpc growth rates from IIASA to calculate
1995, There is no data for SYR (all years) and LBY
(2015) provided by the World bank)

Annual average growth rate per capita [%] for
every SSP on a country level from 2000 -2100 (5yr
time steps). For small countries, no SSP data
exists. Therefore, we used for GIB the values of
GBR, MCO - FRA and PSE - ISR.

World Bank (2016)

International Institute for Applied
Systems Analysis (IIASA) - SSP
Database (International Institute for
Applied Systems Analysis, 2015, Crespo
Cuaresma, 2015)

Code



popGRSSPx_yea
r

river

river_name
GTSR_rp1 (2,5,

10,25, 50, 100,
250, 500, 1000)

DCESL _rp1
(10,100,1000)

waves

cst

maxhw
mhw
minlw
mlw
mtr

VerticalMoveme
nt04

VerticalMoveme
nt14

saltmarshes

RCP26(45,85)_1
995(-2100)_hig

RCP26(45,85)_1
995(-2100)_med

Tour_arryear

MDT

Annual average population growth rate [%] for
every SSP on a country level from 2000 -2100 (5yr
time steps). For small countries, no SSP data
exists. We used for GIB the values of GBR, MCO
— FRA and PSE - ISR.

Includes the main estuaries and deltas of the
Mediterranean, Non-river segment (0), river
segment (1)

Name of the river mouth

1in1,1in2,1in5,1in10,1in25,1in50, 1in
100, 1 in 250, 1 in 500, 1 in 1000 year surge
height (in base year) respectively, Height above
mean sea level, [in m]

1in1, 1in 10, 1in 100, 1 in 1000 year surge height
(in base year) respectively, Height above mean
sea level, [in m]

Mean wave height [in cm]

Topographic coastal slope [in degrees] derived
from GEBCO [30 arc-seconds resolution]

Max High Water [in m]
High Water [in m]
Minimum Low Water [in m]
Low Water [in m]

Mean Tidal Range [in m]

Average uplift/subsidence [in mm/yr] along the
segment from estimates of glacio-isostatic
adjustment.

Average uplift/subsidence [in mm/yr] along the
segment from estimates of glacio-isostatic
adjustment.

Area of salt marsh within a coastal segment [in
km2]

Regionalized SLR scenarios, which account for
regional gravitational and rotational effects due to
changes in ice mass distribution and steric
changes. Mean sea-level rise relative to 1985-
2005 [m] for RCP 2.6, 4.5 and 8.5 for a high ice-
sheet melting scenario.

Regionalized SLR scenarios, which account for
regional gravitational and rotational effects due to
changes in ice mass distribution and steric
changes. Mean sea-level rise relative to 1985-
2005 [m] for RCP 2.6, 4.5 and 8.5 for a medium
ice-sheet melting scenario.

International tourism, number of arrivals on a
country level form 1995-2014, 0 equals NoData

The MDT is the difference between the mean sea
surface and the geoid over the 1993-2012 period

International Institute for Applied
Systems Analysis (IIASA) - SSP
Database (International Institute for
Applied Systems Analysis, 2015, Kc and
Lutz, 2017)

Derived from google earth

Based on the global reanalysis of storm
surges and extreme sea level (GTSR)
dataset (Muis et al., 2016)

Vafeidis et al. (2008)

Dataset produced as part of the RISES-
AM  project by CMCC (Euro-
Mediterranean Center on Climate
Change) (Conte and Lionello, 2013,
Lionello et al., 2008)

GEBCO (Weatherall et al., 2015)

Pickering et al. (2017), Pickering (2014)
Pickering et al. (2017), Pickering (2014)
Pickering et al. (2017), Pickering (2014)
Pickering et al. (2017), Pickering (2014)
Pickering et al. (2017), Pickering (2014)

Peltier (2004)

Peltier et al. (2015), Argus et al. (2014)

UNEP-WCMC (McOwen et al., 2017)

Hinkel et al. (2014)

Hinkel et al. (2014)

World Bank (World Tourism

Organization et al., 2014)

Rio et al. (2014)

surges.py

surges.py

waves.py

cst.py

tide.py
tide.py
tide.py
tide.py
tide.py
uplift2004.

py

uplift2014.
py

wetland.py

SLR_hig.py

SLR_med.
py

MDT.py



[in m]. This parameter can be used to correct the
offset for instance between extreme water levels
and elevation data31

Table 3-2: Summary of the parameter and data included in the Mediterranean Coastal
Database on at coastal assessment unit level.

Paramet
er

Area
below
1..20m

Population
living in
area
1..20m

Landuse

Coastal
parameter

Label

areal...20

popx_gpw20
00

popx_gpw20
10

popx_gr2000

ForestArea
(UrbanArea,
ArableArea,
OpenArea)

PC_forest
(PC_Urban,
PC_arable,
PC_open)

coastal_zone

Description

Hydrological connected area [in km2] at
elevation increment x, corresponding to
every coastal assessment unit. In order to
calculate the earth surface area we
generated a ‘real’ area grid based on the
spheroidal approximation of the Earth
surface (Santini et al., 2010) and overlaid it
with the SRTM data.

Total population living in elevation
increment x based on the gridded
population of the world, version 4. UN-
adjusted population estimates for 2000.
The resolution is 30 arc-seconds, or =1 km
at the equator.

Total population living in elevation
increment x based on the gridded
population of the world, version 4. UN-
adjusted population estimates for 2010.
The resolution is 30 arc-seconds, or =1 km
at the equator.

Total population living in elevation
increment x based on the Global Rural-
Urban Mapping Project,  Versionl

(GRUMPv1). The resolution is 30 arc-
seconds, or 1 km at the equator.

The Globcover data includes 22 land cover
classes defined by the United Nations (UN)
Land Cover Classification System (LCCS).
We reclassified this classification to 4
classes, namely forest, urban, arable land
and open space. For every assessment unit
the area for every class is calculated [in
km?2].

Percent of every assessment unit that is
covered by one of the landuse classes.

Indicates if a coastal assessment unit is
lying directly at the coast (true) or inland
(false)

Data source

Shuttle Radar Terrain Mission
(SRTM) data, 90m resolution
(Jarvis et al., 2008)

Center for International Earth
Science, Information Network,
Columbia University (Center for
International Earth Science
Information Network -
Columbia University, 2016)

Center for International Earth
Science, Information Network,
Columbia University (Center for
International Earth  Science
Information Network -
Columbia University, 2016)

Center for International Earth
Science Information Network,
Columbia University (Center for
International Earth Science
Information Network - CIESIN -
Columbia University et al.,
2011)

Global Land Cover Map for
2009 European Space Agency
and Université Catholique De
Louvain (2009)

Global Land Cover Map for
2009 European Space Agency
and Université Catholique De
Louvain (2009)

Code

area.py

gpw00.py

gpw10.py

gr00.py

landuse.py

landuse.py



SSP GR_SSP1(- Spatial Population growth rates for the = Reimann et al. (2017) SSPs_med.py
5)_2010(- Mediterranean Coastal Zone per coastal
2100)_med assessment unit and SSP. These are based
on Regionalized Shared Socioeconomic
Pathways which are based on GPWv4.

GR_SSP1(- Global spatial Population growth rates per = Merkens et al. (2016) SSP_global.py
5)_2010(- coastal assessment unit and SSP. These are
2100)_global | based on global gridded population

projections for the coastal zone under the

Shared Socioeconomic Pathways. Based on

GRUMP 2000.
SSP1(- Total population numbers generated for = Reimann et al. (2017) SSPs_med.py
5)_2010(- every time step from Regionalized Shared

2100)_med Socioeconomic Pathways. Based on GPWv4

SSP1(- Total population numbers generated for | Merkens et al. (2016) SSP_global.py
5)_2010(- every time step from global gridded
2100)_global | population projections. Based on GRUMP

2000.

3.2.4 Code availability

The python code to populate the Mediterranean coastal database is available to download in
the figshare repository. The code consists of ArcPy commands, which can be used if an ArcGIS
for Desktop license is installed. Each script is internally documented with explanation of the
different data processing steps. The internal documentation of the scripts should be used in
combination with this manuscript.

3.3 DATA RECORDS

The developed Mediterranean coastal database described in this article is publicly and freely
available through the figshare repository. We have included csv files with all the information
on a segment (MCD - coastal segment level) and assessment unit level (MCD — coastal
assessment unit level) into the repository. Furthermore, we provide the coastal segments and
administrative boundaries in a shapefile format as well as the coastal assessment unit in a tiff
format in the repository. The database will be updated and expanded as new and improved
data become available.

3.4 TECHNICAL VALIDATION

The database presented here has been created using a number of publicly available datasets,
which are thoroughly documented and described in reports or scientific articles (Table 3-1 and



Table 3-2). Thus, these datasets have undergone rigorous quality controls and/or validation.
In addition, for those parameters where consistent information for the entire basin did not
exist, new datasets were generated. Technical validation therefore has focused on the
evaluation of these new datasets (i.e. the coastal material, GTSR-MED extreme sea levels);
and on the correct attribution of data to the assessment units.

3.4.1 Geomorphological classification

The geomorphological classification dataset was compared to the recently compiled
geomorphological dataset of the Mediterranean Sea and Coast Foundation (MEDSEA, 2017)
which was developed independently, using a similar methodological approach. Further
validation for some of the Mediterranean countries, where this was possible, was undertaken
based on expert judgement and on national digital datasets of coastal morphology.

Comparing different coastal classification datasets can be a challenging task as the number
and type of classes used can differ substantially, depending on factors such as scale or user
requirements (Burrough and McDonnell, 1998 p.267). The MEDSEA data included similar
classes to our dataset, namely: (1) sandy beach and beach with uncertain grain size; (2) river,
deltas; estuaries and soft sedimentary strands; (3) artificial structures and artificial frontage;
(4) soft rock shores; and (5) hard rock shores (see Table 3-3). 23% of the coast were classified
as sandy in both datasets. The MCD class ‘unerodible’ includes rocky coasts and artificial
structures. When comparing the MCD class (2) and the MEDSEA classes (3) and (5), the
datasets show good agreement, accounting for 46 (MCD) and 40 (MEDSEA) percent of the
total coastline. The remaining classes (“rocky with pocket beaches” and “soft rock shores”
from MCD and MEDSEA respectively) are not directly comparable. Overall, the two datasets
are in agreement for around 70 percent of the Mediterranean coast. The spatial patterns of
coastal types are similar in the southern and eastern Mediterranean basin. In the north western
part of the basin differences in the classification are visible as the MEDSEA dataset indicates a
higher extent of hard and soft rock shores. However, this difference is primarily due to the
difference in the definition of the classes for the two classification schemes.



Table 3-3: Comparison of coastal morphology classification

MCD Length Percent MEDSEA Length Percent of total
[km] of total [km] coastline length
coastline
length
(1) Sandy 12,493 23.0 (1) Sandy beach and beach 11,929 23.8
with uncertain grain size
(2) Unerodible | 25,051 46.1 (2) River deltas, estuaries 1,802 3.6
and soft sedimentary strands
(3) Muddy 3,570 6.6 (3) Artificial structures and 4,936 9.8
artificial frontage
(4) Rocky with | 13,181 24.3 (4) Soft Rock shores 16,163 32.2
pocket
beaches
(5) Hard Rock shores 15,322 30.5
Total coastline | 54,296 100 Total coastline length 50,153 100
length

Local experts from Spain, Greece and Croatia undertook additional checks, based on visual
inspections and on national or local datasets. For Spain, there was agreement for 75% of the
coast. For the remaining 25%, we implemented changes based on the expert suggestions and
additional checks with Google Earth. For Croatia, we compared our dataset to a national spatial
dataset on the distribution of sandy beaches provided by the Ministry of Environmental and
Nature Protection and found that all sandy beaches were included. Further qualitative tests
based on expert judgement and visual assessment were carried out for Greece for
approximately 100 randomly selected segments, indicating an agreement for approximately
85% of the inspected segments. Accordingly, discrepancies were checked and corrected based
on Google Earth and expert suggestions. Finally, further comparisons were carried out for the
districts of Lazio and Emilia-Romagna with available classifications used in previous analyses
(Wolff et al., 2016).

It must be noted that despite the extensive evaluation of the geomorphological classification
and the agreement with all employed data sources, some errors may still exist. These errors
can result from numerous factors, such as differences in the quality of Google Earth imagery
for the entire region; differences in scale; errors in the location of Panoramio photographs;
coverage of location-tagged photographs varying considerably between the Northern and
Southern part of the basin; errors in classification; or differences due to subjectivity in class
definition. Nevertheless, the dataset will continue to be updated as new data become available.
We are currently exploring options for extending the validation using crowd sourced data from
the project Coastwards (http://coastwards.org/) in order improve our current classification.

3.4.2 Extreme sea level datasets

Here we compare the two datasets of extreme sea levels against observations. First, we
evaluate GTSR-MED and DCESL which include tides and surges. Figure 3-3a shows a



comparison of the modelled and observed extreme sea level with a 10-year return period for
the GTSR dataset. Extreme sea levels are generally in the range of 0.15 m and 1.24 m. Off
the coast of Tunis, the Strait of Gibraltar, and near Venice extreme sea levels are relatively
high. This is corresponding with the relatively high tidal range in these areas. For example,
the Gulf of Gabes off the coast of Tunisia has a tidal range of nearly two meters, while tides
are generally small in other parts of the basin. Muis et al. (2016) evaluated the GTSR extreme
sea levels against observed sea levels from the archive of the University of Hawaii
(http://uhslc.soest.hawaii.edu). However, the set of tide gauges used for the global validation
has a very limited number of tide gauges available in the Mediterranean basin. Therefore, we
performed additional validation using the GESLA-2 dataset (http://gesla.org), which includes
data from many more tide gauges (Woodworth et al., 2016). Here we use the estimates of the
return periods of extreme sea levels from Wahl et al. (2017). They processed the raw data
and fitted a Gumbel distribution to the annual maxima using all stations that contain at least
20 complete years that is less than 25% missing data. For the Mediterranean region, this
resulted in 17 observation stations. To evaluate the performance of the GTSR-MED extreme
sea levels, we calculate the mean bias and the mean absolute error between the modelled and
observed extremes. The modelled extreme sea levels are generally characterized by a negative
bias. For a 10-year return period the mean bias is -0.21 m (s.d. 0.20 m), whereas for a 100-
year return period the mean bias is -0.34 m (s.d 0.41 m). As extreme sea level are generally
below 1.5 m, the relative differences exceeds 25% for a number of locations. This is depicted
in Figure 3-3a-c. The relatively strong negative bias may be due the fact that in semi-enclosed
basins, such as the Mediterranean Sea, extreme sea levels are largely controlled by local
conditions and mesoscale dynamics. Hence, the representation of the global bathymetry and
the resolution of the global tide and surge model may not be sufficient in this region. Moreover,
in areas with a complex orography, such as the Adriatic Sea, global climate reanalysis data
can have difficulties in reproducing local winds (Wakelin and Proctor, 2002). Unfortunately,
almost all tide gauges are located in Portugal, Spain and Italy. Hence, the eastern and the
southern part of the Mediterranean Sea are under—represented. Therefore, we were not able
to assess the performance of the model for the entire basin.

The DCESL data have been validated by Hunter et al. (2017). The study concluded that the
return periods of DCESL are generally too high, compared to observed return periods from
GESLA-2. Muis et al. (2017) compared the GTSR and DCESL against UHSCL observations. They
found that both GTSR and DCESL capture the spatial variability of extremes. However, DCESL
generally overestimates the extreme sea levels, whereas GTSR generally underestimates the
extreme sea levels, but with smaller errors compared to observations.
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Figure 3-3: Performance of the GTSR-MED extreme sea levels for the Mediterranean Sea for
the 10-year return period. Observed extreme sea levels are taken from the GESLA dataset. (a)
GTSR-MED and GESLA extreme sea levels. (b) The difference of GTSR-MED with GESLA in m.
(c) Relative differences of GTSR-MED and GESLA.

However, this comparison included only few stations in the Mediterranean. The comparison of
GTSR and DCESL by Wahl et al. (2017) is based on the GESLA-2 dataset and includes more
stations. It shows that DCESL overestimates the 100-year return period values by more than
0.5 m. If we compare the DCESL return periods against the GESLA-2 stations used for the
GTSR-MED validation (see above), the mean bias is 0.16 m (s.d. 0.43 m), 0.17 m (s.d. 0.59
m), and 0.20 m (s.d. 0.76 m), respectively for the 10-, 100-, and 1000-year return periods.
For specific stations the bias is up to 1.5 m, whereas for other stations the bias of DCESL is
less than a few centimetres. Hence, although the performance is variable, DCESL generally
also overestimates extreme sea levels in the Mediterranean basin. Again, there is no
information to assess DCESL for the eastern and the southern part of the Mediterranean Sea.

We would like to highlight that due to the limited numbers of observations it is difficult to
assess the overall performance of the extreme sea level datasets. However, we recommend
users that would like to perform an analysis on a regional scale to use the GTSR-MED extreme
sea levels as the standard deviation (observed vs modelled) is smaller. Users that are
interested in a specific location may be more interested in the DCSEL dataset as the mean bias
is smaller than for the GTSR-MED dataset, which indicates that the modelled extreme sea
levels may be closer to the observed values in some locations. Users interested in coastal flood



risk assessment to extreme sea levels should be aware that both datasets do not include
waves. Omitting waves could lead to an underestimation of potential impacts (see Vousdoukas
et al. (2016)).

3.4.3 Data attribution

The attribution of data to the coastal units involved several processing steps, which varied
depending on the type of dataset (as documented in the python scripts, see methods section).
Every parameter of the database was then checked manually in a Geographic Information
System, by at least two different users, to ensure correct attribution. This validation process
was introduced to ensure internal consistency and, to identify and correct errors or mismatches
in the database compilation process.

3.5 USAGE NOTES

We envisage that academics, managers and planners will use the developed database for
coastal applications. We emphasize that the database is designed for regional-scale
applications. Caution is required when using the database for local applications.
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ABSTRACT

Changes in the spatial patterns and rate of urban development will be one of the main
determinants of future coastal flood risk. Existing spatial projections of urban extent are,
however, often available at coarse spatial resolutions, local geographical scales or for short
time horizons, which limits their suitability for broad-scale coastal flood impact
assessments. Here, we present a new set of spatially explicit projections of urban extent
for ten countries in the Mediterranean, consistent with the Shared Socioeconomic Pathways
(SSPs). To model plausible future urban development, we develop an Urban Change Model,
which uses input variables such as elevation, population density or road network and an
artificial neural network to project urban development on a regional scale. The developed
future projections for the five SSPs indicate that accounting for the spatial patterns of urban
development can lead to significant differences in the assessment of future coastal urban
exposure. The increase in exposure in the Extended Low Elevation Coastal Zone (E-LECZ
= area below 20m of elevation) until 2100 can vary, by up to 104% depending on the
urban development scenario chosen. This finding highlights that accounting for urban
development in long-term adaptation planning, e.g. in the form of land-use planning, can
be an effective measure for reducing future coastal flood risk on a regional scale.

4.1 INTRODUCTION

The urban extent in low lying coastal areas is increasing faster than in other regions (Seto et
al., 2011), thus leading to increased exposure to sea-level rise and associated hazards.
Societies' risk from these hazards will, therefore, not only depend on the physical drivers of
change but also on the rate and pattern of urban growth which will be guided, to a large
extent, by policies on future urban development (Song et al., 2017). One way to investigate
how urban development influences future coastal flood risk is by accounting for spatiotemporal
urban land cover change with the use of spatially explicit future urban projections in coastal
impact assessments. Spatially explicit future urban extent scenarios are, however, currently
often not available on a regional scale, which is one of the major shortcomings in coastal
impact assessments to date (Muis et al., 2015). Until recently, most studies have considered
physical drivers of future change, partly accounting for population and economic development
(Vousdoukas et al., 2020b) but have neglected changes in the spatial extent of urban
agglomerations, where most impacts occur. Large scale urban change models can help to
better understand how a non-climatic driver, namely urban development, influences future
risk.



Different concepts and methods have been developed for modelling future urban change.
Consequently, there now exists a vast diversity in modelling approaches, concepts, and models
striving to describe and understand the mechanisms of land cover change. These approaches
include, among others, the use of Cellular Automata (Feng et al., 2011), Monte Carlo
simulations (Glineralp and Seto, 2013), Artificial Neural Networks (Iizuka et al., 2017), as well
as process-based and empirical models (e.g. CLUE) (Verburg and Overmars, 2007). To date,
most spatially explicit urban extent studies involve local applications (Song et al., 2017, Tizuka
et al., 2017, Pijanowski et al., 2014, Pijanowski et al., 2002b), and few broad-scale studies
exist. Examples of regional-scale applications of urban change models include the studies of
Seto et al. (2012), Zhou et al. (2019) and Gao and O'Neill (2020). Seto et al. (2012) used the
land change model GEOMOD and a Monte Carlo simulation approach using projected GDP and
urban population to develop spatially explicit probabilistic forecasts of urban land cover change
until 2030 with a resolution of ~5 km. Zhou et al. (2019) used the SLEUTH Urban Growth
model to develop urban land cover projections between 2012 and 2050 based on urban maps
generated from LandScan population data at a resolution of 1 km. SLEUTH is an abbreviation
that stands for all the inputs used in the model, which are slope, land cover, excluded regions,
urban land cover, transportation and hill shade (Zhou et al., 2019). Recently, Gao and O'Neill
(2020) developed an empirical model based on spatial data, the Spatially Explicit Long-term
Empirical City developmenT (SELECT) model, to project urban land cover over the 21 century
with a resolution of ~14 km. All the studies mentioned above are too coarse, in terms of spatial
resolution, for regional coastal applications while in most cases the time horizon of the
projections is too short for long-term coastal impact assessments.

In this paper, we address this gap by developing spatially explicit projections of urban extent
for 10 Mediterranean countries with a resolution of 100 m, which is 10 to 140 times finer than
existing gridded urban extent projections. For this purpose, we couple a Multilayer Perceptron
(MLP) with a Geographic Information System to generate spatially explicit urban extent
projections, for a range of socio-economic scenarios, until 2100. MLP is one of the modelling
tools that has recently been used in the attempt to explore the complexity of interactions that
govern the patterns in which urban extent changes and evolve (Basse et al., 2014, Chen et
al., 2020). An MLP has the ability to quantify complex behaviour and patterns (Pijanowski et
al., 2002a) by taking into account non-linear relationships between the input and output
variables and generalise in the presence of noisy or incomplete data (Mas and Flores, 2008).

Our projections are quantitatively and qualitatively consistent with the assumptions of the
global Shared Socioeconomic Pathways (SSPs), which have been developed to support
vulnerability and impact assessment studies. The SSPs comprise narratives that describe five
different plausible pathways of societal development and also include information on future
urban outcomes (see Table 4-1) (Jiang and O'Neill, 2017). In specific, urbanisation in SSP1
and SSP5 is rapid, although it is less well managed in SSP5 (Jones and O'Neill, 2016), leading
to higher urban sprawl. In SSP3 urbanisation proceeds slowly with mixed spatial patterns,



particularly in developing countries, which are characterised by inequality and fragmentation.
Urban settlements are poorly planned, and limited urban employment opportunities lead to
unattractive urban centres and slow urbanisation rates in SSP3. However, population growth
is rapid under SSP3 (Kc and Lutz, 2017) (except for the wealthier OECD countries) leading to
high demand for urban space. A rapid urbanisation rate characterises SSP4 in medium and
low-income countries, and central urbanisation rate in high-income countries with mixed
spatial patterns, mainly driven by a lack of rural employment opportunities. Population growth
is low in Mediterranean countries. SSP2 describes a world with a development that occurs at
rates consistent with historical patterns of urbanisation and spatial patterns (Jones and O'Neill,
2016).

Table 4-1: Summary of the Shared Socioeconomic Pathway assumptions underlying urban
development (based on Jones and O'Neill (2016); Jiang and O'Neill (2017) and KC and Lutz
(2014))

SSP Urbanisation | Urban spatial Population growth GDP growth
rate patterns
SSP 1 Rapid Urban expansion well | Global population growth is High-income
managed (compact) relatively low; fertility is medium growth, but slower
in wealthier OECD countries economic growth
over the longer
term
SSP 2 Central Historical spatial Global population growth is Medium income
patterns moderate and levels off in the growth
second half of the century
SSP 3 Slow Mixed urban spatial Population growth is rapid (except | Low-income growth
patterns for the wealthier OECD countries)
leading to high demand for urban
space
SSP 4 Rapid in Mixed spatial Population growth is low in Low-income growth
medium and patterns Mediterranean countries
low-income
countries,
central in
high-income
countries
SSP 5 Rapid High urban sprawl, Population growth is high in Rapid growth of the

urban expansion is
not well managed
(compared to SSP1)

wealthier OECD countries, low
population growth in developing
countries

global economy

In a final step, we use the developed scenarios to investigate how coastal exposure changes
in the future. We choose the Mediterranean region as it is considered a hotspot of urban
development globally. Between 1960 and 2010, the urban population increased by 20%
(UNEP/MAP, 2016). A large share of urban development takes place along the coast where
most of the industry and services are located (European Environment Agency, 2014).
According to Seto et al. (2012), the region is expected to experience a 160% increase in urban
extent between 2000 and 2030. Therefore, many Mediterranean cities will be potentially
exposed to climate-related hazards such as coastal flooding and erosion. Even though the
current level of risk is not high in the Mediterranean, it is likely to increase in the future (Cramer



et al., 2018, Reimann et al., 2018), also due to socio-economic development. Thus, the
Mediterranean region can be considered as an adaptation hotspot (Hallegatte et al., 2013).

4.2 RESULTS

4.2.1 Spatially explicit projections of urban extent

At the Mediterranean scale, we find substantial differences in future urban development rates
and patterns until 2100 between the different projections (Figure 4-1 and 4-2). The difference
between the high and low urban extent projection ranges between 25% (HRV) and 115%
(FRA) within the countries in the year 2100. Under all SSPs, urban extent increases during the
century (Figure 4-1).
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Figure 4-1: Temporal development of urban extent for six selected countries from 2025 to
2100. Note that the scales on the y-axis are different for each graph

Until 2085, SSP5 produces the highest urban extent in all countries, reflecting the underlying
narrative of a high urbanisation rate combined with urban sprawl. Interestingly, for some
countries, the urban extent under SSP3 is, towards the end of the century, higher than under
SSP5 (see Figure 4-1 - HRV and BIH). Rapid population growth in lower-income countries
seems to be the main driver for urban land demand after 2085.

SSP3 is characterised by a low fertility rate and declining population in most of the developed
world (Kc and Lutz, 2017), leading to limited growth in urban extent in the wealthier European
Mediterranean OECD countries (France, Greece, Italy, Slovenia, Spain) as well as in Turkey
and Malta until 2100. In contrast, in the same scenario, the urban extent is highest in Bosnia-



Herzegovina, Croatia, and Cyprus due to rapid population growth in those countries under
SSP3. SSP5 shows the highest urban extent in wealthier European Mediterranean OECD
countries and second highest in the rest of the countries (except for Malta). SSP5 is
characterised by a high population growth driven by optimistic economic outlooks leading to a
high GDP in high-income countries (O'Neill et al., 2017). At the same time, in the rest of the
countries, rapid development causes slower population growth compared to SSP3 (Jones and
O'Neill, 2016). SSP1 is characterised by fast urbanisation rates and concentrated spatial
patterns (Jiang and O'Neill, 2017) in all countries but a relatively low population increase. This
leads to the second-highest urban extent in the wealthier European Mediterranean OECD
countries and Turkey. In contrast, the increase in urban extent is relatively low in Malta,
Bosnia-Herzegovina, Cyprus, and Croatia, where the population seems to be the primary driver
of future urban extent in 2100. In all countries (except for Malta) SSP2 represents a middle-
of-the-road urban future with moderate urban development (Figure 4-1 and Appendix B -
Supplementary Table 4-1 and Supplementary Figure 4-1.)

Ranking the SSPs according to their total urban extent in 2100 from lowest to highest (see
Appendix B - Supplementary Table 4-2) shows that the wealthier European Mediterranean
OECD countries follow the same patterns, with SSP3 having the smallest extent and SSP5 the
highest. Bosnia-Herzegovina, Cyprus, and Croatia form a second group with similar patterns,
this time with SSP4 having the lowest urban extent and SPP5 the highest, leading to up to
28% differences in the urban extent between the scenarios in 2100. Turkey and Malta seem
to develop differently. Malta is highly urbanised, thus having the highest urban share of all
countries (one-third of the nation is urban). The greatest urban extent for Malta occurs under
SSP2, reflecting the historical pattern of urbanisation. Malta's high historical urban
development rates combined with a high GDP under SSP2 lead to the highest urban extent.
The high urban share in Malta leads to very few rural pixels that can convert in the future to
urban. We investigated that the spatial allocation of future urban land may be plausible but
somewhat unrealistic in Malta. We argue that such a high urban development rate in such a
small country illustrates the challenges of urban land allocation in the future if urban
development will be rapid and not well managed.
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Figure 4-2: Spatially explicit urban extent in 2100 for different SSPs. European Mediterranean
Countries included in the study are highlighted in darker shades of grey in the upper panel.
For four selected regions, we present the spatially explicit urban extent scenarios that produce
the highest and lowest urban extent.



4.2.2 Future coastal urban exposure in 2100

Depending on the urban development scenario chosen the urban extent increases in the E-
LECZ (area below 20m) between 2012 and 2100, for instance, by 67% (2075km?2) for Italy,
104% (2331km?2) for France (Mediterranean coast only) and 86% (691km?2) for Greece (Figure
4-3 and Appendix B - Supplementary Table 4-3).

Increase in urban extent in the area below 20m between 2012 and 2100
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Figure 4-3: Country-specific increase in urban extent in the E-LECZ between 2012 and 2100
[in km?] for the five SSPs.

The urban extent scenario that leads to the highest urban exposure in the E-LECZ is the one
that also produces the highest total urban extent in 2100 (see Section 4.2.1 "Spatially explicit
projections of urban extent") reflecting that the model simulates high urban development in
the E-LECZ. Figure 4-4 shows the spatial difference between 2012 and 2100 for four selected
regions under SSP5. Compared to the year 2012, the urban extent increases in the floodplain
in all regions leading to a significant increase in coastal exposure. Our results, therefore, show
that accounting for the spatial patterns of coastal development can lead to significant
differences in future exposure.
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Figure 4-4: Potential urban development in four selected coastal regions under SSP5. In dark
blue, the area that lies below 20 m is indicated.

4.3 DISCUSSION

The ability to project future urban development enables researchers and policymakers to
anticipate better the consequences of specific actions, e.g. in the context of urban planning
(Song et al., 2017), or to plan appropriate future inventions that can reduce exposure to future
climate-related hazards such as coastal flooding. The spatially explicit urban extent scenarios
offer, therefore, the possibility to analyse different urban futures and designate future priority
areas for coastal adaptation in the Mediterranean. In this context, the results of this study can
inform the development of future coastal management and adaptation policies on a regional
scale (Haasnoot et al., 2019), such as those outlined in the Integrated Coastal Zone
Management (ICZM) protocol of the Barcelona Convention (UNEP/MAP/PAP, 2008).

Our study shows that one of the most effective measures to reduce future exposure will be to
reduce future urban development inside the coastal floodplain. The ICZM Protocol prescribes
the implementation of a 100m setback zone that restricts further development within this zone
(Rochette et al., 2010). Spatial planning in the form of setback zones or even retreat can be
one of the most effective interventions to reduce future exposure (Lincke et al., 2020) and
lead to a more sustainable Mediterranean future urban development. However, coastal urban
development could also entail positive effects to reduce future vulnerability to natural hazards
and hence increase the overall adaptive capacity of cities (Garschagen and Romero-Lankao,



2013). Even if future urban exposure increases, the coastal vulnerability could decrease if
actual adaptation action (e.g. in the form of hard protection) and disaster management are
effectively implemented. Hence, we argue that the concentration of people and assets could
also increase the efficiency and effectiveness of adaptation measures in the future. Future
urban extent scenarios could be useful to explore these avenues and inform adaptation and
spatial planning authorities what mix of adaptation strategies for different regions could be
most effective.

Several studies of European cities had shown that even when population decreased, urban
extent increased (Kasanko et al., 2006, Barranco et al., 2014). This trend is also reflected in
our developed spatially explicit urban extent scenarios, where urban extent increases with time
under all scenarios, albeit at lower rates in those cases where population declines. The urban
projections reflect that urban development is linked to GDP growth in high-income countries.
In contrast, in lower-income countries, urban development is more driven by population
growth towards the end of the century. This pattern has also been reported in other studies
(e.g. see meta-analysis of global urban land expansion from Seto et al. (2011)).

Model performance and limitations

Evaluating our country-specific urban change models against historical data indicates that
these are capable of reproducing historical spatial patterns of urban development on a regional
scale. We observed that the models of those countries with a high urban share and/or uniform
urban sprawl patterns (see Table 4-2), such as Croatia, Slovenia, France or Cyprus, perform
best. This indicates that the MLP model can better generalise on countries where a large
enough sample of urban change is provided. As the extent of urban areas is small in
comparison to that of rural areas, we have an imbalanced dataset due to an uneven distribution
of classes (much more rural pixel, than urban). This poses a challenge from a Machine Learning
perspective since models are harder to train with imbalanced training sets. This issue has been
tackled by under-sampling the majority that is the rural class in our case, to create a more
balanced training set. For most countries, the model performed best with an under-sampling
ratio of 10 (1:10, Urban: Rural) (the undersampling ratio used for every country can be found
in Appendix B - Supplementary Table 4-4). Further, we improved the performance of the MLP
model by using data augmenting which creates additional training data. At the same time, the
MLP is challenged when trying to reproduce inhomogeneous settlements, where urban
development is fragmented with clustered and contrasted patterns. Such an example is Spain,
where the performance of the MLP was the lowest (Table 4-2).



Table 4-2: Performance measures of the MLP for predicting urban extent in 2012 for every

country.
Country Overall Precision Recall Negative Specificity F1-score
accuracy predictive
value
BIH 0.997 0.901 0.888 0.998 0.998 0.894
CYp 0.992 0.955 0.951 0.995 0.996 0.953
ESP 0.986 0.745 0.635 0.991 0.995 0.680
FRA 0.992 0.967 0.892 0.994 0.998 0.928
GRC 0.993 0.893 0.852 0.996 0.997 0.871
HRV 0.996 0.950 0.937 0.998 0.998 0.939
ITA 0.993 0.970 0.890 0.994 0.998 0.927
MLT 0.999 0.999 0.999 0.999 0.999 0.999
SVN 0.999 0.980 0.977 0.999 0.999 0.978
TUR 0.992 0.788 0.731 0.995 0.996 0.759

The explanatory potential of the input variables was analysed by using entropy and mutual
information (Theodoridis, 2015). Mutual information measures the dependencies between
each feature and the output. It quantifies the information content of two variables in
classification problems by considering the input-output statistics without any reference to a
specific model. Mutual information should be interpreted relative to the entropy. The
mathematical explanations of the two metrics can be found in Appendix B. Supplementary
Table 4-5 (in Appendix B) shows the mutual information and entropy values for every input
variables and country. High mutual information means that the input feature is suitable in
explaining the output. In nearly all countries, distance to urban land cover and the population
density have the highest mutual information, reflecting the fact that new urban development
is expected to grow near existing urban agglomerations. However, the order of magnitude
between the variables is often similar, thus we believe that all input variables are useful for
our MLP. The entropy of a country can be interpreted as a measure of urbanisation in this
study. In countries where the distribution of urban and rural pixels is more balanced (e.g MLT
29% Urban; 70% Rural), the entropy is high (for MLT 0.8).

We must note that the validation measure' overall accuracy' alone does not necessarily mean
that the urban change model has high predictive power. Pontius and Malanson (2005) discuss
several reasons why 'percent correct' alone is not enough to validate a model. Importantly,
they state that a null model that predicts pure persistence between two-time steps often leads
to more than 90% correct due to the temporal autocorrelation between the time steps.
Additionally, the merit is not appropriate for imbalanced datasets (Jeni et al., 2013). Therefore,



it is essential to consider the fl-score, precision, recall and a visual assessment of the spatial
performance of the urban change model to assess the performance.

Future research could improve and extend this work in @ number of ways. First, in our study,
we assume a constant pattern of the input variables throughout the century due to lack of
data. Hence, one central assumption of the study is that similar processes drive future urban
development. For instance, urban development will change as a response to a changing road
network but information on the future development of the road network is currently not
available for most countries. The MLP model would be able to incorporate such processes if
input data for all variables become available in the future, which would allow us to dynamically
model future urban expansion from one time step to another. Second, the developed urban
change model only considers spatial aspects and does not account for non-spatial elements
such as demographic characteristics, spatial planning policies or tipping points that are
unpredictable (such as natural hazards) which is a major challenge in urban land change
models (Pijanowski et al., 2002a). Future work could further expand the urban scenarios by
accounting for policy interventions such as coastal adaptation measures in the form of setback
zones that restricts future urban development in flood-prone areas or include vertical growth
of cities into the scenarios. Last, a time interval of more than 12 years between the input and
target data could lead to improved training of the MLP by providing a larger number of urban
pixels that change from one time step to another. However, the lack of a consistent land cover
time series with a high resolution that can be used as input (e.g. distance to forest, grassland)
and output data (urban) to train the MLP is currently not available at this scale.

4.4 CONCLUSION

Urban growth rates and spatial patterns of urban development will determine society's
exposure and vulnerability to extreme events, sea level, and other climate-related hazards.
Urban development is a dynamic and complex process (Schneider et al., 2015) that is
influenced by physical, socio-economic and political conditions. Hence, how urban
development influences future risk has not yet been quantified and is not well understood
(Song et al., 2017). Spatiotemporal land cover analysis and future urban land cover projections
can help improve our understanding of these processes.

We have produced urban extent projections that cover a plausible range of uncertainty with a
resolution of 100m, spanning from 2025 to 2100. The developed urban projections are based
on the global SSPs and thus depict five different plausible urban development scenarios. Across
all SSPs, we observe a continued increase in urban areas in the coastal zone, which leads to
an increase in coastal exposure, even though the rates and spatial patterns of urban
development vary between the different scenarios. We anticipate that the developed urban



extent scenarios will be employed in a wide range of impact assessments to climate change-
related hazards beyond coastal applications.

4.5 METHODS

To model plausible future urban extent, we developed a set of country-specific urban change
models (see Figure 4-5) as the rate and pattern of urban development can vary considerably
across countries and years (Li et al., 2019). First, we employ an MLP artificial neural network
for modelling the likelihood of urban transformation (see Figure 4-5a). In a second step, we
calculate, for each SSP, the future urban land demand in 5-year time steps until 2100 (see
Figure 4-5b). Finally, we create the urban extent scenarios by classifying the MLP model
outputs accordingly (see Figure 4-5c¢). These projections are then employed for calculating
future exposure to coastal flooding (see Section 4.5.2 ‘Future coastal flood exposure”).

Likelihood of urban transformation Future urban land demand Spatial classification
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Figure 4-5: Workflow of the urban change model

4.5.1 Urban change model

Step a: Likelihood of urban transformation

We used an MLP to generate a predictive spatially explicit model of urban development for 10
Mediterranean countries where data were available (MLT, CYP, GRC, SVN, ITA, BIH, HRV, FRA,
ESP, TUR). An MLP is a computational model often used for complex, non-linear behavior, and
patterns of unknown input-output relations (Iizuka et al., 2017, Pijanowski et al., 2009). Every
MLP is composed of one input layer, one or several hidden layers, and one output layer. For a
detailed description of MLPs see Theodoridis (2015).

The MLP was trained using input data from 2000 to reproduce CORINE urban land cover data
from 2012 (https://land.copernicus.eu/). In this study, we define urban areas as locations
dominated by artificial surfaces, which corresponds to the artificial surface class (code 1) from
CORINE that includes residential, industrial, commercial, transport and green urban areas.



The input layer of our MLP consists of nine input variables (Table 4-3). The input variables
have been selected based on literature review and data availability. Elevation and slope have
been selected to reflect the topography, which influences urban development as steep areas,
and areas of high elevation are less likely to develop (lizuka et al., 2017). Distance to roads
has been included because areas that are easy to access are more likely of being developed
(Tayyebi et al., 2011) as it is correlated to people's mobility (lizuka et al., 2017), which
influences where people decide to settle. As the study focuses mainly on the exposure of urban
areas to sea-level rise and climate-related hazards such as storm surges, we decided to also
include the distance to the coast as an input variable. Low elevation coastal zones are
developing faster than the hinterland (Li et al., 2019) and therefore distance to the coast can
be an important predictor. We also included the Euclidean distance to urban areas, arable
land, grassland, and forest to account for the effect of other types of land use on urban
development. Finally, we used population density as an input variable to reflect socio-economic
driving forces, as numerous studies show that these constitute underlying drivers of urban
development.

The output layer consists of a single variable giving the likelihood that a pixel will turn urban
in the next time step. To define the best MLP architecture for every country (i.e. the number
of neurons in each layer, the connection patterns between the layers, the activation function
and the learning methods) we conducted a sensitivity analysis using between 6-10 different
network architectures. An overview of the best model architecture per country can be found
in Appendix B - Supplementary Table 4-4.

Table 4-3: Summary of data used for input and output variables of the MLP

Variables Source Spatial Pre-processing notes
resolution
Input | Distance to forest | CORINE 100m Corine classes used: 311, 312, 313, Euclidean
2000 distance to forest
Distance to CORINE 100m Corine classes used: 321, 322, 323, 324,
grassland 2000 Euclidean distance to grassland
Distance to urban | CORINE 100m Corine classes used: 111, 112, 121, 122, 123,
2000 124, 131, 132, 133, 141, 142, Euclidean
distance to urban 2000
Distance to arable | CORINE 100m Corine classes used: 211, 212, 213, 221, 222,
land 2000 223, 231, 241, 242, 243, 244, Euclidean
distance to arable land 2000
Distance to roads | Open Street We used the main roads (fclass: primary
Map motorways, secondary), Euclidean distance to
roads
Population density | GPW v4 1km Total population in 2000 per km2, resampled to
2000 100m
Elevation SRTM 30m Elevation in m, resampled to 100m
Slope Derived from | 30m Percent increase in slope, resampled to 100m
SRTM
Distance to coast | Based on 100m Euclidean distance to coastline
CORINE
coastline
Outp | Urban CORINE 100m Reclassification of CORINE data to Urban = 1,
ut 2012 Rural = 0; Corine classes used: 111, 112, 121,

122, 123, 124, 131, 132, 133, 141, 142



Step b: Future urban land demand

In the second step, we calculated the future urban land demand for every country, SSP and
time step. For this purpose, we used the relative changes in total urban extent for every
country between 2020 and 2100, obtained from Li et al. (2019). This study developed (non-
spatial) country-specific urban extent growth models using data from an urban extent time
series, spanning from 1992 to 2013 (22 years) based on satellite observations, and historical
socio-economic indicators, namely Population and GDP. These country-specific models were
then used to project future urban growth under the Shared Socioeconomic Pathways until the
end of the 21st century using the population and GDP data from the SSP database. The
reported mean accuracy for Europe compared to fine resolution land cover data was 95% (Li
et al., 2019). In our model, we used the relative changes of Li et al. (2019) to calculate the
total number of future urban grid cells.

Step c: Spatial classification

Finally, the future urban land demand per time step was used to reclassify our MLP outputs.
The highest urban transformation likelihoods were reclassified according to the total number
of future urban grid cells (see Figure 4-5). We used CORINE 2012 as a starting year to create
high-resolution spatially explicit urban extent scenarios that are consistent with the global SSP
assumptions, in 5-year time steps until 2100. We produced scenarios for 10 European
Mediterranean countries where global SSP assumption and CORINE data exist.

4.5.2 Future coastal flood exposure

Using the spatially explicit urban extent projections, we then assessed future coastal exposure
for the Mediterranean coast in 2100. For this purpose, we calculated the low-lying part of the
coastal zone that is hydrologically connected to the sea and lies above 20m of mean sea level
(E-LECZ). We decided to use the E-LECZ to account for all plausible future changes in mean
sea level and associated extreme water levels (Wolff et al., 2018). The exposed area was
overlaid with the developed urban extent projections to analyse the exposure of future urban
extent for all SSPs.

4.5.3 MLP performance

We used a confusion matrix to evaluate the model performance (see Figure 4-6) and find the
MLP model architecture that best approximates the input-output relationships. The confusion
matrix is a way to investigate the percentage of correct and incorrect classified pixels and is a
measure for analysing the goodness of fit for a specific classification model architecture. The
overall accuracy reflects the overall correct classified pixels. However, this metric is very



sensitive to imbalanced datasets and can be misleading when measuring the MLP performance
(Jeni et al., 2013) as our dataset contains few urban pixels compared to the rural class. A more
appropriate merit to assess the performance of binary classification problems with a skewed
dataset is, therefore, the Fl1-score. The F1 score is used to represent the balance between
precision (Positive predictive value - the percentage of pixels that are classified as urban and
are, in reality, urban) and recall (True positive rate - the ratio of the pixels that are correctly
classified in relation to the total positive (target) pixels). It can be viewed as the harmonic
mean of precision and recall. The results per country are presented in Table 4-2.

CONFUSION GROUND TRUTH
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2 « PRECISION * RECALL VALUE: TP/ (TP+FP) TP + TN/
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Figure 4-6: Confusion matrix

The urban change models can reproduce the observed patterns of past urban development
between 2000 and 2012 with an F1-score between 68 and 99 % in all countries (see Table 4-
2). This indicates that the country-specific urban change models capture past patterns of urban
development. However, the confusion matrix is not very useful in assessing spatial patterns.
For instance, if a pixel is misclassified, regardless of whether the correct class is found in a
neighbouring pixel, it is presented as incorrect (Pontius and Malanson, 2005). Therefore, a
visual assessment was conducted by overlaying the simulated and CORINE 2012 maps using
a Geographic Information System to explore the spatial and qualitative patterns of the
predicted model outputs (see Appendix B - Supplementary Figure 4-2 for an example).



4.6 DATA AVAILABILITY

The urban extent projections are available at the figshare repository
(https://figshare.com/s/8fc878cbf3597c6574e1). Further, we provide the python code to set
up the MLP model and create the urban extent projection in the figshare repository.
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5.1 SUMMARY OF THE MAIN RESEARCH FINDINGS

There are different limitations and constraints inherent in broad-scale coastal flood risk
assessments. The aim of this thesis has been to address data limitations and improve our
understanding of data uncertainties in broad-scale coastal flood risk assessments. This
research, in particular, contributes in the following ways to the overarching aim. It (1)
addresses data availability, consistency and reproducibility constraints, (2) extends existing
coastal data models and increases the level of detail of assessments, and (3) explores and
quantifies data uncertainties in broad-scale coastal flood risk assessment for the Mediterranean
coastal region. This final chapter summarizes the main findings and lessons learned. It then
discusses the remaining data challenges and ways forward in broad-scale coastal flood risk
assessment.

5.1.1 Data availability, consistency and reproducibility

This thesis contributes to overcoming data limitations for broad-scale coastal flood risk
assessments. Using the Mediterranean coastal region as a case study, we developed a
consistent, open-access, spatial coastal database that consists of 160 parameters on the
characteristics of the natural and socio-economic coastal subsystems. The Mediterranean
Coastal Database (MCD) contains information on current conditions and plausible future
changes, such as sea-level rise and socio-economic development. In Chapter 3, we
demonstrate that the database is designed for broad-scale analysis and provides a robust basis
for different types of comparative coastal studies as it contains consistent information in terms
of resolution, quality, accuracy and format for the entire region. Further, we enhance the
transparency and reusability of the database by documenting and providing open-source code
for all data processing steps in an online repository.

Further, as described in chapter 4, we have developed a new set of spatially explicit projections
of urban extent for ten countries in the Mediterranean with a resolution of 100m, which is 10
to 140 times finer than existing gridded urban extent projections on a broad-scale. To produce
the urban extent projections, we developed an urban change model for every country
independently. The modelling approach could be applied to different regions where land use
data for different time steps and ancillary data are or become available in the future. The
urban extent projections spanning from 2025 to 2100 and the python code to set up the urban
change model are freely and publicly available in an online repository.

In Chapters 2 and 3 we also produced independent consistent datasets on the
geomorphological structure of the coast, deltas and the distribution of assets and population
for the Mediterranean and Emilia-Romagna coast, as consistent data were not available. We



developed a method to classify the coast into homogenous units by using Google Earth, which
provides satellite images and location-tagged pictures that can be used to visually interpret
and distinguish the coastal type.

5.1.2 Coastal data model and assessment scale

This thesis extends the spatial representation and data structure of coastal space for broad-
scale coastal flood risk assessment. We have created a new coastal data model with a data
structure that combines the linear representation of the coast with spatial coastal assessment
units that capture the spatial structure of exposed land and administrative boundaries for the
Mediterranean region. Both Chapter 2 and 3 achieved the goal of downscaling a global coastal
database by using a refined coastline and coastal assessment units that divide the coast into
homogeneous segments in terms of impacts, vulnerability and adaptation needs to ESL and
SLR. With the segmentation methods and results presented in this thesis, broad-scale coastal
flood risk assessment results can be presented in a more detailed manner and impact indicators
such as adaptation costs, for instance in the form of dike construction, are more accurate
compared, for instance, to the global DIVA data model. In Chapter 2, for instance, we show
that a more detailed coastline leads to an increase in coastline length by 43%, thus,
considerably influencing adaptation costs in Emilia-Romagna. Further, a comparison of the
different segmentation models indicated that not only does the length of the coast increase,
but the spatial representation of coastal flood impacts is also more realistic due to the more
refined assessment scale and the increase in the number of assessment units. The applied
methods (e.g data model, segmentation process) are transferable and can be applied in other
regions.

5.1.3 Data uncertainties

This thesis improves our understanding of data uncertainties in broad-scale coastal flood risk
assessments in two ways. First, chapter 2 shows that coastal flood risk assessments are most
sensitive to variations in elevation and vertical land movement data compared to variations in
population data. Results show significant uncertainties in global elevation datasets that affect
coastal impact assessment results, a finding that is consistent with previous studies (e.g.
Poulter and Halpin (2008), Lichter et al. (2011), Hinkel et al. (2014)). Contrary to what is often
reported in the literature, this thesis shows that the estimated areas exposed to coastal
flooding are smaller with LIDAR DEM than those calculated with the SRTM DEM. In this thesis,
an overestimation of the potential coastal floodplain is observed using SRTM elevation data,
suggesting a negative bias in the data, which leads to higher potential coastal flood impacts



in Emilia-Romagna (~45% higher coastal flood extent, ~50% higher coastal flood damages).
The largest differences between the DEMs were found in the area below 5m. Further, the
inclusion of local information on human-induced subsidence rates increased the relative sea-
level rise by 60cm in 2100, resulting in coastal flood impacts that are 25% higher compared
to assessments where we mainly account for natural processes. These results indicate that
broad-scale coastal flood risk assessments underestimate impacts due to the non-
consideration of human-induced subsidence even in non-delta regions such as Emilia-
Romagna.

Second, this thesis also improved our understanding of data uncertainties in broad-scale
coastal flood risk assessments through novel urban extent projections that cover a plausible
range of uncertainty spanning from 2025 to 2100. Existing spatial projections of urban extent
are often available at coarse spatial resolutions, local geographical scales or for short time
horizons, which limits their suitability for broad-scale coastal flood impact assessments. The
developed urban projections are based on the global SSPs and thus depict five different
plausible urban development scenarios and enable the assessment of coastal urban exposure
under deep uncertainties on a broad-scale. Across all SSPs, we observe a continued increase
in urban areas in the coastal zone, which leads to an increase in coastal exposure, even though
the rates and spatial patterns of urban development vary between the different scenarios. The
increase in exposure in the Extended Low Elevation Coastal Zone (E-LECZ = area below 20m
of elevation) until 2100 can vary, by up to 104% depending on the urban development scenario
chosen. This finding highlights that accounting for urban development in the assessment of
coastal flood risk can be an important driver in the estimation of future coastal flood damages
on a broad scale. Further, the results emphasise that adaptation planning in the form of land-
use planning (e.g. setback zones, retreat) could be an effective measure for reducing future
coastal flood risk on a broad-scale.



5.2 RECOMMENDATIONS FOR FUTURE RESEARCH

The outcome of this thesis highlights that data limitations and uncertainties are one of the
major restrictions in broad-scale coastal flood impact assessments. There are various data
related challenges and possible ways forward in improving broad-scale coastal flood impact
assessments that go beyond the work conducted in this thesis. Some key prioritizing topics
that require further research which targets data related challenges in broad-scale coastal flood
risk assessments are listed in the following seven recommendations:

1. Better science through better data: Increase the availability of open-access,
well-documented data and modelling techniques

Broad-scale coastal flood risk assessments benefit from high-quality, well-documented,
consistent and freely available data and modelling techniques. At the same time, the
availability of such data is one of the major constraints. The provision of thorough and
detailed descriptions of the methodological approaches and underlying assumptions
(metadata) of all published scientific data products and results provide information on how
research was produced and what it contains. Further, metadata enables researchers to
independently verify the data product, incorporate modifications and build upon it. For
this to happen, the research community would need to share the data and code available
in an easy-to-use and open format. There are several reasons why sharing benefits
everyone in the research community:

(1) It forces us to document data work and code well, enabling researchers to replicate
studies faster.

(2) Reproducibility increases trust in scientific work.

(3) We can get scientific credit for the effort we put into the data work. This is often one
of the most time-consuming and less rewarding tasks of research even though it is a
fundamental part of science.

(4) We can make the life of the next researcher much easier, which will advance science
even faster in the long run.

r

The Alan Turing Institute handbook for reproducible data science called ‘The Turing Way
which is an open-source community-driven guide to reproducible, ethical, inclusive and
collaborative data science (The Turing Way Community et al., 2019), could be a way to
support scientists to develop the necessary skills to produce publications including the
underlying data and analysing code to foster this transition.



2. Use of new data sources: Collecting and analysing information on

characteristics of coasts and coastal flood components using crowd-sourced
and citizen science projects could improve coastal flood risk assessments

As described in chapter 1, there is a clear need for consistent and harmonised information
on all components of coastal flood risk (hazard, exposure, vulnerability). New technologies
and approaches, such as crowd-sourced or citizen science projects, could be useful to, for
instance, monitor and keep track of past hazards and their impacts (Ward et al., 2020),
which would provide data for model validation and development. The rapid development
of mobile applications and internet platforms, such as Open Street Maps, has made it
possible to produce and acquire data online. One main appeal of social media, such as
Twitter, for research is that humans effectively act as sensors, providing a high volume of
data at potentially high spatial and temporal resolution, in real time (Muller et al., 2015).
Such high accuracy data could significantly improve our understanding of the temporal
and spatial evolution of all components of coastal flood risks. For instance, Twitter has
been used as an event detection medium for river or coastal flooding (Arthur et al., 2018,
Barker et al., 2019) and for the creation of a global database of historical flood events
including a web platform for real-time monitoring of flood events (de Bruijn et al., 2019).

Another example is the citizen science project Coastwards (www.coastwards.org) which

collects information on coastal material globally. Everyone can contribute to the
development of the global database of coastal types by providing close-up images of
coasts and classifying the image. These data could be used to validate, for instance,
coastal classifications as outlined in Chapter 3.

Research has made use of some of the new technologies mentioned. However, most
opportunities have been explored to a limited extent, but a growing demand can be
expected for these research directions as the provision of extensive, real-time information
with technologies that are of low cost are promising for coastal flood risk assessments,
especially for improving the data availability in data-scarce regions.

. Provide clearer guidance and recommendations for input dataset selections

The research community should foster studies that assist developers and scientists in the
review, selection and implementation of datasets for risk assessments. A good example is
the POPGRID Data Collaborative that created a report, entitled ‘Leaving No One off the
Map: A Guide for Gridded Population Data for Sustainable Development” which aims to
support users by selecting the most suitable gridded population dataset for the intended
use. The report presents an overview, comparison, analysis and recommendation for
seven gridded population datasets including an analysis of the underlying data, methods
and basic assumptions, and the corresponding strengths and limitations of each dataset.
Such reports or reviews address many of the misconceptions around the datasets and


http://www.coastwards.org/

provide guiding criteria to aid users in their selection process. A similar study, for instance,
analysing the underlying methods of global DEMs and validating the DEMs for different
regions around the world would be of high value for coastal impact assessments. It is
important to instruct and educate data users on the underlying assumptions and existing
uncertainties (Leyk et al., 2019).

. Urban extent projections could advance future population modelling and
damage estimations

The research community requires detailed settlement footprints and future projections of
these urban environments to advance future population redistribution modelling and
hence, coastal flood risk estimates. Data on urban land cover is often used as the main
ancillary parameter in population modelling using dasymetric refinement approaches (Leyk
et al., 2020). Hence, spatial urban extent projections provide a unique opportunity to
advance future population modelling. Projections of future population, such as the coastal
SSP of Merkens et al. (2016) and Reimann et al. (2017) currently do not consider urban
expansion, which is a relevant process in coastal areas. Thus, including urban extent
projections into population modelling could further improve future population projections,
which may lead to more plausible estimates of future coastal exposure.

Further, the projected urban extent could strengthen the methodology of damage
estimates. To calculate direct flood damages, depth-damage functions are used for
different land cover data (Vousdoukas et al., 2018b). So far, damages have been assessed
in a static manner in broad-scale coastal flood impact assessments, assuming no land
cover change during the 21st century. Using urban extent projections, damages could be
estimated in a dynamic way from time step to time step.

Future steps in research should focus on the creation of settlement footprints with higher
temporal resolution and the inclusion of demographic variables as well as housing-related
attributes to enable more in-depth insights into human settlements and its population
(Leyk et al., 2020).

. Validation data on past coastal (extreme) events are of high value to
thoroughly assess, calibrate and evaluate model results

Validation of coastal flood assessments is often lacking at all spatial scales (de Moel et al.,
2015, Paprotny et al., 2019). One main reason is the challenging circumstances to collect
these data because of the rare occurrence of coastal extreme events as well as the fact
that obtaining ground observations and information during an actual event is not a
straightforward task. Currently, few examples of data that have been collected



immediately or shortly after specific events exist (e.g. Ramirez et al. (2016), Vousdoukas
et al. (2016)). However, all these data have a limited spatial and temporal coverage and
thus, do not allow to thoroughly calibrate, validate and thus improve the performance of
coastal flood risk assessments to date. Therefore, coastal flood risk assessments are
difficult to advance without the availability of such data. Coastal authorities and scientists
should create coastal observatories or observing networks (Toimil et al., 2020) that collect
data on all components of coastal flood risk during an extreme event in a systematic way
and make these data available to the research community.

. Improvements in the spatial representation of coastal vulnerability would
enhance the quality of coastal flood risk assessments

Vulnerability is a multidimensional phenomenon with complex connections and patterns
(Abram et al., 2019) and SLR impacts and risk are not evenly spread within and between
coastal communities (Oppenheimer et al., 2019). This complexity is geographically and
temporally dependent (Bevacqua et al., 2018) and leads to difficulties in the accurate
spatial representation of vulnerability in broad-scale coastal flood impact assessments. In
broad-scale coastal flood impact assessments, vulnerability is mainly related to physical
assets in the sense of how assets get damaged by extreme sea levels and sea-level rise
(de Moel et al., 2015). However, vulnerability has a much broader meaning as the
population is not uniformly vulnerable to coastal hazards. To determine social vulnerability,
unique and subjective aspects of people’s behaviour, perspective, values, as well as
sociodemographic determinants such as welfare, living conditions, gender, health-care,
age or religion are important. Further, vulnerability is not a static phenomenon as it is
important to determine temporal variations, for instance, between day and night.
However, to obtain such sociodemographic data at a relevant spatial scale is extremely
challenging, especially in developing countries (Bukvic et al., 2020). Therefore, the
representation of social vulnerability is one of the main drawbacks in broad-scale coastal
flood risk assessments to date (Jongman et al., 2012, de Moel et al., 2015). One promising
research direction is the development of heterogeneity modelling to project age-structure,
gender, race and ethnicity of future population (e.g. Hauer (2019) for the U.S counties).

. Systematic uncertainty analyses are of high value to develop robust and useful
broad-scale coastal flood risk information

Understanding and quantifying uncertainty is a fundamental step in providing useful
coastal risk information and improving coastal flood risk assessments. However, the
relative importance of each source of uncertainty in the assessment of coastal flood risk
has rarely been quantified in broad-scale assessments (Le Cozannet et al., 2015). One
approach that could be promising is the variance-based global sensitivity analysis (GSA)



that facilitates identifying which source of uncertainty contributes to which extent to the
output variability (Saltelli and Annoni, 2010). Future research should focus on developing
approaches that enable systematic analysis and objective validations of data products and
methodological choices to further refine and improve the accuracy and utility of broad-
scale coastal flood risk assessments.
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APPENDIX A

Supplementary Figure 2-1: Comparison of the global DIVA and detailed coastline
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Supplementary Table 2-1: Expected nhumber of people flooded annually in Emilia-
Romagna using different datasets and assessment scales in 2015 and 2100

People flooded annually

2015 Low SLR

2100
Medium SLR
SSP2 SSP3 SSP5 SSP2 SSP3 SSP5 SSP2

149,716 137,864 68,198 225,717 157,917 78,118 258,550 220,184

High SLR

SSP3 SSP5

108,920 360,496

LiDAR + GRUMP 155,5220 143,043 70,759 234,194 163,290 80,775 267,344 204,014 100,921 334,019

245,986 223,078 110,352 |365,233|249,931 123,635 409,197 293,381
269,601 244,126 120,765|399,691 272,898 134,998 446,798 312,233

158,866 174,030 86,089 284931 197,267 97,584 322,975259,874

198,752 183,722 90,909 300,878 210,258 104,011 344,240 243,001

145,129 480,335
154,456 511,198

128,544 425,478

120,209 397,849

Supplementary Table 2-2: Expected seaflood cost in Emilia-Romagna using different
datasets and assessment scales in 2015 and 2100.

[year]
Coastline . Datasets
segmentatlon
LiDAR +
High- LandScan
resolution
SRTM+
LandScan
SRTM + GRUMP
LiDAR +
LandScan +
Global SRTM + GRUMP
Seafloodcost

[million US$]

Coastline
segmentation

Datasets

LiDAR +
LandScan

High-resolution

Global

LiDAR +
GRUMP

SRTM+
LandScan

SRTM + GRUMP

LiDAR +
LandScan +
PInSAR

SRTM + GRUMP

Low SLR Medium SLR

High SLR

SSP2 SSP3 SSP5 SSP2 SSP3 SSP5 SSP2 SSP3 SSP5

3,657/11,477 3,866 36,360 14,429 4,860 45,711 23,676 7,976 75,009
3,810/11,939 4,022 37,822 14,986 5,048 47,478 23,495 7,915 74,432
6,224/19,154 6,452 60,680 23,702 7,985 75,089 38,472 11,950 112,377
6,843/21,022, 7,082 66,599 25,975 8,750 82,290 38,417 12,942 121,707
4,026 16,473 5,549 52,189 19,757 6,655 62,291 29,935 10,083 94,835
6,252/ 19,784 6,665 62,677 24,979 8,415 79,136 38,329 12,912 121,428



Supplementary Table 2-3: Potentially flooded area below H100 in Emilia-Romagna using
different datasets and assessment scales in 2015 and 2100.

Potential flood area [km?2]

Coastline
segmentation Datasets
LiDAR
High-resolution SRTM

LiDAR + PSInSAR

Global SRTM

2015

1783
2819
1820

2112

Low SLR
1958
3060
2059

2340

2100

Medium

SLR
2033
3126
2138

2387

High SLR
2260
3309
2353

2520
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APPENDIX B

Supplementary Table 4-1: Country specific absolute urban extent in 2100 per SSP [in

km?2]

I1SO SSP1 SSP2 SSP3 SSP4 SSP5

BIH 1179 1235 1354 1062 1269
HRV 2416 2599 2828 2248 2634
CYp 2077 2338 2369 1900 2399
FRA 52005 50781 33269 42732 71523
GRC 5917 5723 4068 4957 7922
ITA 19970 19549 16146 18128 26190
MLT 177 197 180 154 191
SVN 1293 1210 1011 1156 1783
ESP 17375 17191 12956 15216 25028
TUR 44471 43701 31252 30366 51827

Supplementary Table 4-2: SSP ranging from lowest (left) to the highest (right) urban
extent for all countries in 2100

Lowest | Highest
ISO urban urban
extent extent
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Supplementary Figure 4-1: Country-specific absolute urban extent [in km2] for the five
SSPs in 2100.
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Supplementary Table 4-3: Country-specific absolute urban extent in the Mediterranean E-
LECZ in 2012 and 2100 per SSP [in km2]

I1SO Base year SSP1 SSP2 SSP3 SSP4 SSP5
2012
2100 2100 2100 2100 2100
4.3 7.3 7.6 8.1 6.6 7.8
BIH
224.6 263.6 276.0 290.0 250.7 278.2
HRV
129.1 250.3 269.0 271.3 236.8 273.9
Cyp
2246.9 3780.3 3711.3 2439.8 3192.9 4770.2
FRA
799.1 1219.3 1183.4 836.2 1028.9 1528.1
GRC
3092.8 3968.7 3887.9 3124.1 3615.6 5199.5
ITA
11.7 16.3 19.0 16.4 14.8 17.5
MLT
11.0 12.7 12.5 12.0 12.3 14.1
SVN
1494.7 1990.0 1974.7 1561.3 1796.1 2530.8
ESP
1169.1 2746.9 2722.0 2240.0 2200.5 2968.8

TUR



Supplementary Figure 4-2: Spatial map of Athens showing the CORINE urban 2012 Land
Cover data by the black outline. Colors show the likelihood of the MLP model.
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Supplementary Table 4-4: Best MLP model architecture per country

Country Hidden Hidden Hidden Hidden Activation Under Activation Optimization

layer 1 layer 2 layer 3 layer 4 function for sampling @ function algorithm

the hidden factor output

[Nr of [Nr of [Nr of [Nr of layer layer

neurons] neurons] neurons] neurons]
BIH 400 400 400 200 Relu 10 Sigmoid Adam
CYP 400 400 200 - Relu 10 Sigmoid Adam
ESP 400 400 200 - Relu 8 Sigmoid Adam
FRA 400 400 400 200 Relu 10 Sigmoid Adam
GRC 400 400 200 - Relu 10 Sigmoid Adam
HRV 400 400 400 200 Relu 8 Sigmoid Adam
ITA 400 400 200 - Relu 12 Sigmoid Adam
MLT 200 200 200 100 Relu False Sigmoid Adam
SVN 400 400 200 - Relu 10 Sigmoid Adam

TUR 400 400 400 200 Relu 10 sigmoid Adam



Mutual Information and Entropy

The entropy can be calculated for a random variable Y by the following formula:

H(Y) = - P(y)log,(P(y))

where P(y) is the probability function of the random variable Y, and log2 is the logarithm with
base 2. Entropy is a measure of the uncertainty related to observing, or measuring the value
of Y, which is only known prior to the observation with a certain probability. E.g. in a coin
tossing experiment, we do not know beforehand the outcome (heads or tails), only the
probability (50% if the coin is ‘fair’) that one of the will occur. The binary variable of a pixel in
our study had the values urban or rural. The probability of a pixel being urban (p) (this can be
calculated by counting the urban pixels and dividing by the total nhumber of pixels), then the
probability of a pixel being rural will be 1 — p. The entropy, in this case, is given (as a function

of p) by:
H(p) = —plog,(p) — (1 — p)logy(1 - p)

This function has the following properties: It takes values in the interval [0, 1]. It attains its
maximum H = 1 when the two events are equiprobable i.e. when p = 1/2. This is in agreement
with the intuition that the uncertainty related to a binary random experiment is maximum
when the two events have equal probability. On the other hand, if one of the two possible
outcomes is known to occur with certainty (so actually we are not dealing with a random
experiment), which in probabilistic terms would mean that p= 0 or p = 1, then the entropy is
zero i.e. H = 0, reflecting the fact that there is no uncertainty about the outcome. The
conclusion is that the more random an experiment is, the larger the uncertainty about the
outcome as given by the entropy formula. The mutual information of two random variables X,
Y is given by a similar formula,

where P(x, y) is the joint probability function of the input-output pair X, Y, P(y|x) is the
conditional probability of observing an output y given a particular value X = x of the input and
P(y) is the probability function of the output. To understand what this formula says consider
the two extremes: The output is independent of the input, i.e. the input does not have any
effect on the output. This is expressed in probabilistic terms by P(y|x) = P(y). Then the
argument of the log equals one, and the log equals zero resulting in zero mutual information.
On the contrary, if by observing x it is certain that y will occur, P(y|x) = 1, and the mutual
information equals the entropy of Y.



Supplementary Table 4-5: Mutual information and entropy per input variable and country

ALB BIH CYP ESP FRA GRC HRV ITA MLT SVN TUR
arable00 0.014277 | 0.012878 | 0.036403 0.037891 0.077408 | 0.013689 | 0.02264 0.054726 | 0.296187 | 0.015908 | 0.043129
coast_dis 0.01404 | 0.00627 | 0.016264 0.010478 0.005822 | 0.004376 0.0109 0.01135 | 0.002558 | 0.015318 | 0.003487
forest00 0.020969 | 0.017984 | 0.020705 0.013125 0.059657 | 0.009047 | 0.018050 0.023984 | 0.069373 | 0.032313 | 0.004352
gpw2000 0.064269 0.03221 | 0.131660 0.061214 0.113133 | 0.074354 | 0.062447 0.099742 0.26709 | 0.07474 | 0.03570
grass00 0.020979 | 0.004473 | 0.016082 0.02859 0.007633 | 0.017125 | 0.008980 0.017829 | 0.105417 | 0.003096 | 0.027074
road_dis 0.022924 | 0.014402 0.04032 0.023461 0.060569 | 0.020194 | 0.032097 0.040120 | 0.035114 | 0.02189 | 0.016398
slope 0.021069 | 0.008303 | 0.024429 0.004 0.007552 | 0.012931 | 0.00543 0.02332 | 0.027745 | 0.018113 | 0.006148
srtm 0.024697 | 0.009738 | 0.021264 0.013164 0.013184 | 0.012987 | 0.013068 0.020618 | 0.020331 | 0.017115 | 0.008565
urban00 0.064790 0.06084 | 0.216974 0.063181 0.198527 | 0.084661 | 0.116700 0.178651 0.59792 | 0.11344 | 0.057876
Entropy 0.178141 | 0.116991 | 0.425583 0.163098 0.308511 | 0.188608 | 0.210101 0.298806 | 0.873874 | 0.191646 | 0.128381
Supplementary Table 6: Mutual Information ranging (classification of the same order of
magnitude) to show that all variables seem to be important input variables in modelling future
urban extent
Country | 107-1 10/~-2 10~-3
ALB urban00, arable00, forest00, road_dis, coast_dis, srtm,
gpw2000, grass00, slope
BIH arable00, forest00, gpw2000, road_dis, urban00 coast_dis, grass00,
slope, srtm
CYP urban00, gpw2000 arable00, forest00, road_dis, coast_dis, grass00, slope,
srtm
ESP arable00, forest00, road_dis, coast_dis, grass00, srtm, slope
urban00, gpw2000
FRA urban00, gpw2000 arable00, forest00, road_dis, srtm, coast_dis, grass00,
slope
GRC arable00, road_dis, grass00, srtm, urban00, gpw2000, coast_dis, forest00
slope
HRV urban00 arable00, forest00, road_dis, coast_dis, srtm, gpw2000 | grass00, slope
ITA urban00 arable00, forest00, road_dis, coast_dis, srtm, gpw2000,
grass00, slope
MLT urban00, arable00, forest00, road_dis, srtm, slope coast_dis
gpw2000, grass00
SVN urban00 arable00, forest00, road_dis, coast_dis, srtm, gpw2000, | grass00
slope
TUR urban00, arable00, road_dis, gpw2000, grass00 coast_dis, forest00,
srtm, slope
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