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Executive summary

Europe’s coastal communities are vulnerable to coastal flooding. This vulnerability,
exacerbated by Europe’s aging infrastructure and diverse populations living in coastal areas,
necessitates a comprehensive understanding of vulnerability drivers of coastal communities.
Vulnerability assessments, crucial components of climate services, provide insights into the
pathways from hazard to impact, aiding in informed decision-making for adaptation strategies.
Our report focuses on vulnerability curves and indicators, commonly utilized methods in
assessing vulnerability, aiming to provide a nuanced understanding of vulnerability to coastal
flooding in Europe.

Deliverable 5.3 presents a thorough analysis of vulnerability assessment methodologies,
synthesizing academic and grey literature to identify and define vulnerability drivers. Through
a structured review, we compiled a harmonized database containing fragility and vulnerability
curves, laying the groundwork for well-informed risk assessments. Additionally, our efforts led
to the operationalization of 206 drivers of coastal flood vulnerability, facilitating the
development of a pan-European vulnerability index. While acknowledging the inherent
limitations of vulnerability assessments, our report serves as a valuable resource for
policymakers, researchers, and practitioners engaged in coastal climate risk management.

Looking forward, the insights gained from this deliverable provide a solid foundation for future
research and policy interventions aimed at enhancing the resilience of coastal communities
and that of critical infrastructure systems in particular. By addressing data gaps, refining
methodologies, and integrating local-scale knowledge, stakeholders can better anticipate and
mitigate the impacts of climate extremes on critical infrastructure, fostering a more resilient
and sustainable future for European coastal societies.
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1. Introduction

As highlighted in the most recent European Climate Risk Assessment, coastal communities
and critical infrastructure in Europe are already at threat to climate extremes, and coastal
flooding in particular. This is not only due to sea-level rise, and the increasing frequency and
intensity of climate extremes, but also due to aging and deteriorating Cl assets and systems
(EUCRA, 2024). Vousdoukas et al. (2020) highlight that Europe’s exposed population could
increase from 100,000 citizens per year to up to 1.6 million a year under a more optimistic
climate scenario. Moreover, Christodoulou et al. (2019) and Forzieri et al. (2018), emphasize
the vulnerability of port facilities and critical infrastructure networks to coastal flooding in
Europe and the escalating impacts on these assets towards the future. To develop sound and
robust adaptation strategies, a good understanding of the vulnerability drivers behind these
impacts is essential.

The outcome of a disaster is often described by its damage (e.g., Stolte et al., 2023; van Ginkel
et al., 2021). The level of damage is determined by the total value of the exposed people and
assets (max damage) as well as their vulnerability. Vulnerability is defined by the UNDRR as
“the conditions determined by physical, social, economic and environmental factors or
processes which increase the susceptibility of an individual, a community, assets or systems
to the impacts of hazards” (OIEWG, 2016). Spatiotemporal variations in vulnerability causes
differences in the impact between and within societies (e.g. Meijer et al., 2023; Cutter et al.,
2003). It is therefore important to account for vulnerability in disaster risk assessments, either
quantitatively or qualitatively.

Generally, a distinction is made between physical and social vulnerability (de Ruiter et al.,
2017). Physical vulnerability relates to the characteristics of physical objects, like buildings,
(critical) infrastructures and vegetation (De Ruiter et al., 2017; Stolte et al., 2024). It is often
quantified with vulnerability curves, also called depth-damage curves or intensity-damage
curves, which link the intensity of a hazard (i.e. depth of flooding for coastal floods) to the
damage caused by that hazard (Meyer et al., 2013). Social vulnerability is about the often-
non-visible characteristics of the exposed people, like age, socioeconomic status and access
to healthcare. It is often assessed with the help of vulnerability indicators and indexes, which
score several vulnerability characteristics to provide an estimate of the overall social
vulnerability level (e.g., Meijer et al., 2023; Tapia et al., 2017; Cutter et al., 2003). Although
there are other, less-frequently-used, forms of vulnerability assessments like vulnerability
matrices (Menoni et al., 2012) or system dynamics models (Joakim et al., 2016), we will focus
here on vulnerability curves and indicators/indexes as the most-commonly-applied methods.

Vulnerability assessments are an indispensable part of climate services which have a goal of
informing its users about risk and improving their decision making on adaptation (Gerlak and
Greene, 2019), as in CoCliCo. These assessments inform the climate-service user about the
pathways from hazard to impact and the physical and social characteristics that determine the
level of impact. Since climate services are demand-driven tools, users should be allowed to
incorporate local-scale knowledge into the service (Findlater et al., 2021). The applicability of
vulnerability in a climate service therefore depends on how well it can represent the local
vulnerability situation in the region of interest. On the other side, we also want the service to
be broadly — European wide — applicable. This tension between broad or deep information is
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a common one in climate-service development (Buontempo et al., 2018). Vulnerability curves
and indicators serve well for transferable climate services and could also provide sufficient
local-scale context when they are evidence based.

The remainder of this report will provide an extensive overview of (a) fragility and vulnerability
curves, based on a systematic literature review of grey (i.e., reports) and academic literature
(chapter 2), and (b) vulnerability indicators, based on a comprehensive review of vulnerability
drivers, linked to available supranational (urban) datasets (chapter 3). The presented fragility
and vulnerability curves provide the basis for the coastal flood risk assessment as performed
in CoCliCo’s Work Package 6. The collection of vulnerability indicators will allow us to generate
a pan-European (social) vulnerability index that can be used to identify the most vulnerable
communities along the European coastline, which may not always be necessarily represented
by the monetary outcomes of standard natural hazard risk assessments.

This project has received funding from the European Union’s Horizon 2020
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2. Physical vulnerability curves

2.1. Physical vulnerability database for critical infrastructure

The level of physical vulnerability of critical infrastructure to natural hazards plays a pivotal
role in understanding, evaluating, and minimizing risks arising from such hazards affecting our
critical infrastructure. A common approach to account for the vulnerability of assets in risk
assessments that estimate the potential direct damage is by using fragility and vulnerability
curves. Vulnerability curves relate given levels of a hazard intensity measure to the potential
physical damage of an asset, either in absolute values (e.g., 0 — 165 euros) or in relative
numbers (e.g., 0 — 100% damage). These curves are widely used within the flood community
for their risk assessments, whereby the flood inundation level is commonly used as the hazard
intensity measure; these curves are therefore also known as depth-damage or stage-damage
curves. Fragility curves, however, define the relationship between the probability of exceeding
a particular damage state (or performance state) of an asset and a hazard intensity measure.
A damage state (e.g., slight, complete) describes the level of damage to an element in a
qualitative and descriptive way. For example, a power plant may enter the ‘extensive’ damage
state if there is considerable damage observed to motor-driven pumps.

While the vulnerability is a key determinant of risk, researchers encounter challenges that
impede the selection and utilization of available fragility and vulnerability curves for critical
infrastructure. Firstly, vulnerability information is distributed across literature (e.g., scientific
articles, user and technical manuals) instead of being accessible in a centralized dataset.
Secondly, curves are not readily available for analysis as often only visualizations are
presented. Thirdly, curves are too often presented in an incomplete way. For example, missing
functions or parameters to reconstruct the presented curve, or even missing axes when
visualizations are presented. The United Nations' Sendai Framework for Disaster Risk
Reduction emphasizes the necessity for efforts to mitigate vulnerabilities and advocates for
the promotion of freely available and accessible vulnerability information to facilitate effective
risk management (UNDRR, 2015)

Recently, a harmonized freely accessible database that contains fragility and vulnerability
curves for critical infrastructure has been developed to advance the disaster risk community
to perform risk assessments that are supported by well-informed decisions based on the
status-quo of vulnerability literature. Nirandjan et al. (2024) conducted a systematic literature
review of both academic and grey literature to derive an overview of available infrastructure
fragility and vulnerability curves for a selection of hazard types, namely, flooding, earthquakes,
windstorms, and landslides. The publicly available database contains over 1,510 curves that
can directly be used as input for risk assessment studies. Besides the collection of the curves,
Nirandjan et al. (2024) also collected hazard (e.g., intensity measure), exposure (e.g., detailed
description of asset), and vulnerability characteristics for each curve (e.g., derivation
methodology) to aid the understanding of the underlying assumptions, which may help users
to better evaluate the reliability, accuracy, and overall quality of the curves. Moreover, the
database also contains cost estimates for critical infrastructure retrieved from the reviewed
literature. These cost values can be used in combination with the curves for risk studies
focussing on direct physical damages to infrastructure. In the remainder of this chapter, we
specifically discuss the flood curves and the associated cost estimates that are available within
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the database, which is accessible via the following Zenodo repository:
https://zenodo.org/doi/10.5281/zenodo.10203845.

2.2. Coverage across critical infrastructure types

The database presents 117 unique flood curves for seven overarching critical infrastructure
systems: energy, transportation, telecommunication water, waste, health, and education. The
coverage of these curves across critical infrastructure systems varies widely. More than half
of the database comprises curves for the transportation system (31.3%) and water system
(25.3%), while only a limited number of curves exist for the telecommunication system (2.2%).

In the current body of literature, predominantly vulnerability curves are available for which
generally expert judgement and/or empirical data is used for the development of the (often
more generalized) curves. Conversely, analytical approaches with a strong focus on object-
based physical attributes of an asset are commonly applied for the development of fragility
curves. Additionally, it is worth noting that flood inundation is used as the hazard intensity
measure for 87% of the curves, while other hazard intensities such as flow velocity remain
understudied despite of their significant contribution to flood damage. Furthermore, the
vulnerability curves are predominantly retrieved from technical reports for flood risk modelling,
especially from those for the Netherlands and for the United States (US). Specifically for the
US, the Federal Emergency Management Agency (FEMA) developed extensive technical
manuals to assess hazard risks from flooding, earthquakes, tsunamis and hurricanes. The
2013 flood manual (FEMA, 2013) contributes with 46.5% to the total number of curves within
the database.

We briefly explain the fragility and vulnerability curves as well as the cost estimates (reference
year of 2020) that are compiled by Nirandjan et al. (2024) in the following sections per critical
infrastructure system. We also present visualizations of these curves. Please note that the
curves can be identified by the unique identifier numbers (e.g., F1.1), which are used to
specifically refer to curves throughout the systematic review of Nirandjan et al. (2024) as well
as in the publicly available database.

Vulnerability curves for plants and substations were developed by FEMA (2013), thereby
considering a range of construction designs considering the capacity of energy generation.
They categorize small, medium and large power plants, which are characterized by a power
generation of <100 MW, 100-500 MW, and >500 MW (FEMA, 2021). For the development of
the damage functions, the depth of flooding within a power plant is compared to the height of
critical components within the given power plant. Here, the general assumption is that electrical
switch gear is located at a height of 0.91 m above ground level. Specifically for small power
plants, they also assume that support facilities are damaged on ground level, and that control
and generation facilities are damaged when flood water depths are reaching higher levels. The
curve for the damage functions for the three categories of power plants are identical. For
substations, they include substations with a of functionality transmission (138-765 kV) and sub-
transmission (34.5-161 kV, which are further categorized as small (low voltage: 34.5-150 kV),
medium (medium voltage: 150-350 kV), and large (high voltage: >350 kV) substations. Here,
the general assumption is that electrical switch gear is located at a height of 0.91 m above
ground level, damage to the control room starts at the onset of the flood and is maximized
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when reaching a water level of 2.13 m, and that electrical components (e.g. cabling,
transformers, and switchgear) are damaged as well. Similar to the power plant curves,
vulnerability curves for the three categories of substations are identical. For risk assessments
the vulnerability functions are used in combination with replacement costs which ranges
between 194-974 million euros and 11-55 million euros for power plants and substations,
respectively, depending on the capacity.

Furthermore, Miyamoto International (MI, 2019) presents generalized vulnerability curves for
a wide range of infrastructure types for application at the global scale, which are predominantly
based on adaptation of curves presented in existing literature such as FEMA (2013) using
expert judgement. They assume that wind turbines globally are not vulnerable to flooding. Also,
Vanneuville et al. (2006), and Meyer and Messner (2005) developed vulnerability curves for
wind farms in Belgium and Germany, respectively. The former presents a maximum damage
value of 705,000 euros. MI (2019) also provides an expert-judgement based curve for coal,
gas, or oil-based thermal plants. FEMA (2013) provides curves for the transmission and
distribution circuit (T&D). A generalized curve for the energy system within the Netherlands is
provided by Kok et al. (2005) based on a limited amount of damage data and expert judgement.
No curves were found for power towers and poles. The vulnerability curves for the various
energy assets and the generalized curve for the energy system are shown in Figure 1.
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Figure. 1. An overview of flood vulnerability curves for energy, both at asset-level and system-
level. The ID number (e.g., F1.1) aligns with the numbering of the curves as presented in
Nirandjan et al. (2024).

The database consists of 16 vulnerability curves and nine fragility curves for roads, eight
vulnerability curves and three fragility curves for railways and three vulnerability curves for
airports. For use in raster-based models, Huizinga et al. (2017) provides generalized
vulnerability curves for application to the road and railway network in Europe, Asia and at the
global scale. The data shows a great variety from which the final curve was constructed; with
a max damage value ranging from 0 to 65 €/m? that is reached at a water level ranging from
0.5 to 6 m, and a spectrum from smooth incremental curves to curves with one single jump
from 0 to 100% of maximum damage. This variety shows that the final smooth exponential
curve towards 24 €/m? at 6 m water depth hides large variability. An empirical verification by
Jongman et al. (2012) confirms this variability, showing that curves well predict damage for
one case in Carlisle (United Kingdom), but are very far off for another case in Eilenburg
(Germany). We refer to Huizinga et al. (2017) for a complete overview of maximum damages
per country.

Van Ginkel et al. (2021) made an object-based translation of these vulnerability data for the
European road network, thereby considering specific characteristics for different types of roads
(e.g., typical road widths, street lightening). Compared to Huizinga et al. (2017), the first
differentiation is that the maximum damage costs are tailored to six different road types in
OpenStreetMap (OSM) while correcting for the number of lanes. A second differentiation in
the shape of the curve assumes that motorways and trunk roads are located on 1-m high
embankments and the other roads on surface level. For motorways and trunks, a third
differentiation is made between ‘sophisticated’ vs. ‘simple’ designs, referring to the presence
of expensive and vulnerable road accessories such as electronic signalling. A fourth
differentiation for all road types is between an upper and lower limit of flow velocities that can
reasonably be expected for large-scale river flooding; aiming at use in depth-damage flood
models while at the same time acknowledging that flow velocity is at least as important as
water depth (Koks et al., 2022; Kreibich et al., 2009). Surprisingly, Van Ginkel et al. (2021) find
that an object-translation of the Huizinga et al. (2017) curves result in only slightly lower values,
well within the 50% uncertainty interval of the new curves. However, Van Ginkel et al. (2021)
also show that with the new curves, much more damage is attributed to motorways and trunks,
and much less damage to the other road types. An important limitation of the Van Ginkel et al.
(2021) curves is that damage to bridges is completely ignored, whereas empirical research
suggests that this can be a major source of damage (Jongman et al., 2012; Koks et al., 2022).
The upper- and lower construction costs for motorways, trunk roads, primary roads, secondary
roads and other roads in Europe are provided by Van Ginkel et al. (2021). For instance, the
construction costs for motorways with 2x2 lanes vary from 3,470 to 34,701 euro/m, depending
on the country.
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Figure 2. An overview of flood vulnerability curves for roads. The ID number (e.g., F1.1) aligns
with the numbering of the curves as presented in Nirandjan et al. (2024).

Kok et al. (2005), Vanneuville et al. (2006) and de Bruijn et al (2015) provide a general road,
railway and airport curve for application at national scale. Kok et al. (2005) assumes a slowly
increasing slope for their curve, reaching a damage of 100% only at an inundation level of 5
m. This function is also used for road and railway risk assessments in Belgium (Vanneuville et
al., 2006). The improved version of the aforementioned method is the SSM2015 and contains
among others updated damage functions and damage data and are set out in de Bruijn et al.
(2015). The updated version of the function assumes a lower vulnerability for water depths
under the 25 cm, an increasing vulnerability thereafter due to electric accessories being
damaged, followed by a less steeper slope of the curve as additional water is not expected to
result in significant additional damage (de Bruijn et al., 2015).

The reconstruction costs for national trunk roads, motorways and other roads in the
Netherlands are estimated to be approximately 1,434, 969 and 267 euro/m, respectively. For
Belgium, the costs range between the 297 and 7,423 euro/m for roads. The costs for double-
tracked railways in the Netherlands is estimated to be 24,883 euro/m, whereas this value is
24,560 euro/m for high-speed railways in Belgium. Also, for Belgium, cost values are based
on the number of tracks and whether it is electrified. For single-tracked non-electrified railways,
the replacement costs are estimated to be 491 euro/m, whereas it can increase up to 7,368
euro/m for multiple-tracked electrified railways. The construction costs for electrified and non-
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electrified railways in the Netherlands ranges between the 1,335 and 5,344 euro/m. Airports
are systems that are composed of multiple elements; the area is covered by (high-value)
structural assets such as (un)paved runways, control towers, terminal buildings, aprons, fuel
facilities, and maintenance and hanger facilities, but also by low-value elements such as
grassland (e.g., in-between runways). For flood risk modelling in Belgium, Vanneuville et al.
(2006) distinguishes between an airport area covered by (1) structural elements and (2)
without buildings or other significant elements, and provide a maximum damage of 100
euro/m2 and 0 euro/m2 to these categories, respectively. For in the Netherlands, Kok et al.
(2005) provide a cost value of 108-129 euro/m2 and de Bruijn et al (2015) a cost value of 114
euro/m2.

Furthermore, the ICPR (2001) propose a generalized road curve for trans-boundary Rhine
countries which were constructed using empirical damage data from Germany and expert
judgement. The vulnerability curves for roads and airports are presented in Figure 2 and 3,
respectively.
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Figure 3. An overview of flood vulnerability curves for airports. The ID number (e.g., F1.1)
aligns with the numbering of the curves as presented in Nirandjan et al. (2024).

McKenna et al. (2021) developed fragility and vulnerability curves for granular highway
embankments through an analytical approach (Figure 4). For their numerical simulations, they
expose a highway embankments flood, leading to raised groundwater levels due to moisture
ingress, followed by scour hole development at the toe of the embankment slope. The Water
Intensity Measure (WIM) is used as an intensity measure to describe the proportion of the
embankment height that would be considered saturated if exposed to moisture ingress due to
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flooding. Higher levels of vulnerability and damages are expected with increasing moisture
ingress and scour depths.
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Figure 4. Fragility curves for granular symmetrical highway embankment with a height of 10
m, a crest width of 10 m, including two traffic lanes of 3.5 m each exposed to moisture ingress
(F7.14) and the combined effect of moisture ingress and scour (F7.15) due to flood. The ID
number (e.g., F1.1) aligns with the numbering of the curves as presented in Nirandjan et al.
(2024).
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Figure 5. Vulnerability curves for granular symmetrical highway embankment with a height of
10 m, a crest width of 10 m, including two traffic lanes of 3.5 m each exposed to moisture
ingress (F7.14) and the combined effect of moisture ingress and scour (F7.15) due to flood.
The ID number (e.g., F1.1) aligns with the numbering of the curves as presented in Nirandjan
et al. (2024).

Kellermann et al. (2015) propose a staircase threshold-wise vulnerability of Austrian railways
based on the March River flooding of 2006, whereby photographic documentation of flood
damage to a double-tracked Austrian Northern Railway line is used to identify three stages of
damage. The railways are assumed to be a standard double-tracked railway cross-section that
consists of the following elements: substructure, superstructure, catenary and signals. The first
damage class relates to the substructure of the railway that is (partly) impounded by water, but
results in only a little damage. The second damage class assumes that the substructure and
superstructure of a track segment is completely flooded, which is expected to result in damage
to at least the substructure. The final class assumes damage to the superstructure, catenary
and/or signals, and that complete restoration is needed for the standard cross-section of the
affected track segment. The damage states are linked to damage estimates by correlating
hydraulic impacts and damage stages, identifying impact parameters and determining
associated thresholds. The derived monetary values for each damage class are used as input
for the RAilway Infrastructure Loss (RAIL) model that estimates the direct damages (including
repair and cleaning costs) to railway infrastructure due to flooding with low flow velocities
(Bubeck et al., 2019; Kellermann et al., 2016, 2015). The maximum damage that can be used
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in combination with this vulnerability curve equals 6,897 euro/m. The vulnerability curves for
railways are presented in Figure 6.
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Figure 6. An overview of flood vulnerability curves for railways. The ID number (e.g., F1.1)
aligns with the numbering of the curves as presented in Nirandjan et al. (2024).

Overtopping due to flooding is a common mechanism that causes damages to railway, which
initially starts with scouring of the ballast, which subsequently progresses to scouring of the
embankment upon which the rail tracks are built. Using damage records for unelectrified single-
track railways of two flood events in Japan, Tsubaki et al. (2016) developed fragility curves for
ballast scour damage, embankment fill scour damage and a combination of both damage
conditions (Figure 7).
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Figure 7. Fragility curves for single track and non-electrified for three damage conditions. The
ID number (e.g., F1.1) aligns with the numbering of the curves as presented in Nirandjan et al.
(2024).

Only two vulnerability curves for telecommunication assets are found in the current body of
literature. Vanneuville et al. (2006) provide a curve for communication towers in Belgium in
combination with a cost estimate of 59,202 euro per unit, and Kok et al. (2005) for the overall
telecommunication system within dikes areas in the Netherlands. The latter damage function
allows for application to high-frequency flooded areas (i.e., return period of higher than 25
years) by adjusting the maximum damage: the maximum damage can be reduced by 25% for
risk assessments in these areas as the flood risk is taken account of during the construction
phase. The vulnerability curves for telecommunication are presented in Figure 8.

FEMA (2013) formulated a classification for the telecommunication system. This classification
includes a range of communication lines and telecom facilities, and determined repair costs
for communication lines and replacement costs for the telecom facilities. Fragility curves for
these elements, however, will be developed as part of a new technical report on flood risk
assessments. Nevertheless, a qualitative measure of the vulnerability of these telecom assets
for three measures of flood severity is provided. Switching stations and access vaults are
highly vulnerable to inundation, while buried transmission/distribution lines at river crossings
are highly vulnerable to scour and erosion processes. A none to medium vulnerability due to
debris impact/hydraulic pressure processes is assigned to telecom infrastructure.
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Figure 8. An overview of flood vulnerability curves for telecommunication, both at asset-level
and system-level. The ID number (e.g., F1.1) aligns with the numbering of the curves as
presented in Nirandjan et al. (2024).

FEMA (2013) provides multiple vulnerability curves for various waste assets. Three damage
functions were constructed for three categories of wastewater treatment plant according to
capacity: lower than 189 million L/d (i.e., small WWTP), 189-757 million L/d (i.e., medium
WWTP), and more than 757 million L/d (i.e., large WWTP). However, the form of the damage
function is similar for the three categories of wastewater treatment plants, whereby is assumed
that cleanup, repair of small motors, buried conduits and transformers is required from the
onset of the flooding. Cleanup and major repair of electrical equipment is required when the
flood inundation level exceeds 0.91 m. In addition to these damage functions, damage
functions are developed for wastewater treatment plants that have a higher and lower
vulnerability. The replacement costs of wastewater treatment plants is estimated to be 124
million euro per unit (FEMA, 2013).

Also, vulnerability curves are provided for sewers and interceptors, control vaults and lift
stations. The replacement costs for lift stations are dependent on the capacity of the asset.
The replacement costs are 265,818 euro per unit for small pumping plants that have a capacity
below 38 million L/day, whereas it is 930,364 euro per unit for medium and large pumping
plants that have a capacity between 38-189 L/day and above 189 L/day, respectively.
Furthermore, Kok et al. (2005) provides a vulnerability curve for wastewater treatment plants
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within diked areas in the Netherlands. The average cost estimate for wastewater treatment
plants is estimated to be 10 million euro per unit, with a wide range starting from 197,874 to
495 million euro per unit. The vulnerability curves for waste assets are presented in Figure 9.
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Figure 9. An overview of flood vulnerability curves for waste assets. The ID number (e.qg.,
F1.1) aligns with the numbering of the curves as presented in Nirandjan et al. (2024).

2.2.5. Water

FEMA (2013) developed ten vulnerability curves for water treatment plants with various
construction designs considering the capacity and whether it is closed or pressurized water
treatment plant. Water treatment plants with a capacity of 38-189 million L/day are categorized
as small water treatment plants, water treatment plants with a capacity of 189-757 million L/day
are categorized as medium water treatment plants, and water treatment plants with a capacity
above 757 million L/day are categorized as large water treatment plants (FEMA, 2013). In
addition, the building design is taken into account as well, hereby differentiating between
designs that are open and closed, and whether they are pressurized. In general, the damage
functions for open water treatment plants follow the same curve, and the ones developed for
closed and pressurized water treatment plants as well. Here, the damage functions developed
for open water treatment plants assume a higher vulnerability compared to the closed and
pressurized water treatment plants. Moreover, additional curves are developed for open water
treatment plants, and closed and pressurized water treatment plants that represent a less than
average damage and a more than average damage. The replacement costs for small, medium
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and large water treatment plants are 26 million, 89 million and 319 million euro per unit,
respectively.

FEMA (2013) also presents five vulnerability curves for water storage tanks with varying
elevation levels (i.e., at ground level, elevated, or below ground level) and construction
materials (i.e., wood, steel, or concrete). The replacement costs vary widely: approximately 1
million euro for concrete water storage tanks at ground level, 709,000 euro for steel water
storage tanks at ground level, 27,000 euro for wooden storage tanks at ground level, 709,000
euro for elevated water storage tanks and 1 million euro for water storage tanks below ground
level. In addition, vulnerability curves are also developed for pumping plants, control vaults
and control stations. For pumping plants, the replacement costs vary depending on the
capacity: small pumping plants with a capacity below 38 million L/day have a replacement cost
of 132,909 euro per unit, whereas medium and large pumping plants with a capacity above 38
million L/day have a replacement cost of 465,182 euro per unit. The estimated replacement
cost for control vaults and control stations equals 44,303 euro. Kok et al. (2005) provides a
vulnerability curve for pumping plants with a capacity of 518 L/d in the Netherlands that are in
areas with a return period lower than 25 years. For a pumping plant with a capacity of 518
L/day the cost estimate ranges from 49,469 euro per unit to 18 million euro per unit, with an
average value of 739,257 euro per unit. Lastly, FEMA (2013) also presents a vulnerability
curve for water wells that have a replacement cost of 354,424 euro per unit. The vulnerability
curves for water assets are presented in Figure 10 and Figure 11.
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Figure 10. An overview of flood vulnerability curves for water storage tanks and water
treatment plants (WTPs). The ID number (e.qg., F1.1) aligns with the numbering of the curves
as presented in Nirandjan et al. (2024).
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Figure 11. An overview of flood vulnerability curves for wells, pipelines, pumping plants and
control vaults and stations. The ID number (e.g., F1.1) aligns with the numbering of the curves
as presented in Nirandjan et al. (2024).

2.2.6. Education and health

A number of 13 vulnerability curves for education and health facilities are found in the literature.
Huizinga et al. (2017) developed continent-specific and global vulnerability data for commercial
buildings, which include schools and hospitals as well. In addition, standard deviations are
given for the functions that can be applied to Central- and South America, Asia and Oceania,
which are useful to set bandwidths for uncertainty analysis. Maximum damages are computed
for all countries using regression techniques, and also a world average is presented. In addition
to this, maximum damages are provided for building-based risk assessments, land-use based,
and object-based, for which we refer to Huizinga et al. (2017).

Kok et al. (2005) presents a generalized vulnerability curve for companies in low-frequency
flooded areas and can also be applied to school buildings, whereas de Bruijn et al. (2015)
propose one generalized vulnerability curve for educational and health facilities. Vanneuville
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et al. (2006) presents a generalized damage function for buildings that also includes school
buildings, and another one for health facilities that are assumed to have a higher vulnerability
compared to educational facilities. The maximum damages as presented by de Bruijn et al.
(2015) are 983 euro/m? for education facilities and 1,953 euro/m? for health facilities in the
Netherlands. Following Vanneuville et al. (2006), a maximum damage of 1,135 euro/m?applies
for both hospitals and schools in Belgium. Djordjevi¢ (2014) developed a damage function for
schools in the city of Taipei, Taiwan, using the available literature in combination with field
surveys and expert judgement. The maximum damage for school buildings in Taiwan is
estimated to be 267 euro/m?. The same methodology is applied to develop damage functions
representing school and health facilities in the municipality of Chéatelaillon-Plage located at the
Atlantic coast of France (Batica et al., 2018). Here, health facilities are assumed to be more
vulnerable to floods compared to education facilities, with the maximum damage of 518
euro/m? and 69 euro/m?, respectively, being reached at a water depth of 3 m. The vulnerability
curves for water education and health facilities are presented in Figure 12.
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Figure 12. An overview of flood vulnerability curves for health and education facilities. The ID
number (e.g., F1.1) aligns with the numbering of the curves as presented in Nirandjan et al.
(2024).
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2.3. Vulnerability of buildings

Nirandjan et al. (2024) reviewed fragility and vulnerability curves for a specified set of critical
infrastructure, including health and educational facilities. Nonetheless, fragility and
vulnerability curves are also available for the general building inventory which have been
subject of previous research attention, especially within the earthquake domain. There is a
limited number of existing open-access databases that focus on structural damages to types
of (residential) buildings. For example, the earthquake risk assessment initiatives Global
Earthquake Model (GEM) and the Comprehensive Approach to Probabilistic Risk Assessment
(CAPRA) platform support an extensive database containing functions for a range of building
types (Cardona et al., 2012; Yepes-Estrada et al., 2016).

FEMA (2013) provides damage functions for the general building stock and essential facilities.
The general building stock covers five model types which are categorized as wood, steel,
concrete, masonry, and mobile homes, which can be further categorized under number of
stories and heights. The essential facilities include hospitals (with varying capacities), medical
clinics (e.g., clinics, labs, and blood banks), schools (i.e., primary/secondary schools), and
colleges/universities (i.e., Community and State colleges, State and Private Universities).
Depth-damage functions are provided separately for buildings and contents. The damage to
essential facilities can be estimated through default depth-damage functions, which assume a
default building type (i.e., brick for schools, concrete for the other facilities), age (i.e., median),
and other characteristics (e.g., first floor elevation, building height, and basement). The default
depth-damage function can be adjusted to create a specific curve for the building or facility
under consideration. These damage functions, however, are only accessible via the HAZUS
software, and are thus not included in the database compiled by Nirandjan et al. (2024). For
detailed information on this, we refer to the technical flood manual issues by FEMA (2013).

3. Physical & Social vulnerability indicators

3.1. Vulnerability drivers and indicators

Vulnerability indicators are powerful tools to display spatiotemporal variations in vulnerability
and to convey this to policy makers or other stakeholders (Abson et al., 2012). Indicators are
commonly used in both physical (Papathoma-Kéhle, 2016) and social (Fekete,
2019)vulnerability assessments. They require relatively little data compared to alternatives —
like vulnerability matrices (e.g., Menoni et al., 2012) or system dynamics models (e.g., Joakim
et al., 2016; Zarghami and Dumrak, 2021)

Yet there are also several drawbacks to the use indicators that we need to address. Indicators
strongly simplify the complex reality of all that is vulnerability. This is amplified when the
indicators are processed into one index, which obscures the underlying vulnerability
relationships described by the indicators (Abson et al., 2012; Rufat, 2013; Tapia et al., 2017).
Statistical tools like Principal Component Analysis (Abson et al., 2012; Meijer et al., 2023) or
fuzzy logic (Araya-Munoz et al., 2017) can help in this regard by pointing out the most

22

This project has received funding from the European Union’s Horizon 2020
research and innovation programme under grant agreement No. 101003598




influential indicators. Yet, this makes it a data-driven assessment rather than an evidence-
based one. In fact, around 85% of vulnerability assessments lack a clear theoretical
underpinning (Kuhlicke et al., 2023). Even if there is empirical evidence or a clear theory, one
should be aware that empirical evidence of one location is not always transferable to another;
the same indicators could have different meanings for different places (Spielman et al., 2020).

Reimann et al. (2024) have tackled some of these issues by creating a gridded global social
vulnerability index (GlobE-SoVI), where the importance of each indicator is tested against
empirical impact data. Nevertheless, the indicator selection is still largely driven by data
availability and provide only a general feel of what makes people vulnerable. For instance,
‘education’ or ‘age’ are two indicators that lack details about underlying dynamics that could
play a role. Although this works arguable well for a global-level comparison of vulnerability, it
lacks the level of detail needed for regional to local scale assessments. We could ask
questions like “are all elderly more vulnerable, or only those without social support?”, or “What
do people with more years of schooling do differently to prepare themselves to a disaster?” A
European coastal social vulnerability index for instance would require a collection of local
scale data with sufficient empirical evidence to base the indicators on.

We try to tackle this challenge of lacking (empirical) evidence in vulnerability assessments in
a two-step process, using (1) evidence-based vulnerability drivers and (2) corresponding
vulnerability indicators (Figure 13). We define a vulnerability driver as “a feature that could
alter the vulnerability of an urban’ area to a natural hazard” (Stolte et al., 2024). Note that this
is different from a vulnerability indicator, which we view as a measure to operationalize
vulnerability (Stolte et al., 2024; Hinkel, 2011). An indicator is thus the operationalization of a
driver. For example, whether a business has a coastal flooding disaster plan in place or not
partly determines or drives its vulnerability to coastal floods. A corresponding indicator could
be: the number of businesses within a city which have a coastal flooding disaster plan in place.

For the drivers, we use \VVulneraCity (Stolte et al., 2023), the most comprehensive open-source
overview of vulnerability drivers in an urban context for six different hazards, among which
coastal floods. It contains 360 unique drivers on coastal floods — based on peer-reviewed
scientific literature — of which one third is empirically derived. Most of the drivers are about
how coastal floods are governed as well as the economic situation in a city. Health and
demographic-related drivers appear to be less important for this hazard (Stolte et al., 2024).

We operationalized the coastal flood vulnerability drivers by developing a range of possible
vulnerability indicators. To structure this process, we made use of VulneraCity's three-part
classification system. Within VulneraCity, Vulnerability dimensions (either physical or social)
are the tier with the least amount of detail about the drivers; vulnerability subdimensions
provide slightly more detail (11 categories); and vulnerability classes are the tier with the most
details (100+ categories). Each dimension contains a set of subdimensions which in turn hold
several classes. Each class contains a set of drivers within a similar theme, for instance the
class poverty contains drivers on citizen income and affordability of housing, and the class
dunes/beaches is on the height of dunes and the presence of beach nourishment among

" Although we specifically focus on urban areas here, this definition also applies to rural, peri-urban or
any other part of the rural — urban continuum.
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others. We developed a set of indicators per unique combination of hazard, subdimension and
class.

The indicators were developed by a group of scholars with demonstrable expertise on
vulnerability (De Moel et al., 2015; De Ruiter and Van Loon, 2022; Fekete, 2019; Koks et al.,
2023; Reimann et al., 2024; Stolte et al., 2024; Tiggeloven et al., 2020; Ward et al., 2020).
Each hazard in VulneraCity was covered by three of the expert vulnerability scholars, again
based on their past work (for coastal floods, see for instance Stolte et al., 2024; Koks et al.,
2022; Tiggeloven et al., 2020). For each combination of hazard, subdimension and class, a
maximum of six indicators per vulnerability expert was allowed, to keep the number of
indicators comprehensible: three of them being direct indicators for a driver, and three being
proxy indicators. The difference is that direct indicators “are based on data that are directly
representative for the vulnerability drivers that are being described” (Stolte et al, in prep.) like
in the coastal floods disaster plan example above, whereas proxy indicators “are based on
data that are used as a substitute for something that you actually want to measure but for
which you don't have direct indicators” (Stolte et al., in prep.) like GDP can be a proxy for
adaptive capacity. In total, this practice resulted in a set of 540 unique indicators for coastal
flooding.

We further summarized the set of indicators, again for reasons of comprehensibility, by finding
common themes between the indicators. This led to a set of 71 aggregate indicators,
representing 360 of the 540 unique indicators. We then tried to match these indicators with
available supranational-scale urban data (i.e., including data on cities from more than one
country). For this, we reviewed over 200 supranational-scale datasets. Datasets were
collected by looking through own collections and overviews, next to those of Lindersson et al.,
(2020), Robin and Acuto (2018) and Ramos and Uitermark (2021). We also performed,
snowballing, and focussed internet searches for data that we could not find in the other
sources. We tried looking for a systematic approach, but Bahlo and Dahlhaus (2021) show
that this is only possible for strongly demarcated research topics and scale. We therefore
acknowledge that our review is only semi-systematic, though based on existing overviews of
well-known datasets. Data were found for 36 of the 71 aggregate indicators. Additionally, we
found eight European (sub)national alternatives for indicators for which we did not find urban-
scale data.

In the remaining subsections of this chapter, we will briefly describe some of the most
prominent drivers of coastal flood vulnerability (4.2) and subsequently what can be done to
operationalize these drivers with the currently available data (4.3).
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Figure 13. Flowchart describing the pathway from drivers to indicators. “HSC”-combination
stands for a combination of Hazard, Subdimension, and Class. Adopted from: Stolte et al. (in

prep.).
3.2. What drives coastal flood vulnerability?

3.2.1. Physical vulnerability

Analysing the drivers from VulneraCity helps us to understand the mechanics that make
people in coastal cities vulnerable to coastal floods. Specifically for critical infrastructure, there
are 36 drivers of vulnerability in the database, with two main classes of vulnerability: (1)
Hazard Protection, which relates among others to hard protection measures like dikes (Lasage
et al., 2014; Pinto et al., 2018) or breakwaters (Spiteri and Gauci, 2022), or inland measures
like waterproofing utility conduits (Wilson, 2020) or floating pathways (Dal Cin et al., 2021);

25

This project has received funding from the European Union’s Horizon 2020
research and innovation programme under grant agreement No. 101003598



and (2) Transport/Traffic, which deals with the condition of bridges (Qu et al., 2021), ports
(Becker et al., 2015), and (evacuation) roads (Fang et al., 2021) for instance. Next to critical
infrastructure, there are 74 physical vulnerability drivers for coastal floods, related to general
urban assets (mostly associated to drivers about non-critical-infrastructure building use and
building material) and the non-human physical environment (e.g., vegetation, beaches and
wetlands). We highlight a few examples in the following paragraph.

Alongside major flood protection structures near the coast, flood protection of buildings is a
good way to prevent minor floods from entering homes and businesses. Viable options for this
are elevating entrances with stepping stones, raising the ground floor of a building, deployable
flood protection barriers, or building amphibian/floating buildings (Dal Cin et al., 2021; Frick-
Trzebitzky, 2017; Gandini et al., 2020; Lasage et al., 2014; Mycoo, 2014; Spiteri and Gauci,
2022; Wilson, 2020). Flood damage can also be mitigated via architectural choices.
Basements or ground floor openings in shops are vulnerable spots in that matter (Gandini et
al., 2020). Similarly, intense ground floor usage of buildings can also make them vulnerable
to floods; shops and power generators are are less likely to be damaged on the first floor than
at the ground floor (Allen et al., 2019). Next to purely anthropogenic measures, flood defences
can also come in the form of natural solutions. Vulnerability-lowering options are, among
others, salt marshes, barrier islands, dunes, wetland (restoration), and afforestation of
foreshores (Gargiulo et al., 2020; Irish et al., 2010; Jonkman et al., 2013; Pinto et al., 2018;
van Zelst et al., 2021). This also means that urban development in environmentally-sensitive
areas should be contemplated well, as overcrowding such landscapes can lead to lowered
protection levels for the city as a whole (Bukvic et al., 2018).

For more information on physical vulnerability drivers of coastal flooding, we refer to our article:
Stolte et al., (2024).

VulneraCity provides 251 unique indicators on the social vulnerability dimension in an urban
context. These are most prominently within the governance, institutional and economic sub-
dimensions. Good coastal-flood governance requires close collaboration within the whole
coastal region (Chandra and Gaganis, 2016) between governmental institutions, public/private
stakeholders, decision makers, engineers and other types of researchers (Spiteri and Gauci,
2022; Allen et al.,, 2019; Chandra and Gaganis, 2016; Colenbrander and Bavinck, 2017;
Jeffers, 2014; Mycoo, 2014). Other important governance drivers are about inclusion of
coastal flood risk into urban development planning (Chandra and Gaganis, 2016; de Koning
et al., 2019), preferably including future coastal flood or climate change scenarios (Eakin et
al., 2021; Jeuken et al., 2015; Wannewitz and Garschagen, 2021).

We found several economic sectors that are either disproportionally impacted by coastal flood
or that have disruptive effects on society when hit by a coastal flood event: tourism, coastal
restaurants, customer-serving retail, resource extraction industry, fishermen, and farmers
(Chandra and Gaganis, 2016; Frick-Trzebitzky, 2017; Meltzer et al., 2021; Mycoo, 2014;
Spiteri and Gauci, 2022; Tanir et al., 2021). A city becomes more vulnerable when its economy
depends on one or more of these sectors. On the other hand, some sectors actually benefit
from coastal flood events, for instance manufacturing and construction firms, which provide
materials needed to rebuild any damaged urban assets (Meltzer et al., 2021).
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For more information on social vulnerability drivers of coastal flooding, we refer to our article:
Stolte et al., (2024)

3.3. Evidence-based indicators of coastal flood vulnerability

In this section, we will present the evidence-based indicators of coastal flood vulnerability,
based on the methods described in Section 4.1. We start off with some summary statistics for
all indicators (4.3.1). Next, we describe available and missing data per subdimension from
VulneraCity in 4.3.2 (physical vulnerability) and 4.3.3 (social vulnerability). We also use the
VulneraCity classes to further describe the data. The classes are denoted in italics and with a
Title Case, like Transport/Traffic.

We operationalised our 360 vulnerability drivers from VulneraCity into 540 unique indicators.
Note that some drivers share the same indicators, especially in the case of proxy indicators.
For each driver, at least one direct or proxy indicator was developed. The 540 indicators were
further summarized into 71 aggregate indicators, covering all 11 subdimensions. We then
found data from 25 different sources to cover 36 of the 71 aggregated indicators. The 36
covered aggregate indicators trace back to 208 out of the 360 drivers. All the data variables
are covering at least some European cities, and 24 of them even have some data for multiple
moments in time (temporal dynamics; Figure 14). Altogether this means that we can potentially
operationalise 208 drivers of coastal flood vulnerability in a European vulnerability
assessment, given the available data.

We should note that the aggregate indicators do not cover all the drivers from VulneraCity.
Data may thus exist for the omitted drivers, which is why we only discuss the drivers that are
connected to the aggregate indicators in the remainder of this Section. Nevertheless, most
vulnerability subdimensions, like General Urban Assets, Health and Environmental, are well
covered by both the aggregate indicators and the data (Figure 15). Demographic and
Economic stand out for being the least covered subdimensions. For some indicators, we
suggest alternative (sub)national data sources if there is no city-level data available.
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Figure 14. Summary statistics of our evidence-based indicator collection.

We could cover 11 (partially-) physical aggregate vulnerability indicators with the reviewed
data. Most of them (6/11) are covered by data from the City Water Optimizer, the City Water
Map, OSM or CISI. The remainder of this section goes into more details on what type of data
these sources provide. We discuss this per subdimension in decreasing order of their
prevalence in VulneraCity.

General Urban Assets

For General Urban Assets, we see good coverage for virtually all classes that are connected
to the aggregate indicators (Figure 15). The City Water Optimiser has data on the presence
of risk reduction strategies, which indicates that there is some kind of measure implemented
to reduce coastal flood risk, but it does not tell us what the exact measure is. Other data
variables were a closer fit to the original indicators and drivers, like “Built up surface area”
(data variable) is a good fit for “Coverage [area] OR share [percentage] of the built-up area”
(original indicator) as a proxy for “Permeable surfaces” (driver). We also found data on
Transport/Traffic from Eurostat, OSM and the Global Roads Inventory Project. These entail
proxy data for the accessibility to main roads (the proxy being “road networks”) and direct
indicators for the number of transportation vehicles available. For water source types, we
mainly found information on how many households are connected to piped water networks,
but we lack information on the alternatives that households use like rain or private wells. We
also lack any data for Building Use, even though this was a prominent class in VulneraCity
(see Section 4.2.1). Data on building conservation status and the attractiveness of protected
areas were also absent on the supranational scale.

Table 1. Indicators and their data sources and related vulnerability classes for the sub-
dimension General Urban Assets.
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Indicator

Data source
(variables)

Related vulnerability classes

Presence [Y/N] OR
number of
implemented or
planned risk reducing
measures

City Water Optimizer
(Presence of a risk
reduction strategy;
Presence of
implemented land use
plans with
environmental
protection and zoning)

o Detention/Retention

e Electricity

e Hazard Protection

e Other

e Transport/Traffic

e Urban Development

e Building Characteristics

Number of
transportation
options/vehicles per
capita

Eurostat (Number of
registered private cars)

e Transport/Traffic

Composition of water
sources (per
household) by type
(e.g., wells, piped, rain)

City Water Optimizer
(Percentage of
households with
access to piped water
supply; Percentage of
non-residential
buildings with access
to piped water supply;
Share of reclaimed
water networks in the
city's water system);
The City Water Map
v2.2 (Type of water
sources)

o Water Supply

Share of people that
can enter a main road
within Xmin (similar to
rural accessibility
index, RAI)
[percentage]

Global Roads
Inventory Project
(Road network); OSM
(Physical objects from
OSM)

e Transport/Traffic
e Urban Form

Coverage [area] OR
share [percentage] of
impervious area

The Global Human
Settlement Layer (Built
up surface area; Long-
term built-up land
projections)

e Runoff/Infiltration
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https://ghsl.jrc.ec.europa.eu/

Critical Infrastructure

Critical Infrastructure sees a good coverage in Hazard Protection from Deliverable 6.1 (the
collection of coastal protection standards in Europe) and the City Water Optimiser, but with
the same limiting generalisation as mentioned for General Urban Assets. We hardly found any
data for Transport/Traffic drivers — barring critical infrastructure density from CISI — even
though this came forward as one of the most prominent classes of vulnerability drivers to
coastal floods in VulneraCity (see Section 4.2.1). There is sufficient data to map critical
infrastructure in the flood zone, (if it is combined with flood hazard maps, like from the Coastal
Flood Map Catalogue; Dottori et al., 2017, Vousdoukas et al., 2016), but no data to support
an analysis of the flood protection level/coverage of critical infrastructure. Similar to General
Urban Assets, for which we found no building conservation status information, we did not find
data on the status nor the age of roads and bridges. Data on electrical power outages were
not found but could potentially be derived from Nighttime Light datasets with some post-
processing (Hultquist et al., 2015; Montoya-Rincon et al., 2022). Furthermore, we did not find
any information on drainage-(un)clogging practices as well, but we did find direct and proxy
indicators for the presence of a centralized waste management system — which could
potentially be linked to unclogging activities again.

Table 2. Indicators and their data sources and related vulnerability classes for the sub-
dimension Critical Infrastructure.

Indicator Data source | Related vulnerability classes
(variables)

Presence [Y/N] OR City Water Optimizer o Preparedness

number of (Presence of a risk e Hazard Protection

implemented or reduction strategy;

planned risk reducing Presence of

measures implemented land use
plans with

environmental
protection and zoning)

Share of critical CISI (Critical e Education

infrastructure in the infrastructure's spatial e Medical Capacity/Equipment
flood zone intensity) e Transport/Traffic
[percentage] e Waste Disposal

Presence [Y/N] OR City Water Optimizer e Drainage

coverage [area] of a (Percentage of e Waste Disposal

centralized waste- households connected

management/collection | to a sewerage system;

system Presence of a

decentralised water
treatment system);
The City Water Map
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https://www.nature.com/articles/s41597-022-01218-4
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v2.2 (Level of
wastewater treatment)

Protection level [return Hazard Protection

periods]

FLOPROS (Flood .
protection level
(coastal and riverine))

Environmental

Environmentally-powered risk-reduction measures can be mapped with the City Water
Optimiser. As we saw before, these provide little detail on the exact protective ecosystems in
place. Land cover maps like ESA WorldCover, Global Land Cover Share Database, Land
Cover CCI could give a bit more detail on the sub-city level on what types of ecosystems,
dunes and vegetation are available, but they do not directly link to their protective traits, which
is why we did not make this link in our overview. The high-density point clouds from the
Subsidence in Coastal Cities dataset do provide sub-city details and can be used to compare
subsidence rates within and across cities. Furthermore, CISI and OSM provide proxy
indicators for the presence of chemical substances in ports, as they can show the density of
chemical businesses there. With this, most of the drivers from Environmental linked to the
aggregate indicators are covered by data, even though we did not find data for most of the
aggregate indicators. This is possible as many aggregate indicators link back to the same
driver(s), but via different indicators as we developed multiple indicators per driver. We only
appear to miss data on the “number of buildings OR coverage [area] of development in
environmentally sensitive areas”, which trace back to the drivers ‘Land reclamation’ and
‘Building in environmentally sensitive or fragile areas’.

Table 3. Indicators and their data sources and related vulnerability classes for the sub-
dimension Environmental.

Indicator

Data source (variables)

Related vulnerability classes

Presence [Y/N] OR

City Water Optimizer

number of implemented | (Presence of a risk * Detentlon/Ret'enuon
or planned risk reducing | reduction strategy; e Flood Protective
measures Presence of implemented Ecosystems
land use plans with * Dunes/Beaches
environmental protection ° Ha;ard Protection
and zoning) e Soil
o Vegetation
o Water

Presence [Y/N] of
subsidence OR average
subsidence rate in the
city

Subsidence in coastal
cities (Land subsidence
rate)

Subsidence/Depressions
Soil
Water
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Number OR share CISI (Businesses' spatial e Pollution
[percentage] of chemical | intensity); OSM (Physical
industries/businesses in | objects from OSM)
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Figure 15. Bar chart that shows the number of drivers per vulnerability subdimension in
VulneraCity, as well as the share of drivers that are connected to the aggregate vulnerability
indicators and the ones that we found data for.
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Social

We could cover 26 unique (partially-)social aggregate vulnerability indicators with the reviewed
data. Most of them (18/26) are covered by data from Eurostat, the City Water Optimiser or
CDP Cities. The remainder of this section goes into more details on what type of data these
sources provide. We discuss this per subdimension in decreasing order of their prevalence in
VulneraCity.

Governance

Two important classes in Governance are Collaboration, for which there are hardly data
available, and Planning for which there are relatively much data. Interestingly, we did not find
data for the Institutional Planning drivers. Governance Planning data come from the City Water
Optimiser, ESA WorldCover and Land Cover CCI. The latter two provide proxies of the change
in wetlands coverage via temporally dynamic land cover maps. The different maps from the
ESA WorldCover are derived from different sources though and one should be careful when
comparing them. As discussed for the physical subdimensions, the City Water Optimizer does
not provide any details on the type of flood protection measures, which is unfortunate for the
physical subdimensions, but which provides just the right amount of information for
Governance. For collaboration, the CDP Cities database provides descriptions of
citizen/stakeholder engagement in coastal flood risk adaptation projects. Note that this does
not necessarily provide us with the complete picture of stakeholder engagement in a city, as
potentially not all the coastal flood risk adaptation projects of a city are in the database.
Furthermore, we found perceptions of corruption in public administration coming from
questionnaires conducted by Eurostat. We did not find data for the type of government in a
city, which is a proxy for many governance drivers, like disaster justice, the ability to attract
external financial aid, political stability, and clientelism. We also could not find any information
on the returns of multi-purpose investments nor about the presence of official post-disaster
guidance.

Table 4. Indicators and their data sources and related vulnerability classes for the sub-
dimension Governance.

Indicator Data source Related vulnerability classes
(variables)
Level of corruption Eurostat (Level of e Legal Procedures
[score OR index] corruption in public e Politics
administration) e Willingness To Take Action
Presence [Y/N] OR City Water Optimizer o Other Policies
number of (Presence of a risk e Planning
implemented or reduction strategy; o Politics
planned risk reducing Presence of e Resource Allocation
measures implemented land use e Risk Management
plans with e Urban Development
e Willingness To Take Action
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https://ec.europa.eu/eurostat/web/main/data/database
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environmental
protection and zoning)

Presence [Y/N] OR
number of policies or
planning documents to
reduce coastal flood
risk

City Water Optimizer
(Presence of climate
change-induced water
risks in adaptation
planning documents;
Presence of a risk
reduction strategy;
Presence of a risk map
for the hazards
threatening the city;
Presence of water-
risks related early
warning system(s);
Presence of
implemented land use
plans with
environmental
protection and zoning;
Presence of policies
on the protection of
critical aquatic habitats
& ecosystems)

Other

Other Policies
Planning

Public Support

Risk Management
Urban Development

Number OR share
[percentage] of
stakeholders involved
in coastal flooding
management projects

CDP Cities database
(Number and type of
stakeholders engaged
in adaptation)

Collaboration
Empowerment

Presence of citizen

CDP Cities database

Collaboration

involvement in coastal | (Number and type of Empowerment
flooding management stakeholders engaged Incentives
[Y/N] in adaptation) Perception
Coverage [area] of ESA WorldCover Planning

wetlands that are
converted to built-up
area or vice versa

(Land cover);

Land Cover CCI (Land
cover)

Urban Development
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Institutional

There is some overlap between Governance and Institutional indicators, since they are closely
linked concepts. Most overlapping indicators are covered by data, barring “type of
government” (which was also not covered for Governance). Most of the data for this
subdimension links back to Institutional Preparedness. The CDP Cities database provides
numbers on the public spending on coastal flood protection measures. Combined with a city's
GDP, we can estimate how much of their budget they spend on hazard protection. Note that
this does not necessarily provide us with the complete picture of stakeholder engagement in
a city, as potentially not all the coastal flood risk adaptation projects of a city are in the
database. Most other finance-related indicators are lacking data though. We did not find any
information on taxes in cities, so we could not compare the level of wealth vs the height of
taxes. One could resort to the national-scale GDP-to-tax ratio from Eurostat as an alternative
though. Furthermore, there was no data on external (financial) support to cities nor was there
anything on the height of environmental-law violation fines. Lastly for Institutional, we miss
data on how many coastal flood related personnel is available in resilience building institutes.

Table 5. Indicators and their data sources and related vulnerability classes for the sub-
dimension Institutional. Greyed-out rows indicate that there are non-urban scale data available
for an indicator.

Indicator Data source Related vulnerability classes
(variables)

Presence [Y/N]OR | City Water e Gathering/Conveying Information

number of Optimizer e Ignorance

implemented or (Presence of a risk e Incentives

planned risk reduction strategy; e Perception

reducing measures | Presence of o Preparedness

implemented land
use plans with
environmental
protection and
zoning)

¢ Role Clarity
e Urban Development

Level of corruption
[score OR index]

Eurostat (Level of
corruption in public
administration)

Hazard Protection
Incentives
Perception
Resource Allocation
Role Clarity

Trust

Presence [Y/N] OR
number of policies or
planning documents
to reduce coastal
flood risk

City Water
Optimizer
(Presence of
climate change-
induced water risks
in adaptation

Education

Gathering/Conveying Information
Incentives

Institutional Capabilities
Insurance/Security
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planning e Preparedness
documents; e Public Support
Presence of a risk
reduction strategy;
Presence of a risk
map for the hazards
threatening the city;
Presence of water-
risks related early
warning system(s);
Presence of
implemented land
use plans with
environmental
protection and
zoning; Presence of
policies on the
protection of critical
aquatic habitats &

ecosystems)
Public spending on CDP Citles ¢ Knowledge/Expertise
database (Costs of g
coastal flooding adaptation rojects): e Other
management ' GIokF))aI I\/IetrF; ) ’ e Preparedness
[percentage of city's Monitor (GDP in e Risk Management
GDP] PPP; GDP per e Willingness To Take Action
capita);
Metropolis (GDP
per capita)
Economic

Although there are many different sources with economic data (Global Metro Monitor, Gridded
global datasets for Gross Domestic Product and Human Development Index, OECD stats /
City Statistics, and Eurostat), they link mostly back to drivers on Occupation and Economic
Profiles of cities. We also found GDP data and data on past spendings on coastal flood
adaptation, which serve as proxies for Resource Allocation (both), Investments/Savings (past
spendings), and Business Characteristics (GDP) to name a few classes. There are data on
both the composition of the population and the GDP produced per economic sector. This is
not made spatially explicit on the sub-city scale, so we cannot say how much of the city's
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economy is located in the flood zone. However, one could take land cover (e.g., from Corine)
and a flood map (e.g., the Coastal Flood Map Catalogue; Dottori et al., 2017; Vousdoukas et
al., 2016) to estimate the share of industry in the flood zone. A lack of housing prices data
makes that we cannot compare prices in and outside the flood zone. It would also be good to
have data on how many people are insured against coastal floods, to indicate how well the
recovery process in the post-disaster phase would be. Lastly, the dependency of the city on
external resources is again difficult to monitor (as with Governance and Institutional) as we do
not have data on the city (or its citizens’) remittances.

Table 6. Indicators and their data sources and related vulnerability classes for the sub-
dimension Economic.

Indicator Data source Related vulnerability classes
(variables)

Composition of Eurostat e Economic Profile

population by (Distribution of the e Occupation

economic sector population per

economic sector)

City's GDP W e Business Characteristics
[timeseries] (Emmymen ¢ o Occupation
change); e Poverty

Gridded global e Resource Allocation

datasets for Gross
Domestic Product
and Human
Development Index
(GDP PPP);

OECD stats / City
Statistics (GDP per
capita)

CDP Cities

Past spendings on
coastal flooding
adaptation
[monetary amount
per year]

database (Costs of
adaptation projects)

Investments/Savings
Perception
Preparedness
Resource Allocation

Composition of the
city's income by
economic sector

Eurostat (Gross
value added at
basic prices per
economic sector)

Economic Profile
External Support
Occupation
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Awareness & Information

This subdimension has data for six out of nine aggregate indicators. Coastal flood frequency
is well covered with four different data sources. Many other indicators are covered by the City
Water Optimiser again, with several variables on collaboration between water-related
stakeholders. The public perception survey from Eurostat provides information on the level of
trust in the government. For Governance and Institutional, the level of corruption was also
based on this survey, but for corruption one could argue that there are other metrics to
measure it more directly, whereas the level of trust in the government is actually directly
measured by this type of survey. This is a good example where the same type of data is more
applicable to one vulnerability indicator or subdimension than another. We lack information on
how many people have access to centralized knowledge databases on coastal flood risk and
how many people receive risk information in the first place, but technically each citizen of
European cities should have access to the Copernicus Emergency Management information
in case of a disaster. Furthermore, there was no data on social polarization, which can be
used to indicate the level of trust that people put in risk information distributed via official
channels.

Table 7. Indicators and their data sources and related vulnerability classes for the sub-
dimension Awareness & Information. Greyed-out rows indicate that there are non-urban scale
data available for an indicator.

Indicator Data source Related vulnerability classes
(variables)
Global Active :
Frequency of coastal X o Experience
: Archive of Large .
flooding [number of o Perception
occurrences over the Flood Events e Awareness
Frequency of
past X years] Eloooﬂng); Y e Gathering/Conveying Information
The Global Flood
Database
(Frequency of
flooding);

The Global Flood
Monitor (Frequency
of flooding);

EM-DAT
(Frequency of
flooding)

Presence [Y/N] OR City Water

Optimizer * Experlgnce : ,
reach [number of (Presence of water- e Gathering/Conveying Information

eople that receive =
gans risks related early ° I;)/Ionltongg
[ o reparedness
warnings/forecasts] | arning system(s))
of a flood

38

This project has received funding from the European Union’s Horizon 2020
research and innovation programme under grant agreement No. 101003598



https://floodobservatory.colorado.edu/Archives/index.html
https://floodobservatory.colorado.edu/Archives/index.html
https://floodobservatory.colorado.edu/Archives/index.html
https://global-flood-database.cloudtostreet.ai/#interactive-map
https://global-flood-database.cloudtostreet.ai/#interactive-map
http://www.globalfloodmonitor.org/
http://www.globalfloodmonitor.org/
https://public.emdat.be/
https://impact.economist.com/sustainability/project/water-optimisation/calculator-app/index.html?city=Los+Angeles
https://impact.economist.com/sustainability/project/water-optimisation/calculator-app/index.html?city=Los+Angeles

forecast/Early
Warning System

Eurostat (Level of

Level of trust in the _ _ Other

government [score trust in public Trust

OR index] administration)

Presence [Y/N] OR glttir\w/q\i/:;?r Planning

number of e i

imol ted (Presence of a risk Experlgnce _ _
'Tp emden' ek or reduction strategy: Gathering/Conveying Information
planned ris ’

reducing measures

Presence of
implemented land
use plans with
environmental
protection and
zoning)

Level of institutional
or stakeholder
engagement [score
OR index]

City Water
Optimizer
(Collaboration & co-
ordination; Level of
collaboration
between water-
related agencies;
Level of
collaboration
between upstream
and downstream
stakeholders;
Presence of
collaboration
between sectors on
water use and
reuse)

Collaboration
Gathering/Conveying Information

Copernicus
Emergency

Management
Service
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Cultural & Behaviour

This subdimension lacks data for about half of the drivers that are connected to the aggregate
indicators, even though we found data for most of the aggregate indicators. The indicators for
which we have no data contain many individual drivers, especially for the aggregate indicators
“‘Number OR share [percentage] of people with access to (un)official social support” and “Type
of society [e.g., individualism vs collectivism; cultural mode; religious mode]”. There is
national-scale data on social contacts from Eurostat though. Furthermore, Eurostat's public
perception survey could provide some insights in these type of indicators with data on people's
perception on the helpfulness of public administration services. As with the physical
vulnerability subdimensions, the presence of implemented/planned risk reducing measures
are only telling part of the story, as there is no information on specific risk reducing behaviour,
like preparing emergency supplies or digging floodwater diversion channels. We did find some
information on physical objects that tell us something about people's behaviour though. OSM
provides location of cultural heritage sites and, when combined with permanent water body
data, can also tell us something about how many citizens live close to water. Lastly for this
subdimension, the GINI index gives an estimation on the composition of wealth by
households.

Table 8. Indicators and their data sources and related vulnerability classes for the sub-
dimension Cultural & Behaviour. Greyed-out rows indicate that there are non-urban scale data
available for an indicator.

Indicator Data source Related vulnerability classes
(variables)

Presence [Y/N] OR City Water o Adaptive Behavior

number of Optimizer e Drainage

implemented or (Presence of a risk e Hazard Protection

planned risk reduction strategy; e Mobility

reducing measures | Presence of e Other

implemented land
use plans with
environmental
protection and
zoning)

o Preparedness
e Incentives
e Perception

Number OR share Clobal 3-second e Health Affecting Behaviour

[percentage] of VI\:/)ater BOd\; I\/Iatp
people living close to (Permanent water

water (specifically boilest; Sdgaso.nal
the sea and water bodies);

terbodi ;
weterbodies) Water Bodies
Collection 300m, v.
1 (Permanent water
bodies; Seasonal
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water bodies);
Global Surface
Water (Permanent
water bodies;
Seasonal water
bodies)

Number OR
coverage [area] of
cultural heritage
buildings or sites

OSM (Physical
objects from OSM)

Hazard Protection
Religion

City Prosperity

Composition of i
POSHH Index (Gini Drainage
wealth by —Coeff'c'ent) Poverty
households Icl
Eurostat

Demographic

This is one of the smaller subdimensions for coastal flood and it also has a low data coverage.
Yet, we covered all indicators but two with data. The lack of data on (ethnic) minorities is the
main reason for the relatively low coverage. This links back to drivers as “Linguistic barrier”,
“‘Minority groups”, and “Race”, relating to the second-class status that most minorities
experience. Eurostat has some national-scale data on the composition of the population by
country of birth though, but we should beware that the situation in a specific city could be very
different from the country’s average. Eurostat also provides some city-level data covering for
the composition of the population by educational direction, tenants VS homeowners, share of
citizens with access to quality housing, and the level of corruption. Furthermore, CISI and
OSM could be used to find out the density of grocery stores which is important to indicate the
availability of food stores in the neighbourhood.

Table 9. Indicators and their data sources and related vulnerability classes for the sub-
dimension Demographic. Greyed-out rows indicate that there are non-urban scale data
available for an indicator.
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Indicator Data source Related vulnerability classes
(variables)
Composition of Eurostat (Education o Education
population by distribution (over the
educational direction | working age
(e.g., theoretical, population)
practical, with or
without graduate
degree)
Number of tenants Eurostat (Number of e Homeowners/Tennants
vs homeowners households owning
[ratio] their dwelling;
Number of
households in social
housing; Number of
households in
private rented
housing)
Number OR density @_(Bplldlng_s' e Food
of grocery stores spat_lal intensity; )
Businesses' spatial
intensity);
OSM (Physical
objects from OSM)
Number OR share Eurostat (Number of o Poverty

[percentage] of the
population with
access to quality
housing

dwellings without
basic amenities)

Level of corruption
[score OR index]

Eurostat (Level of
corruption in public
administration)

Public Support

Eurostat
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Health

Almost all Health-related drivers are covered by the data, even though we only have data for
four out of eight aggregate indicators. Many drivers overlap with the different indicators. For
instance the driver “compromised health” can be measured with the indicators “Composition
of population by age”, “Level of healthcare [score OR index]”, and “Share of the population
with access to healthcare [percentage]’. Nevertheless, we lack specific information on how
many people have access to medication/healthcare, how many are chronically ill, and how
affordable healthcare is, although this information is available on a (sub)national scale. The
indicators for which we do have data are on a more generalised level: level of healthcare,
composition of the population by age (indicating how many physically-vulnerable people there
are), and number or share of chemical industries in the flood zone (indicating how much
dangerous chemicals there are in danger of flowing into residential areas during a flood).

Table 10. Indicators and their data sources and related vulnerability classes for the sub-
dimension Health. Greyed-out rows indicate that there are non-urban scale data available for
an indicator.

Indicator Data source Related vulnerability classes
(variables)

Number of City Water e Sanitation

households x days Optimizer (Level of e Water Supply

for which there is no | water service e Water Treatment

clean water continuity)

Level of healthcare Eurostat (Self- e Compromised Health

[score OR index] perceived e Health Affecting Behaviour
healthcare quality) e Medical Capacity/Equipment

e Other

e Sanitation

Composition of Eurostat e Compromised Health
population by age (Distribution of the
population in age

groups)
Number OR share CISI (Businesses' e Contamination
[percentage] of spatial intensity)

chemical
industries/businesses
in the flood zone
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Crime & Conflict

This is the smallest subdimension with only one driver attached to it: Law enforcement. This
one is covered to some extent by the presence of implemented or risk reducing measures. It
is a proxy for law enforcement, as it is likely that the authorities want to enforce measures
when they are implemented on a large scale to ensure that their investments are not lost.
Some more concrete, yet national-scale, data on law enforcement is also available via
Eurostat.

Table 11. Indicators and their data sources and related vulnerability classes for the sub-
dimension Crime & Conflict. Greyed-out rows indicate that there are non-urban scale data
available for an indicator.

Indicator Data source Related vulnerability classes
(variables)

Presence [Y/N] OR | City Water ¢ Regulation

number of Optimizer

implemented or (Presence of a risk

planned risk reduction strategy;

reducing measures Presence of
implemented land
use plans with
environmental
protection and
zoning)
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3.4. From indicators to index: common methods

Collecting evidence-based indicators is only one piece of the vulnerability puzzle. Before
deriving an index from them, several choices need to be made regarding further indicator
selection (i.e., relevance for the target audience and testing for multicollinearity),
standardisation and weighting of indicators, and type of index among others. The most
common methods to derive an index are deductive, inductive, vulnerability profiling, and
hierarchical vulnerability assessments, each of which we will briefly discuss here.

The inductive approach starts by collecting all possibly relevant vulnerability indicators (usually
at least twenty indicators; for instance based on our overview), after which they use statistical
analysis, mostly done by Principal Component Analysis (PCA), to determine which indicators
are uncorrelated and explain most of the variance in the data (Tate, 2012; Yoon, 2012) These
are then all combined into a single index or number. The deductive approach, on the other
hand, uses a relatively small (~10) set of indicators that are pre-selected based on literature
and expert judgement, instead of statistical analysis like in the inductive approach (Tate, 2012;
Yoon, 2012). Vulnerability profiling starts similar to the inductive approach, with statistically
reducing a large set of indicators. It then requires a classification of several vulnerability
(sub)dimensions (like Stolte et al. (2024) did in VulneraCity) for which one dominant indicator
is selected per class. The relative vulnerability of each class is assessed by analysing their
spatial patterns (Rufat, 2013). Lastly, hierarchical models are like deductive approaches in
that they require a preselection of indicators, but also like vulnerability profiling in that they
distribute them into subgroups of vulnerability (Savelberg et al., in review). Each method has
benefits and drawbacks. For instance, the inductive approach is useful for data rich regions
for which there is not much known about the context of the area or if the area is large
(continental scale), because it is mainly data driven. When more context is available, the
inductive approach may become less useful and the deductive or hierarchical models become
interesting options, as there may be sufficient context to inform which indicators to use.
Vulnerability profiling becomes useful when the end user wants to have information on relative
vulnerability per class and less in what the overall vulnerability of a place is (which is arguably
also impossible to derive as we discussed in Section 4.1). We should note that the choice of
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method is of influence to the final results, as shown in Savelberg et al. (in review). Spatial
patterns could completely shift between two methods, which is why it is important to always
think about your target audience and the type of vulnerability (for/of whom/what) you want to
assess.

Previous research has shown that it is possible to create a (social) vulnerability index on
European scale. Here, we discuss two examples and the methods that they used. Reimann
et al. (2024) produced a global social vulnerability index (GlobE-SoVI) via an inductive
approach. They built a regression model with a stepwise approach in which different
combinations of indicators were iteratively tested to find the best model fit. The independent
variable are flood fatalities. The indicators that were in the best model fit were selected for the
GlobE-SoVI. This is a simple sum of each indicator times their weight. The weights were
determined by the indicator’s regression coefficients. They find that globally the most
important drivers of vulnerability are education levels, the gender-income gap, and for Western
Europe also the share of elderly. However, as they mention themselves, “we are not able to
establish exact causality in our analysis. Therefore, these variables may be proxies for a
variety of other characteristics such as the quality of infrastructure, early warning systems, or
the strength of local institutions”. It would therefore be interesting to repeat the method on a
smaller geographical scale with the more detailed indicators from Stolte et al. (in prep.).

0 1 2 3 4 5 6 7 8 9 10

Figure 17. Vulnerability index based on the work of Reimann et al. (2024). Figure adopted
from Reimann et al. (2024)

Tapia et al. (2017) perform an urban vulnerability analysis on 571 European cities. They apply
another inductive approach, but this time the selection of indicators is done via PCA instead
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of the regression technique from Reimann et al. (2024). Contrary to GlobE-SoVI, Tapia et al.
(2017) develop the model for specific hazards, among which coastal floods. They emphasize
that their results need to be interpreted as relative vulnerability and that there is no benchmark
to compare the absolute vulnerability to. The results show that cities at the Atlantic coast,
western Mediterranean and the Baltic are relatively more vulnerable than on the lItalian
Peninsula, the UK and Scandinavia. They attribute this partially to the difference in adaptive
capacity (among others operationalized with the level of city committed to fight against climate
change) and level of awareness (among others operationalised with Google search counts on
coastal floods). Most of their data comes from Eurostat and is more specific than that from
Reimann et al. (2024).
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Figure 18. Vulnerability index for European coastal cities, based on the work of Tapia et al.
(2017). Red squares = higher vulnerability (> quantile 0.75); Red triangles = medium to higher
vulnerability (Median to quantile 0.75); Green diamonds = medium to lower vulnerability
(quantile 0.25 to Median); Green circles = lower vulnerability (< quantile 0.25) Figure adopted
from Tapia et al. (2017).
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4. Discussion

First of all, it is important to note that vulnerability is a latent variable: a non-directly-observable
inherent characteristic of a person or object. It can therefore never be explicitly assessed in
its entirety, but instead it needs to be estimated indirectly using above-mentioned methods
(Spielman et al., 2020). As a result, the choices that are made surrounding the input data and
methods can strongly influence the results (Spielman et al., 2020; Tapia et al., 2017), which
emphasises the importance of understanding the context in a vulnerability assessment
(Spielman et al., 2020; Rufat et al., 2015; Hinkel, 2011). Both vulnerability curves as well as
indicators/indexes therefore show only a part of the overall vulnerability, whilst simplifying it in
the process (Tapia et al., 2017; Abson et al., 2012; Rufat, 2013).

Ideally, one would include different types of vulnerability dynamics in their assessments (de
Ruiter & van Loon, 2022). Most vulnerability assessments are a snapshot in time, not
accounting for temporal dynamics or evolving vulnerability, whereas — especially in cities —
vulnerability is a highly volatile phenomenon. This mostly has to do with data limitations, as it
is difficult to find comparable timeseries of data across cities. Nonetheless, several data
variables in our overview allow for a temporally dynamic vulnerability assessment.
Management (Eriksen et al., 2021; Schipper, 2020) and directional dynamics (Stolte et al.,
2024) are other forms of vulnerability dynamics, which describe the non-linear or non-
monotonic relationship between a vulnerability driver and the impact of a hazard. For instance,
retired elderly that live inside a well-cooled home are probably less vulnerable to heat than
young people working outside in the scorching sun (bi-direction vulnerability; Stolte et al.,
2024), yet elderly are usually dubbed the most vulnerable population to heatwaves (Bambrick
et al., 2011; Bradford et al., 2015; Huang et al., 2022). New methods have to be developed to
also take into account these type of dynamics, for instance by combining indicators like age
and retirement policy and validating them against heatwave impact data.
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5. Conclusion

In Deliverable 5.3 of the CoCliCo project, we presented a detailed analysis of vulnerability
assessments methods for coastal flooding, focusing on the impact of coastal flooding on
European coastal communities, and the physical vulnerability of critical infrastructure systems
in particular. To do so, we integrated academic and grey literature to develop a thorough
understanding of flood vulnerability. Through a structured review, we identified and defined
drivers of vulnerability to coastal flooding. Furthermore, we compiled a harmonized database
containing 110 fragility and vulnerability curves for a wide range of infrastructure and building
assets, facilitating well-informed decision-making in risk assessments. Moreover, based on
the available data, we were able to operationalized 206 drivers of coastal flood vulnerability
(out of 360 identified) for European coastal vulnerability assessments, aggregated into 34
quantifiable vulnerability indicators.

The main conclusions drawn from Deliverable 5.3 underscore the significant strides made in
enhancing the understanding of vulnerability of coastal communities in the face of flooding.
By collating a wealth of data and literature, the report provides valuable insights into the
complex interplay of factors shaping vulnerability. However, we also acknowledge the inherent
limitations of vulnerability assessments, emphasizing the need for caution in interpreting
results and understanding the context in which they are derived. Despite these challenges,
the deliverable serves as a useful resource for policymakers, researchers, and practitioners
engaged in coastal climate risk assessments across Europe.

Looking ahead, the insights gained from this deliverable lay the groundwork for future research
and policy interventions aimed at bolstering coastal community resilience. The harmonized
database of fragility and vulnerability curves, coupled with the identification of coastal flood
vulnerability drivers, provides a solid foundation for further exploration and refinement of
coastal adaptation strategies. Moving forward, efforts should focus on addressing data gaps,
refining methodologies, and integrating local-scale knowledge to enhance the applicability and
robustness of vulnerability assessments. By leveraging these insights, stakeholders can better
anticipate and mitigate the impacts of coastal flooding and sea-level rise on critical
infrastructure and coastal communities in general, ultimately fostering a more resilient and
sustainable future for European coastal societies.
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