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Abstract

Increased storminess associated with climate change poses a significant threat in
terms of the potential to generate rapid-onset flooding in coastal areas. Vulnerability
to such events is the result of a combination of natural and socio-economic factors.
On the natural hazards side, the location of coastal areas at the interface between
terrestrial and marine ecosystems makes them particularly vulnerable to all major
flood drivers. Among these, extreme sea level change a particularly uncertain driver,
with a high degree of uncertainty in its future development, which will be exacerbated
by the rise in mean sea level. On the other hand, coastal areas worldwide are densely
populated and contain many potentially vulnerable human assets.
The Mediterranean Sea basin is a good example of this double criticality, in that there
is uncertainty about future extreme sea levels in this area on the one hand, and on
the other, it has historically been very densely populated in proximity to the coasts
because of its micro-tidal character.
A variety of methodologies for assessing coastal flood vulnerability have been
developed in the literature, each of which raises a number of critical issues from both
a theoretical and practical implementation perspective. The aim of this thesis is to
analyse the potential and the scope of application of some of these methodologies
for the Mediterranean Sea basin, examining their strengths and weaknesses and
exploring some of their aspects that are underdeveloped in the literature. In order to
achieve these objectives, the thesis is structured around three main pillars.
The first part of the thesis provides a solid theoretical and methodological foundation
on the main methods for modelling and mapping rapid onset flooding in coastal
areas, in order to provide a general framework within which to place the rest of the
analyses.
In the second part of the thesis, an indicator-based method is used to assess coastal
vulnerability to flooding, exploring in particular its potential for the development of
different climate change scenarios. The results of the analysis show that this method
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is suitable for obtaining first-order assessments, but that it is characterised by a
number of critical issues in relation to the processes of aggregation and computation
of the indicators, which may represent significant limitations in its use as a decision
support tool.
In the third part of the thesis, the scope of application of data-driven methods in flood
research is explored. An analysis for the assessment of coastal flood susceptibility
for the study area is developed as a supervised classification method using modelled
ground truth data for model training. The results of the analysis show how such
approaches can lend themselves to identifying areas susceptible to flooding in coastal
zones with topological characteristics similar to that of the study area. Future
research directions are highlighted with regard to the need to generalise the approach
for coastal zones of different conformation and obtain more precise results in the
future.
This thesis contributes to the development of research in the area of vulnerability
assessment to the consequences of climate change in general and coastal flooding
specifically, whereby some new limitations are highlighted and some areas for
potential future research developments are explored, with a focus on decision support
for increasing coastal resilience to climate change.
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Chapter 1

Background

The Mediterranean Sea basin has been identified as one of the areas which will suffer
the most severe consequences of climate change globally [4]. Among these, flooding
caused by disruptions of the hydrological cycle and meteo-oceanic extreme events is
expected to be most impactful in terms of affected population and potential damage.
Its nature as a semi-enclosed sea basin and the consequent near-absence of tides has
led to the establishment of densely populated and urbanised settlements in Mediter-
ranean coastal areas, in close proximity to the modern day mean sea level. There is
high uncertainty in the understanding of future extreme sea level changes and marine
inundation in the Mediterranean. Even though research has pointed towards a likely
decrease in the magnitude and frequency of extreme sea level events, the increase
in average sea level will likely be sufficient to more than compensate the coastal
flooding risk to which coastal communities in the Mediterranean will be exposed.
This dissertation is aimed at improving the understanding of vulnerability to rapid-
onset coastal flooding in the Mediterranean Sea basin, including coastal flooding
associated to extreme sea levels (ESLs).

Vulnerability to climate change is defined in the Third Assessment Report (TAR)
of the Intergovernmental Panel on Climate Change (IPCC) as "the degree to which a
system is susceptible to, and unable to cope with, adverse effects of climate change,
including climate variability and extremes. Vulnerability is a function of the character,
magnitude, and rate of climate change and variation to which a system is exposed,
its sensitivity and its adaptive capacity" [5].



2 Background

Even though since its first definition there has been confusion in the interpretation of
the concept, it is generally widely acknowledged that vulnerability stems from the
interaction within complex systems of natural and anthropic elements, and that both
components are fundamental in characterising it. This conceptual complexity is in
turn mirrored by the multifaceted set of methodologies that have been developed to
assess vulnerability and to operationalise its implementation within mitigation and
adaptation policies aimed at improving societal resilience to climate change.
The way in which data is collected and processed to generate actionable information,
which components of vulnerability are addressed in different methodologies and the
underlying methodological assumptions utilised to evaluate it are at the forefront in
shaping the decisions that are made on how to address societal response to climate
change. The definition of the scope of application of different methodologies for
the assessment of vulnerability to coastal flooding is the lens through which this
dissertation can be interpreted. It aims at mapping the state of the art of literature in
the field, and to test the extent to which different methodologies can be modified and
adapted in light of the ever-evolving sets of new information and technologies that
become available, and to understand the ensuing implications of such modifications
for the purpose of informing policy decisions.
Even though the primary aim of the developed research was methodological, a choice
was made to refer specifically to the Italian coastal region Liguria as the study area
within which to test the various methodologies addressed. In turn, this has also
resulted in the improvement of the knowledge field of coastal vulnerability in this
specific area within the Mediterranean Sea basin.

1.1 Vulnerability to Climate Change

The concept of vulnerability is the theoretical foundation upon which this dissertation
is based. As mentioned before, vulnerability is a a complex and multifaceted concept,
which has proven elusive since its inception. To this day, relevant literature contribu-
tions have analysed and highlighted the state of Babylonian confusion surrounding
the concept in both research and policy [6].
The very TAR IPCC definition of vulnerability as a composite of exposure, sensitivity
and adaptive capacity has been identified as being among the root causes of such con-
fusion. Difficulties in a precise definition and subsequent potential operationalisation
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of vulnerability stemmed from a twofolod fault, pertaining to both the vagueness of
the defining concepts themselves and from the uncertainty in how they should be
combined to define vulnerability.
Hinkel [6] proposed a comprehensive analysis of research on vulnerability to climate
change, emphasizing the variety in approaches and concluding that a limited number
of common elements could be found across the majority of studies. Among these,
most definitions and vulnerability methodologies concurred in considering vulnera-
bility as a measure of possible future harm for an entity. Several implications arise
from this consideration.

Firstly, that vulnerability is defined with reference to a specific system. In most
cases, climate change vulnerability assessments reference composite socio-ecological
systems (SESs [7]), defined based on the interrelations between the human and natu-
ral components with connections operating at different spatiotemporal scales and
commonly involving stochastic and nonlinear processes [8]. Further considerations
should then be made pertaining to the delimitation of such a system, as comprehen-
sive vulnerability analysis ideally considers the totality of the system [8]. Though,
real-world constraints require the development of reduced vulnerability assessments,
also based on the local context and data availability.
The necessity to clarify the definition of which reduced-form of SES one wants to
adopt when addressing vulnerability can be further highlighted by contextualising
the theoretical vulnerability concept within the subject matter of this dissertation.
When referring to the vulnerability of coastal systems, a series of potential stressors
for which to assess vulnerability have been addressed in literature. Research carried
out in the initial phases of the development of work for Paper I entailed a series
of rounds of informal literature search in order to define the keywords to use for
the systematic search. This work allowed to highlight that the use of the keywords
coastal vulnerability was very widespread in the literature and was associated with
variable and inconsistent sets of potential stressors, as well as inconsistencies in the
definition of the SES elements addressed. In many cases, research articles did not
clarify whether the study addressed vulnerability to flooding, erosion or a mix of both.

Second and third tiers of implications arising from considering vulnerability as a
measure of possible future harm pertain respectively to the forward-looking aspect
of vulnerability and to the definition of harm.
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The former aspect is the pivotal element which differentiates vulnerability as a
forward-looking concept from harm – and indicators thereof – as a measure of the
current state of an entity. On the other hand, the definition of harm is related to a
value judgment on the badness of a state [6], thus introducing a further potentially
subjective and fuzzy layer of indefinitiveness to the concept.
Eriksen and Kelly [9] identified that one key distinction in vulnerability research
has emerged between end-point and starting-point vulnerability. In the first case,
vulnerability is considered as the end point of the analysis in the sense that it denotes
the residual climate change impacts once adaptation has occurred. This interpre-
tation of vulnerability in turns results in the framing of potential adaptive options
as fixes aimed at the minimisation of the impacts of climate change upon a system,
subsequently resulting in a reduced pool of policy options up for consideration, often
technological in nature. On the other end, the interpretation of vulnerability as a
starting-point of the analysis entails considering it as a pre-existing state generated
by multiple factors and processes. This interpretative lens to the concept is then
translated in a wider array of policy options to be considered, as they are aimed
not only at fixing a problem but also at addressing the root causes and drivers of
vulnerability.

It was highlighted above that for the concept of vulnerability the consideration of
the temporal scale of reference is particularly relevant, as the concept is referred to a
potential future and not to a current state of events. Adopting a temporal perspective
is also necessary when making another distinction identified by Eriksen and Kelly
[9], that between the processes of coping and adaptation. While the former refers
to policies developed within a short-term horizon and aimed at restoring the system
state previous to the suffered harm, adaptation refers to a long-term process which
entails the reconfiguration of the functioning of the system itself, aimed at attaining
an evolving change in state [9]. This differentiation is not only a theoretical concept
but can have possible tangible consequences, as the policy instruments related to
coping and adaptation might be radically different.

Such considerations on the restoration of a previous state of a system or its evolu-
tion towards a new modified equilibrium are also linked to the concept of resilience.
While older definitions of resilience referred to it as the ability of a system to revert
to its original state before a stressor, more recent interpretation have acknowledged
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that ecosystems can exhibit multi-equilibria dynamics. As a consequence, resilience
can be defined as the amount of change a given system can undergo (e.g., how much
disturbance or stress it can handle) and still remain within the set of natural or
desirable states (i.e., remain within the same “configuration” of states, rather than
maintain a single state) [8]. It must be noted that resilience has been recognised in
literature as being closely related to vulnerability, and that it is sometimes referred to
as the flip side of vulnerability, thus representing a sort of complementary concept
thereof [10]. The differences between the two concepts are likely related to their
disciplinary origin, coming mostly from the fields of natural hazards and geography
for vulnerability and from the fields of ecology and mathematics for resilience [11].
Having acknowledged this, no further mention of resilience will be made in the
remainder of this dissertation, only referring to vulnerability henceforth.

Even if several issues have been highlighted in this section, vulnerability can still
represent a useful lens though which to frame the potential impacts of climate change
on SESs. Within this outlook, it is fundamental to approach both the theoretical
discussions on the concept and its operationalisation in research and policy with a
cognizant perspective, while acknowledging that the one-size-fits-all vulnerability
label might be limiting [6].

1.2 Operationalisation of the Concept of Vulnerabil-
ity: Methods

As measuring is related to observable phenomena, some authors have highlighted
that vulnerability cannot be measured since it is a theoretical concept. In turn, making
a theoretical concept operational consists in providing a method (an operation) for
mapping it to observable concepts [6]. Therefore, methodologies aimed at assessing
vulnerability represent options for the operationalisation of the concept of vulnerabil-
ity [6]. From the definition of vulnerability as a combination of exposure, sensitivity
and adaptive capacity stemmed one relevant methodological consequence for its
operationalisation. Namely, the combination of this clear-cut distinction among
components and the lack of a clear defining function establishing how these effec-
tively combine in determining overall vulnerability caused a significant portion of
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vulnerability assessments to focus on assessing the three components of vulnerability
separately without addressing their fundamental interrelations [6]. Nevertheless,
previous literature emphasized the fundamental importance of defining the linkages
between the human and environmental components of SESs in order to be able to
grasp the potential impact of perturbations happening to such linkages – one such
example was proposed within the framework for vulnerability assessment developed
by Turner et al. [8].

Within a thorough analysis of the state-of-the-art of vulnerability assessment
methodologies, Tonmoy et al. [10] defined climate change vulnerability assessments
(henceforth, CCVAs) as any attempt at assessing vulnerability to climate change, be
it quantitative or qualitative. It should be highlighted that the very term assessment
denotes its final function in terms of applicability to support problem-solving and
decision making, and can therefore in theory be differentiated from research, as the
latter denotes instead the advancement of knowledge for its intrinsic value rather
than for a specific application [6].
CCVAs can be radically different in terms of both their characteristics and their
envisioned scope of application. Tonmoy et al. [10] identified four main types of
CCVA: i) simulation-based assessments, ii) aggregation-based assessments, iii) hy-
brid approaches (simulation + aggregation), iv) no simulation and/or no aggregation
approaches. All these broad types of CCVA are backed by theoretical studies.

Methodological hindrances have been highlighted in literature pertaining to all
main types of CCVA methodologies identified. For instance, Hinkel [6] highlighted
some drawbacks in the development of statistical methods for vulnerability assess-
ment, as such approaches require in general to be able to define the system which is
being addressed in a narrow way and with a reduced set of variables, which we have
highlighted above as being particularly difficult for complex SESs and uncertain
climate change-related processes. Some of the methodological limitations related to
the process of aggregation in vulnerability assessment methodologies are proposed
in Section 3. Paper I contributed to the identification of some methodological
limitations related to a broad series of different methodologies utilised to assess vul-
nerability to rapid-onset flooding in coastal areas. A more specific focus was adopted
instead in Paper II, in which an indicator-based vulnerability assessment method-
ology was utilised for the area of interest described in Section 1.4. An in-depth
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discussion of strengths and limitations of indicator-based vulnerability assessment
methodologies is proposed in Section 3.
Vulnerability is highly variable in space [8], which has caused methodologies to
develop, evolve and multiply for the specific purpose of being applied at different
scales [6]. Within this context, place-based vulnerability assessment methodologies
are particularly relevant, as the specificity of the location can determine the local
outcome of global-scale processes. Even though place-based assessments are essen-
tial, Turner et al. [8] emphasized that their importance should not lead to excluding
or neglecting more extensive research with a wider scope. Rather, place-based
assessments should be used to build and identify general concepts common to all of
them, even though this has been shown to be a difficult task [6].
The shape of the specific vulnerability assessment methodology is furthermore de-
fined, along with the conception/specific interpretation of vulnerability adopted, by
the desired role and utilisation of the assessment itself. Such roles include the identi-
fication of vulnerable hotspots, resource allocation, proving guidance in the choice
of potential adaptation options, contributing to the identification and explanation of
structural weaknesses, drafting and communicating risk-related policies [10].

In the remainder of this work, several approaches to the assessment of vulnerability
will be investigated more in depth, with a focus on rapid-onset coastal flooding.
Namely, the following aspects will be addressed:

1. The end-goal of vulnerability assessments as a decision support tool has been
addressed above in this dissertation. Communication of relevant flood-related
information can be interpreted as a twofold concept pertaining both to the
way research interfaces with decision makers to communicate its findings, and
how these are in turn utilised and communicated by decision makers. Flood
modelling and mapping applications represent essential research outcomes
that give substance and make evident this communication, and are essential
CCVA-related tools overall. These topics are analysed in Chapter 2 and Paper
I, adopting a broad methodological perspective.

2. Chapter 3 and Paper II refer to a specific category of comprehensive CCVA
approaches, that of indicator-based vulnerability assessment methodologies.
A more in-depth investigation of this class of approaches is presented therein,
referring to previous literature as well as to the findings stemming from the
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case study presented in the article. A focus on the spatial representation of
indicator-based flood vulnerability assessment methodologies is also proposed.

3. Some significant methodological hindrances were encountered during the
development of Paper II. As a consequence, Chapter 4 and Paper III adopt
a more circumscribed approach to the analysis of potential consequences
of flooding in coastal areas. Specifically, a focus on flood susceptibility
assessment through data-driven methodologies is adopted there. This reduction
in scope can be inscribed within the aforementioned argument concerning the
need to abandon the one-size-fits-all vulnerability label [6], and is paralleled
by improvements in the spatial representation of the research outputs.

Alongside this methodological overview, the research presented in this disserta-
tion was articulated to address more specific research questions, which are outlined
in Section 1.5.

1.3 The Mediterranean as a Hotspot for Climate-Related
Risks

Due to its location in a transition zone between the temperate mid-latitude and
sub-tropical (hotter and dryer) atmospheric regimes, the Mediterranean Sea basin
is highly sensitive to climate change-related disruptions of the hydrological cycle,
including strong precipitation and flash floods, strong winds, large swells and storm
surges, heatwaves and droughts [12–14].
Current surface temperature in the Mediterranean region has already surpassed the
pre-industrial level mark by 1.5°C, and the sea surface has risen by 0.29°C-0.44°C
every decade since the early 1980s. During the 20th century the sea level has in-
creased every year by 1.4±0.2mm, and it has been estimated with high confidence
that the quasi-homogeneous signal of global mean sea level rise combined with
changes in the northeast Atlantic circulation will cause it to continue to rise in the
coming decades and centuries: 0.15-0.33 m in the year 2050 and between 40 and
100 cm at the end of the 21st century [14] and that this process will be irreversible at
the scale of centuries to millennia [4].
When it comes to the threats of climate change to coastal communities related to
increased sea levels, though, it is of notable importance how the increase in the
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average sea level is not going to pose the major risks, but rather the extended reach of
the extreme sea levels and rapid-onset flooding ensuing from it are. Studying within-
region variability comes with challenges related to the quality of past observations
and data coverage which is heterogeneous between northern and southern countries
in the region [13], to the limits of climate models applied to the Mediterranean
[4, 15–17] and to the importance of the strong regional characterisation of the areas
of cyclogenesis [18]. Nevertheless, projected changes of climate variables relevant
to rapid-onset coastal flooding such as winds, storms and waves are predicted to be
small [4], and notable literature has pointed towards a reduction in the average num-
ber [19] and magnitude [20] of positive surges and towards lower values of extreme
wind waves [21] related to the generation of extreme sea levels in the Mediterranean
sea basin.
The projected sea level rise is likely to increase the risk of coastal flooding nonethe-
less, even considering the expected slight decrease in marine storms [4, 17]. Absolute
coastal flooding risk is projected to increase strongly in the future also due to a com-
bination of climate-related sea level variations with socioeconomic drivers if coastal
protection structures remain unchanged in the future [22]. For these reasons, the
socioeconomic characterisation is equally as important as the study of climate varia-
tion and coastal flood hazards to achieve a comprehensive view of vulnerability to
coastal flooding in the Mediterranean Sea basin.

Among the reasons at the base of the Mediterranean region being considered
a hotspot for vulnerability to climate variation and flooding specifically [23, 4], is
the presence of dense population settlements in close proximity to the coastline and
to current average sea levels, whose establishment has historically been favoured
by the micro-tidal character of the sea basin [12]. The specific conformation of the
inland systems upon which the coastal flood hazard acts is of paramount importance
in determining the overall vulnerability and risk of rapid-onset coastal flooding.
A popular philosophical thought experiment about the possibility of unperceived
existence raises the question of whether a tree falling in a forest, with no one around
to witness it, still makes a sound. Whereas on the philosophical side the question
is debated, on the climate risk side the answer is much clearer: in the absence of
someone to experience it, a hazard does not conform as a risk. On the other side
of the spectrum, for certain socioeconomic and natural configurations of coastal
communities, even small marine hazards might represent non-negligible risks.
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Research has highlighted how for some Mediterranean coastal communities the
adaptation options to climate change are limited, and how the risk to suffer severe
impacts from extreme marine storms will further be aggravated by the loss of beaches
and other natural coastal ecosystems that are instrumental in dampening the effects
of coastal storms and inundation, but which in the future might be lost to the erosion
caused by rising sea levels [24].

The physical predisposition of a system to be negatively affected by a danger-
ous phenomenon and suffer its consequences due to its intrinsic characteristics is
commonly referred to as susceptibility (see Chapter 4). Some coastal areas might
be characterised by specific topographic and geomorphological conformations that
might make them susceptible to variable combinations of marine-driven inundation
and flooding of pluvial and fluvial origin [25, 26]. Specifically, low-lying coasts and
especially estuaries have been widely studied in literature because their topographic
conformation and location at the interface between the outlets of complex fluvial
networks and the sea can result in interactions between different flood drivers and
eventually in episodes of compound flooding.
Diametrically opposed to those just mentioned, some other coastal areas are instead
characterised as narrow strips of land nestled between the mountains and the sea.
Their shape and topographic conformation – rough terrain, small watersheds – make
them vulnerable especially to storms that might generate combinations of pluvial
flash-flooding events and marine inundation. The Italian coastal region Liguria
represents such an example, and it was chosen as a study area for some of the
methodologies analysed in this dissertation specifically because of this reason.

1.4 Study Area

The Italian region of Liguria (Figure 1.1) was utilised as a study area for some of
the methodologies addressed in this dissertation, and notably for the case studies
developed in Paper II and Paper III. Liguria is a narrow coastal region nestled
between the mountains and the sea in the North-Western Mediterranean basin, char-
acterised by low-lying areas located predominantly in the western side of the region
and by cliffs and high coasts in the eastern side. The most significant urban areas of
the region are located at low elevations and in proximity to both the sea and river
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Fig. 1.1 Top panel: the location of the Liguria region (in red) within the Mediterranean Sea
basin. Bottom panel: DEM of the region highlighting low-lying coastal portions in yellow
and higher elevations in darker tones.
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estuaries.
Precipitations are on average more abundant in the eastern side of the region, and
the rainiest months of the year are September to November. By comparing precipi-
tation data for the years 1981-2010 against the 1961-1990 period, it was observed
that precipitation has increased in recent years, in terms of both total accumulated
precipitation, number of consecutive rainy days in a year and of maximum daily
precipitation registered on rainy days. The highest hazard of extreme precipitation
events has been estimated for Province of Genoa, which covers approximately the
central portion of the region [27]. According to estimates proposed in the Piano
nazionale di adattamento ai cambiamenti climatici, the mean sea level in Ligurian
coastal waters will likely increase by 8 cm in the period 2021-2050 under the RCP8.5
scenario [28].

The combination of local topography with high population density and severe
soil sealing have led to the region being affected by pluvial, fluvial and coastal floods,
both historically and with increasing frequency in recent times [29, 30]. As it pertains
to pluvial and fluvial floods in the area, the regional topography and geomorphology
and their interaction with water runoff and river discharges in the determination of
floods and landslide hazards has been studied extensively [31]. Ligurian watersheds
are numerous and fragmented (it has been estimated that 90% of them is smaller
than 15 km2 [32]); this regional peculiarity has been mirrored by the heterogeneity
in the units of analysis that have been adopted in flood research in this study area.
These range from individual [33, 34] to multiple watersheds [35, 29] to smaller
areas such as urban districts depending on the focus of the analysis [36]. In Paper
III, intermediate units of analysis were utilised, based on the Ambiti di Bacino and
relative sub-units that are administrative in purpose but correspond closely to the
location of physical watersheds, and to aggregates thereof for watersheds of very
small dimensions located in close proximity to the coastline.
When it comes to sea-driven inundation, the relevance of marine storms for the
study area is attested in historical records dating back to the 17th century [37];
moreover, extreme sea levels and strong winds associated with storms in the recent
past (the most relevant of which dates to October 2018) have caused significant
damage to some coastal infrastructure and ecosystems within the region [38–41].
Within this context, recent literature has also dealt with the characterisation of coastal
geomorphology [42, 43], wave climate and coastal hydrodynamics for some specific
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near-shore portions of the regional coastal waters [44–47].

Various methodological approaches have been utilised to assess the multiple com-
ponents of vulnerability and risk for floods of different types in the area. Indicator-
based methodologies for the assessment of – respectively – risk and resilience to
flash floods and exposure to coastal flooding caused by extreme sea levels have been
proposed by Quagliolo et al. [29] as well as in Paper II. These works contributed to
the delineation of the scope of indicator-based methodologies for first-order assess-
ments in the region and highlighting intra-regional variability in flood vulnerability.
Silvestro et al. [33] utilised a combination of hydrological and hydraulic methods to
reconstruct a past pluvial flood event and assess hazard scenarios and potential dam-
age for different design storms and watershed characteristics. In a comprehensive
study addressing several components of risk and including assessments of hazard,
exposure, vulnerability and impacts, De Angeli et al. [48] analysed the risk of fluvial
and coastal flooding for the same area, highlighting the importance of developing
combined coastal-fluvial flooding assessment in the region.

1.5 Research Objectives

The complexity of coastal systems and the of interrelationships between their com-
ponents are reflected in the numerousness and heterogeneity of the methodologies
that have been developed for the evaluation of coastal vulnerability to floods.
Some of these methodologies provide an overarching view of the vulnerability in a
given area by aggregating and summarising a variety of diverse data on the natural
and socioeconomic elements of coastal systems. They are most fruitful when utilised
as first-order appraisals for public information or to orient policy towards the most
critical zones within a specific region in anticipation of future more in depth analyses.
In some instances, the role of these methodologies in bridging the knowledge gap
between science and practice has been misinterpreted [6] and stretched to the point
of losing sight of their original meaning, of which information they can convey and
of their proper use in the context of improving climate resilience.
Some other methodologies instead have a more specific focus on individual com-
ponents of vulnerability. Their finer precision is usually closely associated to their
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reduced applicability whenever resources are scarcer, or in contexts – such as emer-
gency response – where time is a relevant constraint.
This dissertation aims at improving the delineation of the strengths and limitations of
some of the methodologies used to assess vulnerability to rapid-onset coastal flood-
ing, eventually contributing to the identification of opportunities for methodological
improvement where possible. This dissertation further focuses on the mapping prod-
ucts associated to the diverse set of methodologies analysed, in consideration of their
fundamental importance in conveying the results of the vulnerability assessments
and informing both the perception of vulnerability and the decisions taken to address
it.

This dissertation is built upon the results of three main articles which constitute
the base of the research developed during the course of the PhD. With the aim of
making explicit the methodological framework and the logical and consequential
relationships among the three works, this dissertation begins by presenting and
overview of the state of the art of the modelling and mapping methodologies utilised
in literature for the assessment of vulnerability to rapid-onset flooding (specifically
focusing on flooding caused by ESLs, see Paper I). It then proceeds with a focus
on methodologies for the assessment of coastal vulnerability which can be used to
synthetically estimate it by aggregating information on a diverse set of its individual
components (of which Paper II represents an example). The third section of the
dissertation is dedicated to methodologies aimed at assessing in a more precise
manner a lower amount of components of vulnerability, with a specific focus on
susceptibility (of which Paper III represents a data-driven application). Concluding
remarks and a discussion of the results and implications of the research are presented
in the final section of this dissertation.
The more specific research objectives addressed in the appended papers are as
follows:

1. There is high uncertainty pertaining to the future evolution of ESLs in the
Mediterranean sea basin, but climate variability is nonetheless crucial in the
determination of vulnerability to coastal flooding. Paper II presents a case
study on how to include climate scenarios within a comprehensive indicator-
based assessment methodology, with the aim of assessing the sensitivity of
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the method to variations in climate scenarios and the implications of using its
results to inform policy.

2. The identification of the spatial extent which might be interested by flood-
ing within a coastal region can be computationally expensive. Data-driven
applications are currently being used in research to estimate some relevant
factors related to the spatial development of floods with reduced computational
requirements, but they are linked to the quality of training datasets. Paper III
presents a data-driven flood susceptibility assessment for compound coastal
flooding in Liguria, with the aim of testing the applicability of such an ap-
proach starting from modelled ground truth instead of observational datasets,
as a testing ground for moving towards a surrogate modelling approach.

3. Paper II and Paper III focus on methodologies that lead to different types
of spatial outputs and address the strengths and limitations of the different
mapping applications.

1.6 Dissertation Outline

The remaining chapters of this dissertation are developed in parallel with the analyses
advanced in the annexed scientific articles, in order to highlight how the original
research undertaken fits within the broader state of the literature.
In addition to answering the research questions outlined in Section 1.5 above, this
dissertation aims to elaborate on the methodological issues involved at different
levels in the assessment of coastal flood vulnerability. In order to articulate the
structure in an organised manner, each of the remaining chapters will be articulated
around a series of foundational elements, namely:

1. The concept, i.e. a summary of the theoretical underpinning of the issue or
specific vulnerability approach being addressed.

2. The methodology, i.e. more operational considerations relating to methodolo-
gies for putting the above theoretical concepts into practice.

3. Considerations on the type of spatial representation resulting from the respec-
tive methods analysed.



Chapter 2

Modelling and Mapping Applications
for Rapid-Onset Coastal Flooding

2.1 Coastal Flood Risk Management

Several risk assessment frameworks specifically tailored to coastal areas have been
developed in the last decades [49]. Hinkel and Klein [50] provided an overview of
the evolution of methodologies for the assessment of coastal vulnerability to sea level
rise (SLR). Their work was among the first to highlight the shortcomings of the early
global vulnerability assessments, including matters related to the need to increase the
spatial resolution of data, the limitations brought by considering mean SLR as the
only driver of coastal vulnerability and the failure to account for the feedbacks and
interactions between bio-geophysical and socio-economic dynamics. In their work,
the authors proposed the Dynamic and Interactive Vulnerability Assessment (DIVA)
tool, designed for the assessment of coastal vulnerability from subnational to global
levels and aimed specifically at overcoming some of the aforementioned limitations.
The DIVA approach focused on improving the integration between natural and social
science knowledge in order to more accurately depict interactions between these two
components, and to make such knowledge available to diverse types of end-users.
The necessity to consider both the bio-geophysical and socio-economic systems
within coastal vulnerability assessment then became progressively well-established
and integrated in subsequent frameworks proposed in literature. One such instance
was proposed a few years after the DIVA tool by Torresan et al. [51]. In their work,
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the authors proposed a Regional Vulnerability Assessment (RVA) methodology to
tailor the assessment on a site-specific level and thus assist coastal communities in
the conversion of vulnerability assessments into action. The RVA is an indicator-
based approach which provides a relative measure of vulnerability within the study
area with the aim to highlight priority targets at higher levels of vulnerability and
providing ranked information and the identification of coastline portions for which
the vulnerability index is homogeneous.

As the development of coastal vulnerability assessment approaches progressed
in literature, authors emphasized increasingly more the role of research outputs
within decision support systems (DSS) linked to a series of coastal hazards. This
focus was the centre upon which the the largest integrated project devoted entirely
to coastal flood risk, the THESEUS project (i.e., "Innovative coastal technologies
for safer European coasts in a changing climate"), was based [52, 53]. Zanuttigh
et al. [53] highlighted the evolution of DSSs for coastal risk management proposed
in literature, referring specifically to Geographic Information System (GIS)-based
tools able to perform scenario construction and analysis. In this context, the role
of spatialized information in support of decision making has been highlighted as
crucial in literature. The DSS proposed in the context of the THESEUS project was
based on a combination and integration of the three main types of DSSs proposed
beforehand, namely the assessment of vulnerability to natural hazards and climate
change, the prediction of coastal regions’ response to climate change and the eval-
uation of management options for the optimal use of coastal resources in order to
identify feasible measures and the coordination of stakeholders. One of the aims of
the project and annexed DSS was to support decision-making through a balanced
approach able to combine deterministic models and discussion-based assumptions
based on expert opinions.
Van Dongeren et al. [1] proposed the EU-funded Resilience Increasing Strategies
for Coasts - Tool Kit (RISC-KIT) project, pertaining specifically to low-frequency,
high-impact events in coastal areas. The aim of the project was to optimise the
mix of prevention, mitigation and preparedness (PMP) measures related to such
hydro-meteorological events in a way which was specifically tailored to coastal areas,
whereas previous frameworks for disaster risk reduction (DRR) such as the Sendai
Framework for Disaster Risk Reduction [54] or the EU Floods Directive were not



18 Modelling and Mapping Applications for Rapid-Onset Coastal Flooding

specific for coastal hazards and tailored to coastal issues.

The different communication and analysis paradigms utilised by research and
stakeholders, as well as the multifaceted interests playing a role within coastal
planning require the management and integration of different needs and priorities.
Failing to address these complex interrelations by adopting a conventional sectoral
management has led in the past to coastal management issues [55]. For these reasons,
broader coastal management paradigms were also proposed in literature, related not
only to the management of hazards and planning for disaster PMP, but in general to
provide a broader paradigm for the promotion of sustainable development in coastal
zones.
The Integrated Coastal Zone Management (ICZM, sometimes also referred to as
Integrated Coastal Management (ICZ) [56]) represents such a paradigm for a com-
prehensive coastal management process, encompassing the full cycle of information
collection, planning (in its broadest sense), decision making, management and moni-
toring of implementation [57]. Within a study on the uptake and operationalisation
of the ICZM framework in Europe, Shipman and Stojanovic [56] highlighted the
fundamental role of informational obstacles between sectors at play in coastal areas,
and between science and policymakers, as relevant obstacles for the ICZM. When it
comes to the informational obstacles between science and policy, the most relevant
concerns raised pertained to the discrepancy between the real needs of coastal com-
munities and the data and research conducted [56]. These, in turn, were not strictly
related to the technological means used to communicate and disseminate research
results to a broader non-scientific public, but rather to obstacles in the creation of
networked relationships and a tighter dialogue between the research community and
those with practical responsibilities for the coast [56].

This overview highlighted the various complexities involved in managing the
coastal zone as a whole, the management of climate risks in it, and finally the intri-
cacies involved in communicating research results in such a manner that they can
be used to their full capacity. When analysed in light of the rapid-onset coastal
flooding processes that represent the focus of this work, facing these complexities re-
quires firstly an effort towards the systematisation of the complex flooding processes
affecting coastal zones. Section 2.2 highlights one of the most well-established
frameworks for the schematisation of the coastal flood system proposed in literature.
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This framework was utilised in Paper I annexed to this work to systematise the
analysis of which instruments have been proposed in literature specifically with
the purpose of supporting the preventive phase of the flood management process.
Section 2.3 presents previous literature findings on this subjects and proposes an
overview of the main results obtained.

2.2 The DSPRC Framework

The Driver-Source-Pathway-Receptor-Consequences (DSPRC) framework can be
utilised to frame the coastal flood system by providing a lens through which its
components can be subdivided, put into relation among each other and analysed.
The framework was first formulated as Source-Pathway-Receptor (SPR) in the 1980s
in the field of environmental pollution management by Holdgate [58]. It was then
widely implemented in several different risk management fields, expanded and
adopted at the institutional level to conceptualise and work with complex coastal
systems [59]. In the EU, the framework - formulated as SPRC - was utilised as the
main conceptual model at the base of the THESEUS project [52, 53].
Within the DSPRC conceptual model, flood systems are represented as a linear suc-
cession of their individual components and their causal linkages. When considering
coastal flooding specifically, the driver is the underlying climate variability (natural
and anthropogenic) resulting in spatially and temporally varying patterns that in turn
have an effect on the magnitude and frequency of meteo-oceanic extreme events.
The source can be understood as the main environmental hazard being generated,
which for coastal flooding can be waves, storm surges, tides and mean sea levels.
The pathway component represents the mechanisms that convey flood waters that
originate as extreme weather events to places where they may impact upon receptors
[60]; in the case of coastal flooding, pathways include coastal flood defence struc-
tures located at the water-land boundary. The inland systems affected by flood are
the receptor, composed of both natural and built environments and inclusive of the
people and infrastructure potentially affected. While the consequences are strictly
related to the receptor, they can be more narrowly interpreted as estimates of the
changes in individual socioeconomic variables brought by the effects of flooding
(e.g., econometric estimates of damage).
The different modelling and mapping applications utilised in the broad field of
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coastal flood risk and vulnerability assessments can adopt narrower or broader per-
spectives, and subsequently address distinctive subsets of the DSPRC framework
components. In turn, narrower or broader perspectives and assessment methodolo-
gies and their associated mapping products can find application in different phases of
the coastal flood risk management process, based on the different information needs
and depending on locally-available resource and time constraints

2.3 Information Requirements for Flood Management

Fig. 2.1 The Disaster Management Cycle, describing the Response, Recovery, Prevention
and Preparedness stages. Activities related to the cycle are also highlighted, along with the
decision-support tools proposed in the context of the RISC-KIT project [1]. Reprinted from
Coastal Engineering, Vol 134, article by van Dongeren et al. [1], with permission from
Elsevier (license number: 5936531290362).
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Within the paper presenting the RISC-KIT project, van Dongeren et al. [1] high-
lighted the different stages of the disaster management cycle – i.e., response, recovery,
prevention and preparedness. The authors further identified some of the most im-
portant activities that are needed in the different phases of the cycle, to which a set
of devised elements is associated (Figure 2.1). These measures are interdependent,
as are the different phases of the disaster management process. The collection of a
storm impact database during the disaster response phase is a fundamental step to
support the following phases of the disaster management cycle. Spatial planning
activities for flood protection are performed during the disaster prevention phase,
which requires the deployment of vulnerability and risk assessments, including the
identification of areas at increased risk (i.e., hotspots). After this stage, coastal
managers might be interested in the identification of potentially available measures
and in the assessment of their effectiveness. In order to select DRR strategies based
on a set of potential solutions, the managers would also need to combine potentially
conflicting interests and integrate different perspectives of end users and stakeholders
in order to identify suitable solutions. The preparedness stage of the coastal risk
management cycle, in turn, entails the conception of resilience and evacuation plans,
as well as of effective strategies for risk communication. The establishment of early
warning systems (EWS) is also a fundamental step for the preparedness phase, aimed
at providing residents of coastal communities with information on hazards when
these are impending.

2.4 The Role of Flood Modelling and Mapping

As emphasised above, vulnerability and risk assessments are fundamental to the
disaster management cycle, especially the prevention phase. Providing spatialized
information on floods is essential within this outlook, and considerable literature
has been proposed to address this need. The role of publicly available flood maps is
crucial for rasing risk awareness, and to inform spatial planning regulations [61].
A systematic scoping review of the state-of-the-art of literature on modelling and
mapping rapid-onset coastal flooding is proposed in Paper I. The review combined
a broad scope covering all the main methodologies utilised for coastal flood mod-
elling with a focus on the spatial representation of flood, in order to highlight how
different modelling methodologies and their corresponding map outputs are utilised
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as decision support tools. A wide geographical scope was adopted in the review, by
accounting for literature covering study areas worldwide and not just in the Mediter-
ranean, in order to elicit a broad range of different coastal areas and policy needs.

The review confirmed the findings of extensive previous literature on the dif-
ferential scopes of utilisation of different types of methodologies. Specifically, the
scope of utilisation of simplified, non physically-based modelling methodologies
such as those based on indicators was referred in reviewed literature as pertaining
mostly to the preliminary phases of the flood risk prevention stages. During these
stages, there might be a need for comprehensive, synthetic information to provide an
overall picture of the situation and orient attention towards the most critical areas
in future more in-depth analyses. On the other hand, numerical methodologies and
more in-depth appraisals were aimed most commonly at more advanced analyses, in
which a restricted subset of DSPRC components was analysed with a better level of
detail, with the aim to obtain more specific information to inform coastal adaptation
policies and the setup of flood preparedness strategies.

Focusing on the type of spatial representation of floods adopted in research
allowed to complement previous literature on the lack of a shared common under-
standing about some of the foundational elements of flood management, such as the
vulnerability and risk concepts and their components. Such research shortcomings
were indeed reflected in the flood maps proposed in reviewed literature, whereby
no shared practices about the which elements to represent and how to depict them
could be drawn. Even though it must be acknowledged that vulnerability is context-
specific and therefore its assessment might vary considerably, such a lack of shared
best practices is likely to result in difficulties in communicating research findings
effectively, and to transform them into actionable information.
Focusing on the spatial representation of floods is furthermore crucial because flood
maps can aid in bringing flood risk perception closer to reality. As highlighted by
some literature contributions examined in Paper I, taking into account the cognitive
components of risk is fundamental, as research has shown most individuals to have a
skewed risk perception. Specifically, Bruno et al. [49] highlighted the importance of
integrating physical risk with the social perception in order to attain more effective
management, as perception plays a key role in risk management. Coquet et al. [62]
and Elineau et al. [63] utilised sketch maps produced by individuals in coastal areas
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and compared them with objective measure of risk. Both studies concluded that there
was a skewed perception in all cases. When referring to the perception of individuals
who have a practical role and decision making responsibilities in coastal manage-
ment, these findings further corroborate the need of providing decision makers with
information on coastal flood risk that is both accurate and easy to understand and
translate into action.



Chapter 3

A Comprehensive Approach to
Coastal Vulnerability

3.1 Theoretical Foundations of Vulnerability Indica-
tors

Indicator-based vulnerability assessment (henceforth, IBVA) methodologies are one
of the possible approaches which can be utilised for the operationalisation of the
concept of vulnerability in the context of CCVA (see Chapter 1). Indicators are
functions that map observable variables (i.e., indicating variables) to theoretical
variables or concepts [7], and are most commonly expressed in their simplest form
as scalar indicators. Indicators are often linear, and should always be monotonously
increasing or decreasing, as non-monotonous functions would be misleading [6].
IBVAs stand out within the broader spectrum of CCVA methodologies for their
particularly prominent purpose of supporting policy decision. As such, they tend to
be targeted specifically at audiences composed of policymakers and practitioners,
and are commonly developed and communicated also outside of scientific journals
[9].
Their role at the interface between research and policy has caused IBVAs to elicit
mixed responses from the policy and research communities. While increasing de-
mands for the development of IBVAs come from the former because of their synthesis
potential, growing concerns and criticisms have come from the second. Hinkel [6]
identified this misfit to come from a twofold confusion pertaining to what vulnera-
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bility indicators are and which arguments are available for building them on one
side, and to the kinds of policy problems to be solved by means of indicators on
the other. In the same study, the fundamental arguments for the development of
vulnerability indicators are also highlighted, including: i) deductive arguments based
on theory, ii) inductive arguments based on data pertaining to the indicating variables
and observed harm, iii) normative arguments based on value judgements.

The significant sources of uncertainty associated with incomplete knowledge of
the relevant climatic processes and the interactions that occur in complex SESs can
lead to substantial limitations in methodologies that aim to synthesise such unknown
or highly uncertain processes. This problem is particularly relevant for IBVA method-
ologies, in which epistemic uncertainty is associated to the processes generating
vulnerability, and most significantly to the quantification of the relationship between
SES elements with vulnerability [10].
For these reasons, Hinkel [6] highlighted the need to re-identify the boundaries of
IBVAs with respect to those that are currently cited in literature (scope, types of
systems addressed, types of questions answered), working towards a re-evaluation
of whether vulnerability indicators are fit-for-purpose. The study identified six dif-
ferent types of problems that literature indicates may be addressed by vulnerability
indicators, including i) the identification of mitigation targets; the ii) identification
of vulnerable people, communities, regions, etc.; iii) raising awareness; iv) the allo-
cation of adaptation funds; v) monitoring of adaptation policy; and vi) conducting
scientific research. Hinkel [6] found that for all such aims except for the second,
vulnerability indicators were unsuitable, either because vulnerability was not the
right lens through which to address the research problem or because indicators were
not the adequate methodology. Furthermore, when referring to the second type of
problem (i.e., the identification of vulnerable people, communities, regions), it was
possible to address it through vulnerability indicators provided that further consider-
ations on the scientific delimitation of the problem were carried out.
From this theoretical overview it becomes evident that IBVA methodologies are
widely used. However, more care needs to be taken when developing them and also
when applying existing methodologies to individual case study contexts.
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3.2 Indicator-Based Vulnerability Assessment Method-
ologies

Even though the breakdown of complex systems into individual components has been
criticised as reductionist, relevant literature has highlighted that if done properly, it
can allow gaining more in-depth knowledge about the interactions happening at the
base of the systems themselves [9].
Two main approaches to the selection of vulnerability indicators have been identified
in literature, namely the deductive approach and the inductive approach [9]. In
the former approach, a theoretical framework on the relationships governing the
functioning of a systems must be set up, and the selection of indicators must be
formulated in a way that mirrors such relationships. One further step in the deductive
approach might be that of selecting which among the system-governing relation-
ships to keep for a more or less simplified representation. On the other hand, the
inductive approach to the selection of indicators calls for relating a given measure
of vulnerability to a large number of indicators and proceed to the selection of the
latter based on measures of the statistical significance of the relationship between
vulnerability measures and indicators. While a deductive approach involves an
theoretical investigation about how the system works, the inductive approach relies
on the empirical generalisation of the identified relationships. Patterns repeating
throughout a significant number of systems can in turn be used in later stages to
build theoretical formulations about the functioning of a system [9].
A point linked to that of the formulation of a theoretical model at the base of the
deductive approach was raised by Hinkel [6], who emphasised that the necessity
of building a predictive system at the base of vulnerability assessment is rooted in
the forward-looking aspect of vulnerability, requiring a function to be established
between a present condition and a future state (see Chapter 1). At the same time,
indicator-based approaches are by definition simple and time-independent; these two
aspects qualify as significant impairments in the utilisation of IBVA methodologies,
as they usually do not contain time as an argument.

Three main steps have been identified as involved in the development of IBVAs
[6, 10], as follows:
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1. The first step consists in the identification of what it is to be indicated, by
answering questions pertaining to which SES is the object of the study, which
attributes of the SES are to be referred to (e.g., the vulnerability of biological
productivity, of the biodiversity or similar), and which climate-related stressors
are to be considered.

2. The second step pertains to the selection of indicating variables, based on the
answers given during the previous step and on considerations on the level of
detail and comprehensiveness in the representation of the system variables and
dynamics to be achieved.

3. The third step is the aggregation of individual indicators into a composite
measure (i.e. an index, sometimes also called composite indicator), which
can be done at different levels of complexity, depending on whether a simple
mapping between a given combination of indicators and a given vulnerability
level is considered, or whether appropriate aggregation procedures are used.

Aggregation is not considered necessary, and it should be regarded as an alternative
to mechanistic modelling in the case when the latter is not possible [10]. Aggre-
gation procedures are based on assumptions about the degree of substitution or
compensation between indicators. Several aggregation and normalisation methods
for indicators have been utilised in literature based on the underlying assumption
behind the relationships governing the different system components [10].

The main methodological shortcomings linked to the development of indicators
highlighted in literature can be expressed at different levels of detail. On a general
note, according to Eriksen and Kelly [9], the robustness and relevance of indicators
has been severely hampered for a long time by the lack of clear theoretical and
conceptual frameworks for the selection of indicators, which are often not stated
clearly in studies, hinting at the theoretical and methodological confusion at the base
of the study. On a more specific level, significant theoretical and methodological
limitations exist pertaining to the uncertainty, robustness and possibility to verify
vulnerability indicators. Considerations on uncertainty are linked to the significant
random and nonrandom indicator fluctuations caused mostly by the aggregation pro-
cedures – in both time and space – and to the subjectivity playing a role in indicator
weighting [10].
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Fernandez et al. [64] conducted a study on the effects of utilising different aggre-
gation procedures for indicators, based on the utilisation of a Constant Elasticity
Substitution (CES) function where the parameter of interest is the elasticity of substi-
tution between indicators, that is, the degree to which one indicator can substitute or
compensate another in the composition of an overall index/composite indicator. The
authors analysed the robustness of indicators based on the vulnerability indicator
values corresponding to different aggregating procedures. The study concluded
that IBVA methodologies are not robust, as their results do not hold under different
values of elasticity, even when referring to the same population groups and climate
hazards. This fact has in turn significant implications in terms of the usability of
such methodologies to provide vulnerability rankings and eventually inform policy
unambiguously, eventually resulting in the inability to set action priority and attain
coset-effective climate planning.

Other considerations about the limitations of IBVAs can be made with respect to
the spatial scale of aggregation. For the social vulnerability component specifically,
the national level has long been considered and utilised as the relevant unit of spatial
aggregation, as most relevant data is collected and processed at that level. Though,
issues pertaining to such a choice are highlighted when considering that the scale at
which the effects of climate change are usually suffered is commonly smaller than
the national one, and that vulnerability patterns might be strongly differential within
a national territory, raising scale issues [9].

Even within the boundaries defined by their limitations, IBVA methodologies
can still find application to support climate-related policy-making, provided that the
one-size-fits-all vulnerability assessment label should be problematised, and that the
scope of application of indicators should be better defined [6].

3.3 Indicators of Vulnerability to Coastal Flooding

Thus far, this Chapter proposed an overview of the methodological foundations at
the base of IBVA approaches. It highlighted the main milestones related to their de-
velopment, and discussed the main limitations, adopting a generic outlook pertaining
to vulnerability indicators. In this section, the focus of the analysis will be shifted
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towards indicators of flood vulnerability, of which one instance was utilised for the
development of the case study presented in Paper II.

The state-of-the-art of indicator-based methodologies for coastal flooding was as-
sessed in Paper I. The systematic review protocol adopted in the work allowed
to highlight the main recurring points about the utilisation of such methodologies
within research on coastal flooding, as follows:

1. Indicator and index-based methodologies were most often utilised in studies
proposing comprehensive assessments of vulnerability and risk to coastal
flooding.

2. On a related note, study authors usually identified the role of the proposed
index-based assessment as being able to obtain first-order appraisals, in line
with the recommendation by Hinkel [6] stating that IBVAs should only serve
as high-level entry points to further more detailed information behind.

3. The Coastal Vulnerability Index (CVI) [65, 66] represented the most prevalent
instance of this class of methodologies among reviewed literature.

4. GIS-based Multi Criteria Decision Analysis (MCDA) was commonly utilised
to choose indicators to include and their weights to compute the aggregate
index.

5. The most relevant limitations emphasised in literature referred to the simul-
taneous integration of the natural and socioeconomic components. This in
turn resulted in inconsistencies in the spatial representation the index in flood-
related maps (see Section 3.4).

A case study analysis of coastal vulnerability to flooding through an indicator-
based assessment methodology was developed in Paper II. In the paper, the InVEST
Coastal Vulnerability model [67] was used to obtain a version of the widely-utilised
CVI in a spatially-explicit manner for a wide portion of the Ligurian coastline.
The model takes a series of pre-processed vector data layers pertaining to relevant
bio-geophysical variables and then proceeds to compute the index for a series of
evenly-spaced points located along the shoreline of the area of interest. The model
accounts for the spatial interpolation of the vulnerability-determining inputs towards
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the shoreline points in an automatic fashion.
At the beginning of the study design, the main objective of the study was to assess
the scope for considering climate variation within the approach, as the methodology
required the inclusion of climate-related data pertaining to wind and waves to com-
pute one of the relevant the sub-indicators considered. Two representative 30-year
climate periods were input in different model runs, and the resulting model outputs
were compared. The analysis of results allowed to ascertain that such an approach –
and namely the index aggregation procedure – masked most of the variation observed
between the two climate periods considered.

These results can be interpreted within the broader theoretical discussion ex-
plored above in this Chapter and in Chapter 1 pertaining to the operationalisation
of vulnerability, insofar as vulnerability can be understood as a comparison either
through time or in space. Concerning time, not only IBVA methodologies do not
consider time within them – as extensive theoretical research has shown –, but varia-
tions in time are not even captured when comparing different realisations of the same
indicators run with different input data. This excludes any diachronic use of such
methodologies, and might hinder the role of such assessment in providing continued
support through time to the implementation of coastal adaptation policies aimed at
increasing climate resilience.
With regards to space, the methodology adopted in Paper II was characterised by
relevant limitations of the type of spatial representation the output was provided in,
which are explored in more detail in Section 3.4 below.
The research carried out in the context of Paper II allowed to further corroborate
some of the theoretical discussion developed above in this dissertation pertaining to
the difficulties in defining the boundaries of which SES elements are being addressed.
Namely, in the context of the CVI, the vulnerability to flooding is usually analysed
in conjunction with vulnerability linked to erosion processes. In turn, most studies
jointly consider the two independently of the relevance of erosion processes for
the coastal area of interest, and fail to explicitly address the mismatch between the
applicability of the methodology and the underlying elements of the SES that the
analysis is focusing on.
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3.4 Spatial Representation of Indicators of Coastal
Vulnerability

Issues of geographical scale and of spatial representation of vulnerability have been
addressed extensively in literature. As noted by Ran et al. [68], such a focus on the
spatial representation of vulnerability is closely linked to the utilisation of vulnera-
bility assessments for policy or practice envisioned by researchers, though the actual
uptake of such assessments by practitioners remains an open question.
Even if previous research highlighted that most vulnerability studies are carried out
at higher levels (e.g., regional, national), IBVAs are most fruitfully developed at the
local scale because at that level it is easier to define systems, identify socioeconomic
and biophysical processes that determine vulnerability and build inductive argu-
ments to characterize them [10]. The adoption of a small spatial scale might also
help alleviate some of the distortions caused by aggregation typical of national-level
appraisals, as highlighted by Eriksen and Kelly [9].

In Paper I, a focus was devoted to the characterisation of the spatial representa-
tion of rapid-onset coastal flooding in literature. The systematic study design allows
for two possible perspectives on the literature reviewed, depending on whether it is
considered through the lens of the type of flood map on the one hand, or from the
perspective of the type of methodology used on the other.
The former is adopted explicitly within the article, and can be summarised based on
the following points:

1. With regards to vulnerability to rapid-onset coastal flooding, reviewed literature
adopted a broad spectrum of interpretations, from articles focusing exclusively
on biophysical vulnerability, to those considering a mix of the two components,
to those considering exclusively socioeconomic vulnerability.

2. As a result, the spatial representation of vulnerability was dependent on the
physical distribution of the geographical element under consideration and the
data aggregation strategy adopted by the individual study, with the result being
miscellaneous levels of adherence to the distribution of natural factors.

3. Nevertheless, the spatial representation of vulnerability as being referred to
purely administrative units was overall prevalent.
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Most of these results still hold when adopting the perspective of the type of
spatial representation presented in studies adopting indicator-based methodologies,
since those studies are most commonly flood vulnerability – or to a lesser extent
risk – assessments. Within this context, it is noteworthy that the type of spatial
representation of the CVI obtained in the context of Paper II seems to represent a
relatively rare example, and that some of the limitations related to it and discussed in
the article (i.e., points located arbitrarily along the shoreline without any reference to
the physical processes of flooding that shape vulnerability, and lack of information
on inland portions of the coastal study area) might not necessarily hold in general
for index-based coastal flood vulnerability assessments.

Nevertheless, such shortcomings informed the choice of which methodology to
address in the following phases of the research, which represents the topic addressed
in Chapter 4.



Chapter 4

Assessing Susceptibility to Coastal
Flooding

4.1 Susceptibility to Flooding

Susceptibility can be defined as the physical predisposition of a system to be neg-
atively affected by a dangerous phenomenon and suffer its consequences due to
its intrinsic characteristics [25, 69, 26]. Flood susceptibility assessments aim at
identifying areas characterised by topographic, land cover or geomorphological
characteristics that are most determinant to the accumulation of water. Flood suscep-
tibility assessments are essential tools to inform disaster prevention strategies and
flood preparedness, and can be carried out through a wide variety of methodologies
spanning from multi-criteria to statistical and data-driven methods [70].

4.2 Data-Driven Flood Modelling and Mapping

The systematic literature review carried out in the context of Paper I allowed to
highlight how data-driven methodologies are used in several different ways to model
and map rapid-onset coastal flooding, as well as for the estimation of other relevant
DSPRC components of the coastal flood system (see Section 2.2).
Some relevant examples include:
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1. Data-driven models can be utilised as surrogates for high-fidelity physics-
based models for ocean circulation and wave modelling, since their reduced
computational resource requirements and shorter runtimes make them more
suitable in contexts where there might be resource or time constraints. These
data-driven surrogate models are generally aimed at modelling water dynamics
just until the shoreline demarcation.

2. Machine Learning (ML) models can also be utilised for the simulation of
the propagation of coastal floods inland. Current research efforts in this field
are aimed at improving upon the usual representation of surrogate models
which neglect that inputs are time series and outputs are floods that propagate
inland. One such instance was proposed by López-Lopera et al. [71], where
a multioutput Gaussian process based model was developed which can be
used with time-varying inputs and to provide information on spatially-varying
inland coastal flooding.

3. Data-driven flood susceptibility assessments, to which Section 4.3 is dedicated.

4. Additionally, data-driven methods can also be utilised to obtain post-event
flood inundation maps, which were not addressed in the context of Paper I. ML
can in that context aid in bypassing some of the problems commonly linked
to the visualisation of water in remote sensing applications, such as cloud
cover during storms in the case of optical imagery or other types of distortions
in radar imagery [72]. Remote sensing techniques such as change detection
are commonly used to obtain flood inundation maps, by comparing pre-event
and post-event images to distinguish between flooded and non-flooded areas.
Flood inundation maps are most commonly used for emergency response and
damage assessment after the event has occurred, but can can also represent
essential tools providing ground truth data within a supervised ML perspective.

4.3 Data-Driven Flood Susceptibility Assessment

Data-driven flood susceptibility assessments are usually configured as pixel-wise
supervised learning tasks, in which a series of static predictors is stacked and utilised
in conjunction with ground truth data on the location of past flood events in the
area to predict susceptibility to floods. Because of the non-diachronic nature of
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most susceptibility analyses, the predictors are generally considered to be static
within the time horizon adopted for the assessment, and can be influential for both
marine-driven flooding and flooding of different sources.
Most of the data-driven flood susceptibility assessments reviewed for Paper I utilised
exclusively static predictors, and a limited proportion also included some climate-
related predictors. In the case of pluvial and fluvial flood susceptibility, the inclusion
of climate-related variables can be more straightforward because of the possibility of
representing precipitation datasets in a two-dimensional way, while the same is not
always feasible for climate data related to the generation of marine-driven flooding.
The availability of extensive data on the location and extent of previous flood events
in the study area is usually considered to be an essential pre-condition for the
development of data-driven flood susceptibility assessments. Though, it represents
at the same time a strict constraint, insofar as such data are expensive to retrieve in
situ and can be difficult to obtain through Earth observation.
Most data-driven approaches to flood susceptibility assessment utilise observational
datasets on the location of past flooded areas as the ground truth for model training
[73–79]. Section 4.3.1 below reports the analyses carried out to investigate the
possibility to obtain observed post-event flood extent data to utilise as ground truth in
the case study developed for Paper III. As the amount and quality of data were not
sufficient for use in a data-driven application, the study was subsequently rerouted
towards the use of modelled ground truth, as described in more detail in Section 4.4.

4.3.1 Availability of Observational Coastal Flood Data

Assessing flood exposure in urbanised coastal environments ideally entails attaining
a sufficient level of detail to discern among different portions of the coastal and urban
infrastructure that might be affected by extreme sea-level changes. Some remote
sensing-derived databases of low-resolution flood inundation maps exist, such as the
one curated by the Dartmouth Flood Observatory (DFO) (based on twice-daily imag-
ing of Terra-MODIS and Aqua-MODIS at 250 m spatial resolution) or the MODIS
Near Real-Time Global Flood Product (same source and final product resolution).
Though, due to the intrinsic nature of rapid-onset flooding events combined with the
inverse relationship between satellite revisit time and spatial resolution, a scarcity of
flood inundation maps at sufficiently high resolution exists for coastal applications.
In Europe, the 2010 storm Xynthia is usually considered the only (recent) sufficiently
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documented large-scale coastal flooding event in Europe [80] to allow estimation of
relevant flood variables including flooded area extent. Other literature has proposed
and tried using proxy data to measure the post-coastal flood event inundated area –
for instance, Gallien et al. [81] used satellite data to identify wrack lines a few days
after the flood event and used those as markers of the flooded area extent.
Non-comprehensive flood inundation maps at higher resolution exist as well, such
as those produced in the context of the Copernicus Emergency Management Ser-
vice (CEMS), whose activation is requested by authorised members when necessary.
Though, the irregular coverage of such data is a significant hindrance when compared
to the training data requirements of supervised ML applications. The near-real time
Global Flood Monitoring (GFM) service represents another option for the derivation
of observational flood ground truth data. The GFM is developed in the context of
the Global Flood Awareness System (GloFAS) as part of the CEMS. The service is
aimed at providing a continuous stream of flood monitoring data products, which
are obtained by processing in a systematic way all incoming Copernicus Sentinel-1
Synthetic Aperture Radar (SAR) data and applying three state-of-the-art flood map-
ping algorithms. Since the GFM service was made operational in 2021, no such data
exists for the 2018 marine-driven flood event utilised as an example in the study area.

In the area of interest of Paper III, some data on the location of flooded area
derived from post-event in-situ measurements provided by the local watershed ad-
ministrations exist for pluvial and fluvial flooding events [82]. Though, no records
of predominantly sea-driven flooding extent exists for the area.
A series of analyses was carried out within this context in order to test the retrieval
of flooded area extents for sea-driven coastal flooding in the area for a known coastal
flooding event. Between October 29th and 30th, 2018 a storm surge in the context
of Storm Adrian (Tempesta Vaia) led to the flooding of significant portions of the
seafront and to the destruction of the Carlo Riva Port in the city of Rapallo, Liguria.
A multisource flood mapping approach based on the work of Hamidi et al. [83] was
attempted for this event, in which a series of SAR change detection-based flood
indices is computed and validated by comparison with an optical-based flood index
(e.g. the Modified Normalized Difference Water Index, MNDWI [84]) [85]. The
available optical and SAR pre- and post-flood event images are summarised in Table
4.1.
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Satellite Date (dd/mm/yyyy) Status Orbit-Polarization Resolution
Sentinel-1B 21/08/2018 Before flood Ascending - VH 10 m
Sentinel-1A 22/08/2018 Before flood Ascending - VH 10 m
Sentinel-1A 27/08/2018 Before flood Ascending - VH 10 m
Sentinel-1B 01/11/2018 After flood Ascending - VH 10 m
Sentinel-1A 02/11/2018 After flood Ascending - VH 10 m
Sentinel-2A 19/10/2018 Before flood – 20 m
Sentinel-2B 03/11/2018 After flood – 20 m
Table 4.1 Available satellite data for flooding event on October 29th, 2018 in Rapallo.

A variety of SAR-derived flood indices based on the comparison of pre- and
post-flood event image stack backscatter coefficients have been proposed in literature.
The following three were utilised for this analysis.
The Ratio Index (RI). Originally proposed by Vanama et al. [86], it is represented by
the following equation:

RI =
|min(σ0[AF ])|
|mean(σ0[BF ])|

(4.1)

The Difference Image Index (DII). Originally proposed by Long et al. [87] as
the absolute difference between pre- and post-flood event images and adapted for
multitemporal image stacks in [83, 88] as represented by the following equation:

DII = |min(σ0[AF ])|− |mean(σ0[BF ])| (4.2)

The Normalised Difference Flood Index (NDFI) [89] is represented by the following
equation:

NDFI =
|mean(σ0[BF ])|− |min(σ0[AF ])|
|mean(σ0[BF ])|+ |min(σ0[AF ])|

(4.3)

In all the formulas presented above, σ0[BF ] and σ0[AF ] represent respectively the
backscatter coefficient of SAR imagery before and after flood. All preprocessing
for SAR data and SAR index computation was carried out in Google Earth Engine
(GEE).
As it often happens for optical post-event flood images taken close to the event,
in this case optical flood imagery was not suitable for flood mapping because of
persisting storminess conditions. Extensive clouds over the study area lead to null
image coverage after masking for both clouds and cloud shadows. The unsuitability
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of optical data for the study was further confirmed by running an image segmentation
algorithm for flood identification trained on optical imagery on the post-event flood
image of November 3rd, 2018 [2, 3]. As shown in Figure 4.1, clouds and storminess
conditions cause reduced visibility on the ground as well as leading to wrong classi-
fication of the land-water interface in the study area.
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Fig. 4.1 Pre- and post-flood event optical imagery (Sentinel-2) for the coastal flood event
of October 29th, 2018 in Rapallo. RGB colour composite images are presented in the left
column. The right column represents the output of an image segmentation algorithm for
flood identification trained on optical imagery [2, 3].
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Flooded area delineation with the SAR indices presented above implies a thresh-
olding procedure in which pixels above or below a certain threshold of the index
distribution are considered as flooded. The threshold can be expressed by the follow-
ing equation:

T hreshold = mean(SAR Index Image)± k f × stdev(SAR Index Image) (4.4)

Where the k f coefficient represents the number of standard deviations from the mean
above (for Ri and DII) or below (for NDFI) which pixels will be considered as
flooded. A default value of k f = 1.5 can be used for all three indices considered [83],
but research has shown the coefficient to be strongly area-dependent and needing
local calibration.
As a result of the aforementioned impossibility to validate the SAR-derived flooded
area with MNDWI, an iterative approach was utilised to derive robust thresholds
for the three indices, as summarised in Figure 4.2. The k f coefficient was modified
between 0.0 and 2.0 at 0.1 intervals for each index and flood maps were obtained
for each threshold-index pair. The agreement (i.e., the number of pixels) among the
flooded areas as identified by the three indices was calculated at every threshold
level possible. The thresholds which guaranteed the maximum agreement among
the flooded areas were chosen, subject to the percentage of flooded area in the
image not exceeding that identified by thresholding with the default k f coefficient
values. A permanent water mask [90] and a maximum slope mask based on the
Copernicus DEM GLO-30 dataset available in GEE (slope below 5%) were also
utilised in the procedure to exclude permanent water bodies and steep areas not
subject to flooding. Figure 4.3 shows the three indices utilised along with flooded
areas identified thresholding with default and robust coefficients.
It is noteworthy that the Carlo Riva port of Rapallo which was flooded and suffered
significant damage after the storm event was identified as being flooded across all
indices even with default thresholding coefficients (cf. Figure 4.3). Though it is
evident that the robust thresholds yield more coherent results in the identification of
flooded areas also further away from the portal area, no further rigorous validation
could be carried out due to data limitations in this specific case.
In addition, the identified flooded areas were of limited size and therefore this data
did not represent a feasible option to be used as ground truth in the analysis.
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Fig. 4.2 Workflow adopted to identify robust SAR imagery index thresholding coefficients
for flood identification in the study area.

Fig. 4.3 Ratio Index (RI) (a), Difference Image Index (DII) (b) and Normalised Difference
Flood Index (NDFI) (c) for the coastal flood event of October 29th, 2018 in Rapallo. Figures
(d), (e) and (f) represent flooded areas identified by thresholding with the default coefficient.
Figures (g), (h) and (i) represent flooded areas identified by thresholding with the robust
coefficients. The leftmost column represents histograms of the distribution of the three
indices along with default (grey dashed line) and robust (black solid line) thresholds.
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4.4 De-coupling Susceptibility from Observations: To-
wards Surrogate Modelling

In Paper III, the outputs of numerical flood modelling produced in the context
of the European Floods Directive were utilised as ground truth for the supervised
classification task, instead of observations. Similar approaches exist in literature
[91–96]. Using modelled ground truth for flood susceptibility assessment means
adopting an approach that is more akin to surrogate modelling than the usual flood
susceptibility analyses presented in the literature. The objective of this approach was
to test the efficacy of a relatively straightforward method to be used in a surrogate-
like manner to reproduce the potential flood extent obtained with more complex
methodologies, rather than to obtain new information about flood susceptibility in
Liguria specifically.
Surrogate models can be characterised by high uncertainties in model outputs coming
from different sources. In Paper III, the ground truth utilised was characterised by
high levels of uncertainty and inconsistencies across the study area considered, as
the original numerical models were often run separately for different portions of
the coast, return times were set differently for coastal and inland flood drivers, and
a simple planar projection approach was utilised to identify the coastal floodplain
based on the water level modelled at the shoreline (see section on limitations of
planar projection inundation models in Paper I).
Despite the limitations just mentioned, Paper III demonstrated that a relatively
straightforward data-driven approach can be effectively used in a surrogate-like fash-
ion for the comprehensive identification of areas susceptible to compound flooding
in coastal areas with similar topography to the one considered. The use of modelled
ground truth introduced less spatial bias in the analysis, and allowed to verify the
classification results obtained, eventually moving towards the decoupling of the
susceptibility assessment from the necessity of extensive observational records on
previous hazardous events in the area.
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4.5 Spatial Representation of Floods within Suscepti-
bility Assessments

Published articles proposing data-driven flood susceptibility assessments usually
follow a recurring structure involving the presentation of available training data
(ground truth), the presentation of the flood influencing factors to use at predictors,
the presentation of methodology and the resulting flood susceptibility maps.
The relevant characteristics of coastal flood susceptibility maps are discussed in
detail in Paper I. In some of the articles analysed for the literature review, flood
susceptibility maps were included in indicator-based vulnerability or risk analyses as
part of the sensitivity or hazard components – in line with the terminological and
methodological confusion associated to these concepts [97, 98].
The type of spatial representation of floods obtained in Paper III constitutes a
significant improvement when compared with the results of Paper II, in terms of
both the spatial continuity and as they also provide information for the inland portions
of coastal areas. In Paper III, several spatial aggregation approaches were adopted,
including utilising the individual watershed level as the base for the development
of classification models. The results of the study allowed to gather geographically
relevant information about the features of individual watersheds that might make
data-driven approaches such as those explored in the analysis more or less suitable
to identify areas susceptible to flooding based on topographic predictors.



Chapter 5

Discussion and Conclusions

This dissertation examined various methodologies used in coastal flood vulnerability
assessment, assessing their scope of use within a broader literature context and
developing some of their more specific aspects through case study articles.
The first chapter of the thesis dealt with some foundational and high-level elements of
vulnerability that are essential for the theoretical framework of the rest of the topics
covered. The reasoning behind the choice of the Mediterranean and the peculiarities
of its coastal areas where examined therein. Finally, the research objectives were
laid out.
The second chapter of the thesis addressed more specific aspects, shifting the focus
from climate change vulnerability analysis in general to coastal flood vulnerability
analysis in particular. It also presented the topic from a decision support perspective,
highlighting the different types of analysis that can support the individual stages of
the disaster management process. A systematic literature review on modelling and
mapping methodologies for rapid-onset coastal flooding was proposed in Paper I.
By combining a wide methodological scope covering all the main methodologies
utilised for flood modelling in coastal areas with a focus on the spatial representation
of flooding proposed in literature, the study provided a robust framework within
which to place the more specific methodologies addressed in the remainder of the
research.
The third chapter of the thesis dealt with indicator-based vulnerability assessment
methodologies. After a general discussion, the more practical aspects of method-
ological development were addressed. The various advantages, disadvantages and
implications of using this class of methodologies were discussed. A case study
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assessment of coastal vulnerability to rapid-onset flooding carried out through an
indicator-based methodology was developed in the context of Paper II. In the study,
a series of inputs pertaining to relevant bio-geophysical variables – including climate
data on wind and waves – was utilised to compute a coastal vulnerability index along
the shoreline of the study area in the Mediterranean described in Chapter 1.4. There is
a high degree of uncertainty about the future evolution of ESLs in the Mediterranean
Sea basin, but climate variability is nevertheless crucial in determining vulnerability
to coastal flooding. There is a paucity of literature focusing on the extent to which
indicator-based vulnerability assessment methods can be used to account for and
reflect variations in the climatic conditions underlying the generation of extreme sea
levels. In order to explore this area of research, the study focused on the sensitivity
of the method to variations in climate data inputs. Study results concluded that
some of the aggregation procedures used in the methodology completely masked the
variations found in the raw climate data. This in turn is a serious limitation in terms
of considering vulnerability as a measure of possible future harm.
The fourth chapter of the thesis dealt with the topic of flood susceptibility in coastal
areas. The decision to adopt this perspective in the final phase of the research was
driven by the need to narrow down the number of coastal system elements to be
considered in order to achieve the objective of having a greater level of detail on the
natural conditions that contribute to flood vulnerability and to be able to achieve a
desired type of spatial representation different from that obtained before. Within
this context, a data-driven flood susceptibility assessment aimed at the identification
of areas potentially subject to flooding was developed in Paper III for the same
study area as before. All the main potential flood drivers were taken into account,
including coastal, pluvial and fluvial. The article shows that this method can be used
to identify flood-prone areas fairly reliably and without excessive computational
resources, even if some further research is required to improve results, as outlined in
more detail in Section 5.2 below.
As noted by Bove et al. [99], a gap exists between large-scale, non-specific flood
assessments and single-facility detailed assessments, where the latter are too costly
to develop in a systematic manner across wide regions and the former are too generic
to target elements that might be of interest to set up climate adaptation plans and dis-
aster risk reduction strategies. The research carried out for Paper II showed that the
approach adopted therein falls into the first category. Although generally applicable,
the limitations of the methodology result in a very narrow scope of application as a
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decision support tool for climate resilience.
On the other hand, the methodology adopted in the context of Paper III can represent
a middle-ground approach able to reconcile the need for accuracy in the identifica-
tion of flood-prone areas with the possible time and resource constraints that might
characterise several of the phases involved in disaster management.

5.1 Generalisability of Results

The question of the generalisability of the results of the research presented in this
thesis is discussed in this section, specifically in relation to the two case studies
developed in Paper II and Paper III. In both cases, it may be useful to highlight
whether the results of the analysis are applicable to coastal areas characterised by
similar geomorphological or climatic conditions. A discussion of the generalisability
of the case study results and the generalisability of the methodological implications
highlighted by the case study application is presented here.

The results of Paper II highlighted comparatively higher levels of vulnerability
in coastal stretches characterised by extensive and complex coastal infrastructure,
such as breakwaters and other portal features, and a spatial clustering of areas con-
sidered more vulnerable due to their geomorphological conformation (namely low
relief). This was observed in correspondence of the main coastal towns (and their
port infrastructure) within the Liguria region. It can be assumed that the application
of the InVEST Coastal Vulnerability model to similar areas would reveal similar
patterns. On the other hand, the vulnerability driven by the climate data inputs (wind
speed and wave power) showed less spatial clustering behaviour. However, the cause
of this pattern – or lack thereof – is likely to be due to the spatial interpolation
strategy used within the model to link the position of the ERA5 points (located at
sea) to the coastline.
At the time of publication, Paper II was the only example of a scientific article
using the InVEST Coastal Vulnerability model within the Mediterranean basin. The
paper by Papasarafianou et al. [100] is the only publication using the model for a
Mediterranean study area published between the time of writing Paper II and the
time of writing this dissertation. In Papasarafianou et al. [100] the InVEST model
is used to assess storm induced coastal erosion as part of a holistic approach that
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also uses other models for sediment production and transport and sediment retention
in flood affected areas of a Greek island. The authors found similar patterns in the
model results, with model outputs showing levels of vulnerability that varied in
relation to coastal elevation. In addition, similar marine and coastal habitats to those
found in Paper II were found in the Greek island, with relatively low protective
potential, such as seagrass.
Other considerations of generalisability to other areas, beyond the very general
ones just mentioned, are not applicable in this case. As discussed in Paper II, the
qualitative and relative nature of the assessment methodology used, as well as the ag-
gregation of the index, does not allow for a priori comparisons between assessments
carried out in different areas. In addition, the large number of variables involved
in the generation of the overall vulnerability index makes it difficult to compare
the causes of particular levels of vulnerability for individual stretches of coastline.
A more scientifically sound approach to testing the generalisability of the results
obtained is proposed in section 5.2 below.
On the other hand, the methodological implications of the research developed in
Paper II can be assumed to be highly generalisable. Namely, the insensitivity of
model results to variations in climate data inputs would hold true for any coastal area
in the world to which the InVEST Coastal Vulnerability model might be applied, as it
is rooted in the index construction methodology. This would also apply to any IBVA
methodology based on comparable assumptions and methodologies underlying index
aggregation and calculation.

The assessment of the generalisability of the results in the context of Paper III
would theoretically require an assessment for coastal areas that are similar to Liguria
from a climatic and geomorphological point of view. Nevertheless, it is notewor-
thy that within the susceptibility assessment developed for this work, the climatic
variation at the base of the hazard is embedded in the numerical flood models used
to train the machine learning models. Furthermore, most of the information on the
frequency of marine flooding events is lost, as only the maximum flood extent is
considered, and the medium probability scenario considered also varies from place
to place.
As the assessment presented in Paper III is a susceptibility assessment, it would be
more scientifically accurate to consider the generalisability only in terms of the geo-
morphological characteristics of the coastal area under consideration. Some aspects
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of this have been discussed in detail in the article. Among these, the most noteworthy
was related to the better performance of the classification models used in non-flat
terrain. It follows that the approach of the study is unlikely to be generalisable to
coastal areas characterised by flatter and more complex terrain than the one analysed.
Additional limitations to the generalisability of the approach are related to the effect
of the spatial resolution on the accuracy of the model. It should be noted that the rel-
atively coarse spatial resolution used in the study and the lack of data on subsurface
flow, which may be critical in some areas, would make the approach presented in
the study inappropriate for areas that may have undergone extensive infrastructure
adaptation to increase water flow during flood events. Some potential future research
directions in this area are discussed in section 5.2.

5.2 Future Research Directions

In the first case study developed in the context of this dissertation, an attempt was
made to explore the possibilities of incorporating climate data into the different
methodologies. The main problem was the integration of data pertaining to processes
happening at different spatial and temporal scales, which is a well-known limitation
for vulnerability assessments in general as described in Chapters 1 and 3. Future
research should focus on shedding some light on some of the shortcomings identified
through Paper II, namely:

1. Assessing whether there is a way to account for climate variability within
IBVA methodologies, or if the results achieved in the context of the research
developed hold in general.

2. The processes behind climate change-driven risks and vulnerability are in-
herently dynamical, yet some of the most widespread methodologies for the
assessment of vulnerability seem unable to account for such dynamic nature.
Future research should address what link exists between the most simplified
flood vulnerability assessment methodologies and the underlying physical
processes that result in flooding. Are the assumptions that are made for the
sake of simplification based on real-world processes or are they brought to the
point of being disconnected from reality?
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3. A third possible direction for future research concerns the need to better assess
the generalisability of the results obtained in Paper II, also in consideration of
the limitations in the possibility of comparison between different coastal areas
discussed in section 5.1 above. To this end, future research could attempt a
case study in which the InVEST Coastal Vulnerability model is applied to a
wider coastal stretch, extending from Liguria to areas characterised by similar
geomorphological and climatic conditions. The Marseille coast in France
could provide such an example.

Another issue that needs to be addressed is the general mismatch between the
need to obtain increasingly accurate results, to have increasingly accurate models,
and the availability of data to support these needs. This was a limiting factor related
to the second case study developed (Paper III), where limitations in the data used
as ground truth constrained the choice of which training data to use, and the results
obtained partly reflected the need to use more accurate data in morphologically
complex coastal contexts. It comes from this that:

1. On a general note, future research should focus on increasing the overall avail-
ability and quality of both post-event and modelled data on coastal flooding.

2. From a more specific perspective, future research should focus on improving
the results achieved in the context of Paper III, namely in terms of evaluating
whether utilising a more detailed ground truth data in conjunction with more
complex deep learning models might lead to achieving better classification
results.

3. The results of the analysis carried out in Paper III could also be useful in
guiding the collection of more accurate datasets in coastal areas, as the lack
of accurate data for both predictors and ground truth was identified as one of
the main limitations of the study. Specifically, the approach could be used in
coastal areas with a similar conformation to that proposed in the study as a
means of highlighting regions that might require more specific assessment.
Examples of this could be areas where the model may indicate a particularly
large area as susceptible to flooding, where more detailed analysis may be
required to better identify the different levels of risk within the area and to
design preparedness plans. This is particularly important for areas where the
conformation of the built environment or the presence of underground drainage
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systems is not correctly captured, if at all, in the digital elevation model and
other ground-based predictors used in the analysis.
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Abstract: Increases in the magnitude and frequency of extreme flood events are among
the most impactful consequences of climate change. Coastal areas can potentially be
affected by interactions among different flood drivers at the interface of terrestrial and
marine ecosystems. At the same time, socio-economic processes of population growth
and urbanization can lead to increases in local vulnerability to climate extremes in coastal
areas. Within this context, research focusing on modelling and mapping rapid-onset coastal
flooding is essential (a) to support flood risk management, (b) to design local climate
adaptation policies and (c) to increase climate resilience of coastal communities. This
systematic literature review delineates the state-of-the art of research on rapid-onset
coastal flooding. It provides a comprehensive picture of the broad range of methodologies
utilised to model flooding and highlights the commonly identified issues, both from a
scientific standpoint and in terms of the policy implications of translating research outputs
into actionable information. As flood maps represent fundamental instruments in the
communication of research outcomes to support decision making and increase climate
resilience, a focus on the spatial representation of coastal floods proposed in the literature
is adopted in this review.

Keywords: coastal flooding; sea level rise; climate change; flood modeling; flood mapping

1. Introduction
Coastal areas are particularly susceptible to climate change-related extreme events

because of their location at the intersection between marine and land systems, which makes
them susceptible to being affected by a combination of fluvial, pluvial and coastal flood
drivers [1]. In light of these factors, increasing information is needed to support flood
disaster prevention and coastal risk management, and considerable research addressing
coastal flooding has been developed in recent times in numerous disciplinary fields [2,3].

Maps are one of the most commonly produced outputs of coastal flood modelling,
as they represent important instruments for understanding and communicating complex
flooding processes. The role of maps for conveying information and supporting decision
making is crucial especially for the communication of climate-related risks in densely
populated urban environments, where the multifaceted components of risk and their
interactions must be jointly represented [4].
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Preventive modelling and mapping applications are especially relevant in the context
of disaster prevention, as often climate-related hazards have never been observed before for
a given area. To that extent, the simulation of design flood events and the identification of
areas potentially affected by coastal floods for different climate change scenarios are crucial.

Within this context, the objective of this systematic literature review is to delineate in
a systematic way the extensive scientific research on modelling and mapping rapid-onset
floods in coastal areas, focusing on preventive flood assessments because of their role in
supporting coastal planning, adaptation policies and flood risk management strategies. It
aims to identify the most relevant research gaps in the field, to assess the strengths and
drawbacks of the considered individual methodologies, and to highlight the peculiarities
resulting from mapping flooding specifically in coastal areas. This review further aims to
highlight how different methodologies are used to describe variable configurations of the
individual components of the coastal flood system, including the drivers and sources of
flooding in coastal areas, the water–land coastal interface, the disaster-receiving body,
the consequences of flooding and their complex interactions. Within this framework,
a dedicated focus is placed on the disaster-receiving body, thus analyzing the spatial
development of floods on emergent portions of coastal areas.

By examining a broad research spectrum, this work further allows for capturing
the state-of-the-art of proposed risk mitigation and coastal adaptation strategies, and
contributes by highlighting the role of flood research in supporting policymaking as
envisioned by the scientific community.

Some overlap exists between the scope of this work and that of some previously
published review articles. However, previous studies adopted either an exclusive focus on
coastal flood mapping through a narrow set of methodologies, or focused on a wider array
of methodologies to map other types of floods—mostly pluvial or fluvial [5,6]. Within
the former class of publications, Ferreira et al. [7] analysed process-based indicators for
sandy coasts subject to storm-induced hazards. Thorough reviews on numerical modelling
of coastal flooding were proposed by Gallien et al. [8] and Santiago-Collazo et al. [9],
who investigated, respectively, the modelling of wave overtopping in defended urban
backshores and the integration of numerical models describing different flood drivers
for compound coastal flood modelling. Among the second type of works identified,
Mudashiru et al. [10,11] reviewed flood hazard and susceptibility mapping with a
comprehensive approach in terms of the methodologies considered but without a specific
focus on coastal flooding. Avila-Aceves et al. [2] analysed the geospatial modelling of
pluvial and fluvial flooding, highlighting the wide array of methodologies utilised to
study floods in general (including hydrologic/hydraulic modelling, GIS-based Multi
Criteria Decision Analysis (MCDA) and Machine Learning (ML)). Bentivoglio et al. [6]
reviewed Deep Learning (DL) methodologies for flood mapping for a variety of flood
drivers, considering both preventive and post-event flood mapping. In the introduction
of a book contribution, Batista [12] adopted a perspective similar to the one proposed
in this work and analysed within a general outlook the methodologies utilised in the
literature for coastal flood hazard mapping, providing a base for the analysis which could be
further expanded and systematised. A more extensive effort was presented by Vousdoukas
et al. [13], who investigated large-scale coastal flood hazard mapping due to extreme marine
events through a wide series of approaches—including simplified models, semi-dynamic
models, dynamic models and the flood intensity index approach.

To the best of the authors’ knowledge, at the time of writing, this work is the first
to propose a comprehensive and systematic picture of the state-of-the-art of all available
methodologies used for pre-event coastal flood modelling and mapping. Because of the
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broad scope adopted in terms of methodologies considered, this systematic literature
review might be further characterised as a systematic scoping review [14,15].

The remainder of this article is organised as follows. The systematic protocol utilised
to develop this review is laid out in Section 2. In Section 3, the review results are presented
mirroring the various components of the coastal flood system. Section 4 outlines the
methodological state-of-the-art of coastal flood modelling. The different types of coastal
flood maps proposed are analysed in Section 5. Section 6 addresses the policy implications
of the reviewed literature. Discussion is provided and conclusions are drawn in Section 7.

2. Systematic Review Protocol
This study was carried out following a systematic review protocol based on the Joanna

Briggs Institute (JBI) guidelines for scoping reviews [16] in order to define a priori the
objectives, methods and reporting of the review. The adopted workflow was composed of
a data identification phase, a screening phase and a full-text examination phase as detailed
in Figure 1. All phases were informed by the criteria for article inclusion summarised in
Table 1 and detailed in Sections 2.1 and 2.2.

Table 1. Inclusion and exclusion criteria utilised for selection of articles.

Criterion DSPRC/PICOC
Component Explanation

Climate criterion Driver The article must not focus exclusively on climate variation, time series or extreme
value analysis, or the development of climate scenarios or projections.

Multi-hazard
criterion Driver/Source The article must not focus exclusively on multi-hazard assessment.

Hazard criterion Source The article must not focus exclusively on long-term SLR, pluvial-only or
fluvial-only floods in coastal areas.

Oceanography
criterion Source The article must not focus exclusively on water dynamics without providing

estimates of inland flood development.

Engineering
criterion Pathway

The article must analyse the performance and/or effectiveness of coastal
protection infrastructure without providing maps of the extent of the

coastal flood.

NBS criterion Pathway
The article must not analyse the performance and/or effectiveness of NBS or

ecosystems in reducing coastal flood risk without providing maps of the extent of
the coastal flood.

Ecosystem criterion Consequence The article must not focus exclusively on the consequences of coastal flooding in
terms of resulting modifications in ecosystem health and distribution.

Methodological
criterion Intervention The article abstract must mention at least one of the method-related keywords

utilised in the database query.
Post-event criterion Context The article must not focus exclusively on post-event flood mapping.

Spatial criteria Outcome At least one map proposed in the article must conform to the spatial criteria
detailed in Section 2.2.

Groundwater
criterion - The article must not focus exclusively on groundwater-driven flooding or on

groundwater contribution to coastal flooding.
Residual criterion - The article should have been discarded in the previous selection phases.

During the data identification phase, research articles were retrieved based on a
keyword search string and additional search parameters from two databases (Scopus and
Web of Science) as detailed in Table 2 [17–19]. Early access papers, proceeding papers,
book chapters and data papers were excluded from the search. This selective approach
to publication types ensures that the review captures fully developed, peer-reviewed
research that has undergone rigorous quality control processes, as journal publications
typically follow more consistent reporting formats and validation requirements than other
publication types.
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Figure 1. Flow diagram of article identification and screening procedures drafted according to
PRISMA2020 (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines [20].

Citation data, bibliographical information, full abstract text and keywords were
retrieved for identified articles. The two datasets were then filtered individually to remove
within-dataset duplicates and articles for which relevant information was missing (i.e.,
missing DOI). The two datasets were then merged (n = 3709) and duplicates (n = 1323) were
removed from the merged dataset. A series of automatic checks on the title and abstract
were put in place based on regular expression selection. Specifically, the article abstract had
to contain at least one of the keywords pertaining to the eligible research methodologies
identified in the keyword search string, to further corroborate the automatic filtering carried
out by the database search engine. Furthermore, the abstract was not to contain a series of
words that strictly identify unrelated research fields. The final dataset eligible for screening
consisted of 1368 articles.

The data screening phase was articulated into a first stage in which articles were
manually selected based on the compliance of their abstract and title to the article selection
criteria. A quick full-text examination was carried out whenever the title and abstract alone
did not provide enough information to determine the fulfilment of one or more criteria. The
second stage of the screening process was centred around the flood maps included in
the articles. After visual examination, only articles providing a map conforming to the
identified criteria for spatial flood representation (see Section 2.2) were selected. A total of
315 articles remained at the end of the screening process. A summary of the motivations
for article elimination based on map characteristics is provided in Table 3.
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Table 2. Parameters used for retrieval of studies from Scopus and Web of Science databases. Search
was carried out on 21 February 2024.

Scopus Web of Science

Fields Searched title, abstract, keywords title, abstract, author keywords

Search String (full)

TITLE-ABS-KEY (coast* AND (flood* OR
overflow* OR overtop* OR “inundation”)

AND (“hazard” OR “susceptibility” OR “risk”
OR “exposure” OR “vulnerability”) AND
(map* OR model*) AND (“numerical” OR
“physically-based” OR “hydrologic” OR

“hydraulic” OR “hydrodynamic” OR
“simplified” OR “GIS” OR “static” OR

“empirical” OR “data-driven” OR
“multi-criteria” OR mcd* OR “machine

learning” OR “deep learning” OR “artificial
intelligence” OR “statistical” OR indicator*
OR “index”)) AND PUBYEAR > 2009 AND

PUBYEAR < 2024 AND (LIMIT-TO
(SUBJAREA, “ENVI”) OR LIMIT-TO
(SUBJAREA, “EART”) OR LIMIT-TO

(SUBJAREA, “ENGI”)) AND (LIMIT-TO
(SRCTYPE, “j”)) AND (LIMIT-TO

(LANGUAGE, “English”)) AND (LIMIT-TO
(DOCTYPE, “ar”) OR LIMIT-TO

(DOCTYPE, “re”))

coast* AND (flood* OR overflow* OR overtop*
OR “inundation”) AND (“hazard” OR

“susceptibility” OR “risk” OR “exposure” OR
“vulnerability”) AND (map* OR model*) AND

(“numerical” OR “physically-based” OR
“hydrologic” OR “hydraulic” OR

“hydrodynamic” OR “simplified” OR “GIS”
OR “static” OR “empirical” OR “data-driven”

OR “multi-criteria” OR mcd* OR “machine
learning” OR “deep learning” OR “artificial
intelligence” OR “statistical” OR indicator*

OR “index”)

Publication Years
(inclusive) 2010–2023 2010–2023

Disciplinary Areas Environmental science; Earth and planetary
sciences; engineering

Environmental sciences ecology; water
resources; geology; engineering; oceanography;

physical geography
Document Types Article; review Article; review

Document
Language English English

Table 3. Articles excluded during second stage of data screening process. Criteria for spatial
representation of flood adopted in this review are detailed in Section 2.2.

Criterion Explanation Num. Articles

Map not provided The article does not provide a map of the coastal flood over land. 54

Unsuitable map
The article provides a map which does not conform to eligibility criteria

regarding the continuity in space and link to the physical hazard
or susceptibility.

55

Residual filter
criterion The article should have been eliminated in the previous phases. 47

Article unavailable The full text of the article could not be located or retrieved. 10

After data screening, remaining articles were examined in full. A total of 18 articles
were eliminated during this phase, leading to a final set of 297 articles being included in the
review. Of these, 261 were related to rapid-onset coastal flooding caused by meteo-oceanic
extreme events, and 36 were related to inundation caused by tsunamis. A series of data
charting items (Table 4) were filled out for each article pertaining to the first category,
whereas the tsunami-related literature was assessed in less detail (see Section 5.6). The
reader is referred to this article’s Supplementary Materials for a complete list of the
reviewed articles.
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Table 4. Data charting of items for articles included in review.

Data Charting Item Retrieved Information

Methodology Summary of the sequence of the main methodological steps performed in the analysis,
mirroring the various DSPRC elements.

Models List of model or methodology names (e.g., names of the specific hydrodynamic model
used, or synthetic mention of methods, such as bathtub, MCDA, ML).

Climate Drivers/Scenarios Specification of the use of observational data, establishment of scenarios, return times
(RTs) and similar.

Compound Event List of which drivers are being considered.

Ocean Dynamics Name of model(s) utilised; kept empty if not modelled directly in the articles,
e.g., if using pre-made datasets.

Pathway Specification of model or methodology utilised to characterise the
land–water boundary.

Type of Flood Map E.g., flood hazard, flood vulnerability, flood risk, flood susceptibility.

Map Characteristics
Summary of the main distinguishing features of the map including scale,

use of colours, use of satellite imagery, presence of multiple maps corresponding to
multiple scenarios.

Vulnerability Specification of any sub-component of vulnerability mapped in the article,
if applicable.

Damage Specification of the presence of estimates of flood damage either in monetary terms of
by other means, if applicable.

Adaptation Report of the adaptation measures proposed in the article, if applicable.

Special Focus Specific economic sector(s) to which the flood assessment is referred to, if applicable
(e.g., transport network, communication infrastructure, energy sector).

Discussion
Summary of the possible applications of the assessment presented in the article and

the importance for different phases of the flood risk management process,
if applicable.

Location Location of the study area considered in the article.

2.1. The DSPRC Framework and Criteria

The Driver–Source–Pathway–Receptor–Consequence (DSPRC) [21] conceptual
framework was utilised to systematise the retrieved literature and to establish some of
the article selection criteria utilised throughout the literature selection process. Within the
DSPRC framework, flood systems are represented as a linear succession of their individual
components. Adopting this perspective allowed us in turn to systematise and streamline as
much as possible both the characterisation of each component and their causal linkages,
starting from the analysis of climate patterns and variation leading to the generation of
extreme sea levels and moving towards the study of the consequences of coastal flooding
on the socio-economic context of coastal communities [22–24]. The distinction between
the different framework components is not clear-cut, and often articles can adopt quite a
comprehensive approach in which multiple elements are addressed. This in turn required
the studies retrieved and analysed to be attributed to multiple categories, depending on
which of the framework components they focused on.

The DSPRC components are detailed below, along with the types of articles commonly
focusing on them.

Driver (D): The main drivers behind the generation of sudden sea level variations in
coastal areas can be either climate-related meteo-oceanic events or submarine earthquakes
leading to tsunamis. Even if there might be some overlap between the two in terms of
methodologies utilised to study them and research outcomes produced, the literature
on tsunami-induced inundation represents a marginal interest of this literature review. A
choice was made to exclude long-term SLR because of the different ranges of methodologies
and policy concerns related to it when compared to rapid-onset flooding [25].
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Source (S): The analysis of the source of rapid-onset coastal flooding relates to the modelling
of oceanic and near-shore processes leading to the generation of extreme sea levels. Related
research generally aims to estimate water level in coastal waters, often just until the
water–land boundary. Articles considering fluvial-only of pluvial-only flooding in coastal
areas were excluded from this review, whereas articles on compound coastal flooding were
considered eligible.
Pathway (P): For rapid-onset coastal flooding, the analysis of the pathway entails
addressing the passage of water from near-shore waters, through the water–land boundary,
towards the inland receptor. Relevant literature examples include articles on hydrodynamic
modelling and studies on the effectiveness of coastal protection infrastructure for reduction
in the extent of incoming wave energy or inundation.
Receptor (R): The characterisation of the receptor requires the spatial identification of which
inland portions of the coastal system might be affected by coastal flooding. Coverage of the
receptor and its representation in space were considered fundamental requirements for the
inclusion of articles in the review, thus excluding articles focusing exclusively on either one
or a combination of the D, S, P or C components. Further criteria of the representation of
the receptor were defined in terms of research outcome as detailed in Section 2.2.
Consequences (C): The estimation of the consequences of rapid-onset coastal flooding
can be addressed through a multitude of disciplinary lenses, with respect to both
socio-economic and natural systems. Some examples in the literature include structural
appraisals of the effects of flooding on the building stock, analyses of flood-related
casualties, economic damage estimation and policy-oriented research on the formulation of
climate adaptation or mitigation measures.

2.2. PICOC-Related Criteria

In accordance with well-established guidelines for the development of systematic
reviews, the scope of this analysis was defined in terms of which population (P),
intervention (I), comparison (C), outcome (O) and context (C) (i.e., PICOC-related criteria)
were to be addressed by analysed articles [16,26–28].

Population: The population comprises studies focusing on the modelling and mapping of
rapid-onset flooding in coastal areas. No limitation was imposed regarding specific areas
of interest; therefore, the work has a worldwide geographical scope.
Intervention: A broad range of methodologies were considered [28], including simplified
and empirical models, physically based models, indicator-based models and data-driven
and statistical models. Methodology-related search keywords (Table 2) were devised to be
comprehensive yet generic enough to elicit a broad range of methods.
Comparison: Due to the broad scope adopted in terms of intervention, no comparison
was considered.
Outcome (i.e., criteria for the spatial representation of the receptor): The articles had
to portray spatial information on the receptor as a continuum in space and with some
adherence to real-world physical characteristics or flood processes—for instance, the
potential flood extent or the characteristics of the territory influencing susceptibility to
floods. Flood maps referred to arbitrary or administrative units of space were excluded
from the analysis [29].
Because of the recognised lack of clarity in the terminology related to flood risk,
vulnerability and their individual components [30], as well as to keep a broad perspective
on the different mapping needs required for coastal flood risk management, all the
main flood-related types of maps (i.e., flood hazard, flood risk, flood vulnerability, flood
susceptibility and their individual components) were considered as long as they conformed
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to the spatial criteria mentioned above. The spatial scale of analysis was limited to exclude
flood mapping at the large scale.
Context: The reviewed studies should be aimed at providing information in support of
coastal risk prevention and preparedness, with the aim of delineating coastal risk zones
and informing coastal adaptation policies. Thus, articles focusing exclusively on post-event
coastal flood delineation were excluded.

3. The Coastal Flood System
As mentioned before, the coastal flood system can be synthesised in a systematic way

in terms of the DSPRC framework. The same framework can also be utilised to organise
studies in the literature on rapid-onset coastal flooding according to the components of the
flood systems that represent their main focal points.

Therefore, the reviewed studies can ideally be described according to a two-dimensional
matrix, in which one dimension is based on the methodology utilised and the other regards
the DSPRC components addressed. In this section, the content of reviewed studies is
organised based on the different components of the considered coastal flood system, as
well as combinations thereof.

3.1. Compound Coastal Flooding

Compound flooding events are particularly relevant for coastal systems because of
their location at the intersection between land and sea.

For this reason, particular attention was devoted to compound coastal floods in the
reviewed literature. Out of the 261 articles considering flooding caused by meteo-oceanic
extreme events, 78 referred to compound coastal flooding. Compound flooding was
addressed from several points of view. In some instances, the drivers and sources of
flooding were the focus of the analysis. The statistical characterisation of individual flood
drivers and their interrelations was the main objective of most of the articles excluded based
on the climate criterion detailed in Table 1. Nevertheless, several of the articles included in
the final reviewed set addressed to an extent the statistical characterisation of compound
coastal flooding events [31–33], with some instances presenting particularly thorough
analyses [34]. The high uncertainty caused by climate change-induced combined changes
in individual climate drivers and in their interactions was among the most relevant issues
raised by the analysed literature on compound coastal flooding, because of the disruption
of the fundamental assumption of stationarity [35]. Another relevant methodological issue
was that of the superposition of different flooding processes vs. the need for monolithic
simulations of compound flooding events, which are required to achieve more precise
results [36].

A number of studies dealt with the identification of the main flood driver within
a specific area or time horizon [37]. Santiago-Collazo et al. [38] showed that the main
flood mechanism within compound flood hazards (hydrologic or coastal) can change
through time depending on the flood scenario considered, highlighting how the dominant
flood hazard in present-day hydrologically dominated watersheds might change in future
long-term predictions.

A second class of articles focused on the hydrodynamic modelling of compound
coastal flooding. Often, the marine component of compound events was addressed as a
boundary condition in an overland flow model, utilising observed tidal levels, estimates of
overtopping volumes or the output of ocean models [31,32,39–44]. Bates et al. [45] proposed
one such example, in which the combined modelling of pluvial, fluvial and coastal flooding
was carried out with the LISFLOOD-FP model for present and future climates along the
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conterminous United States, considering the water level at the coast measured from tide
gauge stations as a downstream boundary condition.

Several studies focused specifically on the characterisation of compound coastal
flooding from a spatial point of view, proposing methodologies for the delineation of
zones for which one flood driver may be dominant. There is general agreement that
the conformation of the coast and its watersheds can play a fundamental role in the
location and extent of the three hydrologic, coastal and transition zones. However, different
approaches have been adopted in the literature for this purpose, and no consensus exists
about the definition of the transition zone [32]. Bilskie and Hagen [46] were among
the first to present a methodology for the subdivision of coastal zones based on the
source of the maximum simulated water level obtained in a coupled Simulating WAves
Nearshore (SWAN [47]) + ADvanced CIRCulation model (ADCIRC [48]) simulation fed
with different boundary conditions. Their approach was then adopted by other reviewed
articles [38,49]. In subsequent research, the transition zone was further subdivided based
on the dominance of flood depth from one source over the other, such as in Wijetunge and
Neluwala [50] for compound storm surge and riverine sources and in Shi et al. [51] for
compound rainfall and storm surge. In the latter, the authors also proposed an overview of
the literature dealing with similar mapping of coastal zones based on the dominance of
different drivers. Eilander et al. [52] proposed a globally applicable modelling framework
where the Super-Fast INundation of CoastS (SFINCS [53]) model was used to obtain maps
showing the difference in flood depth between compound and univariate flood events for
the same area. Similar approaches were also proposed in [37,54] and in [55] for an akin
subdivision for a river delta system.

Yet another class of articles aimed at proposing synthetic metrics for the spatial
characterisation of compound flooding in coastal areas. One such instance is the
Tide–Rainfall Flood Quotient (TRFQ) metric proposed by Mohanty et al. [56], with
envisioned utilisation especially by low- and medium-income countries. The TRFQ is
computed based on the ratio of area flooded during design storm tide-driven flood events
over that flooded for rainfall-driven flood events, and can be used as ’an incisive measure
to explicate the marginal/individual contribution’ [56] of different flood drivers within coastal
catchments. Shen et al. [57] introduced the Transition Zone Index (TZI), defined as the ratio
of the number of simulations in which transition zones share the same location divided by
the total number of simulations. Higher TZI values identify areas where flooding is likely
to be the product of the interactions of storm tide and rainfall, eventually supporting the
choice of suitable flood mitigation approaches.

Mitu et al. [39] proposed the use of topographic indices for the identification of areas
for which a single flood driver might be most relevant.

3.2. Pathway Characterisation

The characterisation of the pathway entails the study of the coast and its structures—
both natural and man-made—and the analysis of the movement of water from the sea
inland. Among reviewed articles, some highlighted the generalised paucity of research
on integrated atmosphere–ocean–coast–overtopping modelling [58]. Others addressed
more specifically the shortcomings and complexity in the study of the movement
of water from the sea, through coastal structures, towards emergent land during
coastal flooding events, stressing the need to integrate tide-surge, wave and flood
modelling in unified frameworks in order to accurately predict the flooding due to wave
overtopping [58,59]. Some of the analysed articles presented overviews of the methodologies
utilised to model the passage of water through the pathway during overtopping events
and in general for coastal inundation [60,61]. In the simplest approaches utilised for this
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purpose, overtopping discharges are accounted for as source points in high-resolution
models and then computed with empirical formulas (with the EurOtop methodology as
a notable instance thereof [62]). In more complex methodologies, process-based solvers
are applied in one horizontal dimension along a cross-shore transect. Le Roy et al. [60]
highlighted that such empirical and 1D models are typically characterised by limits in the
spatial and temporal accuracy, which might be particularly relevant in complex coastal
urban areas. Finally, in the most complex methodologies—utilised in only a minority of the
reviewed literature—the two horizontal dimensions are explicitly represented in the model
in order to better account for the hydro- and geomorphological variability in complex
coastal environments. Especially in studies applied to sea-driven inundation only, the
pathway was most commonly approximated as a simple threshold between the total water
level registered at the coast and the land (see Section 4.1).

Another branch of the reviewed literature approached the pathway in terms of an
in-depth study of the structure of the coast itself, and of its influence on hydrodynamics in
near-shore waters or within complex coastal systems such as estuaries and channels. In
some instances, the main objective of the analysis was the establishment of different
scenarios of coastal morphology and the study of the related variations of water dynamics,
occasionally also considering combined changes in climate conditions. One such example
was presented by Mansur et al. [63], in which the capacity of inland penetration of storm
surge was analysed for a scenario of depth increase in a navigational channel located
in an estuarine region; the authors concluded that such a modification could lead to
substantial increases in inland peak water levels, peak volumetric flow rates and flooded
area. Orton et al. [64] studied the influence of landscape changes (urbanisation, changes in
habitats) on storm tide increase, showing the most determinant factors to be anthropogenic
changes to estuary depth and inlet depth and width for their study area in New York
City. Other studies [65,66] accounted for storm-related modifications to coastal morphology
using the morphodynamic model XBeach [67], within numerical simulations of surge and
wave conditions.

The precise representation of coastal defence structures in coastal flooding simulations
for a specific location and point in time was the focus of the analysis of a number of reviewed
articles [25,68]. Sometimes, advanced remote sensing techniques were utilised to precisely
image such infrastructure [69]. Ke et al. [70] highlighted that few studies in the literature
have explicitly considered the effects of the failure of coastal flood defences. The effects
on coastal inundation of fixed protective coastal structures that were originally developed
for purposes other than flood defence—such as the reclaiming of coastal wetlands—were
evaluated by Christie et al. [71].

Another class of articles focused on the characterisation of coastal ecosystems and
the quantification of their role as Nature-Based Solutions (NBSs) in the dampening of
adverse effects of coastal inundation. Examples of NBSs that intervene in the pathway of
coastal flooding are the seagrass meadows and artificial dunes considered in Unguendoli
et al. [72]. Banan-Dallalian et al. [73] modelled coastal inundation caused by a tropical
cyclone (TC) event with and without a hypothetical mangrove forest along the affected
coastline, determining a relevant local Manning coefficient and the mangrove forest
width. Results of their study showed that mangrove forests can contribute to reductions
in both maximum flood depth and maximum flow velocity. Cassalho et al. [74] found
that coastal wetlands can contribute to the attenuation of significant wave height as water
propagates inland during storm events, even if maximum water depth is not significantly
reduced. The role of foredune ridges (and erosion processes thereof) in the modification
of coastal flooding processes were also analysed in the reviewed literature in an article by
Danchenkov et al. [75].
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3.3. Receptor

In this work, the main representation of the flood receptor has been considered the
flood map, to which Section 5 is dedicated. Depending on the main objective of the study,
the receptor might also be investigated more in depth, for instance, by explicitly accounting
for the effects of variations in the inland coastal territory on coastal flooding. Though this
type of analysis was seldom found in the analysed literature, Canters et al. [76] proposed
a notable example of it. They used a cellular automata (CA) method to model variations
in the land use/land cover of the study area to assess resulting variations in coastal flood
risk deriving from two set scenarios of flood hazard, whereby the dynamically changing
component within the flood system was the receptor.

3.4. Consequences

A significant portion of the reviewed articles analysed flood consequences, with
a variety of different focuses and methodologies. For some of these, the estimation of
flood-related damage was the primary objective of their analysis [77,78]. The most common
approach adopted in these studies was the transformation of flood hazard information into
information on flood consequences through depth–damage functions, at different levels of
detail. To achieve this, some articles referenced well-established depth–damage curves such
as those devised by the US Federal Emergency Management Agency (FEMA) [79]. Others
formulated bespoke damage functions provided by local authorities [80], or adapted
pre-existing data and functions to their study area [81].

In some instances, proper economic and damage models were utilised, such as the
Delft-Fast Impact Assessment Tool (Delft-FIAT) [82], the FEMA HAZUZ platform [83] or
the economic module of the Coastal Louisiana Risk Assessment (CLARA) model [84].

In some cases, spatially coarse information on land cover was utilised to characterise
the type of land affected, either because of the lack of more detailed information or due
to the characteristics of the receptor itself (e.g., primarily agricultural land [85]). Other
studies highlighted that structural building properties are key fragility determining factors,
also affecting overall flood vulnerability and related damages [86]. The need to carry
out analyses at a higher level of resolution was raised, including detailed information
on building age, height, configuration and construction material other than the usual
depth–damage relationship [78,87].

Flood damage and economic consequences were in some cases accounted for
within indicator-based methodologies. Spaulding et al. [87] formulated the Coastal
Environmental Risk Index (CERI)—a methodology used to estimate expected infrastructure
damage—which was also utilised in subsequent analysed publications [88]. Yan et al. [89]
included sub-indicators of fiscal revenue in their assessment. Lopes et al. [90] assessed
flood-related consequences within a DSPRC framework based on asset value, susceptibility
and exposure, considering a wide variety of assets (‘inhabitants, land use, roads, buildings,
classified areas and sensible habitats’). Armaroli et al. [91] proposed an integrated hazard and
impact modelling approach—the Integrated Disruption Assessment (INDRA)—linking
numerical modelling for coastal flood hazard identification with Multiple-Criteria Decision
Analysis (MCDA) to quantify direct and indirect impacts of coastal flooding based on eight
standardised indicators.

A limited amount of studies addressed themes related to flood consequences in
terms of environmental equity and justice, with the aim of identifying if flood impacts
disproportionately affect minority, low-income or otherwise vulnerable communities.
Analysed studies attained mixed results, with some examples showing that some ethnicities
tend to be predominantly affected by different flood drivers (e.g., inland vs. coastal) [92]
and other studies highlighting the higher relevance of socio-economic status indicators (age,
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gender, education) in determining disproportionate environmental inequities for flood risk
when compared to ethnicity or race [93].

3.5. Addressing Multiple DSPRC Components

A limited portion of the reviewed articles proposed comprehensive studies addressing
multiple DSPRC framework components, sometimes explicitly mirroring the framework
structure in the study design [88]. Halsnæs et al. [94] linked climate scenarios, flood models,
Geographic Information System (GIS)-based flood impact mapping and damage cost
estimation, and further completed the analysis by discussing the policy implications of
their research in terms of cost-effective adaptation planning for two Danish coastal urban
areas. Eilander et al. [54] proposed a study of compound coastal flood risk, including
univariate extreme value analysis, hazard impact modelling, damage estimation and a
discussion of different adaptation and mitigation strategies based on their efficacy to
address extreme events of different Return Times (RTs). Wang et al. [81] proposed a
study composed of a statistical analysis of typhoon-related storm surge, numerical ocean
modelling, inundation modelling with GIS, assessment of direct economic losses with
depth-damage functions and a social vulnerability analysis.

Comprehensive studies able to streamline the complexity of flood processes and
support risk management can represent desirable approaches. However, it is noteworthy
that some reviewed of the literature cautions against the high uncertainty, errors and
propagation thereof that may be embedded in outputs of complex methodology chains,
which might require care in the communication and implementation of assessment
results [70].

4. Methodologies to Model Rapid-Onset Coastal Flooding
Five main types of methodologies were identified in the literature to model rapid-onset

coastal flooding, namely, static inundation models, raster-based approaches, index-based
methodologies, data-driven methodologies and numerical methodologies. A significant
portion of analysed articles utilised multiple methodologies in varying combinations,
which hindered a precise estimation of the relative significance of individual classes of
methodologies. At the same time, it should be acknowledged that methodologies have
been aggregated in broad classes for the purpose of clarity, but that the boundaries among
different methods might not be as well defined.

4.1. Static Inundation Models

Static—or “bathtub” or planar projection—models are methodologies in which all
locations below a threshold water level are considered flooded, several variations of
which have been proposed in the literature [95] mostly for marine-driven inundation
and to a lesser extent for fluvial flooding. Static models are used mainly to obtain first
approximation estimates of the potential inundation extent of flooding events because of
their lower computational and data requirements compared to those of hydrodynamic or
data-driven methodologies [96]. Though, they are characterised by significant drawbacks
as they have been shown—with very rare exceptions [97]—to generally be less precise
than process-based models and to overestimate the flood extent [98–102], because they
fail to account for the physical processes underlying the flooding event and neglect the
hydrological connectivity of the terrain. As highlighted by Liu et al. [103], a further
differentiation can be made for the bathtub approach based on whether it is used to
approximate non-source or source floods. The former are exemplified by situations of
well-distributed water over a given area, such as a rainstorm over a large area where all
low-lying land might be flooded. The latter describes instead a flood pulse flushing though
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a broken barrier such as in storm surge flooding spreading from a localised embankment
break, in which case accounting for circulating conditions is even more crucial than for
non-source floods.

The bathtub approach was utilised frequently in the analysed literature: 62 out of
the 261 reviewed articles utilised it to some extent. The method was adopted in flood
hazard studies to approximate the pathway between sea and land by projecting onto land
in a relatively straightforward manner the water level obtained either from observational
records or with models that solved the ocean and shallow-water hydrodynamics until
the shoreline demarcation. In some of these instances [97–99,104,105], the static model
was utilised as a benchmark against which to compare the performance of more
complex methodologies.

The bathtub method was also utilised in studies adopting more comprehensive
outlooks on coastal flood vulnerability or risk—most often utilising indicator-based
methodologies (see Section 4.3)—to identify the hazard zone in a straightforward manner
and then integrate such information with other socio-economic data [106–108].

Other articles focused instead on proposing some methodological improvements to
the simplest form of the bathtub approach in order to address some of its limitations. For
instance, Carneiro-Barros et al. [109] proposed a Tilted Bathtub Approach (TBTA) in which
the relation between maximum overwash extension and the corresponding wave run-up
values is more precisely defined utilising historical records of flooding for a particular
location and event for validation. Enriquez et al. [96] proposed the MatFlood algorithm,
which improves upon the conventional bathtub approach by allowing for spatially varying
the water level within the water body from which the flood originates, and through the
inclusion of an inverse distance reduction factor to compensate the possible overestimation
of both flood extent and depth. Similar considerations of varying source water level
were addressed by Breilh et al. [110], who compared different types of static inundation
models (homogeneous or space-varying sea level) against a semi-dynamic method (surge
overflowing method).

Attempts at introducing a measure of probability and uncertainty of inundation in
static inundation models were also proposed in the reviewed literature by Fereshtehpour
and Karamouz [111] and Kovanen et al. [112]. Both studies utilised probabilistic Monte
Carlo approaches to generate different realisations of the terrain data within bathtub models
with enforced hydrological connectivity. In the first case, the authors aimed to assess the
influence of Digital Elevation Model (DEM) resolution on the inundation results. In the
second study, the research objective was to obtain a stochastic bathtub model by generating
both varying (equally probable) instances of terrain and varying instances of water level to
obtain a cell-wise probability of flooding in the study area.

4.2. Other Raster-Based Approaches

Raster-based methods can represent efficient approaches in contexts where large-scale
flood estimations are required at high spatial resolutions [113]. LISFLOOD-FP [114] is a
widely used example of a physically based flood inundation model integrated with DEM
raster data, originally designed to reduce the representation of floodplain hydraulics ‘to
the minimum necessary to achieve acceptable predictions’. Though not originally developed for
the study of coastal inundation, LISFLOOD-FP was extensively adopted in the reviewed
literature to study both marine-driven and compound flooding in coastal areas, depending
on which combinations of upstream and downstream (coastal) boundary conditions
were provided to the model (e.g., [91,105,109,115–117] for marine-driven inundation
and [45,118–120] for compound coastal flooding). An investigation of the influence
of DEM quality and resolution on LISFLOOD-FP performance was proposed by
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Seenath [121]. In some instances [37,122,123], LISFLOOD-FP was implemented as the
hydrodynamic component of the integrated hydraulic and landscape evolution model
CAESAR-Lisflood [124].

Makris et al. [113] proposed CoastFLOOD, a high-resolution ’storage-cell, mass balance
flood inundation’ model, in which the problem of coastal inundation is approached as
a wet/dry cell storage problem and semi-analytic hydraulic equations for continuity
and volumetric flow rates are solved within a finely discretised study domain. Another
raster-based inundation model for coastal inundation that solves simplified versions of
shallow-water equations for each cell was also implemented by Favaretto et al. [125]. Zheng
and Sun [126] proposed a similar approach that utilises principles of cellular automata (CA)
to update the grid cell state.

In addition to the aforementioned process-based models closely linked to the raster
data structure, other types of low-complexity raster-based flood mapping methods are
also included in this section. Hydrogeomorphic classifiers based on the height above the
nearest drainage (HAND; i.e., factor H) have found wide application in the literature for
the rapid identification of the floodplain, most notably for inland flooding. Jafarzadegan
et al. [127] noted that some adjustments are required to adapt these methods for use in
coastal low-lying regions. To that end, the authors proposed a classifier similar to HAND
developed specifically for coastal wetlands, estuaries and deltas, based on the distance
from the nearest drainage point (i.e., factor D) as well as factor H, since factor D had been
previously shown to outperform factor H in particularly flat regions.

4.3. Index-Based Methodologies

Index-based methodologies are approaches aimed at providing synthetic measures
of multifaceted concepts composed by several components, such as vulnerability and
risk. These methodologies generally involve the selection of which data to use as proxies of
such individual components (i.e., indicators) and their aggregation into the final measure
of the complex concept (i.e., index) [128].

The spatial criteria for the inclusion of articles in this review required flood maps to be
presented in a spatially continuous way and to not be referred to arbitrary units of space,
such as purely administrative regions. It was assumed that imposing these limitations
would elicit spatialised indices retaining to a certain extent a link to the physical processes
involved in flooding, by accounting for the hazard or the physical susceptibility deriving
from intrinsic land characteristics. Nevertheless, the second part of the screening process
(see Figure 1 and Table 3) highlighted how often articles utilising index-based methods did
not meet this requirement.

This class of methodologies was most often utilised in studies proposing comprehensive
assessments of vulnerability and risk to coastal flooding. From a conceptual point of
view, the analysis confirmed clear conceptual confusion and lack of standardisation in
the definition of these concepts and their components, with a variety of different data,
aggregation techniques and miscellaneous terminology utilised in the reviewed articles.
From a terminological point of view, it can be highlighted that even if some difference exists
between the two, the terms index and indicator were used quite interchangeably.

The Coastal Vulnerability Index (CVI) [129,130] represents the most prevalent method
in this class of reviewed literature. It is obtained as a combination of a physical vulnerability
index and of a socio-economic vulnerability index, defined differently depending on the
local information needs, geographic peculiarities and data availability. Mirroring this
general structure, several studies utilised overlays of diverse information on natural
and societal characteristics for the definition of aggregate measures of vulnerability and
risk. The natural characteristics considered pertained most often to the identification of
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the flood hazard zone by various means such as post-event flood imagery [131], the
bathtub model [56,106–108,132–134], hydrodynamic simulations [135–137] or flood hazard
maps provided in previous studies or distributed as widely available data for the same
area [89,138–140]. In other cases, studies considered the physical geography of the study
area with data ascribable to land-related flood susceptibility factors [141–145].

The DSPRC framework was utilised in some studies to orient the choice of indicators
and general methodologies utilised [89,107].

From a methodological point of view, GIS-based MCDA was commonly utilised to
choose data for inclusion in the aggregate index as well as to rank the relative indicator
importance, mirroring the findings of Avila-Aceves et al. [2].

4.4. Data-Driven Methodologies

Data-driven methodologies are characterised by the absence of a priori assumptions
about the underlying functioning of a system, and are aimed at estimating functions for
its approximation based on observations. This umbrella term was utilised in this review
to refer to a broad lexicon utilised by individual studies, including terms such as artificial
intelligence, machine learning (ML) and statistical learning.

Data-driven methodologies were used in the reviewed literature for three main purposes.
A first category of studies utilised ML to build surrogates for high-fidelity physics-

based models for ocean dynamics and the inland propagation of floods [146,147]. An
overview of the literature utilising ML and climate data to model ocean circulation was
proposed by Pachev et al. [148] within an article utilising ML methods as a stand-in for
the well-established ADCIRC. As noted by López-Lopera et al. [149], usually surrogate
ML models adopt scalar representations of hydrological forcing conditions (inputs) and
flood events (outputs), neglecting that inputs are time series and outputs are floods
that propagate inland. To improve upon these shortcomings, they used a multioutput
Gaussian process-based model that correlates functional inputs and spatial locations,
which can be used with time-varying inputs and to provide information on spatially
varying inland coastal flooding. ML surrogate models were also used in the analysed
literature for compound coastal flooding. For instance, Bass and Bedient [150] proposed a
metamodelling study of compound storm surge and rainfall-runoff, emulating ADCIRC,
SWAN, the Hydrologic Engineering Center-Hydrologic Modeling System (HEC-HMS) and
the Hydrologic Engineering Center-River Analysis System (HEC-RAS) models with the aim
to predict peak inundation levels (in 2D) using hurricane landfall characteristics as inputs.

Data-driven surrogates are especially favourable in contexts that require shorter
model runtimes, such as in early-warning systems (EWSs). Within this context, Chondros
et al. [151] proposed an integrated methodological approach consisting of a hindcast and a
forecast framework only requiring wave characteristics and sea-water-level elevation to
predict maximum flood depths in areas of interest. Idier et al. [152] utilised classifier-based
metamodels to estimate indicators originally computed based on the outputs of a
phase-resolving numerical model (Simulating WAves till SHore (SWASH)), within a
user-oriented EWS framework aimed at bridging the gap between state-of-the-art modelling
and decision maker information needs.

A second class of articles utilised data-driven methodologies to assess flood
susceptibility, with the aim to identify all inland areas which might be negatively affected
by flood hazards because of their intrinsic characteristics. Most often the analysis was
characterised as a pixel-wise supervised learning task based on the estimation of the
relationship between the location of flood events (either observed or modelled) and relevant
features of the territory (e.g., terrain, topography, geomorphology). The latter were usually
represented as a stack of two-dimensional data covering the study area. Since most of these
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predictors can play a role in flooding of many different origins, the characterisation of the
article as pertaining to coastal flooding for the purpose of its inclusion in the review was
based mostly on the study area and the description of past flood events proposed by the
authors [153–155].

The inclusion of climate-related predictors is not uncommon in studies addressing
pluvial and fluvial flood susceptibility, insofar as some precipitation datasets can be
easily represented in a two-dimensional way and stacked alongside other terrain-related
predictors.This is not true for most climate datasets relevant for marine-driven inundation.
Hasan et al. [156] included the distance from cyclone tracks among the flood susceptibility
predictors; yet, the spatial interpolation for some of the other climate data utilised (e.g.,
mean sea level) was not explained in detail in the article.

Muñoz et al. [157] proposed a study adjacent to this category, in which a convolutional
neural network (CNN) trained on satellite data and modelled flood ground truth was used
along with other data fusion techniques to produce multiclass land cover classification,
including classes of permanent water and floodwater.

The third class of articles utilised data-driven methodologies aimed at estimating the
consequences of coastal flooding, for instance, to obtain refined exposure datasets (affected
population, casualties, GDP) [158], to predict property damage [77] and total losses [80],
and to predict the spatialised annual probability of flooding using data from insurance
claims datasets [159].

4.5. Numerical Methodologies

Numerical methodologies are computational implementations of mathematical
approximations of physical laws. They can be used in flood-related research to describe the
dynamic behaviour of water with varying assumptions and simplifications depending on
the scale and focus of the analysis [160].

Articles utilising numerical models represented the most prevalent class in the
analysed literature. Physically based numerical models were very numerous and covered
a wide array of represented process, since they can be utilised to model variable
combinations of the driver, source, pathway and receptor components of the coastal
flood framework. Several articles proposed diagrams representing the modelling chain
of sea-driven inundation [161], showing the links and coupling between the modelling of
meteorological conditions, ocean modelling—at the global, regional and local scale—and
flood models for the representation of coastal inundation and the inland flood propagation.

A detailed description of all the main characteristics, data inputs and outputs, usage
and limitations of the numerous numerical models used to simulate the several components
of the coastal flood system is outside the scope of this work. However, a few of the
reviewed articles proposed thorough portrayals of some of the models utilised to simulate
coastal flooding over land. The reader is referred to Androulidakis et al. [162] for an
overview of existing 2-D flood models developed for coastal inundation at various levels
of complexity and to Joyce et al. [163] for a selection of 1D, 2D and 3D hydrological
models. Nahon et al. [61] addressed methodologies for modelling wave overtopping
discharges. Makris et al. [113] and Son et al. [40] proposed detailed lists of—respectively,
and with some overlaps—flood models for coastal urban systems (including mention of
required precipitation, upstream, downstream and coastal boundary conditions) and of
2D inundation model suites developed for river flooding but adapted to the study of
coastal flooding.

The range of numerical models utilised in the reviewed articles extended further than
those mentioned in the studies referred to above, because no limitation was established
pertaining to which DSPRC components needed to be addressed by the model. Even though
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some ocean circulation models can also be used to model coastal inundation (e.g., ADCIRC,
or the Finite-Volume Coastal Ocean Model (FVCOM) [164]), a non-negligible portion of
the reviewed literature utilised numerical physically based models for the description
of ocean and coastal waters (e.g., storm surge models unable to account for inundation
over land such as the High-Resolution Storm Surge (HiReSS [165]) model [113] or wave
models [71,120,166]), and then addressed coastal inundation with simplified methodologies
(see Section 4.1) or as input to overland flow models. In articles dealing with compound
coastal flooding and considering pluvial and fluvial processes, the range of methods
widened further, including models for the simulation of rainfall-runoff processes to provide
precipitation and upstream river boundary conditions (e.g., HEC-HMS) [43,167].

A non-negligible portion of analysed articles (approximately 9% of the articles on
flooding caused by meteo-oceanic extreme events) utilised ADCIRC to simulate coastal
inundation over land and to model surge and waves when coupled with the shallow-water
circulation model and spectral wave model SWAN [40,168].

Matters related to model coupling within modelling chains were frequently considered
in reviewed articles utilising numerical methodologies. A relevant instance thereof with
regards to compound flooding was found in Bush et al. [169], in which different coupling
modes for the ADCIRC and HEC-RAS models were investigated.

Another matter of importance emphasised in the reviewed literature was the definition
of the spatial representation of the input coastal boundary conditions for models used
to simulate coastal flooding overland: Johnson [84] highlighted how the definition of a
spatially homogeneous surge surface from the origin water body towards land is a widely
utilised and convenient abstraction that might lead in some instances to misrepresentations
of the spatial development of floods.

4.6. Other Methodologies

Moradi et al. [170] used an integrated GIS and System Dynamics (SDs) model to
estimate direct and indirect damage of coastal storms. Some articles utilised Bayesian
Networks (BNs) for different purposes, especially to surrogate process-based models,
and relate offshore hydraulic conditions to inland flood conditions and indicators of
impact [171,172], or in general to represent the relationships among different elements of
the coastal floodplain system [173].

Coquet et al. [174] and Elineau et al. [175] used sketch maps collected from survey
respondents in coastal areas with the objective of estimating potential bias in the perception
of flood risk. Sketch maps produced by respondents regarding the identification of
areas potentially or previously affected by flooding were compared to the outputs of
hydrodynamic modelling, showing a generalised misperception of flood risk.

5. Types of Flood Maps
The presence of a flood-related map compliant with the spatial criteria identified in

Section 2.2 was a fundamental requirement for the inclusion of articles in this review. Maps
of different types were featured in the analysed literature, including flood hazard,
flood susceptibility, flood vulnerability, flood risk and maps of individual components
of the above. The definitions of flood hazard and susceptibility maps proposed by
Bentivoglio et al. [6] were adopted in this work. Because of the aforementioned lack of
a standardised lexicon and methodologies for the assessment of risk and vulnerability, the
classification of reviewed maps within these two categories was sometimes uncertain. As a
general rule, risk maps were assumed to include information on the hazard, whereas this
was not required for vulnerability maps.
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The cartographic representation of the coast was among the themes analysed in the
review by Bukvic et al. [176], who highlighted that no consensus exists for the delimitation
of the coastal area of reference, and addressed some of the cartographic best practices
that should be taken into account to communicate assessment results—in their case,
specifically for coastal vulnerability mapping. Chen et al. [177] addressed cartographic
best practices for hurricane evacuation maps, some of which are applicable in general
to all the articles reviewed. In general, these works indicated that map products should
be tailored to their context of application, sometimes also involving local stakeholders
and beneficiaries of the analyses in the definition of the map characteristics depending
on specific communication needs. At the same time, cartographic clarity in terms of
fundamental elements such as communication of scale, use of colours and inclusion of
data labels should be guaranteed.

The reviewed studies devoted varying levels of attention to the mapping product they
presented depending on its role within the analysis presented. For a notable number of the
reviewed articles—especially those presenting hydrodynamic simulations in the field of
oceanography or engineering—the role of the flood (hazard) map within the study was
mostly to support the results of the analysis, but no further utilisation was envisioned for it
in terms of informing policy. This in turn is likely to be the cause of the non-compliance
of these maps to cartographic guidelines mentioned above, which often complicates the
interpretation of study results for outside users. Substantially different maps were proposed
within articles that addressed to some extent the potential applications of the study results
within the coastal flood risk management process. In these cases, proposed maps were
more in line with the above guidelines, and sometimes highlighted features relevant for
the definition of flood exposure and overall vulnerability.

The following sections depict the characteristics of the main map types proposed
within reviewed articles.

5.1. Flood Hazard Maps

The majority of reviewed studies (241 out of the 261 articles addressing coastal floods
of meteo-oceanic origin) proposed flood hazard maps, either alone or in conjunction with
other types of maps. Most of the hazard maps proposed represented flood extent and depth,
and to a much lesser extent, other relevant flood variables such as flood velocity [178]
and time of submersion, or were maps of the time of maximum flood hazard for different
portions of the coastal area considered [74]. In some instances, multiple flood hazard maps
referring to different timestamps during a simulated coastal storm event were included
in a time-lapse-like manner [167,179,180]. Even if some studies proposing hydrodynamic
simulations mentioned that information on both flood depth and flood probability should
be supplied for a complete definition of flood hazard [90], most of the studies proposing
flood hazard maps did not consider probability. In some of the studies that did, the
flooding probability was addressed by considering the chance of flooding map associated with
inundation extent and maximum flood height [181], or the annual probability of areas being
in the 1% flood zone [182]. A similar treatment of flooding probability embedded in hazard
information was adopted by articles utilising 100-year FEMA floodplain maps. These—and
similar national datasets of flood hazards—were commonly adopted as an indication of the
hazard zone in studies which did not focus specifically on hazard modelling but needed
an indication of it to address more comprehensive measures of risk, vulnerability or other
components of the DSPRC framework [93,138]. Nevertheless, in most cases, information
on the probability associated with a given flood event was conveyed through the article
text but not associated to the map provided.
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Most of the reviewed studies proposed flood hazard maps in which flood depth (in
metres) was represented in a sequential colour scale, often associating darker blue tones to
higher flood depths. Examples of diverging colour scales or colour scales based on other
tones were rarer.

As addressed in more detail in Section 3.1, some articles provided maps portraying
the spatial subdivision of coastal-dominated, hydrologically dominated and compound
zones within the area considered [46], along with information on the flood depth.

Independent of the variable represented, flood hazard maps closely retrace the
distribution of floodwater in space. These data are superimposed upon basemaps which
generally vary between DEM-like greyscale backgrounds [54] and satellite imagery [91],
also depending on the scale of the analysis. In rarer instances, synthetic solid-colour
backgrounds [74] or stylised cartographic representations (e.g., OpenStreetMap) of coastal
urban areas were utilised as basemaps.

A small proportion of articles highlighted relevant exposed assets within the map,
such as important infrastructure and culturally or socially relevant locations [91,94]. It was
noticed that when compared to the very symbolic representations utilised for other map
types, flood hazard maps more often showed the whole study region considered and its
surroundings, and provided a more specific portrayal of terrain and urban characteristics.

5.2. Flood Vulnerability Maps

According to the IPCC [183], vulnerability to a given natural hazard can be expressed
as a combination of the system’s exposure, sensitivity and adaptive capacity. Even
though a multitude of different interpretations have been given to this concept, in
general, vulnerability can further be subdivided between biophysical and socio-economic
components. With regards to vulnerability to rapid-onset coastal flooding, the reviewed
literature adopted a broad spectrum of interpretations, from articles focusing exclusively
on biophysical vulnerability, to those considering a mix of the two components, to those
considering exclusively socio-economic vulnerability [141,154]. Instances of the former
approach [143] exclusively considered physical features of the area—such as land cover
data [184,185] or geomorphological characteristics [142]—as a proxy for the local ability
to cope with hazards. As a consequence, the spatial representation of vulnerability
corresponded to the physical distribution of the geographical element which was being
considered. In the latter approach, vulnerability was computed based on socio-economic
indicators exclusively, and was mapped referring to spatial units that are exclusively
administrative in nature. This way of representing (socio-economic) vulnerability has
long been the most commonly utilised approach in the literature [186]. A middle-ground
approach can consider both components of vulnerability, for which in-depth analyses can
be found especially within studies focusing specifically on vulnerability and explicitly
addressing the data selection and aggregation processes.

The spatial representation of vulnerability can in turn vary depending on the data
aggregation strategy adopted by the individual study. In some instances [108], maps
of overall vulnerability conveyed some information about the biophysical processes
considered. For instance, some studies [89,186] accounted for expected flood damage
computed on the base of the estimated flood depth of affected infrastructure, thus
retaining spatialised flood information within the vulnerability map. A good example
of this approach can be found in Rey et al. [186]. Utilising a different approach, Weis
et al. [140] included information on the potential flood extent within the estimation of
exposure. However, the final vulnerability map adopted the same spatial representation of
sensitivity and adaptive capacity, which were based on purely administrative units.
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Overall, the spatial representation of vulnerability as being referred to purely
administrative units was predominant, based on the combination of middle-ground
approaches of the latter kind with approaches considering socio-economic indicators
exclusively. Regardless of the adopted approach, vulnerability was usually mapped over
the study area as a dimensionless ranked index. Most analysed articles utilised five
vulnerability classes and a diverging colour scale with green (or, less commonly, blue)
associated with lower vulnerability and red associated with higher vulnerability. In some
instances, the vulnerability map was not self-explanatory because numbered ranks were
associated with colours in the map legend, without a consistent use of higher or lower
numbers mirroring higher or lower vulnerability. This in turn required the reader to search
for the rank explanation within the article text.

Often, flood vulnerability maps were proposed in a very stylised manner, covering
the whole study region without providing information on relevant local features, terrain or
on the surrounding areas outside of the study region.

5.3. Flood Risk Maps

In line with the previous relevant literature addressing the inconsistencies in the
definition of the concept of risk and its operationalisation, this review highlights that
no consensus emerges among analysed studies on the choice of which components to
consider and how to aggregate them in a concise measure of risk. Risk was represented
at times as a combination of hazard and vulnerability [136], at times as a combination of
hazard, vulnerability and exposure [133], and by others considering hazard, exposure and
vulnerability as well as considering a further subdivision of the latter in its physical and
socio-economic components [81], to cite but a few. A thorough breakdown of the numerous
different methodologies utilised for coastal flood risk assessment, as well as an analysis of
the different ranking methodologies utilised for risk classification are out of the scope of this
review. A focus on the differences in the spatial representation of risk that ensue from and
mirror these methodological differences is adopted here. A relevant proportion of studies
presenting flood risk maps did so within a broad risk analysis framework, which allowed
us to compare the spatial representation of the different components of risk considered.

In general—however one defines it—flood risk is a composite indicator of natural
processes (i.e., hazard) and socio-economic factors, for which different spatial representations
are appropriate (see Sections 5.1 and 5.2). Depending on the individual study, risk maps
can adopt the same cartographic conventions of vulnerability maps, since they are referred
to the same administrative units even though they contain some form of underlying
information concerning the hazard level within such boundaries [81,136]. Within a similar
perspective, the spatial representation of risk can be even more abstract; for instance, in
Martinelli et al. [187], risk was referred to as a series of lines parallel to the coast, for
different sections of it. In fact, some of the flood risk maps proposed in the analysed articles
did not conform to the spatial criteria for the selection of studies as defined in Section 2.2;
these studies were included in the review exclusively on the grounds of the flood hazard
maps presented in conjunction with flood risk maps. In other cases, flood risk maps veered
more towards the type of spatial representation of flood hazard maps, highlighting risk
within portions identified by the flood hazard [90,132,184,185,188]. Differently from flood
hazard maps, flood risk maps usually represented ranked classes and not quantitative flood
variables that can be represented with a continuous colour scale. For this reason, a diverging
colour scale strategy similar to that described for vulnerability was commonly adopted.
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5.4. Flood Susceptibility Maps

Seven of the reviewed articles proposed flood susceptibility maps. Generally, these
studies were carried out with data-driven methodologies aimed at estimating the
relationship between the location of past flood events and a series of predictors, commonly
called flood influencing/inducing factors [153,155,156,189,190]. Eventually, all locations
within the study area are classified as potentially being exposed to floods based on
their intrinsic characteristics, and a continuous map of susceptibility is proposed for the
study region considered. Often maps of individual predictors and maps of the flood
inventory data used as ground truth were also included in the study, in addition to the
final susceptibility map [22,153,155,156,189–191].

Flood susceptibility maps are obtained from and refer to purely physical features of
the territory, without any additional data pertaining to socio-economic characteristics. In
this sense, flood susceptibility maps more closely resemble flood hazard maps than flood
vulnerability maps. Nevertheless, they share with the latter the qualitative nature of the
data being represented and some of the cartographic choices mentioned before. In flood
susceptibility maps, each portion of the study area is generally assigned to one of a series
of qualitative classes corresponding to increasing levels of susceptibility. Susceptibility
levels—usually four or five—are commonly mapped in diverging colour scale, with no
general trend when it comes to the use of warmer or cooler colours for a specific end of
the spectrum. It is common for studies presenting flood susceptibility assessments to map
their results within a study area that is completely isolated from the broader geographical
context, with no indication of the surroundings or of relevant geographical features or
infrastructure in the region.

5.5. Sector-Specific Assessments

Some articles adopted a specific receptor-related perspective, dealing with an
individual socio-economic sector to assess the impact and consequences of coastal
flooding. Most of these works dealt with the potential impacts of coastal flooding
on the transportation sector, which was mentioned to be a well-established field of
research [102]. These studies aimed to identify the most critical portions of the transport
infrastructure—with bridges being a prominent instance thereof—whose failure during
storms and coastal flooding events might result in traffic disruptions, thus being crucial for
the resiliency of the coastal system [102,192–194]. In general, this field of analysed research
highlighted the need for achieving a certain level of redundancy and adaptation of the
coping strategies between emergency and non-emergency measures in a dynamic way to
better address the challenges of coastal flooding to the sector [192]. In an ex post analysis of
the evacuation plan that had been disposed for Hurricane Irma in 2017, Huang et al. [195]
highlighted that even though on that occasion the evacuation was completed successfully
before the hurricane made landfall, the overestimation of the potentially affected population
due to uncertainties in hurricane real-time forecasts caused traffic congestion and gasoline
shortages. This work further stresses the critical importance of EWSs and information
communication for the correct management of traffic during emergencies.

Flood assessments related to the transportation sector were often carried out with a
combination of flood hazard modelling for the identification of the potentially flooded
area with methodologies in the fields of network theory for the identification of critical
nodes of the transport network. Similarly, other studies utilised alike methodologies to
estimate potential disruptions and evaluate the resilience of the logistical and distribution
sectors (e.g., portal infrastructure [196]) and other critical sectors (e.g., electricity systems,
sewage network [197]) to coastal floods, sometimes also considering the cascade effects of
disruption propagation from infrastructure and sectors directly affected by the flood to all
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other economic sectors within a wider area (e.g., [118] for a case study in the Caribbean
island of Saint Lucia).

5.6. Tsunami-Driven Inundation

Tsunami-driven inundation constitutes a marginal interest of this review, insofar
as it represents an example of rapid-onset coastal flooding which may require similar
considerations in terms of both modelling, mapping and risk management. Tsunamis
have historically been addressed differently the in literature when compared to other
natural hazards [198], which might skew the contents of the reviewed literature. This
work highlights that, for datasets identified using a search string related to coastal flood
modelling and mapping (Table 2) and subsequently selected according to the data selection
criteria summarised in Table 1, tsunami-related works represented only a small proportion
(roughly 12%) of the final set of articles. The reader is referred to the Supplementary
Materials for a list of which articles on tsunami-driven flooding were retrieved for this
work, and to other relevant research (e.g., [198]) for more information on tsunami modelling.

6. Policy Implications
The issue of the function of the study in terms of its serviceability for policymaking

and coastal management was actively addressed in some of the reviewed articles. While
pondering the choice of appropriate tools in terms of the detail level and context-specificity
of the provided information, Halsnæs et al. [94] emphasised the value of utilising localised
data on flooding and costs even in light of the advantages in terms of methodological
consistency of standardised methodologies or datasets. With respect to the scale of analysis
utilised, Fahad et al. [78] highlighted that micro and macro assessments refer to different
recipient segments, and emphasised the role and value of macro-level assessments when it
comes to identifying priority regions and allocating resources. Similarly, Agharroud [106]
emphasised the importance of the identification of hot spots to better define priority
measures and aid in the implementation phase of coastal planning in the context of
Integrated Coastal Zone Management (ICZM).

The issue of contrasting options faced during the decision making process was
also addressed in studies that included different choice portfolios and master plans
among the modelled scenarios considered [172]. In some studies, the authors worked
specifically on tailoring the provided information to user needs. For instance, Idier
et al. [152] proposed a user-oriented approach to the definition of the output of the analysis,
whereby they asked what type of information was needed and then deployed a surrogate
ML model to emulate indicators originally obtained as an aggregation of information
from numerical models, also mentioning some of the feedback received. Other articles
focused instead on the development of decision support tools (DST) such as web-based
platforms for the simulation and visualisation of different scenarios of coastal flooding and
adaptation [87,116,120,152].

Previous research has shown that representing and understanding complex problems
and high-dimensional datasets of relevant climate variables is not straightforward [199],
and this is also linked to risk perception. Interesting insights on risk perception—not
necessarily only for policymakers or stakeholders, but also for the general population—were
provided by [174,175], which showed a generalised underestimation of coastal flood
risk in residents of coastal areas, and concluded that preventive action should take into
consideration the tendency to underestimate areas exposed to flooding. On a similar note,
other studies addressed the consequences of the potentially skewed risk perception on
coastal management decisions: Bruno et al. [107] compared the risk of coastal floods
as perceived by policymakers and stakeholders to physical risk, highlighting that risk
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perception can play a key role in shaping policy decisions and therefore should be taken
into account to improve the effectiveness of coastal management.

The reviewed articles usually addressed the possible local adaptation measures for
coastal flooding without going into too much detail about it. Those who did addressed
both hazard-influencing measures and vulnerability-influencing measures [172]. The former
usually entailed structural modifications of the coastal environment, and were sometimes
included among the modelled scenarios considered, framing them as variations of the
pathway or receptor. Variable combinations of grey and green infrastructure were proposed,
such as mixes of the coastal defence structure with the replenishment of coastal ecosystems
such as wetlands, vegetation and dunes [88,106,200]. Pertaining to grey infrastructure
exclusively, some articles referred to the construction or modification—including
retrofitting [40]—of coastal protection infrastructure such as drainage networks [41] and
dikes [158]. Others focused on modifications to other types of infrastructure (e.g., the
transport network [192]) to improve its resilience in the face of flooding events.

Some authors focused on green measures and the role of vegetation [25,73] or other
natural features for the protection of the coast from storm events.

Coastal protection infrastructure was also addressed in terms of the assessment
of the best logistical strategy to maximise its protection potential (e.g., establishing the
best operating strategy for tide gates to mitigate the effects of storm surge [51]). Other
articles mentioned the effectiveness of adaptation measures originally intended for another
purpose; for instance, Khan et al. [201] assessed the storm surge reduction potential of land
reclamation practices originally carried out in tidal zones for agricultural purposes.

A non-negligible portion of articles analysed the effects of non-structural
measures [145,171] aimed at reducing vulnerability by increasing local adaptive capacity.
The complexity and fragmentation of multilevel and multi-sectoral governance have been
identified as relevant obstacles to the management of coastal coastal risks [107]. Within
this context, multiple studies stressed the importance of establishing and maintaining
communication channels among different stakeholders involved in the local coastal
risk management [171], and of streamlining decision chains, reducing the responsibility
fragmentation and creating integrated coastal masterplans to increase coastal safety [172].

7. Discussion and Conclusions
This review delineated the state-of-the-art of the literature regarding the modelling

and mapping of rapid-onset coastal flooding, which are essential instruments for flood risk
prevention and preparedness and are necessary to inform better policies for the resilience
of coastal communities in the face of climate change.

Reviewed studies addressed different components of the DSPRC framework for the
study of coastal flood systems, with a broad spectrum of methodologies. A generalised
effort towards the development of rapid yet reliable flood assessment methodologies was
noticed regardless of the disciplinary field, aimed especially to support flood EWSs and
emergency responses.

The high level of uncertainty caused by the simplifications that are necessary to
quantify the vulnerability of human and natural assets was among the most recurrent
study limitations discussed by authors [82]. On a similar note, multiple studies emphasised
the uncertainty embedded in well-established and widely used flood hazard and damage
datasets, which might be particularly relevant for some coastal areas and lead to the
underestimation of flood risk [36,44,159,202]. Issues pertaining to data availability and
quality are of particular relevance for flood research [45] and were reported by numerous
reviewed articles and across a broad range of geographical areas. This was observed for all
types of data considered in the literature, including topographic and bathymetric datasets,
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observational wind and pressure fields—especially relevant for some particularly affected
areas such as the Bay of Bengal [201,203]—and data needed for the characterisation of
exposure such as census and infrastructure data [78,158].

Previous research emphasised the shortcomings in the description of the complex
relationships among hydrodynamics, structural characteristics and community preparedness
that determine the overall resilience of a community to floods [78]. Therefore, this review
combined a broad scope in terms of adopted methodologies with stricter criteria for the type
of spatial representation of floods to review studies conveying some level of information
about the natural flooding processes, along with the local socio-economic indicators that are
most commonly represented in the literature dealing with flood vulnerability and risk [186].

The results of this work highlighted that most of the articles selected based on
these criteria focused exclusively on flood hazard, while only a residual portion of the
analysed literature adopted broader perspectives encompassing flood vulnerability, risk
and susceptibility. Even though different research products might be required to support
different phases of the risk management process and diverse localised needs [78,202],
the findings of this study emphasised the generalised lack of integration between
studies focusing on the natural processes leading to flooding and those addressing the
socio-economic characteristics contributing to vulnerability. On a related note, this review
substantiated findings of extensive previous research on inconsistencies in the definition
and operationalisation of most of the basic concepts related to the relationship between
human and natural systems in the context of natural hazards. The unclear definitions
of risk and vulnerability found a corresponding inconsistent translation in their spatial
representation; this may require that these issues be more carefully addressed by the
scientific community as they can represent a hindrance to an accessible application of
research outputs to support climate adaptation policies.

The findings of this systematic review point to several promising directions for future
research in coastal flood modelling and mapping. Future research efforts should focus on
improving the representation of feedback mechanisms among the different components of
a coastal flood system. This includes investigations pertaining to the relationship between
different—potentially compound—coastal flooding sources and morphological changes,
particularly in urban environments. Another relevant aspect to be studied in this area
relates to the more accurate representation of the morphology of natural and man-made
coastal structures in hydrodynamic models, and the quantification of uncertainty in the
possible propagation of water inland.

Further attention is required to translate scientific advances into operational flood
forecasting systems. The challenges of translating scientific research results into practical
policy actions analysed in this paper relate specifically to climate change adaptation
and resilience policies in coastal zones. However, the same challenges can be found
at the research–policy interface more generally. The literature on this topic [204] has
identified issues such as fragmentation in knowledge generation and sharing, more
effective communication of research through face-to-face interactions between researchers
and policy-makers, and the existence of trusting relationships between the two as some
of the main reasons for these communication and practical difficulties. Future research
developments could focus on the other complementary aspect of the research presented
here, i.e., how different modelling and mapping results are used in practice from a policy
perspective. On this note, focusing on the spatial representation of floods and other
climate-related stressors is closely linked to the utilisation of vulnerability assessments
for policies or practices envisioned by researchers, though the actual uptake of such
assessments by practitioners remains an open question, as highlighted in previous
research [205]. The role of local communities, policymakers or other stakeholders in utilizing
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flood maps is another fundamental aspect of research that might require investigation in
future research. Therefore, future research should address the development of robust
uncertainty quantification methods suitable for operational implementation, including the
communication of these uncertainties to end-users. Finally, the standardization of flood
mapping products and modelling approaches represents an important direction for future
work. This includes evaluating the development of widely accepted protocols for model
validation and uncertainty communication and standardised methods for incorporating
new data sources and modelling techniques into existing flood risk assessment frameworks.
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Abstract: Extreme sea levels and coastal flooding are projected to be among the most uncertain and
severe consequences of climate change. In response, a wide development of coastal vulnerability
assessment methodologies has been observed in research to support societal resilience to future
coastal flood risks. This work aims to explore the scope of application of index-based methodologies
for coastal vulnerability assessment, in terms of their suitability to convey information on variations
in climate variables potentially leading to sea-level changes and inundation. For this purpose, the
InVEST Coastal Vulnerability model was coupled for the first time with the ERA5 reanalysis and
used to develop a case study assessment of the biophysical exposure component of vulnerability
to coastal flooding for Liguria, an Italian coastal region facing the Mediterranean Sea. Different
scenarios of wind speed and wave power were created in order to test the sensitivity of this approach
to climate data inputs. The results support the applicability of this approach to provide a preliminary
grasp of local vulnerability to coastal inundation. Yet, this work also highlights how the method’s
data aggregation and indicator computation processes result in its insensitivity to wind and wave
variations, and therefore in its unsuitability to reproduce climate scenarios. The implications of these
findings for research methodology and regarding the operationalisation of vulnerability assessment
results are discussed.

Keywords: extreme sea levels; coastal flooding; coastal vulnerability; Mediterranean Sea; ERA5
reanalysis; sea level scenarios

1. Introduction

Assessing the vulnerability of coastal communities to climate-related hazards is a key
aspect of climate change adaptation [1,2]. Coastal flooding has been recognised in scientific
literature as the most relevant among the many potential hazards related to climate change
for coastal communities, due to its frequency and damage potential [3]. Because of the
combination of the regional orography and its latitude range resulting in a concentration
of all the main natural risks linked to the water cycle [4], the Mediterranean Sea basin
is considered to be one of the most vulnerable areas to climate change impacts [5,6].
The quasi-homogeneous signal of Global Mean Sea Level (GMSL) rise, combined with
changes in the northeast Atlantic circulation are likely to lead to the average sea level in the
Mediterranean Sea rising between 40 and 100 cm at the end of the 21st century, with respect
to current values [4]. There is a lack of consensus in scientific literature regarding future
projections of Extreme Sea Levels (ESLs); these have been demonstrated to be highly
sensitive to the choice of atmospheric forcing, and model simulation results have shown
marked differences and low spatial coherence [4]. It is nevertheless widely accepted that,
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worldwide, today’s 100-year event will become common by the end of the century under
all Representative Concentration Pathway (RCP) scenarios [1]. Some notable literature
contributions regarding ESLs in the Mediterranean Sea point instead towards a reduction
in the average number [7] and magnitude [8] of positive surges, as well as lower values of
extreme wind waves [9].

As with other climate change-related risks, flood risk is determined by the interac-
tion of biophysical and social factors [10]. Climate drivers vary in time resulting from
the interaction of natural variability and anthropogenic climate change, and contextual
characteristics play a role in determining how the flood event will unfold in and impact
the specific context [11,12]. Assuming current levels of coastal protection standards to
remain unchanged in the future, absolute coastal flood risk is projected to increase strongly
because of a combination of climate-induced ESL changes and socioeconomic drivers [13].
Coastal areas are generally associated to a large number of social and economic activities
concentrated near the shoreline [2,14] and assets exposed to such extreme events are ex-
pected to increase dramatically in the upcoming decades [15,16]. In the EU, one third of the
population already lives within 50 km of the coast, and by the end of this century 5 million
EU citizens could be annually at risk from coastal flooding [17].

Given the relevance and perceived urgency of the topic, a widespread uptake of coastal
vulnerability appraisals has been observed both in research and practice. A variety of frame-
works (e.g., the 1991 IPCC Common Methodology [10]), assessment methodologies and
indices has been proposed within the field, mirroring the context and purpose-dependency
of the concept [2,3] and the breadth of the field of vulnerability to climate change at large.
Methodologies including numerical flood modelling (e.g., [18]), the vulnerability curve
method, the disaster loss data method [19], indicator-based methodologies (of which [2]
and [20] have provided comprehensive reviews) and Multi Criteria Decision Analysis
(MCDA) (e.g., [21]) have been used in order to assess coastal flood vulnerability, depending
on the research objectives and on the resources available [3]. Among the most widely
accepted methodologies for flood vulnerability assessment, indicator-based methodologies
have met with particular success because of their overall ability to convey relatively com-
prehensive information in a quick and not overly computationally-intensive manner [12].

The Coastal Vulnerability Index (CVI) [22,23] represents possibly the earliest attempt at
providing an indicator-based assessment methodology of vulnerability to coastal flooding
and erosion, with a main focus on the physically-based drivers of vulnerability. Other
methodologies were then proposed to also account for the socioeconomic components of
coastal vulnerability, such as the Coastal Social Vulnerability Index (CSoVI) [24,25].

Specific approaches have also been devised in order to depict the complex interactions
among catchment hydrology and coastal processes in low-lying deltaic environments, such
as the Coastal Cities Flood Vulnerability Index (CCFVI) [26] and the Integrated Deltaic Risk
Index (IDRI) [27]. The latter is a hybrid approach which utilises numerical model results
on different locally-relevant climate and hydrological processes as an input for computing
an aggregate risk index.

The most relevant shortcomings within the field of flood vulnerability assessment
regard for the most part a generalised lack of standardisation in practices, methodologies [2]
and terminology [12], hindering the propagation of good practices and the comparability
of research outcomes. The paucity of sensitivity, uncertainty [3,28] and validation analyses
provided as complementary to vulnerability assessment results [29] has also been shown to
impair their validity in terms of a cognizant and proper incorporation of research outcomes
in policy processes. When it comes to indicator-based assessment methodologies, these
exhibit critical issues also with regards to the data choice, aggregation and weighting
processes leading to a final aggregate indicator [2,30], and regarding the transparency of
underlying assumptions not being conveyed by some types of indicators [31].

Within this context, this work aims at addressing some of the relevant shortcomings
presented above through a case study assessment of the physical exposure component
of vulnerability to coastal flooding, particularly with regards to the study of indicator
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sensitivity to different climate scenarios. Namely, the focus is to better outline the scope
of application of indicator-based methodologies in terms of their suitability to accurately
convey information on the underlying variations in climate variables, and to consequently
be appropriate tools to depict climate scenarios fit to inform policy action. For this reason,
attention was directed towards the characterisation and inclusion within the analysis of
relevant climate variables determining extreme sea levels and storm conditions in coastal
areas. In order to do so, the consequences of data aggregation and indicator computation
processes were investigated through sensitivity and validation analyses for data on wind
speed and wave power.

Liguria, an Italian coastal region facing the Mediterranean Sea, was chosen as area of
interest for the analysis. Because of a combination of geomorphological characteristics (e.g.,
high slopes contributing to high runoff speeds for pluvial floods [32]), presence of densely
populated urban areas, high soil sealing rates and local climate, this region has historically
faced dire consequences related to pluvial and coastal flood events [33]. The case study
assessment was carried out using the InVEST Coastal Vulnerability model [34,35], a well
established methodology which provides an index-based assessment of vulnerability to
coastal floods and coastal erosion in a spatially-explicit manner.

The contribution of this work to the field of research on coastal vulnerability assess-
ments is threefold. The first contribution regards the broad methodological issue of the
study of model and indicator sensitivity to climate change scenarios mentioned above in
this section, which represents the main research gap this work aims to address. Secondly,
this work originally contributes to research in terms of the geographical context of choice:
to the best of the authors’ knowledge, most of the published peer-reviewed articles which
utilised the InVEST Coastal Vulnerability model focused on oceanic coasts, and none pro-
vided examples of its application to coastal areas in the Mediterranean Sea. This article
attempts a first application of this methodology to this semi-enclosed sea basin, which
entailed tuning model parameters with regards to the limited fetch conditions as well as to
the local geomorhphology and coastal habitats. Finally, this case study also represents a first
example of coupling the ERA5 reanalysis dataset [36] with this specific coastal vulnerability
assessment model, in order to produce scenarios of past climate conditions influencing
sea levels locally. Utilising the ERA5 dataset in place of the default Wavewatch III data
suggested for use within this InVEST model [35] is particularly relevant in view of the
need to account for the context-dependency of climate change impacts by tailoring the
methodology of choice to regional characteristics.

Quagliolo et al. [32] proposed an assessment of pluvial flash floods with a focus on
Nature-Based Solutions (NBS) for urban flood risk mitigation, for a series of watersheds
within the Metropolitan area of Genoa, Liguria. As compound and multi-pathway flooding
is at the forefront of research in coastal areas [37], the work presented here further com-
plements the aforementioned analyses by assessing exposure to coastal floods for roughly
the same geographical area. Such analyses help highlighting the multitude of potential
flooding pathways in the region, also in support of future economic appraisals of climate
change impacts and climate adaptation policies for urban coastal environments.

The continuation of this work is articulated as follows: Section 2 presents the study
area and the data inputs, and addresses how the latter were used within the InVEST Coastal
Vulnerability model. Notably, this section highlights the data on relevant climate variables
included in the analysis and the creation of climate scenarios to input in different model
runs. Section 3 addresses the analysis results; a general overview of the model outputs is
introduced, together with an analysis of the model’s sensitivity to changes in climate data
inputs and an attempt at results validation. Section 4 poses a critical discussion of the scope
of application of the methodology of choice by addressing its potential and limitations,
especially with regards to its use to represent different ESL scenarios in coastal areas. Future
research developments in light of the case study results and discussion are additionally
examined therein. Conclusions are drawn in Section 5.
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2. Materials and Methods
2.1. Study Area

A sizable portion of coastline in the Italian region Liguria—corresponding roughly
to the Gulf of Genoa and spanning approximately 440 km—was chosen as the area of
interest for the case study presented in this article (see Figure 1). The region’s orography
and densely forested surface have caused most of the population and urbanised areas to
concentrate in close proximity to the coastlines [32]; the Metropolitan area of Genoa alone
houses more than half the regional population (816,250 people out of the regional total of
1,507,438) [38].

Low-lying coasts are located predominantly in the western side of the region, while
cliffs and high coasts are more prevalent in the eastern side of the Region, from the Portofino
promontory and further towards the Toscana region. Estuaries and river mouths of modest
size can be found throughout the regional coastlines. Some major urban areas including
those of the Genoa and La Spezia municipalities are located at particularly low elevations
above the sea level and/or in close proximity to river mouths.

Liguria is characterised by a Mediterranean climate; data on cumulative monthly
precipitation collected at a weather station in Genoa (Genova Università weather station,
located at 58 m MSL) for the period 1981–2010 averaged maximum values of just above
210 mm, with September to November being the rainiest months of the year [39].

According to regional projections from the National Climate Change Adaptation
Plan [40], the mean sea level in the Ligurian sea’s coastal areas (i.e., within 12 nautical
miles from the coastline) [41] might increase by 8 cm in the period 2021–2050 under the
RCP8.5 scenario.

Data on relevant oceanographic variables are collected by a measurement buoy located
in proximity to La Spezia, on the Eastern side of Liguria [42]. According to both observa-
tions from the buoy and to modelled hindcasts, most of the coastal storms come from the
Libeccio direction (S-SW). In the area, wave heights of 7.4 m on average are associated to a
return period of 100 years (average of relevant modelled locations close to La Spezia) [43].

In the recent past, some extreme events leading to flooding have occurred over the
study area, both in terms of pluvial flash floods caused by extreme rainfall [32] and in
terms of coastal storms causing extreme sea levels [44]. One such extreme coastal storm is
referenced later in Section 2.6, and was used as a worst-case scenario event to set some of
the model’s parameters for the case study development.

2.2. The InVEST Coastal Vulnerability Model

The InVEST (Integrated Valuation of Ecosystem Services and Tradeoffs) [34] Coastal
Vulnerability model was used for this case study (version 3.10.1). This methodology was
chosen for the development of this work because it represents a well-established example of
indicator-based assessment methodology for coastal vulnerability assessment. This model
aims to provide spatially-explicit, modular and scenario-driven analyses to inform spatial
planning in the coastal zone [45], with a particular focus on the role of coastal habitats to
provide protection from erosion and inundation. There are extensive examples in literature
utilising the InVEST Coastal Vulnerability model to address the topics of vulnerability and
Nature-Based Solutions (NBS), green infrastructure and coastal planning (e.g., [45–50]).
Though, the application of this methodology to a coastal area in the Mediterranean Sea
and the in-depth study of the methodology and implications of accounting for climate
scenarios within this approach represent—to the best of the author’s knowledge at the time
of writing—original research contributions of this work.
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Genova	Università	Weather	Station La	Spezia	Measurement	Buoy

AOI

Liguria

Genoa	-	Metropolitan	Area

ERA5	Grid	Points

Figure 1. Map of the study area. The La Spezia measurement buoy and the Genova Università weather
station referenced in Section 2.1 are represented respectively as a yellow star and as a red asterisk.
The Area of Interest (AOI) within which the InVEST Coastal Vulnerability model was run is marked
by the blue dotted line. The location of the ERA5 grid points used for retrieval of climate data are
represented as pink dots.

The InVEST Coastal Vulnerability model outputs an Exposure Index (EI) and sev-
eral sub-indices of exposure for each of a series of evenly-spaced shore points along the
coastline within a user-defined Area of Interest (AOI). The model computes the EI as
the geometric mean of a series of sub-indices about relevant bio-geophysical variables
contributing to exposure to coastal hazards in the area: wind exposure, wave exposure,
sea level change (optional input, not included in this case study), relief, surge potential,
geomorphology (optional input), natural habitats. Both the sub-indices and the overall EI
range between ranks 1 to 5, corresponding respectively to very low exposure and very high
exposure. The choice, aggregation and ranking of variables adopted by the model build
upon the Coastal Vulnerability Index (CVI) proposed by [22,23]. Section 2.7.2 details the
data aggregation and indicator computations carried out by the model in more detail.

The shore points are spaced at a user-defined model resolution, which varies depend-
ing on the case study at hand and can be adjusted to account for input data resolution,
intended use of the model output and processing time. A model resolution of 1000 m was
chosen for this case study.

The following sections present a description of the data used to develop this case
study, subdivided into three main categories: data on terrain features, data on climate
variables influencing storm conditions and sea levels in the coastal area, data on coastal
habitats. A summary of the data inputs is provided in Table 1, including their sources and
the corresponding bio-geophysical variable within the InVEST Coastal Vulnerability model.
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2.3. Data on Terrain Features
2.3.1. Digital Elevation Model

A Digital Elevation Model (DEM) is required by the model in order for it to compute
the relief sub-index for each shore point, under the general assumption that on average
locations at higher elevation above the sea level are less exposed to inundation. DEMs
are at the core of most flood modelling efforts—not just for coastal applications—as they
provide a general description of the hydraulic connectivity of the terrain upon which water
flows, even if in a very approximate manner [18]. A significant number of coastal risk
applications rely on publicly available DEMs in order to delineate flood extents [3]: their
availability at high resolution has been recognised as a crucial factor to achieve good results
in terms of modelled flood extent and consequences [18]. The DEM (raster dataset with a
5 m × 5 m pixel resolution, 2022 edition) for Liguria was retrieved from Geoportale Liguria.

2.3.2. Geomorphology

The ability of the shoreline to provide protection from inundation and erosion is
calculated by the model based on the average elevation above sea level of a given shoreline
portion. Though, low-lying stretches of the coast might be reinforced by means of artificial
shore-parallel structures to achieve extra protection in otherwise very exposed areas. Such
information can optionally be included in the analysis by providing the geomorphology
data input to the model. The geomorphology input was created in the form of a polyline
shapefile vector representing the different shoreline segments within the AOI based on
information provided within the Sistema Informativo della Costa (SICOAST) framework. All
relevant vector datasets containing information on the geomorphological characteristics
of the coast (see Table 1) were processed in order to capture the variety of the different
shoreline types within the AOI according to model specifications. The final ranks assigned
to the geomorphology layer (see Section 2.7.2), as well as the different shoreline types
considered, are listed in Appendix A.

2.3.3. Bathymetry and Continental Shelf Edge Location

Bathymetry data were originally collected to ensure navigation safety, but have later
found widespread use across several other fields, including ocean currents modelling [51].
The InVEST Coastal Vulnerability model requires information on seafloor topography for
the study region in two different ways.

Digital Bathymetry Models (DBMs) are digital terrain models that represent the to-
pography of the sea floor, typically in the form of regular grids with depth values assigned
to individual grid cells. A DBM raster dataset is used by the model to extract values of
water depth in order to perform calculations of wave period and height for the local wave
exposure [35]. The European Marine Observation and Data Network (EMODnet) bathymetry
grid was used for this case study.

The second seafloor-related information is the location of the edge of the continental
shelf, or other user-specified and more locally relevant bathymetry contours, in order to
compute the surge sub-index. Among other factors, storm surge elevation is a function
of the amount of time wind blows over relatively shallow waters. Therefore, the longer
the distance between the coastline and the edge of the continental shelf, the higher the
exposure to storm surge which will be calculated by the model. The default global dataset
on the location of the continental shelf edge provided by the InVEST model developers
was used to run the model.

2.4. Climate Data Inputs—Reanalysis Product Description

Data on relevant climate variables contributing to coastal flood hazard in the area
were obtained from the ERA5 reanalysis [36]. ERA5 provides a detailed record of the global
atmosphere, land surface and ocean waves from 1950 onwards at a 0.25° × 0.25° horizontal
resolution for the atmosphere and 0.5° × 0.5° for ocean waves [52]. Reanalysis datasets are
spatially complete and physically coherent simulations of climate processes and variables.
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They are obtained by a process of data assimilation in which observational data are fed into
a forecast model [53]. Because of these features, these datasets are particularly important for
the study of climate change trends and consequences, as they allow to overcome hindrances
related to data fragmentation.

ERA5-derived data on climate variables relevant to the development of flood events
has previously been used to study climate change impacts in the Mediterranean Sea and
over the Italian territory [54]. When it comes to the description of sea-level changes,
previous literature highlighted how ERA5’s horizontal resolution might lead to poor
results in particularly narrow regional seas [55]. Dynamical downscaling of ERA5-derived
data has been shown to improve hindcast reliability in coastal areas, especially when
it comes to wind and wave directions when compared to the original low-resolution
dataset [56]. Nevertheless, ERA5 has shown a good performance reproducing observed
seasonal cycles of wind speed and wind gusts in coastal areas dominated by regional
and local circulations [53]. Therefore, ERA5 still represents the best long-term reanalysis
product to study wave climatology in the Mediterranean Sea [55], and was considered as
a suitable choice for use in this case study assessment given the geographical and time
resolutions of the analysis.

Nine ERA5 grid points located off the Ligurian coast (see Figure 1) were selected for
data retrieval. Notably, the near-surface (10 m height) wind speed (m/s) was obtained
following specifications provided by the European Centre for Medium-Range Weather
Forecasts (ECMWF) [57] starting from the ERA5 u-component of 10-m wind (u10) and the
ERA5 v-component of 10-m wind (v10).

The second climate-related variable for use in the model is the wave energy flux
per unit of wave-crest length (W/m). It was calculated following specification by [58,59]
starting from the ERA5 significant height of combined wind waves and swell, the ERA5
peak wave period and the ERA5 mean wave direction.

Sea level change is an optional climate-related input for the Coastal Vulnerability
model. It was not accounted for in this case study, as the AOI was assumed to be sufficiently
limited that there should not be any variability in the rate or amount of sea level change
within it [1,60].

30-Year Climate Periods

There is scientific consensus that 30-year periods are recommended for calculation
of the climate normal, since such a time span is supposed to be long enough to be able to
express relatively representative and stable climatic patterns [61]. One of the objectives of
this case study was to test the suitability of the model of choice to account for variations in
climate patterns and develop climate scenarios. The focus of the study was not placed on
testing the use of longer climate periods as input for the analysis, but rather on comparing
the model outputs based on different representative climate periods. In order to do so,
wind and waves model inputs were split into two different 30-year periods, one spanning
1961 to 1990 [62] and the other spanning 1991 to 2020. The two subsets were used as input
for two different runs of the model in order to compare variations in its outputs, keeping all
other inputs equal. By doing so, the intention was to eventually be able to identify changes
in the model outcomes—and thus changes in vulnerability—brought about exclusively by
changes in climate.

2.5. Data on Coastal Habitats

Nature-Based Solutions (NBS) can be understood as “solutions to societal challenges
that involve working with nature [...]”, simultaneously addressing the challenges of “[...]
mitigating and adapting to climate change, protecting biodiversity and ensuring human
wellbeing [...]” [63]. The role of natural habitats as NBS and green infrastructure as means
to provide benefits to society and protect it from adverse situations has received widespread
attention in research and policy with regards to both adaptation and mitigation of climate
change [64,65]. Natural habitats show dynamic and non-linear responses to climate change-
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related processes and can’t be assumed to be passive elements of the landscape [6]; because
of the complexity of the processes at hand, the quantification of the potential to reduce the
impacts of climate change of NBS has shown to be a challenging task [32].

With regards to coastal environments, though most of the analyses of coastal vulnera-
bility to the effects of climate change still seems to focus on hardening shorelines, coastal
ecosystem have been estimated to be able to reduce by approximately 50% the proportion
of people and property most exposed to sea-level rise and coastal storms in some areas [66].
The potential of seaweeds and seagrass meadows to attenuate waves and intercept and
stabilise sediment thus reducing erosion of sandy beaches in several different environments
is well documented in literature (e.g., [67–69]). Coral reefs are also of particular interest
because of their ability to act as natural breakwaters capable of effectively dissipating wave
energy [68].

The InVEST Coastal Vulnerability model aims to identify shoreline portions where
habitats are most likely to reduce coastal hazards such as inundation and erosion. Geospa-
tial information on habitat distribution off the Ligurian coast was retrieved from the Atlante
degli Habitat Marini della Liguria in the form of a polygon vector shapefile highlighting the
location of the different coastal habitats in the AOI (see Table 1). The habitats considered
in this case study are three types of seaweed/algae (caulerpa, sciaphilous and photophilic
algae), two types of seagrass (posidonia oceanica and cymodocea nodosa) and the coralligenous
biocoenosis, a Mediterranean Sea formation analogous to coral reefs [70]. The protection
ranks assigned to the habitat data input (see Section 2.7.2) are listed in Appendix A.

Table 1. Data inputs for the InVEST Coastal Vulnerability model runs.

Data Layer Name Data Type and Spatial
Resolution Source Reference Year(s) Bio-Geophysical

Variable

Digital Elevation
Model (DEM) Raster; 5 m × 5 m

https://geoportal.
regione.liguria.it/

catalogo/mappe.html
Geoportale Liguria
(accessed on 6 June

2022)

2022 Relief

Linea di Costa Vector; 1:5000

https://geoportal.
regione.liguria.it/

catalogo/mappe.html
Geoportale Liguria

(accessed on 22
February 2022)

2019 Geomorphology

Spiagge Vector; 1:5000

https://geoportal.
regione.liguria.it/

catalogo/mappe.html
Geoportale Liguria

(accessed on 22
February 2022)

2016 Geomorphology

Costa Alta Vector; 1:5000

https://geoportal.
regione.liguria.it/

catalogo/mappe.html
Geoportale Liguria

(accessed on 22
February 2022)

2016 Geomorphology
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Table 1. Cont.

Data Layer Name Data Type and Spatial
Resolution Source Reference Year(s) Bio-Geophysical

Variable

Opere di Difesa
Costiere Vector; 1:5000

https://geoportal.
regione.liguria.it/

catalogo/mappe.html
Geoportale Liguria

(accessed on 22
February 2022)

2016 Geomorphology

EMODnet Bathymetry Raster; 1/16 arc minute

https:
//portal.emodnet-
bathymetry.eu/#

EMODnet Product
Catalogue (accessed on

30 May 2022)

2018 Wave Height
and Period

Continental Shelf Edge Vector; NA

http://releases.
naturalcapitalproject.
org/?prefix=invest/3.

11.0/data/ Default
Datasets NatCap

Project (accessed on 6
January 2022)

NA Surge

ERA5 u-component of
10-m wind (hourly

data)
Raster; 0.5° × 0.5°

https://cds.climate.
copernicus.eu/#!

/home CDS Website
(accessed on 2 March

2022)

1961–1990; 1991–2020 Wind Speed

ERA5 v-component of
10-m wind (hourly

data)
Raster; 0.5° × 0.5°

https://cds.climate.
copernicus.eu/#!

/home CDS Website
(accessed on 2 March

2022)

1961–1990; 1991–2020 Wind Speed

ERA5 significant height
of combined wind
waves and swell

(hourly data)

Raster; 0.5° × 0.5°

https://cds.climate.
copernicus.eu/#!

/home CDS Website
(accessed on 2 March

2022)

1961–1990; 1991–2020 Wave Power

ERA5 peak wave
period (hourly data) Raster; 0.5° × 0.5°

https://cds.climate.
copernicus.eu/#!

/home CDS Website
(accessed on 2 March

2022)

1961–1990; 1991–2020 Wave Power

ERA5 mean wave
direction (hourly data) Raster; 0.5° × 0.5°

https://cds.climate.
copernicus.eu/#!

/home CDS Website
(accessed on 2 March

2022)

1961–1990; 1991–2020 Wave Power

Atlante Habitat Marini
della Liguria Vector; 1:10,000

https://geoportal.
regione.liguria.it/

catalogo/mappe.html
Geoportale Liguria

(accessed on 28
November 2022)

2020 Habitats

2.6. Model Parameters

User-defined parameters are required to set the maximum fetch distance and the elevation
averaging radius. The former is needed to discern between ocean-driven waves and locally-
generated wind-driven waves. The latter is the radius within which the model computes
average elevation from the DEM in order to estimate the relief sub-index.
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For this case study, the two parameters were set based on projects of port infrastructure
for the Port of Genoa [71] as well as on data pertaining to the storm surge episode of
late October 2018, considered as a worst-case scenario situation. Beginning in the late
evening of 29 October 2018, an exceptional weather event affected a wide portion of Liguria.
A combination of heavy rainfall in the previous days and storm conditions (waves up to 10
m high registered in Capo Mele and wind gusts of up to 180 km/h registered at Marina di
Loano [44]) resulted in a storm surge causing heavy damage to the coastline, particularly
in Santa Margherita Ligure and Rapallo.

400 km was set as the maximum fetch distance parameter, while the elevation averag-
ing radius was set at 100 m, corresponding to the maximum registered inundation extent
inland during the 2018 storm event.

2.7. Methodology

The methodology adopted for the development of the case study assessment described
in this article is illustrated in Figure 2.

2.7.1. Data Retrieval, Pre-Processing and Scenario Creation

After data retrieval from various sources, data pre-processing was carried out in a
GIS environment for the geomorphology and habitat data inputs in order for them to fit
to model specifications. Protection ranks for these two inputs were assigned according
to model guidelines [35] (see Section 2.7.2 and Appendix A). With regards to the DBM,
a quality comparison following specifications from [51] was carried out between the default
global dataset recommended by model developers (General Bathymetric Chart of the Oceans,
GEBCO [72]) and the EMODnet bathymetry. EMODnet data was ultimately selected as it
provided superior quality within the AOI. Two 30-year climate scenarios were created for
model output comparison as described above.

Figure 2. Case study workflow. Grey ellipses represent the main categories of data sources. Data for
which a pre-processing has been carried out in a GIS environment (geomorphology and habitat data
for data selection and shapefile creation, bathymetry data for quality comparison within the AOI)
are connected to the corresponding green rectangles. The main data pre-processing, data selection,
parameters setting and scenario creation steps are summarised in the middle part of the workflow
(delineated by a dotted perimeter). The three main data analysis steps carried out on model results
are pictured as dark blue rectangles on the right of the workflow diagram.
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2.7.2. Data Processing by the Model

The InVEST Coastal Vulnerability model output is provided as a series of georef-
erenced shore points. Each shore point is associated to: (i) an overall Exposure Index
(EI), (ii) one sub-index for each bio-geophysical variable of interest, and (iii) a series of
intermediate outputs that work as the sub-indices’ precursors.

The model computes intermediate outputs differently for each bio-geophysical vari-
able considered (see Table 2). For the wind exposure, wave exposure, surge potential
and relief sub-indices, these are computed pointwise directly by the model, starting from
input data and model parameters. Intermediate outputs then get arranged in an ordered
distribution and assigned to 5 bins of 20% of the distribution each, coincident with ranks 1
to 5. The shore point’s rank represents its value respective to the corresponding sub-index.

The geomorphology and habitat sub-indices are instead calculated by the model
starting from ranks assigned to input data by the model user. Specifically, geomorphology
ranks are assigned by the user to individual segments of a shoreline polyline vector shapefile
provided as geomorhpology input to the InVEST model. The model then computes the
final geomorphology sub-index pointwise, as the average rank of shoreline segments found
within a given radius (i.e., half the model resolution) around each shore point [35]. Habitat
ranks are assigned by the user to individual polygons of a vector shapefile provided as
habitat input to the InVEST model. The model then computes the final habitat sub-index
pointwise based on the ranks of habitats found within a given radius (i.e., the habitat
protection distance, see Table A2) around each shore point [35].

Lastly, the model computes the EI for each shore point as:

EI = (
n

∏
i=1

Ri)
1/n (1)

where Ri stands for each sub-index computed by the model.

Table 2. Adaptation of the guidance ranking table for the InVEST Coastal Vulnerability model
proposed by [35] [perc. = percentile]. The last column highlights the rank calculation method for each
sub-index considered in the case study, differentiating between ranks computed by the model for
each shore point based on intermediate outputs and ranks assigned by the model user to the different
geomorphological or habitat categories present in the respective data inputs. Ranks assigned to
geomorphology and habitat data inputs in this case study are reported in Tables A1 and A2.

Model
Sub-Index Rank

Rank
Calculation

Method

1 2 3 4 5
(lowest) (low) (intermediate) (high) (highest)

Wind Exposure 0–20 perc. 21–40 perc. 41–60 perc. 61–80 perc. 81–100 perc. Computed by
the model

Wave Exposure 0–20 perc. 21–40 perc. 41–60 perc. 61–80 perc. 81–100 perc. Computed by
the model

Surge Potential 0–20 perc. 21–40 perc. 41–60 perc. 61–80 perc. 81–100 perc. Computed by
the model

Relief 81–100 perc. 61–80 perc. 41–60 perc. 21–40 perc. 0–20 perc. Computed by
the model

Geomorphology e.g., rocky high
cliffs

e.g., indented
coasts e.g., low cliffs e.g., cobble

beach e.g., sand beach Assigned
by user

Natural
Habitats e.g., coral reef e.g., marsh e.g., low dunes e.g., sea grass e.g., no habitats Assigned

by user
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3. Results

Running the InVEST Coastal Vulnerability model at a resolution of 1000 m within the
AOI generated 457 shore points. Figures 3 and 4 show the model output in a GIS environ-
ment: each shore point is coloured based on the values of the overall EI. The EI distribution
has been subdivided in 5 equal quantiles corresponding to 20% of the distribution each
for the purpose of styling, to which qualitative labels of ’lowest’ to ’highest’ have been
assigned within the map. Figure 5 presents the distribution of the EI for the current climate
period and highlights its subdivision in quantiles mentioned above.

Table 3 shows summary statistics of the EI and the habitat and geomorphology sub-
indices. No summary statistics are provided for the wind, wave, surge and relief sub-indices
because they are computed in such a way that there is always going to be the same amount
of shore points for each of the ranks spanning 1 to 5 (integers only).

3.1. General Overview of the Outputs

In general, shoreline stretches ranking worse with respect to the overall AOI in terms of
the EI are located mostly in front of the port areas of Genoa and La Spezia, to the east of the
Portofino promontory (Chiavari and Lavagna municipalities) and close to the westernmost
portion of the AOI, in the Savona province (Albenga and Loano municipalities). Some
portions of the shoreline present a particularly complex morphology, particularly in port
areas where the landmass vector used as input to the model accurately depicts port and
coastal defense infrastructure. This is particularly true for the Genoa and La Spezia port
areas. Zooming over those areas as shown in Figure 4 allows to highlight that in those
complex port areas the model identifies how some portions such as breakwaters are at
highest exposure, whereas the innermost portions of portal areas are ranked as less exposed.

Figure 3. Map of the Exposure Index for the whole area considered in the case study assessment.
The Area of Interest (AOI) polygon within which the InVEST Coastal Vulnerability model was run is
also highlighted in the map. Liguria’s location within the rest of the landmass is highlighted in red in
the upper left corner of the map. Dotted ellipses delineate the location of the two main port areas of
the AOI, for which zoomed maps are proposed in Figure 4.
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Figure 4. Map of the Exposure Index. Image zooms on the port areas of (a) La Spezia and (b) Genoa
highlighting the location of the shore points on portal infrastructure. The location of the two areas
within the broader regional context is highlighted in Figure 3. The shore points are styled in the same
way as in the map of the whole area considered.

Each shore point is associated to values of both the overall EI and individual sub-
indices of each bio-geophysical variable contributing to physical exposure. Because of the
EI construction (see Section 2.7.2), it is possible for two contiguous shore points to have very
different EI values, as it can be noticed in Figure 4. In particular, this happens frequently
for shore points that have the same wind and wave exposure, but that fall on shoreline
segments that have very different relief or geomorphology ranks: keeping the climate
exposure fixed, the shore points located higher above water or in proximity to shoreline
defense infrastructure will be less exposed in terms of the relief and geomorphology
sub-indices and eventually rank differently in terms of the overall EI.
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Figure 5. Distribution of the Exposure Index (EI). The plot is styled based on the 5 quantiles containing
20% of the distribution of the EI each. The colours are the same used in the maps presented in
Figures 3 and 4.
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Table 3. Summary statistics of the Exposure Index (EI) and the two habitats and geomorphology
sub-indices for the current climate period (1991–2020).

Statistic EI Habitats Geomorphology

Minimum 1.43 1.37 1
Maximum 4.06 5 5

Mean 2.71 3.12 2.87
Median 2.68 2.99 3

Standard Deviation 0.51 1.50 0.53

3.2. Outputs Pertaining to Individual Sub-Indices

The model output type allows to further investigate the main sub-index driver(s)
behind the particularly high EI for the areas mentioned above. The very high exposure for
several shore points in the Genoa port area can be in general traced back to a combination
of absence of habitats potentially providing protection to the coast and a generally very
low relief (port infrastructure at very low elevation above water). The model identifies
shore points located directly on the breakwater protecting the entrance channel to the port
as particularly exposed to waves as well.

For La Spezia, the low relief and lack of habitats still hold true. Moreover, in this
instance the model identifies a relatively higher surge potential when compared to the rest
of the AOI, due to the bigger distance between this city and the location of the continental
shelf edge provided as input to the model.

Coastline stretches pertaining to the municipalities of Chiavari and Lavagna (east of
the Portofino promontory) are at highest exposure due to particularly high values of the
wind and wave sub-indices. It is worth noting the proximity of these municipalities to
Rapallo, whose recorded extreme weather event in 2018 was referenced as a worst-case
scenario situation to set model parameters. These findings are also consistent with S-SW
(Libeccio) direction being associated to most coastal storms for Liguria [43].

Some sub-indices present a clustering behaviour in space. For instance, shore points
ranking the worst in terms of the habitats sub-index are concentrated exclusively in proxim-
ity of the two main port areas of the region (Genoa and La Spezia), and those ranking worse
in terms of surge potential are located exclusively in La Spezia. Shore points ranking the
worst in terms of relief are scattered across the whole regional territory, but are consistently
associated to port infrastructure at low elevation above water: for this reason, a lot of shore
points of this type are located in the two main port areas of the region.

On the other hand, shore points that are more exposed due to climate variables show
less of a spatial clustering behaviour. Shore points ranking badly in terms of wave power
are mostly found scattered through the eastern part of the region (Genoa and La Spezia
provinces). The same happens with regards to wind exposure, with the worst ranking
shore points showing a more scattered distribution in space with still a bit of a prevalence
in the eastern portion of the Region.

3.3. Model Outputs Validation

Validating the InVEST Coastal Vulnerability model outputs is a challenging task due
to the aggregation of diverse data types and to the qualitative nature of the EI provided.
Furthermore, flood risk appraisals are generally difficult to validate against real-life data
due to the lack of recorded observations of extreme events location and consequences.

For this case study, an attempt of result validation was performed by comparing
model outputs to coastal risk appraisals provided by the Ligurian regional administration
in the framework of the Piano di Tutela dell’Ambiente Marino Costiero (PTAMC) [73] for some
portions of the Ligurian coastline (’ambiti’ 08-15-16-17-18). The regional administration
ranking consisted of 4 ordinal categories. Coastline segments within the areas considered
which were not associated to any risk according to the regional appraisal were considered
to be at lowest risk for the purpose of this analysis. The regional ranking thus consisted
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of a total of 5 ordinal risk categories. Regional risk rankings were assigned to InVEST
shore points through a spatial join with Voronoi diagram cells generated from InVEST
shore points in a GIS environment. In case of multiple categories of the regional ranking
pertaining to the same Voronoi cell, the ranking of the biggest shoreline segment was
considered. Adopting the same ranking system the InVEST model utilises to assign sub-
indices, the EI values associated to the shore points were transformed in 5 categories
according to 5 quantiles containing 20% of the EI distribution each (for the whole sample
of 457 points). Thus, each shore point was associated to both an InVEST ranking and a
regional ranking. The validation subset consisted of 245 shore points out of the original 457
due to the reduced spatial extent of the regional risk appraisal. Table 4 shows a comparison
of the two ranking systems considered.

Due to the ranking system adopted, shore points classified according to the InVEST
model show an almost uniform distribution, with similar amounts of points falling into
each category even when considering the validation sample. Conversely, the vast majority
of shore points is at low risk according to the regional classification, and the highest risk is
associated to very few points. Assuming the regional classification to better approximate the
ground truth within this validation analysis, the InVEST model accuracy can be conveyed
by looking at the number of points both appraisal methods classify in the same way.
Considering shore points at lowest, low, high and highest risk approximately 32% of
the points (79 out of 245) were correctly classified by the InVEST model (bottom-right
and upper-left corners of the table) and approximately 40% of the points (98 out of 245)
were misclassified.

Table 4. Validation of InVEST model results against coastal risk appraisals provided by the Regional
Administration. Values in bold italics represent the shore points that are classified in the same way
by the two methods considered as being at lowest, low, high and highest risk.

Regional Risk
Classification InVEST Coastal Vulnerability Model Classification (EI)

Lowest Low Intermediate High Highest Total Regional

Lowest 8 8 9 7 11 43
Low 19 23 39 40 27 148

Intermediate 3 4 1 5 1 14
High 3 8 6 5 15 37

Highest 1 1 0 0 1 3

Total InVEST 34 44 55 57 55 245

3.4. Study of the Model’s Sensitivity to Changes in Climate Data Inputs

Sensitivity analyses aim at assessing how variations in model inputs or parameters
affect model outputs [74]. The sensitivity analysis presented here intends to highlight
how changes in climate variables are translated into changes in the outcome vulnerability
computed by the model, keeping all other input variables equal. Results of the sensitivity
analysis of the InVEST Coastal Vulnerability model to variations in climate inputs are
shown in Table 5.

The percentage of the number of shore points whose value undergoes variation from
one climate period to the other is reported in the middle column. The column on the right
shows the average variation from one climate period to the other (considering present
values minus past values). Different rows are associated to subsequently more aggregate
data types. The first row reports the simple interpolation of ERA5-derived climate data for
wind and waves to the shore points generated by the model, which can be interpreted as
raw data for wind speed (in m/s) and wave energy flux (kW/m). Intermediate outputs
are computed by the model as a multiplication of the above-mentioned raw data by other
factors such as time and fetch distance. The model then computes wind and wave sub-
indices by arranging intermediate outputs in an ordered distribution and then allocating



Climate 2023, 11, 56 16 of 24

the values to 5 equal bins corresponding to 20% of the distribution each. The 5 bins obtained
through this process correspond to ranks 1 to 5 and represent the sub-indices of exposure
for wind and waves. The EI is computed by the model as described in Section 2.

These results highlight how the gradual aggregation of data performed by the model
induces a progressively more marked masking of the variations in climate data pertaining
to different periods. In the case of raw data simply interpolated to shore points before any
further computation, all shore points undergo variations between the two climate periods,
reflecting the changes in climate patterns. The same happens for intermediate outputs, yet
the interpretation of the average variation between periods for these variables is hindered
by the complex aggregation of several units of measurement (see [35]).

On the other hand, the ordering and binning process mask most of the variation,
resulting in the vast majority of shore points not changing value between the two climate
periods when considering both the sub-indices and the resulting EI. The binning procedure
also masks the average variation for the wind and wave sub-indices: since two symmetrical
variations are always generated, the average variation is always null.

The analyses presented here highlight the main hindrances to the use of the InVEST
Coastal Vulnerability model to account for magnitude-of-effect questions [46], including
those concerning varying climate scenarios. The data aggregation processes smooth over
any variation in the original climate data to the point of rendering almost indistinguishable
different climate periods. It might be argued that the original average variations of raw
data between periods are of small magnitude to begin with, and that this could result in
the lack of variation getting transmitted through the various aggregation steps within the
model. Some smoothing in the climate data can indeed be attributed to the need to use
periods of at least 5 years for climate data inputs, according to model specifications [35].
Further analyses might therefore need to focus on the creation of synthetic data of more
extreme wind and waves to better test the sensitivity of the model to variations of a
greater magnitude. Nevertheless, the low percentage of shore points undergoing variations
between the two periods when considering the EI (below 5%) and the climate sub-indices
(around 3.5% for wind and below 1% for waves) is still noteworthy, if compared to raw
data (100% of shore points undergoing variations between periods). Such an asymmetry
between raw data and vulnerability metrics represents a relevant methodology limitation,
especially in the context of a spatially-explicit assessment methodology aiming to highlight
the geographical roots of vulnerability such as the one used for this case study.

Table 5. Analysis of model sensitivity to variations in climate data inputs between the two 30-year
climate periods spanning 1961–1990 and 1991–2020.

Variable % Shore Points Undergoing
Variation Average Variation (Present–Past)

Wind Speed Interpolated to Shore Points (m/s) 100% −0.14 m/s (−1.52%)
Wave Power Interpolated to Shore Points (kW/m) 100% −0.79 kW/m (−6.5%)

Intermediate Model Output for Wind 100% −42,345.77 (−12.6%)
Intermediate Model Output for Waves 100% −0.126 (−4.96%)

Wind Sub—Index (range 1–5; integers only) 3.5% 0 (0%)
Wave Sub—Index (range 1–5; integers only) 0.87% 0 (0%)

Exposure Index (range 1–5) 4.37% −0.0098 (−0.36%)

4. Discussion

In the Mediterranean Sea basin, atmospheric and ocean dynamics determining sea-
level changes are appreciably regionally characterised with regards to the cyclogenesis
areas location [75]. Additionally, the relative magnitude of the influence of wind and air
pressure on sea levels is markedly significant in semi-enclosed sea basins, as tidal waves
get substantially filtered out by straits and other morphological features [76]. Adapting
the InVEST model to the Mediterranean Sea basin for the first time entailed tuning the
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model parameters to account for the much smaller fetch distances over which wind can
potentially blow over water (see Section 2.6).

The model parameters also needed to be tuned with regards to the natural habitats
of the region. The majority of literature dealing with the characterisation of the potential
of coastal habitats to reduce inundation and other adverse impacts has so far focused on
habitats that are not present in this geographical context, such as coral reefs, mangroves or
kelp forests [68,77]. The coralligenous biocoenosis which is present in the area is akin to
a coral reef, but knowledge on its distribution, biology and role within ecosystems is still
fragmentary [70]. Other habitats whose flood mitigation potential has been better analysed
such as coastal wetlands [6] exist in the Mediterranean Sea basin, though noteworthy
instances thereof cannot be found in Liguria specifically [78].

This work aims at contributing to the development of research on exposure to coastal
hazards by inquiring about the suitability of the methodology of choice to yield a good
enough characterisation of the climate driver component behind the evolution of the coastal
flood hazard. To that end, a focus was devoted to the climate data inputs. ERA5 reanalysis
data was used as input to the model, instead of the default dataset WaveWatchIII which is
suggested for use by model developers. A sensitivity analysis for climate data inputs was
also carried out. Both the use of ERA5 data and the creation of different climate scenarios
in order to test the InVEST Coastal Vulnerability sensitivity to variations in climate forcings
represent novel contributions to research.

4.1. Scope of Application of the Methodology Used

Different choice portfolios can yield different benefit quantities, qualities and values.
The InVEST Coastal Vulnerability model’s main field of application is to inform spatial
planning in the coastal zone by providing an analysis framework to help discern among
decision trade-offs and better identify benefits to population associated to distinctive
management choices [45]. The suite of InVEST models focuses primarily on bridging
the disconnect between science and practice with regards to benefits to society provided
by ecosystems, for instance by rendering explicit within the analysis their contribution
to adaptation or mitigation to climate change [46,79]. Such models have been applied
in contexts and for communities which have historically been particularly vulnerable
to environmental or climate-related hazards, or whose livelihood is strongly tied to the
existence and wellbeing of specific ecosystems [50]. Most InVEST models including Coastal
Vulnerability were designed to allow use with broadly-available datasets. For this reason,
they have found wide application in data-scarce contexts, where more in-depth appraisals
might not be feasible or economically viable [3].

Research dealing with vulnerability assessments to climate change is characterised
by a significant variety of approaches and a lack of generally agreed-upon best practices
and frameworks, leading to a generalised difficulty in comparing research results and
assessment outputs [2]. Maps and other communication and decision support tools for
the operationalisation of assessment results vary as well [3,28]. This is also due to the high
context-dependency of the concept of vulnerability itself, which is echoed by the need to
adopt methodologies that are best fit for each specific situation [80].

Evaluating the adherence between vulnerability assessments and reality represents
a particularly relevant literature shortcoming, highlighted by a generalised paucity of
sensitivity and uncertainty analyses as well as validation efforts with regards to assessment
results [3].

4.1.1. Potential of the Approach

The case for keeping into account all dimensions of vulnerability in a comprehensive
framework for analysis has been proposed extensively in literature [2,3,80]. Though,
this case study analysed the physical exposure component of (outcome) vulnerability
exclusively [3,30], in order to focus on how to best account for climate patterns within this
type of index-based methodology. The modular nature of the InVEST Coastal Vulnerability
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model has allowed to carry out the analysis even without the inclusion of socioeconomic
data, focusing on the Exposure Index (EI) only.

The InVEST Coastal Vulnerability model is strongly characterised by its spatially-
explicit character, providing insights on how and where in space different components of the
socio-environmental system interact in determining the overall vulnerability or exposure
within the territory. Thus, this approach allowed to take into account the site and context-
specific nature of variables and processes contributing to vulnerability locally, which has
been highlighted as an aspect of paramount importance in previous literature [46,81]. Both
grey and green infrastructure are considered within the analysis, through the inclusion of
data pertaining to shore-protection structures and information on local ecosystems.

Index-based approaches to flood vulnerability or exposure assessment such as the one
proposed in this work have in general been found to provide relatively trustworthy yet
rapid appraisals for specific locations [12,19], and mainly find application in identifying
priority areas where action is most likely to add value. Differently from process-based
methodologies, index-based approaches providing categorical metrics are not suitable
for addressing questions of magnitude-of-effect, such as the quantification of the habitats’
potential to reduce wave heights or current strengths. The choice of the type of approach
depends on the questions that need answering and on the phase of policy implementation
the appraisals are intended to support [46].

The work carried out for the development of this case study also aimed at better
delineating the scope of application of index-based categorical approaches with regards to
the inclusion on data on inherently dynamic climate processes. Do this type of methods
provide a good enough representation of the ’ground truth’ upon which to orient policy
attention? To what extent can their results be subject to validation? What is the scope to
carrying out climate scenario analyses through them?

4.1.2. Limitations of the Approach

The case has been made in literature for adopting index-based approaches to coastal
flood assessment in order to support solely some phases of the policy-making process and
to answer some specific types of questions. Though, the question might still be raised on
whether using this type of deterministic and categorical approach early on in the analysis
process might result in appraisals that are approximate to the point of misleading the choice
of which actions or research objectives to pursue later on.

In general, deterministic and static approaches to coastal flood assessment have shown
to lead to substantial overestimation of flood impacts, and are usually considered suitable
for first approximation, large-scale flood hazard mapping only [18,37]. Though, [14] high-
lighted how static approaches perform poorly even for large-scale appraisals, and stressed
the need to adopt dynamic process-based methods.

Indicator-based approaches to vulnerability assessment require further inquiry with
regards to the choice, aggregation and weighting criteria of diverse data sources into an
individual measure [2,30]. Ramieri et al. [31] noted how index-based approaches expressing
coastal vulnerability into a one-dimensional and unitless index such as the one provided by
the InVEST Coastal Vulnerability model are generally not transparent, as the understanding
of underlying assumptions behind the calculations is not conveyed by the final index [2].
As the support to decision-making processes is the core upon which such methodologies
are built, the inability to accurately orient attention towards the contextual drivers of
vulnerability is possibly the most relevant shortcoming of the approach adopted here.

This work has also described how the data arrangement and ranking procedures,
as well as the type of index output by the model make such an approach unsuitable
to depict changes in climate variables and thus does not allow to carry out meaningful
climate scenarios. The categorical nature of the output index also hinders meaningful
interpretations of the results in physical terms, thus limiting the type of result validation
attempts available.
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In its most established interpretation, exposure is understood as the inventory of
elements potentially impacted by adverse events; since the InVEST Coastal Vulnerability
model does not provide any information regarding the extent of the areas potentially
inundated, no precise inventory of population and assets potentially exposed can be
computed based on model outputs.

4.2. Future Developments

A lack of understanding of the dynamic interactions among the risk components has
been addressed in the scientific community [82]. For this reason, future developments of
this research will prioritise a better depiction of the interplay among the components of
the coastal system leading to flood hazard development and unfolding. Ideally, the output
of the analysis would be a projected flooded area extent given the climate conditions and
local terrain features, in order to obtain results which could to some extent be subject to
validation against observed data and used to support climate scenarios.

Methodologies in the field on machine learning (ML) have been shown to be able
to capture complex interactions among relevant variables in flood-exposed systems and
to resolve processes happening at different timescales [83]. ML is thus currently being
used in literature to provide flood susceptibility assessments in a relatively quick and
less computationally-intensive way when compared to traditional numerical flood mod-
elling methodologies. Some attempts of applications in coastal areas have been made [83],
though most literature proposing such methodologies has so far focused on pluvial and
fluvial floods [84,85]. Future developments in this research will entail exploring ways
to adopt ML-based techniques to study impacts of ESLs, including the choice of which
relevant geomorphological and climate-related flood triggering factors to include in the
analysis. The most likely hindrances within this research perspective are finding a method-
ology which allows a good interpretation of the most important features affecting the
model [83], and the high data requirements for model training in the face of a paucity of
well documented coastal inundation events [14].

5. Conclusions

The urgency and uncertainty of climate change-induced consequences on coastal
communities, primarily in terms of coastal flooding, have resulted in the widespread
request for and uptake of coastal vulnerability appraisals. This process has been supported
by a flourishing of frameworks and assessment methodologies developed for such a
purpose, to the point of bringing about a lack in standardisation and a frequently hasty or
inadequate application of best research practices.

Within this context, this work is aimed at studying the suitability of index-based
methodologies for coastal vulnerability to accurately convey information on observed
variations in climate variables contributing to the generation of Extreme Sea Levels (ESLs)
in coastal areas. This research objective is investigated through a case study assessment of
the physical exposure component of coastal vulnerability to inundation and erosion for the
Italian coastal region Liguria.

The InVEST Coastal Vulnerability model [34] was used within the study area in order
to obtain a version of the Coastal Vulnerability Index (CVI) [22,23], based on the aggregation
of data on several biogeophysical variables. Particular attention was devoted to the data
pertaining to wind speed and wave power; ERA5 reanalysis data [36] was used for the
first time to run this model, and two different climate periods were reconstructed from the
reanalysis dataset in order to test two climate scenarios within the model.

The results of this case study analysis substantiate previous literature findings re-
garding index-based methodologies being an advantageous choice in terms of yielding
a comprehensive preliminary grasp of coastal vulnerability locally, while still allowing
a relative velocity of use, low data input needs and little computational requirements.
Most of all, the InVEST Costal Vulnerability model outputs show to be in somewhat good
accordance with observed geomorphological characteristics, correctly identifying in space
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areas most vulnerable because of low elevation above water, specific shoreline type or local
bathymetric features.

Nevertheless this work further contributes to emphasise how methodology issues
pertaining to data choice, aggregation and indicator computation can impair some applica-
tions of coastal vulnerability assessments, particularly regarding the inclusion of climate
change variations within the analysis. Within this particular approach, the data aggregation
process results in an almost complete loss of the original information conveyed by raw
data on climate variables. This results in the unsuitability of this method to accurately
reproduce past observed changes or carry out what-if scenarios of climate conditions which
might result in ESLs, in support of policymaking processes.

This work originally contributes to literature delineating the perimeter of application
of different vulnerability assessment methodologies, by providing an in-depth investigation
of the opportunities and drawbacks related to the inclusion within the analysis of data on
inherently dynamic climate-change processes.

It suggests that some indicator-based methodologies might produce misleading results
if information is not adequately supported by sensitivity analyses and results validation. It
further argues that future research in the field should carefully consider the consequences
of the methodology of choice on the outcome representation of climate-change impacts,
most notably in instances when research outcomes are intended to be used to inform
concrete action such as climate adaptation plans for coastal communities and related
economic valuations.
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Appendix A

Table A1. Ranks assigned to the geomorphology data input used for the case study.

Shore Class Shore Sub-Class Rank

Artificial Coastline Shore-Parallel Hard Structures (Above Sea Level) 2
Artificial Coastline Not Specified 3

Estuary/River Mouth Not Specified 4
Gravel Not Specified 4
Rock Low-lying Rocky Shore 3
Rock High Cliffs 1
Rock Not Specified 2
Sand Not Specified 5

Harbour Limits Not Specified 3
Submerged Breakwaters Adherent or Parallel to the Shore 3

Table A2. Ranks assigned to the habitats data input used for the case study. In this case study,
the protection distance parameter was derived through the approach suggested by model developers
for cases where there is limited published literature regarding the distance at which habitats can
provide protection to the coastline [35]. The values in the middle column therefore reflect the average
distance between the location of a given habitat and the shoreline in the given AOI.

Habitat Name Protection Distance [m] Rank

Coralligenous Biocoenosis 2000 1
Cymodocea Nodosa 800 3

Posidonia Oceanica (Neptune Grass) 1200 3
Caulerpa 500 4

Sciaphilous Algae 100 4
Photophilic Algae 150 4
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Abstract

This study presents a data-driven approach to assessing flood susceptibility in
Liguria, a coastal region in the northwestern Mediterranean, where interactions
between marine and fluvial systems heighten flood risks due to climate change.
Using outputs from numerical flood models as ground truth, machine learning
methods—including Support Vector Machines (SVM), Random Forest (RF), and
U-Net convolutional neural networks—were employed to classify areas prone to
compound flooding. Among these, RF models achieved the highest performance,
with a precision of 0.81, recall of 0.84, and F1 score of 0.82 when applied at
the individual watershed level. The simpler SVM models showed moderate per-
formance (F1 score of 0.66), while U-Net models underperformed (F1 score of
0.06), likely due to overfitting. The RF models effectively captured topographic
and hydrological patterns, especially in complex terrains, but performance dimin-
ished in flatter coastal areas. These results highlight the utility of RF as a
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surrogate model for rapid flood susceptibility assessment, particularly in data-
scarce regions. The study has significant implications for flood risk management
and climate adaptation planning. Despite limited data, it demonstrates that
data-driven approaches can support first-order identification of flood-prone areas,
which is crucial for early warning systems, urban planning, and resource alloca-
tion. Additionally, integrating machine learning with traditional flood modelling
can enhance predictive accuracy while reducing computational overhead, offer-
ing a scalable solution for broader regional or global applications, particularly in
coastal zones facing increasing flood risks.

Keywords: climate risk, coastal flood, compound flood, flood susceptibility, machine
learning

1 Introduction

Climate change-related consequences in terms of long-term sea level rise and increases
in storminess and extreme sea levels (Vousdoukas et al., 2018; Hinkel et al., 2021;
Tebaldi et al., 2021), combined with processes of erosion and land subsidence (Syvitski
et al., 2009; Nicholls and Cazenave, 2010) pose significant threats to coastal regions
(Green et al., 2024). Urgent action is needed worldwide for risk management and
climate change adaptation of coastal communities (Déguénon et al., 2024), especially in
light of their high urbanisation and population growth rates (Bouwer, 2011; Jongman
et al., 2012; Neumann et al., 2015), which could potentially result in high exposure to
hazardous events and significant economic losses in the future (Hallegatte et al., 2013).

Because of their location at the intersection between marine and land systems
(Cramer and Guiot, 2020), coastal zones can be affected by a combination of fluvial,
pluvial and coastal flood drivers (Green et al., 2024). During compound flood events,
extreme impacts may arise from the joint occurrence of several flood drivers, even
if these drivers are not extreme in themselves (Bevacqua et al., 2017). The study of
compound flooding is currently very active because of the need to better understand
them from a statistical point of view (Bevacqua et al., 2017; Wu et al., 2018, 2021;
Bevacqua et al., 2021) as well as in terms of their spatial patterns in complex coastal
and estuarine regions (Bilskie and Hagen, 2018; Eilander et al., 2023; Mitu et al., 2023;
Gao et al., 2023).

Among the world’s coastal areas, the Mediterranean Sea basin is considered a cli-
mate change hotspot and has drawn attention in research because of its location in a
transition zone between mid-latitude and sub-tropical atmospheric circulation regimes
(Cramer et al., 2018; Sarkar et al., 2022). The basin is characterised as a micro-tidal
area in which the near absence of tides has led to the establishment of dense urban
settlements located just above the current sea levels and - as such - exposed to risks
related to increased sea levels (Cramer and Guiot, 2020). Such risks are particularly
relevant for the Italian region of Liguria, a narrow coastal area between the moun-
tains and the sea in the Northwestern Mediterranean basin. The combination of local
topography with high population density and severe soil sealing has led to the region
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being affected by pluvial, fluvial and coastal floods, both historically and with increas-
ing frequency in recent times (Quagliolo et al., 2021; Brandolini et al., 2012; Garnier
et al., 2018). As it pertains to pluvial and fluvial floods in the area, the regional topog-
raphy and geomorphology and their interaction with water runoff and river discharges
in the determination of floods and landslide hazards have been studied extensively
(Brandolini and Terranova, 1994). Extreme sea levels and strong winds associated with
storms in the recent past (the most relevant of which dates to October 2018) have
caused significant damage to some coastal infrastructure and ecosystems within the
region (Oprandi et al., 2020; Ferrando et al., 2021; Re et al., 2023, 2024). Within this
context, recent literature has dealt with the characterisation of coastal geomorphology
(Pesci et al., 2016; Colangeli et al., 2023), wave climate and coastal hydrodynamics for
some specific near-shore portions of the regional coastal waters (Federici et al., 2019;
Guarnieri et al., 2021; Vannucchi et al., 2021; Lira-Loarca et al., 2022). Other studies
have also worked on the assessment of the various components of vulnerability and risk
for floods of different types in the area with multiple approaches, including indicator-
based methodologies (Quagliolo et al., 2021; Re et al., 2023) and hydrological and
hydraulic methods (Silvestro et al., 2016), emphasizing the importance of developing
combined coastal-fluvial flooding assessments in the region (De Angeli et al., 2018).

Susceptibility is most commonly defined as the physical predisposition of a system
to be negatively affected by a dangerous phenomenon and suffer its consequences due
to its intrinsic characteristics (Cardona et al., 2012; Mussi et al., 2018; Bentivoglio
et al., 2022). It follows from this definition that assessing flood susceptibility within a
region coincides with the identification of areas characterised by topographical, land
cover or geomorphological characteristics that are most determinant to the accumula-
tion of water (sometimes called flood-conditioning factors), such as the proximity to
channels and depressions in the terrain and the presence of impervious soils. Flood
susceptibility assessments are rooted in the identification of the presence of a set of
such physical characteristics within the reference area and in the characterisation of
their relationship to flood occurrence; they are essential tools for climate risk manage-
ment and can be carried out through a wide variety of methodologies spanning from
multi-criteria to statistical and data-driven methods (Arabameri et al., 2019).

Methodologies in Machine Learning (ML) represent good candidates supporting
the different phases of the flood risk management process (Hasan et al., 2023; Park
and Lee, 2020; Bentivoglio et al., 2022). Their speed in effectively solving regression
and classification tasks related to predicting flood extent and depth makes them suit-
able, particularly when rapid flood appraisals are needed or as surrogate models in any
context where more traditional physically-based methodologies might not be suitable
because of resource, time or expertise constraints. Examples of data-driven applica-
tions to identify susceptible areas are currently being proposed in literature either in
parallel to or in substitution of different methodologies; though, most such applica-
tions focus on pluvial and fluvial flooding, and examples of flood susceptibility for
coastal flooding are relatively scarcer.

Most flood susceptibility assessments proposed in the literature rely on observa-
tional datasets on the location of past floods to characterise the local relationship
between flood location and flood conditioning factors (Tehrany et al., 2015; Costache,
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2019; Costache et al., 2020). For coastal inundation caused by storm surge and storm
conditions in general, this is often not feasible because of their relatively short dura-
tion and the resulting complications in obtaining records of the flood extent either
from in situ surveys or remote sensing sources (Cohen et al., 2019; Re et al., 2024).
Therefore, only utilising observational data might beget biased analyses if a spatially
uneven distribution characterises flood records or prevents the analysis for data-scarce
coastal regions (Fang et al., 2022; Luo et al., 2023). For these reasons, integrating
observations and models has proven useful in studying complex coastal environments
and compound risks (Cohen et al., 2019). In line with previous attempts presented
in literature where data-driven methods have been utilised to reproduce other model-
derived flood datasets for classification and regression tasks, this work aims to assess
Liguria’s susceptibility to compound fluvial and coastal flooding through a data-driven
approach. Identifying areas susceptible to flooding is set up as a supervised binary
classification task in which labels about the membership to the fluvial and coastal
floodplain are assigned to every pixel in the study area, utilising the outputs of numer-
ical flood modelling produced in the context of the EU Floods Directive (EU, 2007)
as ground truth.

The objective is to test the efficacy of a relatively straightforward method to
be used in a surrogate-like manner to reproduce the potential flood extent obtained
with more complex methodologies rather than to obtain new information about flood
susceptibility in Liguria specifically (Woznicki et al., 2019; Löwe et al., 2021). This
represents a novelty in the research on identifying areas susceptible to floods. This
study further contributes to the literature in the field by testing several combinations
of models of different complexity with different levels of spatial aggregation, with the
aims of better characterising the relationship between model complexity and the task
at hand and of identifying the geographical characteristics that might be instrumental
in the outcome of the study. To the best of the author’s knowledge, at the moment of
designing the research and writing this article, no similar approach has been previously
utilised to identify areas susceptible to floods in the study region.

The remainder of this article is organised as follows. Section 2 starts by outlining
the framework of the study and then moves on to a presentation of the data utilised in
the analysis as predictors and ground truth and its processing. An in-depth description
of the different ML models utilised for the classification task of interest at varying
levels of spatial aggregation is presented in the final portion of the section. Section 3
presents the results of the analysis and discusses them within the context of previous
related findings, delineates the scope of application of this approach and highlights its
strengths and limitations. Conclusions of the study are presented in Section 4.

2 Materials and Methods

2.1 Modelling Matrix

Models of increasing complexity - a linear Support Vector Machine (SVM) classifier,
a Random Forest (RF) classifier, and a U-Net convolutional neural network (CNN)
(Ronneberger et al., 2015) - were developed for the same reference area to evaluate
the trade-off between model complexity and performance in reproducing the maps
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Fig. 1: Workflow scheme adopted in this study for the considered area.

of modelled flood extent utilised as ground truth following the workflow synthesised
in Figure 1. The choice of these three specific models was driven by their increasing
complexity and different approaches to spatial data handling. While SVM represents
a baseline linear classifier, RF offers an intermediate complexity with built-in feature
importance assessment. U-Net was selected for its proven capability in handling spatial
dependencies in image segmentation tasks, although its application to flood suscep-
tibility mapping remains relatively unexplored. RF had previously performed better
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than linear models in literature proposing analogous flood susceptibility assessments
(Fang et al., 2022). Some examples of articles utilising more complex deep learning
models for tasks similar to the one proposed here exist (specifically for floods in com-
plex urban areas) (Zhao et al., 2020; Lei et al., 2021; Kalantar et al., 2021), but using
image segmentation with fully convolutional networks to distinguish susceptible areas
from non-susceptible areas within a region represents a relatively new approach.

The SVM and RF models were also developed at two different levels of spatial
aggregation: one model for the whole region and individual models for each of the area’s
watersheds (Table 1). This spatial breakdown aimed to evaluate whether working with
local models could lead to a better understanding of the variable influence of site-
specific flood-inducing factors on flood susceptibility in different watersheds within
the study area.

Unlike the simpler models in this study, U-Net uses a two-dimensional data struc-
ture. Because CNNs need a large number of images to train, this model was run only
for the whole study area and not individual watersheds.

Table 1: Matrix of model types and levels of spatial aggregation adopted in the study.

Increasing Model Complexity

Increasing level of
spatial breakdown

Linear SVM classi-
fier for the whole
study area

RF classifier for the
whole study area

Image segmentation
with U-Net

Linear SVM clas-
sifier for individual
UoAs

RF classifier for
individual UoAs

N.A.

2.2 Level of Spatial Aggregation

The Unit of Analysis (hereafter, UoA) represents the smallest level of spatial aggrega-
tion considered in this study. UoAs are based on the reference areas (Ambiti di Bacino
and relative sub-units) utilised by the regional government in the context of local
watershed management plans (R. Liguria, 2016). Even though the UoAs are adminis-
trative in purpose, they are based on the location of watersheds and either completely
overlap with them in the case of the larger ones or coincide with groups of small
watersheds, especially in proximity to the coastline (see Figure 2). Utilising UoAs was
considered a good compromise between the adherence to real-world hydrological and
hydraulic processes and the constraints of available resources (Woznicki et al., 2019).
Because of the focus on flooding in coastal areas, only watersheds draining towards
the Ligurian Sea within the region were considered (R. Liguria).

The 61 regional UoAs are very heterogeneous in terms of size and the propor-
tion of their area classified as flood prone according to the ground truth used in
this study. Four of the 61 original UoAs were excluded from developing individual
models since their limited size led to insufficient training instances. The whole study
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Fig. 2: Map of the individual Units of Analysis (UoAs) utilised in the study. The
location of the study area is highlighted in red in the top left panel of the image.
Basemap: ESRI Ocean.

region was defined as the aggregate of all the UoAs, including those excluded from the
development of individual models.

2.3 Predictors and Ground Truth Data

This work is framed as a supervised learning task in which the outputs of numerical
flood modelling produced in the context of the EU Floods Directive and integrated into
the Italian regional planning through the Piani di Gestione del Rischio di Alluvioni
(PGRA henceforth) are used as ground truth. Previous literature has shown that
utilising such ground truth data in flood modelling should guarantee fewer missing
inundations in the inventory and subsequently fewer negative sampling errors when
compared to flood inundation maps obtained from observations (Fang et al., 2022;
Luo et al., 2023; Woznicki et al., 2019; Löwe et al., 2021).

In coastal areas, the PGRA pluvial/fluvial component and the sea-driven compo-
nent are usually modelled independently, and a simple overlay approach is utilised to
consider the two drivers of flooding in conjunction. For the pluvial and fluvial flooding
components, the PGRA map is the result of the aggregation of local appraisals car-
ried out with diverse methodologies - from simple planar projections of the excess flow
of water in channels corresponding to different return times (RTs) to more complex
hydrological/hydraulic simulations. The coastal flood component is instead obtained
as a simple planar projection of the total water level at the coastline computed with
the MIKE21 model throughout the regional coastline, without explicitly modelling the
overland flow (Warren and Bach, 1992; AdB App. Sett., 2021).

The area potentially flooded for a medium probability flooding event was consid-
ered, which corresponds to RTs of 100 years for the coastal flood component and 200
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years for the pluvial/fluvial component (AdB App. Sett., 2021). Since several of Lig-
uria’s narrow rivers have a stream-like, intermittent character, areas categorised as
rivers in local maps might be dry land for most of the year, making masking per-
manent water challenging, especially at the spatial resolution utilised in this study.
Following a similar rationale, PGRA flood maps do not distinguish between permanent
water and additional flood extent. It was therefore considered that masking perma-
nent water would have removed too significant a portion of dry land susceptible to
flooding in proximity to stream beds, and a decision was made only to mask the sea
surface. This assumption might not hold if the study is performed at a more detailed
spatial resolution.

Seventeen static predictors, mainly about the local topography, geomorphology
and land cover, were employed in this study (see Table 2). The selection of predic-
tors was based on their physical relevance to flood processes: topographic predictors
capture terrain characteristics affecting water accumulation, hydrological indices rep-
resent water accumulation potential, distance metrics quantify proximity to water
bodies, and spectral indices proxy for land cover and surface permeability. The rel-
ative importance of these predictors varies between coastal and inland areas, which
may affect model performance depending on the local context.

Sinks in the regional Digital Elevation Model (DEM) were filled (Wang and Liu,
2006) before any further processing (Wu et al., 2019). The DEM was then used as the
base to compute slope, aspect, profile curvature, tangential curvature, Overland Flow
Distance from Channel Network (OFD), Horizontal Overland Flow Distance from
channel Network (HOFD), Vertical Overland Flow Distance from Channel Network
(VOFD), Vertical Distance to Channel Network (VDC), Topographic Wetness Index
(TWI), Topographic Position Index (TPI) utilising the QGIS (QGIS.org, 2023) plugins
for GRASS and SAGA GIS (Conrad et al., 2015).

The slope is widely considered among the most relevant predictors for identify-
ing areas susceptible to floods because of its strong influence on runoff volume and
velocity (Dodangeh et al., 2020; Costache et al., 2020). Regarding coastal flooding,
the slope of the coast also determines the likelihood of it being interested in over-
topping and ensuing inundation. Aspect (i.e., the direction of the downhill slope) is
sometimes included among the predictors of (pluvial) flood susceptibility, as differen-
tial solar irradiance can influence the soil water content. The aspect was computed as
a continuous angle from the DEM and then reclassified into eight classes of 45 degrees
each. Curvature is commonly included among predictors of flood susceptibility (e.g.
Tehrany et al. (2014); Wang et al. (2020); Mojaddadi et al. (2017)) as a proxy for the
presence of dips in the terrain, which is more likely to fill up with water during flood
events. Both profile and tangential curvature were considered in this study.

Various Topographic Wetness Indices (TWI) are utilised in literature to approxi-
mate the topographic contribution to surface runoff and hydrology (Wu et al., 2016).
These indices are usually estimated based on the ratio between the upslope contribut-
ing area per unit contour length and the catchment slope (Beven and Kirby, 1979;
Sørensen et al., 2006). This study utilised the index implementation proposed by
Böhner et al. (2002).
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The Topographic Position Index (TPI) identifies the relative position of an area
along a topographic gradient (Guisan et al., 1999), thus indicating the likelihood of cells
within the area of holding more (valleys) or less (slopes) water during flood events.

Measures of the distance to the channel network are among the most critical pre-
dictors of flood susceptibility and have been widely used in similar studies, especially
about the pluvial and fluvial components of compound flooding (e.g. Woznicki et al.
(2019); Chapi et al. (2017); Chen et al. (2020); Dodangeh et al. (2020)). The Overland
Flow Distance (OFD) to the channel network represents the distance to the nearest
channel considering horizontal and vertical travel along the flow path (Woznicki et al.,
2019). The HOFD and VOFD represent, respectively, its horizontal and vertical com-
ponents. The Vertical Distance to the channel (VDC) indicates the elevation distance
between a location/pixel in the area and the nearest channel without considering
the flow path. The measure of the distance of pixels from the coastline was included
as a separate predictor in the analysis to better identify the coastal component of
compound flooding.

Data on land cover (hereafter referred to as Land Use Land Cover, LULC) was
retrieved from the CORINE Land Cover data product as a proxy for soil permeabil-
ity and runoff reduction potential, reclassifying the original data into seven classes.
Data pertaining to the origin of soils (’lithology’ predictor) was included under the
assumption that soils deposited during past floods would still be located in areas more
prone to flooding in the present and future (Woznicki et al., 2019). For this reason,
a regional dataset on lithology was retrieved and reclassified to identify soils of allu-
vial origin and soils from marine depositions along the coastline. More details on data
reclassification are available in the supplementary material.

The Normalized Difference Vegetation Index (NDVI), the Normalized Difference
Built-up Index (NDBI) and the Normalized Difference Water Index (NDWI) were
included to serve as a proxy of - respectively - soil permeability (Chapi et al., 2017;
Marco et al., 2022), soil sealing in urbanised areas and the presence of permanent
water.

The complete list of predictors was utilised for the SVM and RF models. At the
same time, the U-Net was run on a subset of the most relevant predictors chosen
based on RF feature importance (see Section 3) to reduce problem complexity. Data
was retrieved and processed as specified in Table 2. For the SVM and RF models, the
data was then converted into a data frame consisting of one row per 15 m x 15 m pixel
in the study area map, indexed by latitude and longitude. For the U-Net model, data
was handled in simple numpy arrays (see Section 2.7). Additional feature engineering
procedures (scaling, transformation and one-hot encoding) were performed for the
SVM and U-Net models (Géron, 2023; Pedregosa et al., 2011).

2.4 Addressing Imbalanced Classification

In the binary classification task developed for this study, the positive class (i.e., pixels
located in areas susceptible to flooding) constituted a low percentage of the total
instances. The positive class amounted to roughly 2.1% of the total pixels for the
whole study area. In the case of individual UoAs, this percentage varied between a
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minimum of 0.21% (excluding unsuitable UoAs) and a maximum of 10.77%, with the
average around 2.5% and the median around 2%.

For the SVM and RF classification models, oversampling of the positive class was
developed to account for class imbalance in the data. A randomly sampled subset of
the pixels used in the study area was split into training and test sets with a 70-30
ratio (Tehrany et al., 2014; Dodangeh et al., 2020; Hasan et al., 2023). A second train-
ing dataset of equal dimension to the one obtained from the splitting procedure was
obtained, forcing the positive class to represent 10% of the total training instances.
For datasets about individual UoAs in which the positive class represented too little
a percentage to allow positive oversampling at this level, the positive class was over-
sampled by drawing a maximum of 75% of the total positive instances present in the
complete dataset (excluding test instances). In all circumstances, the test set was kept
unmodified and was used later in the analysis to compare model performance between
models trained on different training datasets.

The choice of oversampling ratio (10% positive class) represents a trade-off between
avoiding excessive artificial data generation and preserving the natural rarity of flood-
prone areas. The impact of alternative sampling ratios (20% and 50% positive class)
was tested in the initial phases of the research. Still, it showed reduced overall
performance (F1 score) due to the reduction in model precision.

The oversampling strategy described thus far was unsuitable for the U-Net model
because of the two-dimensional data structure required by it. Therefore, the class
imbalance was addressed as a rare object detection problem by choosing an appropriate
loss function. The focal binary cross entropy loss function proposed by Lin et al.
(2018) to address object detection tasks in cases of high foreground-background class
imbalance in images was used for model training. It can be expressed as

FCE(pt) = −α(1− pt)
γ log(pt), (1)

with

pt =

(
p if y = 1

(1− p) otherwise
(2)

where p is the model’s estimated probability for the positive class. In Eq.1, α is a
weight balancing factor for the positive class, and γ is a focusing parameter which
adjusts the weight at which easy samples are down-weighted. α and γ were treated
as hyperparameters to be optimised. The optimal α utilised (∼0.98) corresponds to
the training data’s approximate percentage of negative values. The loss function was
implemented in the U-Net model using TensorFlow’s BinaryFocalCrossentropy loss
class (Abadi et al., 2015).

2.5 Linear SVM Classifier

In this study, a linear SVM is the simplest model used to classify areas susceptible
to floods. The SVM models were implemented with scikit-learn’s SGDClassifier class
utilising the hinge loss, corresponding to a soft-margin linear SVM (Pedregosa et al.,
2011; Rosasco et al., 2004). Hyperparameter optimization was performed at the indi-
vidual model level for the regularisation parameter, the number of iterations, the class
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Fig. 3: The 57 validation (a) and 10000 training (b) patches used to train the U-Net
model on the study area. For training patches, the colour bar represents the number
of times each pixel was sampled to be included in a training patch.

weight and the learning rate. Optimised models were then fit to the two training
datasets obtained as described in Section 2.4.

2.6 RF Classifier

RF models (Breiman, 2001) were chosen as the medium complexity model option
and developed using scikit-learn’s RandomForestClassifier class, which is based on the
Classification and Regression Tree (CART) algorithm (Pedregosa et al., 2011). CART
works by recursively splitting the training set into two subsets based on the values of
a single feature and a threshold by selecting the feature-threshold pair that minimises
a node impurity metric (entropy). Model hyperparameters for RF (number of trees
in the forest, maximum depth of the tree, minimum samples for splitting, minimum
samples in leaf) were optimised with cross-validation before full model deployment.

2.7 Segmentation of Areas Susceptible to Flooding with U-Net

The U-Net architecture is a Fully Convolutional Network (FCN) which was initially
developed for image segmentation in the field of biomedical research by Ronneberger
et al. (2015), and that has more recently found use in the natural hazards and flood
research fields (Guo et al., 2022; Löwe et al., 2021). The research aim was framed to
discern areas susceptible to flooding from the rest in much the same way as distin-
guishing an object from the background in a picture, whereby the map of the study
areas is split into a series of images. Predictors fulfil the role of channels in the image,
and model outputs represent the probability of each pixel in the image belonging
to areas susceptible to flooding. The DEM, curvature, slope, TPI, TWI, VDC and
VOFD were selected as predictors for the U-Net based on the results of RF feature
importance (see supplementary material). A binary mask channel was also included
to prevent the model from making predictions outside the study area.

The study area utilised for the U-Net model was composed only of UoAs directly
connected to the sea to address compound flooding, even after removing some pre-
dictors relevant to the characterisation of marine-driven flooding utilised in simpler
models. The resulting study area was then subdivided into a regular grid of patches of
256x256 pixels at the same 15 m resolution used for the SVM and RF models. Of these,
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25% were selected for validation. 10000 randomly placed and partially overlapping
training patches were sampled outside the validation areas (Figure 3).

Model and loss hyperparameters were optimised based on model performance as
evaluated by average precision, recall and F1 score, preferring higher recall values to
higher precision values. The distribution of the model predictions was also considered
among the influential factors for choosing the best-performing model to address the
imbalanced classification problem. The optimised U-Net had depth = 4, base filter
size = 16, kernel size = 5 and utilised maximum pooling. The loss parameters α and
γ were respectively ∼0.98 and 3. A rectified linear unit was chosen as activation. A
dropout rate of 0.5 was applied at the end of every model layer. The U-Net model was
developed in TensorFlow (version 2.16.1) with Keras (version 3.3.3) backend (Abadi
et al., 2015; Chollet et al., 2015), adapted from the work of Löwe et al. (2021).

3 Results and Discussion

Model performance was evaluated using standard metrics for classification: precision
(P), recall (R), and F1 score. For classification tasks such as this one, the evaluation of
model performance depends on the objective of the analysis (Géron, 2023). Adopting
a precautionary approach for flood risk reduction entails minimising false negatives
and maximising model recall. For these reasons, higher recall values were preferred to
higher precision whenever model performance was evaluated in this analysis. Table 3
shows precision, recall and F1 metrics for all models developed in this study.

Table 3: Performance metrics for all optimised models developed for this study.
Results of SVM and RF are shown for individual UoAs (median values of the dis-
tribution) and the whole area considered. The U-Net model refers to the whole area
considered.

Precision Recall F1
SVM individual UoAs 0.65 0.70 0.66
SVM whole area 0.40 0.88 0.55
RF individual UoAs 0.81 0.84 0.82
RF whole area 0.46 0.89 0.61
U-Net whole area 0.04 0.74 0.06

In line with the aforementioned recall maximisation criterion, SVM and RF models
trained on positively oversampled datasets performed better than those trained on
randomly sampled datasets, showing better recall and F1 scores and worse precision.
This is true both with regards to the whole study area (Figure 5) and more clearly at
the individual UoAs level (Figure 6).

At both levels of spatial aggregation, RF outperformed SVM across all performance
metrics considered. Nevertheless, it is acknowledged that SVM classifiers perform bet-
ter for medium-sized datasets and that using it for the whole study region might have
led to less than optimal performance (Géron, 2023). Visual inspection of a spatially
complete map of the RF model prediction for a reference portion of the study area in
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(a) (b)

Fig. 4: Map of the ground truth data (a) and the corresponding RF model outputs
(b); example for the area of Rapallo/Santa Margherita Ligure. The model utilised to
obtain this result is an RF model trained on a dataset with positive oversampling for
the individual UoA. The model outputs have been categorised into the four classes of
true positives (TP), true negatives (TN), false positives (FP) and false negatives (FN).

proximity of the Rapallo municipality (Figure 4) substantiates the good skill of the
RF model in associating topographic characteristics to the membership to the coastal
floodplain.

A limited number of predictors seemed to consistently significantly influence the
model outcome in terms of feature importance (FI), even if some variation was
observed. Elevation and the vertical distances to the channel network - most notably
the VOFD - were relevant for all UoAs. Slope, TPI, TWI and lithology were also rele-
vant predictors. The FI was used to discern which subset of predictors to utilise in the
U-Net model. Though the lithology predictor was shown to be influential, its avail-
ability is more complex than that of most other topographic predictors used within
the analysis. Therefore, in line with previous literature (Löwe et al., 2021; Guo et al.,
2022), the U-Net was run with DEM-derived predictors only. The reader is referred
to this article’s supplementary material for more information on FI.

Despite its theoretical advantages in handling spatial data, the U-Net model
showed unsatisfactory performance in discerning areas susceptible to compound flood-
ing in the study area. Even though the optimised model showed sufficient recall values,
model precision and F1 score were inferior (Table 3). The poor model skill can be
ascribed to the model overfitting the training data and not being able to generalise to
unseen instances, likely due to a complexity mismatch between the model architecture
and the classification task (Géron, 2023). Alternative U-Net architectures were tested
by reducing depth, exploring different filter sizes and reducing the number of predic-
tors utilised in the model (Table 4). Namely, a U-Net model of the same structure as
the one utilised before was run using the DEM, and the valid areas mask was used as
the only predictors (input data in the shape 256x256x2). In a second attempt, VOFD
was included among the predictors in addition to DEM and mask (input data in the
shape 256x256x3). These two simplified versions of the U-Net model showed the same

14



(a) (b)

Fig. 5: Precision-recall curves for the linear SVM (a) and the RF (b) models trained
on the whole area considered. The green line refers to the model trained on the
randomly sampled dataset, while the red line refers to the model trained on the
oversampled dataset.

Fig. 6: Boxplots of model performance metrics (precision (P), recall (R) and F1 score
(F1)) for linear SVM (a) and RF (b) models trained on randomly sampled datasets
(green) and oversampled datasets (blue).

overfitting behaviour as before. On the other hand, RF models trained on the same
predictors (Table 4) achieved better performance even when compared to the simpler
U-Net models, suggesting that the limitation lies in the fundamental U-Net approach
rather than specific architectural choices.
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Fig. 7: Pearson’s correlation coefficients between model performance metrics/UoA
dimension and summary statistics of model predictors for models trained on individ-
ual UoAs. For categorical predictors, the correlation was analysed through Welch’s
ANOVA test between the predictor (median value in the UoA) and the continuous
model performance metric; uncorrected p-values showed no significant correlation in
all instances and are not reported here for clarity.
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Table 4: Performance metrics for different configurations of predictors used in the U-
Net model and comparison between RF and simpler U-Net models trained on DEM
and DEM + VOFD only.

Precision Recall F1
U-Net: all preds 0.04 0.74 0.06

U-Net: DEM (+ mask) 0.00 0.00 0.00
RF: DEM 0.31 0.66 0.42

U-Net: DEM and VOFD (+ mask) 0.04 0.64 0.06
RF: DEM and VOFD 0.36 0.84 0.50

3.1 Spatial Variability of SVM and RF Model Performance

Variability in performance among models trained on different UoAs was observed for
both RF and SVM models (Figure 8). For the latter, some UoAs were characterised
by poor model performance across all metrics considered. The correlation between
model precision, recall and F1 score and summary statistics of predictors for each
UoA was analysed (Figure 7) to gain more insight into the observed spatial variability.
Even if it does not conform to an investigation of the causal relationship between
local features and flood susceptibility, this analysis allowed us to gather geographically
relevant information about the features of individual watersheds that might make a
data-driven approach such as this more or less suitable to identify areas susceptible to
flooding. The possible influence of the UoA dimension on model performance was also
analysed, but it did not represent the strongest correlation with model performance
compared to other predictors.

For both SVM and RF models, model precision was most strongly positively cor-
related with mean TPI, standard deviation of TWI and standard deviation of slope.
The worst-performing SVM models were those referred to UoAs characterised by gen-
erally low mean slope, low standard deviation of TPI and low mean VDC (Figure
9). Furthermore, SVM model recalls were most strongly –positively– correlated with
mean VDC and slope, and overall model performance (F1 score) had the strongest
–positive– correlations with mean slope, mean VDC and standard deviation of TPI.
These data highlight how SVM performed better for non-flat areas characterised by
rough, elevated terrain in which channels are well-defined and represent a relatively
small portion of the region.

When compared to SVM, RF models seemed to better learn spatial patterns
linked to the natural presence of water, predicting more positive values than SVM in
proximity to the coast and to channels, also leading to higher recall (Table 5).

RF model recall and F1 score were most strongly correlated with elevation and
distance from the coastline. The positive correlation between RF model performance
and standard deviation of distance from the coastline denotes that the identification of
areas susceptible to compound fluvial and coastal floods tends to be easier for water-
sheds that extend in space transversely to the coastline, covering both areas where
coastal flooding is likely to be the primary driver of susceptibility and more inland
areas where fluvial flooding might be most relevant. For UoAs without significant
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(a) (b)
Fig. 8: Maps of F1 score for the different UoAs in the study region for linear SVM
(a) and RF (b) models. Colours are based on the quantile of F1 score distribution.

inland extension, flood susceptibility might be mainly related to the coastal compo-
nent of compound flooding; in these cases, the classification task might be made more
challenging by homogeneous predictor distributions within the narrow coastal strip of
land and by a particularly strong class imbalance.

The spatial heterogeneity in model performance can be attributed to the varying
complexity of flood processes in different morphological settings and inconsistencies
in data quality across the study area. The results of this study suggest that model
selection should be terrain-specific, with simpler models (SVM) potentially being more
appropriate for homogeneous coastal plains and more complex models (RF) better
suited for heterogeneous terrain.

Table 5: Model performance metrics for SVM and RF models trained on the same
UoA characterised by poor classification skill.

UoA ID Precision Recall F1 Model
43 0.769231 0.171429 0.280374 Linear
43 0.796117 0.468571 0.589928 RF

3.2 Considerations on Model Performance

As is often the case for surrogates of physically based models, errors and simpli-
fications intrinsic to the model being replicated are likely to be picked up by its
data-driven approximations. In this case, the numerical models behind the ground
truth used in this study were not homogeneous within the study area, and available
metadata was sometimes insufficient to better characterise the assumptions behind
the transformation of water level values into maps of the flooded area.

Recent literature focusing on compound flooding has cautioned against the issues
that may arise from modelling different flood pathways separately without explicitly
addressing their interrelations, both in terms of statistical dependence and from the
point of view of the specific spatial patterns of compound flooding events (Green et al.,
2024; Gao et al., 2023; Gori et al., 2020; Bilskie and Hagen, 2018; Mitu et al., 2023).
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Fig. 9: Ordered bar plots of mean slope. The UoAs with poor performance in linear
models are coloured in red, and those performing badly in RF models are coloured
in green. The UoA 43 (poor performance for both linear and RF models) is blue.
Barplots of standard deviation of TPI and mean VDC for the UoAs considered in this
study show a similar clustering of UoAs with poor performance; the reader is referred
to this article’s supplementary material for additional plots

The approach presented in this study adopts a simplified definition of compound
flooding as a simple overlay of the areas potentially susceptible to fluvial and marine-
driven flooding. This approach can be helpful for first-order appraisals, provided it is
acknowledged that interactions between different flood pathways can result in spatial
patterns distinct from the straightforward sum of their maximum flood extent.

The need to tailor statistical approaches to the specific task and data in question
each time without being able to know a priori which method will perform best is a
well-known issue in statistical theory (Wolpert and Macready, 1997; James et al., 2023;
Géron, 2023). Research has comprehensively addressed the model design problem (Hu
et al., 2021), highlighting how choosing models exclusively on fit to observed data can
lead to overfitting and poor ability to generalise (Myung, 2000). The U-Net model
developed in this study was discarded because it overfits the data. Previous research
showed how deep learning models can be used successfully for flood hazard analysis
(Löwe et al., 2021; Guo et al., 2022). In future research developments, it might be
worth investigating whether a more complex susceptibility classification task might be
addressed with deep learning by focusing exclusively on the most low-lying portions
of this coastal area and utilising as ground truth outputs of more precise numerical
models.

In keeping with the renowned intricacies of studying water dynamics and resulting
flood patterns in complex terrain such as low-lying coastal areas (Gallien et al., 2018),
good model performance was more often associated with watersheds characterised
by rougher and more elevated terrain. Therefore, SVM and RF performed well on
average in this specific study area, likely because it represents an unusual example of
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a topographically complex coastal region, and the generalisability of the approach and
findings of this study to coastal areas of different topographic conformations should
be approached with caution.

3.3 Practical Implications for Risk Management

The results of this analysis have several practical implications for flood risk manage-
ment in coastal regions. The demonstrated effectiveness of the RF model, particularly
at the individual watershed level (F1 score 0.82), suggests its potential as a rapid
screening tool for flood risk assessment.
This could be particularly valuable for Early Warning Systems in terms of rapid identi-
fication of potentially flood-prone areas during extreme weather events, priority setting
for emergency response planning and support for real-time decision-making during
compound flood events. This approach might also be applied fruitfully within an urban
planning outlook by supporting preliminary assessments of flood susceptibility for new
development areas, contributing to identifying critical zones requiring detailed hydro-
logical studies, and supporting climate adaptation planning in coastal municipalities.
Finally, it might guide decisions on resource allocation by contributing to the optimi-
sation of monitoring network design, the prioritisation of areas for detailed numerical
modelling and to the cost-effective planning of flood protection measures.
As previously mentioned (see Section 3.1), the performance comparison across differ-
ent geographical settings reveals that model selection should be terrain-specific, with
RF models being particularly effective in complex topography. In contrast, simpler
SVM models might suffice for initial screening in coastal plains (Table 6). This under-
standing can guide the implementation of these methods in similar coastal regions,
potentially reducing computational overhead while maintaining acceptable accuracy
levels. These findings suggest that a tiered approach to flood susceptibility assessment
might be most effective, where simple SVM models are used for initial rapid screening,
RF models are applied in areas identified as potentially critical and detailed numerical
modelling is reserved for high-risk zones requiring precise delineation. This hierarchi-
cal approach could significantly optimize resource allocation in flood risk management
while maintaining robust risk assessment standards.

Table 6: Comparative model performance under different geographical conditions.

Geographical Setting Model Key Advantages Limitations

Complex terrain RF Good pattern recogni-
tion

Computationally more
demanding

SVM Simple implementation Lower accuracy in com-
plex terrain patterns

Coastal Plains RF Good detection of
flood-prone areas

Less reliable in flat ter-
rain

SVM Fast computation Limited feature inter-
action capture
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4 Conclusions

This study proposed a data-driven approach to identifying areas susceptible to com-
pound fluvial and coastal flooding using outputs of numerical flood modelling as
ground truth and data primarily related to regional topography as static predictors.
The study area is the coastal region of Liguria, whose steep topographic conformation
requires the joint analysis of surface flooding caused by precipitation filling torrential
watercourses and marine-driven inundation. Building on previous related research, a
comprehensive modelling approach was developed, in which models of varying com-
plexity were run at different levels of spatial aggregation. This multifaceted approach
contributes to the literature on flood susceptibility by providing new insights into
the methodological pertinence and the physical characteristics of the local geography,
which might influence the approach’s success.

A subset of predictors seemed to be consistently relevant in defining susceptibility
to flooding across all areas considered, and the variation in performance of SVM and
RF models trained on individual watersheds within the study region hints at the
relevance of local characteristics in determining the effectiveness of this approach. The
identification of areas susceptible to flooding was overall satisfactory yet less reliable
for watersheds characterised by generally flat terrain and located just up against the
sea without much reach inland, which might be interpreted as the models mostly
learning to identify the pluvial and fluvial components of flooding in the study area
(Mobley et al., 2021).

Among the models tested in this study, the medium complexity RF model proved to
be most skilful in the identification of areas susceptible to flooding in the study region,
attaining performance comparable to similar studies published in literature both when
trained on the whole study area and when developed for individual watersheds present
in the region (Woznicki et al., 2019). Though the simpler linear SVMmodels tested also
achieved satisfactory performance, their classification skill was more strongly affected
by the class imbalance in the dataset, predicting membership to areas susceptible to
flooding less often when compared to RF. The U-Net CNN tested in this study proved
too complex for the classification task, resulting in generalised overfitting across the
board of the different configurations tried.

Despite its limitations, this study demonstrated that a relatively straightforward
data-driven approach can be effectively used in a surrogate-like fashion for the com-
prehensive identification of areas susceptible to compound flooding in coastal areas
with similar topography to the one considered in this study. Using spatially complete
modelled ground truth allowed to build from and improve on previous related research
by introducing less spatial bias, verifying the results obtained for all the study regions
considered and decoupling the susceptibility assessment from the necessity of extensive
observational records on previous hazardous events in the area. At the same time, this
approach allows flexibility for the integration of numerical models at varying levels of
complexity based on local resources and data availability.

These methodological changes, in turn, shift the conception of data-driven suscep-
tibility assessments from means that use records of localised flood events to generate
new spatially complete information towards the use of machine learning as surrogate
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models aimed at approximating the outputs of more complex methodologies and thus
identifying areas susceptible to floods with higher levels of reliability.

While this study demonstrates the potential of machine learning for flood suscep-
tibility mapping, several key limitations should be considered for future applications.
Firstly, the binary classification approach simplifies the complex nature of flood pro-
cesses, and the static nature of the assessment fails to capture the temporal dynamics
of flooding. Furthermore, the approach may not be directly transferable to regions
with different morphological characteristics, which might require testing the approach
in different geographical settings in future research developments. Future work should
also focus on incorporating temporal predictors and developing hybrid approaches
that combine data-driven and physical models. Finally, the approach might also be
expanded from a simple classification approach to a regression task for flood depth
prediction.

Nevertheless, to the best of the authors’ knowledge, this study represents the first
attempt of its kind for this Italian region. Furthermore, the proposed methodology can
still find broad applicability as it constitutes a reliable topographic filter capable of
first-order identification of areas susceptible to flooding with very low computational
overhead, and it can be developed using widely available data. As such, maps of flood
susceptibility obtained through this approach can provide relevant spatially explicit
information in a straightforward and timely manner, which can then be used to com-
plement data on exposure, hazard and adaptive capacity in the context of integrated
vulnerability or risk assessments useful for local flood risk management purposes.

Supplementary information. This article has accompanying supplementary infor-
mation, which can be found at https://doi.org/10.5281/zenodo.14599309

Statements and Declarations

Funding Lorenzo Minola is funded by the International Postdoc grant from the
Swedish Research Council (2021-00444).
Competing interests The authors have no relevant financial or non-financial inter-
ests to disclose.
Author contributions All authors contributed to the study conception and design.
Alice Re performed material preparation, data collection, and analysis. Alice Re wrote
the first draft of the manuscript, and all authors commented on previous versions. All
authors read and approved the final manuscript.

References

Abadi, M., Agarwal, A., Barham, P., Brevdo, E., Chen, Z., Citro, C., Corrado, G.S.,
Davis, A., Dean, J., Devin, M., Ghemawat, S., Goodfellow, I., Harp, A., Irving,
G., Isard, M., Jia, Y., Jozefowicz, R., Kaiser, L., Kudlur, M., Levenberg, J., Mané,
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