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Summary

The world’s coasts are under increasing pressure from intense human development and cli-
mate change. This convergence creates a need to better understand how sea-level rise (SLR)
will change hazards that take place in the coastal zone. One of these is coastal erosion, a nat-
ural process of shoreline adjustment that has the potential to become a hazard where it co-
incides with livelihoods, assets, infrastructure or even ecosystems where there is no place to
migrate landwards. For this reason, a better understanding of the impacts associated with
coastal erosion, especially under accelerating SLR, is necessary to inform climate adapta-
tion policy. This thesis addresses this challenge by developing a framework that integrates
Earth-observation satellite data, cloud technology, and artificial intelligence (AI) to map
the coast at high (100m) resolution. The resulting geomorphological classification is then
used to produce refined probabilistic future shoreline projections, enabling a worldwide
impact assessment of future coastal erosion on individual buildings under different SLR
scenarios.

The primary objective was achieved through a three-part approach that progressively
builds from a technical foundation to the final impact assessment. First, the research de-
veloped a scalable, cloud-native analytical framework capable of processing petabyte-scale
satellite data archives. Subsequently, this framework was used to map the physical compo-
sition of the world’s coast by using deep learning to classify Earth-observation data. This
100m global coastal typology provided the geomorphological context for the final step,
where these components were integrated to conduct a first-order impact assessment of fu-
ture coastal erosion. For this assessment, probabilistic future shoreline change was pro-
jected using an equilibrium-profile model, with the typology constraining its application to
sandy sediment plains and dune coasts. By intersecting these projected shoreline positions
with global building data, the number of potentially impacted buildings was quantified.

The research yields several findings that characterize the state of the global coastal zone.
The new machine-learning-derived coastal typology reveals that over 60% of the world’s ice-
free coast consists of soft, erodible sediments. The analysis estimates that 40% of the global
coast is fronted by sandy, gravel, or shingle beaches, a higher figure than current estimates
of 31%, with the difference largely attributed to the new, zonally-unbiased transect system
used in this thesis. The analysis also reveals geomorphological sensitivities, showing that
20% of these beaches are backed by cliffs. This cross-shore configuration can limit their nat-
ural capacity to migrate landward with SLR, especially where cliffs are composed of resis-
tant lithologies, a critical detail this satellite-based approach cannot yet resolve. Turning to
coastal development, the analysis shows that a quarter of the world’s coast (∼253 000 km)
has at least one building, per alongshore km, within the first kilometer of land, hosting ap-
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Summary

proximately 76 million buildings in total. From these patterns, the thesis introduces the
“Empirical Setback Zone” (ESZ), a data-driven metric that quantifies the de facto setback
coastal communities implicitly maintain. This metric shows that for 10% of the total de-
veloped coasts, the first building is located less than 37m from the shoreline. Combining
these analyses reveals that coastal development is disproportionately concentrated on the
most dynamic coasts; for instance, building density on sandy, gravel, and shingle coasts is
354 buildings per alongshore kilometer, significantly higher than the global average of 299.

This high present-day exposure translates into significant future impacts when com-
bined with projections of future shoreline erosion. By 2100, between 1.6 million (under
a low-emissions SSP1-2.6 scenario) and 2.4 million (under a high-emissions SSP5-8.5 sce-
nario) buildings are projected to be impacted by coastal erosion. While substantial, this
figure represents a conservative lower-bound estimate, as the model’s application was first
refined by the machine learning (ML)-based coastal typology to sandy sediment plains and
dune coasts (21% of the world’s coast), before data limitations (primarily the lack of reliable
nearshore slope data) further reduced the study area to 9.3%. It is critical, however, to ac-
knowledge the limitations of this impact assessment. The results are subject to uncertainties
from the underlying coastal typology and the structural assumptions of the equilibrium-
profile model used for the projections. Furthermore, the assessment quantifies impacts by
combining the hazard (future coastal erosion) with coastal exposure (building footprints),
but it stops short of a full climate risk assessment. Such an assessment typically considers
the full probability distribution and would as well require a complete analysis of vulnera-
bility, which in turn includes not only a system’s sensitivity to coastal erosion but also its
adaptive capacity; the socioeconomic ability to cope with and respond to this hazard.

The scientific contributions of this thesis are twofold. Methodologically, the research
demonstrates a scalable, cloud-native framework for applying modern AI to petabyte-scale
satellite archives, bridging the gap between detailed local studies and coarse global anal-
yses. Thematically, this framework was used to produce a set of globally consistent data
products. These include a new global coastal transect system (GCTS), a high-resolution
coastal typology derived using deep learning, several coastal exposure metrics and proba-
bilistic future shoreline projections. Together, these components enable a first-order im-
pact assessment of future coastal erosion on individual buildings, advancing the field from
a hazard-focused view towards direct, asset-level impact quantification.

The findings have direct implications for both coastal management and science. For
coastal managers, the globally consistent datasets on coastal geomorphology, shoreline dy-
namics and exposure provide a first-order assessment for identifying potential erosion im-
pacts, allowing them to prioritize attention and contextualize adaptation strategies. For
coastal science, the research provides a scalable framework for applying modern AI to large
satellite archives, highlights the need for multi-model approaches to project future shore-
line change on other coastal types, and underscores the opportunity for community-driven
efforts to create the standardized classification schemas and open ML training datasets that
can train the next generations of “CoastalAI”. Sustaining this progress depends on contin-
ued support for the open data policies, open-source software, and reliable cloud infrastruc-
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ture that enable the community to build transparent, accessible, and intelligent analytical
tools for better coastal management.
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Samenvatting

Wereldwijd staan kusten onder toenemende druk door intensieve menselijke ontwikkelin-
gen in dit gebied en klimaatverandering. Deze samenkomst creëert de noodzaak om beter
te begrijpen hoe onder zeespiegelstijging de gevaren in de kustzone zullen veranderen. Eén
van deze gevaren is kusterosie, een natuurlijk proces van aanpassing van de kustlijn, dat een
gevaar kan worden waar het samenvalt met bestaansmiddelen, bezittingen, infrastructuur
of zelfs ecosystemen waar die niet landinwaarts kunnen migreren. Om deze reden is een
beter begrip van de gevolgen van kusterosie, met name onder het huidige klimaat van ver-
snellende zeespiegelstijging, noodzakelijk om klimaatadaptatiebeleid te ontwikkelen. Dit
proefschrift richt zich bij uitstek op deze uitdaging door een raamwerk te ontwikkelen dat
aardobservatiesatellietdata, cloudtechnologie en kunstmatige intelligentie integreert om de
kust in hoge (100m) resolutie in kaart te brengen. De resulterende geomorfologische clas-
sificatie wordt vervolgens gebruikt om verfijnde probabilistische toekomstige kustlijnpro-
jecties te produceren, wat een wereldwijde gevolgenanalyse van toekomstige kusterosie op
gebouwen onder verschillende zeespiegelstijging-scenario’s mogelijk maakt.

De hoofddoelstelling werd bereikt via een driedelige aanpak die stapsgewijs opbouwt van
een technische basis naar de uiteindelijke gevolgenanalyse. Ten eerste ontwikkelde het on-
derzoek een schaalbaar, “cloud-native” analytisch raamwerk dat in staat is om satellietdata-
archieven op petabyteschaal te verwerken. Vervolgens werd dit raamwerk gebruikt om de
fysieke samenstelling van de wereldkust in kaart te brengen door diep-lerende neurale net-
werken te gebruiken om aardobservatiedata te classificeren. Deze wereldwijde kusttypolo-
gie op 100m verschafte de geomorfologische context voor de laatste stap, waarin deze com-
ponenten werden geïntegreerd om een eerst-orde gevolgenanalyse van toekomstige kustero-
sie uit te voeren. Voor deze analyse werd probabilistische toekomstige kustlijnverandering
geprojecteerd met een evenwichtsprofielmodel, waarbij de typologie de toepassing ervan
beperkte tot zandige sedimentvlaktes en duinkusten. Door deze geprojecteerde kustlijnpo-
sities te kruisen met wereldwijde gebouwdata, werd het aantal potentieel getroffen gebou-
wen gekwantificeerd.

Het onderzoek levert verschillende bevindingen op die de toestand van de wereldwijde
kustzone karakteriseren. De nieuwe, door machine learning afgeleide kusttypologie ont-
hult dat meer dan 60% van de ijsvrije kust in de wereld uit zachte, erodeerbare sedimenten
bestaat. De analyse schat dat 40% van de wereldkust wordt geflankeerd door zand-, grind- of
kiezelstranden, een hoger cijfer dan de huidige schattingen van 31%, waarbij het verschil gro-
tendeels wordt toegeschreven aan het nieuwe, zonaal-onbevooroordeelde transectsysteem
dat in dit proefschrift werd ontwikkelt. De analyse legt ook geomorfologische gevoelighe-
den bloot en toont aan dat 20% van deze stranden landwaards wordt begrensd door kliffen.
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Samenvatting

Deze configuratie in het dwarsprofiel kan hun natuurlijke vermogen om met zeespiegelstij-
ging landinwaarts te migreren beperken, vooral waar kliffen bestaan uit resistente litholo-
gieën; een cruciaal detail dat deze op satellieten gebaseerde aanpak nog niet kan oplossen.
Wat betreft kustontwikkeling, toont de analyse aan dat een kwart van de wereld kustlijn
(∼253 000 km) ten minste één gebouw binnen de eerste kilometer land heeft, met in totaal
ongeveer 76 miljoen gebouwen. Op basis van deze patronen introduceert het proefschrift
de “Empirische Bebouwingsvrije Zone” (EBZ), een datagestuurde metriek die de feitelijke
bebouwingsvrije zone kwantificeert die kustgemeenschappen impliciet aanhouden. Deze
metriek toont aan dat voor 10% van de totale bebouwde kusten het eerste gebouw zich op
minder dan 37m van de kustlijn bevindt. Het combineren van deze analyses onthult dat
kustontwikkeling disproportioneel geconcentreerd is op de meest dynamische kusten; zo is
de bebouwingsdichtheid op zand-, grind- en kiezelstranden 354 gebouwen per kilometer
kust, significant hoger dan het wereldwijde gemiddelde van 299.

Deze hoge huidige blootstelling vertaalt zich in significante toekomstige gevolgen wan-
neer deze wordt gecombineerd met projecties van toekomstige kusterosie. Er wordt gepro-
jecteerd dat tegen 2100 tussen de 1,6 miljoen (in een lage-emissiescenario SSP1-2.6) en 2,4
miljoen (in een hoge-emissiescenario SSP5-8.5) gebouwen getroffen zullen worden door
kusterosie. Hoewel dit een aanzienlijk aantal is, vertegenwoordigt het een conservatieve
ondergrens, aangezien de toepassing van het model eerst werd beperkt door de op machi-
naal geleerde kusttypologie tot zandige sedimentvlaktes en duinkusten (21% van de wereld
kustlijn), voordat databeperkingen (voornamelijk het gebrek aan betrouwbare data over de
helling van de kust) het studiegebied verder reduceerden tot 9,3%. Het is echter cruciaal om
de beperkingen van deze gevolgenanalyse te erkennen. De resultaten zijn onderhevig aan
onzekerheden die voortkomen uit de onderliggende kusttypologie en de structurele aan-
names van het gebruikte evenwichtsprofiel model. Bovendien kwantificeert de analyse de
gevolgen door het gevaar (toekomstige kusterosie) te combineren met de blootstelling (ge-
bouwdata), maar is het geen volledige klimaatrisicoanalyse. Een dergelijke analyse houdt
doorgaans rekening met de volledige waarschijnlijkheidsverdeling en zou tevens een com-
plete analyse van de kwetsbaarheid vereisen, die op haar beurt niet alleen de gevoeligheid
van een systeem voor kusterosie omvat, maar ook het adaptief vermogen: het sociaalecono-
mische vermogen om met dit gevaar om te gaan en erop te reageren.

De wetenschappelijke bijdragen van dit proefschrift zijn tweeledig. Methodologisch de-
monstreert het onderzoek een schaalbaar, “cloud-native” raamwerk voor de toepassing van
moderne kunstmatige intelligentie op satellietarchieven van petabyteschaal, waarmee de
kloof tussen gedetailleerde lokale studies en grofmazige mondiale analyses wordt overbrugd.
Thematisch werd dit raamwerk gebruikt om een reeks wereldwijd consistente dataproduc-
ten te produceren. Deze omvatten een nieuw “Global Coastal Transect System”, een kust-
typologie op hoge resolutie afgeleid door middel van diep lerende neurale netwerken, ver-
schillende metrieken voor kustblootstelling en probabilistische toekomstige kustlijnprojec-
ties. Gezamenlijk maken deze componenten een eerst-orde gevolgenanalyse van toekom-
stige kusterosie op individuele gebouwen mogelijk, waarmee het vakgebied wordt vooruit-
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geholpen van een op gevaren gerichte benadering naar directe kwantificering van de gevol-
gen op asset-niveau.

De bevindingen hebben directe implicaties voor zowel het kustbeheer als de wetenschap.
Voor kustbeheerders bieden de wereldwijd consistente datasets over kustgeomorfologie,
kustlijndynamiek en kustblootstelling een eerst-orde beoordeling voor het identificeren van
potentiële erosiegevolgen, waardoor zij aandacht kunnen prioriteren en adaptatiestrate-
gieën kunnen ontwikkelen. Voor de kustwetenschap biedt het onderzoek een schaalbaar
raamwerk voor de toepassing van moderne kunstmatige intelligentie op grote satellietar-
chieven, benadrukt het de noodzaak van multi-model opzet om ook toekomstige kustlijn-
veranderingen op andere kusttypen te projecteren, en onderstreept het de kans voor ge-
meenschapsgestuurde inspanningen om gestandaardiseerde classificatieschema’s en open
dataset voor machine learning te creëren die de volgende generaties van “CoastalAI” kun-
nen trainen. Het bestendigen van deze vooruitgang is afhankelijk van voortdurende steun
voor open data, open-source software en een betrouwbare cloudinfrastructuur, die de ge-
meenschap in staat stellen de transparante, toegankelijke en intelligente analytische instru-
menten te bouwen die nodig zijn voor een beter toekomst bestendig kustbeheer.
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Life is thought to have emerged along the coast more than three billion years ago. Back
then, Earth was a harsh environment, but it was also a place where interactions between
land and sea created the dynamic conditions in which oxygen-producing microbial com-
munities evolved. These so-called “stromatolites”—structures formed by layered mats of
cyanobacteria—are so resilient that they have survived all major extinction events and still
exist today, for example at Shark Bay in Western Australia. This dynamic nature, which was
the driving force behind the earliest-known life-form, remains the defining characteristic of
coastal environments. This is reflected in the commonly used definition of the coast as “the
interface between land and sea, where oceanographic, terrestrial and atmospheric processes
interact.” In other words, it is the part of land influenced by marine processes and the part
of the sea influenced by terrestrial processes.

What do those immense timescales have to do with sand grains and sea-level rise? Ev-
erything in a way. Adopting a geological perspective provides a temporally extensive un-
derstanding of how Earth changes through time. Earth is a enormous recycling system.
Rocks form deep within the planet, cool and solidify, are uplifted to the surface, weath-
ered, eroded, and eventually re-deposited to form new rocks on timescales of millions of
years. Although Earth has existed for billions of years, the mountains and landscapes we
see today are only a snapshot in its geological history. Geologist learn to see and unravel
Earth’s history by studying rocks and landscapes. It is a profound way of seeing Earth be-
cause the geological timescale is far beyond our natural human perception. It is a way of
seeing that can be trained, but may, especially at first, require some imagination or a geo-
logical excursion in the mountains.

A geologist might look at a world map and notice how Africa and South America fit to-
gether like pieces of a puzzle, or how India is colliding with Asia to form the Himalaya—the
highest mountains on Earth. Visiting Iceland, a geologist may step from the Eurasian Plate
onto the North American one, while imagining how the island has grown over millions of
years as the plates drift apart and magma wells up to form new land. The process that drives
the movement of entire continents is known as plate tectonics: the theory that Earth’s outer
shell is divided into several rigid plates that move relative to each other at roughly the speed
of fingernails grow (between one and ten centimeter per year). To humans this seems slow,
but over millions of years it adds up to thousands of kilometers—the distance that now
separates Africa and South America. The interaction of these plates shapes Earth’s sur-
face, creating deep ocean trenches that can reach 11 kilometers below sea level and raising
the highest mountains on land. A simple fact illustrates how Earth changes over geolog-
ical time: the summit of Mount Everest is composed of marine limestone; showing that
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the highest point on Earth was once part of the ocean floor. Today, those ancient seabed
rocks are being eroded by glaciers, broken down into finer sediments that rivers such as
the Ganges carry back to the sea, where they eventually accumulate on the ocean floor and
gradually lithify into new rocks. Seen in this geological light, studying Earth’s changing
landscapes reminds us that change is natural, that landforms evolve, and that geology pro-
vides the foundation on which all other Earth processes unfold.

Although coastal scientists typically study processes acting on much shorter timescales
than geological time, they too have fascinating ways of seeing coasts. A coastal scientist un-
derstands sandy beaches as rivers of sand; systems where sediment is constantly in motion.
Material eroded from mountains such as the Alps is carried by rivers like the Rhine to the
sea, where it accumulates along coasts such as the Holland Coast. Tides regulate the ex-
change of sediment from rivers to the sea, while waves can travel thousands of kilometers
from distant storms, delivering energy to the shoreline. Waves approaching the coast drive
sediment alongshore, while tides and currents redistribute it across the nearshore zone. Sed-
iment is retained on the continental shelf, where waves continually resuspend and push it
landward, while gravity draws it seaward again—a process sometimes informally described
by coastal engineers as the “bulldozing effect of waves.” Some sediment, lifted by the wind,
returns to land to form dunes, to be eroded again by a storm, in a perpetual cycle of move-
ment that defines coastal environments. So, the coast we observe today is provided by its
geological setting but continuously shaped by wind, waves, tides and climate, with as a con-
sequence, much variety in coasts.

Thus, the coast is a naturally dynamic and complex zone where atmospheric, oceano-
graphic, and terrestrial processes interact to shape landforms that have developed over ge-
ological timescales. This complexity has long supported life. As established, life itself may
have originated in the coastal zone, and today these regions host some of the planet’s most
diverse ecosystems with very high biological productivity. Coasts have also attracted hu-
mans for millennia—first for their abundance of food and natural resources, later for strate-
gic and logistical purposes, and more recently for recreation. When tides recede, coastal flats
and estuaries give way to an abundance of shellfish and other food, cultivating early fish-
ing and gathering. The accessibility of the sea likely encouraged innovations such as boats
and fishing nets. Sheltered bays provided natural harbors where ships could anchor and
trade with distant civilizations. Throughout history, the coast has acted as a gateway be-
tween the hinterland and the wider world, facilitating not only the exchange of goods but
also of ideas. In Ancient Greece, maritime trade and naval power helped coastal cities such
as Athens become centers of wealth, technological advancement, and cultural exchange—
developments often associated with the invention of democracy. As long as the Athenian
Empire controlled the sea, these civilizations flourished, but when it lost its naval domi-
nance democracy collapsed with it. Today, in a globalized world, about 80% of interna-
tional trade occurs by sea, with ships navigating between ports globally. The closure of
the Suez Canal has been estimated to cost one to ten billion dollars per day. Beyond trade,
coasts continue to attract human settlement for their favorable climates: temperate, mild
conditions modulated by the thermal capacity of nearby oceans.
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Thus, we now see a highly dynamic and complex zone that provides abundant resources
and has attracted humans since prehistory. However, it is no longer only natural processes
that shape the coastal zone; human activities increasingly modify it as well. Since the In-
dustrial Revolution (or modern capitalism), greenhouse gas emissions have accelerated cli-
mate change, causing sea level to rise. Sea levels have always fluctuated, rising by more than
100 m since the last glacial maximum, with the rise coming to a stillstand in past millennia,
yet today they are rising faster than at any time in recorded history, with rates continu-
ing to accelerate. Storms are becoming more intense in many regions, and extreme coastal
events are occurring more frequently. At the same time, more people live in the coastal zone
than ever before. These two compounding trends—rising sea levels and growing human
exposure—place the world’s coasts under increasing pressure. In effect, life in the coastal
zone is becoming harder, not only for humans but also for species and entire ecosystems,
as space becomes limited and adaptation to a changing climate is required. Climate change
is also exacerbating many natural hazards, including tropical cyclones (such as Katrina),
storm surges, saltwater intrusion, and high-tide flooding. In this work, we focus on one of
the hazards: coastal erosion. Coastal erosion is the permanent loss of land to the sea. It is
a natural process—“Erosion happens,” as they say in the Grand Canyon, and beaches exist
because of it. However, this natural process becomes a hazard where humans have settled
close to the shore and it threatens things of value, such as assets, infrastructure, livelihoods,
or ecosystems.

In this thesis, we study where coastal erosion can become problem for people living in
coastal areas worldwide. We do so by mapping the geomorphological composition of the
coast globally and relating it to how beaches have changed over the past forty years. These
historical trends are extrapolated into the future and combined with projections of sea-
level-rise-induced retreat to derive probabilistic estimates of future coastal erosion under
different sea-level-rise scenarios. These projections of future shoreline positions are associ-
ated with present-day building exposure to assess the impacts of future coastal erosion.
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Figure 1: The Mount Everest illustrates how Earth changes over ge-
ological time. The summit of Mount Everest (third peak from the left)
is composed of marine limestone, showing that the highest point on Earth
was once part of the ocean floor. Photo: Floris Calkoen.
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1 Introduction

1.1 The Coastal Zone Under Pressure

The coast is a dynamic transitional zone where terrestrial, marine, and atmospheric pro-
cesses interact, shaping a diverse geomorphology inherited from a geological past (Wright et
al. 1984; Carter 1988, Ch. 1; Woodroffe 2002, Ch. 1; Masselink 2014, Ch. 1) . It supports highly
productive ecosystems and has historically attracted human settlement for its rich resources
and its central role in trade, transport, and culture (Burke et al. 2001; Martínez et al. 2007; Bar-
bier et al. 2011). Coastal systems are naturally resilient, having adapted to significant envi-
ronmental changes, including more than 120 m of sea-level rise (SLR) since the last glacial
maximum about 20 thousand years ago (Kraft et al. 1985; Carter et al. 1994; Lambeck et al.
2010; Woodroffe et al. 2012). Today, however, they face direct pressure from human develop-
ment. Coastal zones are often more densely populated than inland areas (Small et al. 2003;
McGranahan et al. 2007; Cosby et al. 2024) and are experiencing higher rates of population
growth and urbanization—a trend that is projected to continue (Neumann et al. 2015; Jones
et al. 2016). This creates a range of local, non-climate pressures, including the disruption of
sediment budgets through river damming, sand mining, and land subsidence (Slagel et al.
2008; Nicholls et al. 2021; Rangel-Buitrago et al. 2023), while coastal armoring and land recla-
mation fix the coastline in place, disrupting natural processes (Dugan et al. 2008; Bulleri et al.
2010; Wright et al. 2019).

The second major pressure, and the one most relevant to this work, is climate change,
which compounds these direct impacts by introducing new stressors and intensifying ex-
isting coastal hazards (Oppenheimer et al. 2019). While climate-change-induced stressors like
ocean acidification and marine heatwaves directly degrade coastal ecosystems (e.g., Smith et
al. 2025), the primary driver of physical change is accelerating global mean SLR (Nerem et
al. 2018; Dangendorf et al. 2019). Observed rates have increased from 1.3 mm/yr (1901-1971)
to 3.7 mm/yr (2006-2018) (Fox-Kemper et al. 2021). This rise exacerbates multiple hazards,
including coastal flooding, groundwater inundation, saltwater intrusion, and coastal ero-
sion (Nicholls 2010; Fox-Kemper et al. 2021; Ranasinghe et al. 2021). Moreover, due to thermal
expansion and ice sheet dynamics, sea level is committed to rise for centuries, regardless of
future emission scenarios (Calvin et al. 2023, Sec. B.7.2).

The convergence of these two pressures—a highly developed coastal zone and a rising,
more hazardous ocean—creates a phenomenon known as “coastal narrowing” (or more
specifically “coastal squeeze” when affecting ecosystems) (Doody 2004; Pontee 2013; Lansu et
al. 2024). In this “narrowing” state, natural habitats and human systems are trapped, with

3



1 Introduction

ecosystems unable to migrate inland and communities having less room to adapt. This de-
grades ecosystems, reduces the coast’s natural defensive capacity, threatens biodiversity, and
makes human adaptation more difficult and costly (Defeo et al. 2009; European Environment
Agency. 2024). The result is a coastal zone under unprecedented stress, with climate change
set to increase this pressure over the coming centuries.

While adaptation to these pressures is best addressed locally, the scale of the drivers also
benefits from a global scientific perspective. A global analysis provides a consistent frame-
work to compare coastal regions, identify hotspots that may be invisible at local level, and
facilitates cross-learning. This comparative evidence can inform international policy frame-
works, such as the Intergovernmental Panel on Climate Change (IPCC) assessments, which
help prioritize and allocate adaptation funds (Reisinger et al. 2020). In this way, a global-scale
analyses contribute to effective coastal climate adaptation planning.

1.2 Coastal Erosion: FromNatural Process to Risk

1.2.1 Defining theHazard: Chronic and Episodic Erosion

The shoreline is the dynamic interface between land and sea, its position constantly varying
across multiple time and space scales due changes in external forcing conditions like waves,
tides and wind (Wright et al. 1977; Stive et al. 2002). One of the most studied coastal pro-
cesses is coastal erosion. As a natural physical process, coastal erosion is the net removal of
sediment by hydrodynamic and/or aeloian forces, which distinguishes it from the simple
submergence of land due to rising water levels. It is useful to distinguish between two main
types: episodic erosion (Fig. 1.1), a rapid but often temporary loss of land caused by indi-
vidual storms from which a beach may naturally recover (e.g., Dodet et al. 2019), and chronic
erosion, a persistent, long-term trend of land loss (Hinkel et al. 2013). It is this chronic ero-
sion that is often used interchangeably with the term “shoreline retreat”, especially when
describing the slow, continuous landward movement of the coastline caused by long-term
drivers like SLR.

The drivers of chronic erosion directly mirror the two confounding pressures on the
coastal zone. The first is the direct human influence on coastal sediment budgets. Activities
such as river damming, sand mining, and the construction of coastal infrastructure can
starve beaches of their natural sediment supply and directly cause or increase long-term
erosion (Slagel et al. 2008; Hapke et al. 2013; Pranzini et al. 2015). As a result of these human
influences, chronic erosion has become a widespread global phenomenon, as documented
in several regional and global assessments over the past decades (Bird 1985; Salman et al. 2004;
Luijendijk et al. 2018; Mentaschi et al. 2018). The second driver is SLR (Bruun 1962). While not
a direct erosive force itself, SLR enables (Zhang et al. 2004) chronic erosion by allowing the
forcing to act farther up the beach profile. The acceleration of SLR is therefore expected
to induce future shoreline retreat, which is a primary concern for coastal management.
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Figure 1.1: Coastal erosion is a natural process of shoreline adjust-
ment. This photo shows episodic beach erosion (21 December 2003)
on the island of Ameland, the Netherlands. Unlike on developed coasts,
where this process may threaten things of value, here it is part of the natural
dynamics of the coastal system. Photo: © Rijkswaterstaat | Rob Jungcurt.

1.2.2 Equilibrium-profile Shoreline Projections

With SLR increasing pressure on a highly developed coastal zone, shoreline projections are
becoming more relevant for climate adaptation planning. This is not a new concern, as
the hazardous effects of SLR have been recognized for decades (Mercer 1978; Gornitz 1991;
Nicholls et al. 2025). However, making projections on decadal-to-century timescales is chal-
lenging; this is precisely the “centennial gap” where predictive understanding is weakest,
and there is no scientific consensus on which models to apply (Woodroffe et al. 2012). Cur-
rent approaches include numerical models (that resolve physical equations), data-driven
models (statistical methods that drive on observations), and simplified process-based mod-
els (that focus on one particular process, e.g., SLR) (Vitousek et al. 2017), with each approach
facing its own significant challenges. Numerical models are computationally intensive and
often require detailed local data that are often unavailable globally (Ranasinghe 2020). Con-
versely, simply extrapolating historical trends (using statistical (machine-learning) meth-
ods) is insufficient, as this cannot account for the non-linear effects of accelerating SLR. It
is for these reasons that broad-scale assessments (e.g., Vousdoukas et al. 2020b) have combined
historical shoreline-change trends with a simple equilibrium-profile model (the Bruun rule)
(Bruun 1962).

The Bruun rule provides a direct link between (relative) SLR and the retreat of sandy
shores. Its mechanism says that a sandy equilibrium profile moves upward and landward in
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response to (relative) SLR. This is achieved by eroding the upper beach and depositing the
sediment on the nearshore seafloor, thereby conserving sediment volume across the active
profile. The canonical form of the rule is given by:

R = S × L

B + h
(1.1)

where R is the shoreline retreat, S is the amount of SLR, L is the length of the active pro-
file, B is the berm height, and h is the depth of closure. The fraction represents the inverse
of the active profile slope. The model’s use is the subject of a long-standing scientific dis-
cussion, as its assumptions, such as a closed, two-dimensional sediment system and a fully
erodible sandy profile, are rarely all met in nature (e.g., SCOR Working Group 89 1991; Cooper
et al. 2004; Zhang et al. 2004). Even so, for broad-scale assessments, the equilibrium-profile
concept offers an important conceptual improvement over a simple “bathtub” approach
(e.g., Hoozemans et al. 1993) because it incorporates the fundamental physical principle that
the entire active profile responds to SLR.

Several studies have applied this equilibrium-profile concept to project future shoreline
change. Initial global estimates used a simplified application (R = 100 × S) of the rule
to project land loss (Hinkel et al. 2013). Subsequent assessments introduced methodologi-
cal refinements, such as using spatially varying nearshore slopes and combining the SLR-
induced retreat with extrapolated historical trends to account other processes that affect the
sediment budgets, including alongshore sediment transport gradients and anthropogenic
influences (Athanasiou et al. 2020; Vousdoukas et al. 2020b). A common gap in these assess-
ments, however, is that they do not explicitly incorporate the geomorphological context of
the backshore (e.g., erodible dunes vs. hard, resistant cliffs). This is an important factor for
further refined application of the Bruun model, which is predicated on the assumption of
a fully erodible sandy profile, and addressing this gap is a key focus of this work.

1.2.3 The Role of Coastal Geomorphology

A coastline’s response to drivers like SLR is governed by its physical form and composition,
which dictates how hydrodynamic energy is dissipated and sediment is mobilized, from re-
sistant rock cliffs to mobile sandy beaches (Woodroffe 2002; Masselink 2014). Understanding
this relationship requires a systematic coastal classification. Here, it is useful to distinguish
a classification from a taxonomy: whereas a taxonomy is a more general system of organiza-
tion, a classification is a technical grouping created for a specific purpose (Fairbridge 2004;
Finkl 2004). For this thesis, that purpose is to inform an assessment of future coastal erosion
impacts and, more broadly, coastal adaptation planning in the face of accelerating SLR.

Global coastal classification has a long history, with numerous schemes proposed to char-
acterize the diversity of coastal landforms (e.g., McGill 1958). Early classifications were often
based on large-scale tectonic settings (Inman et al. 1971). Other schemes have focused on
hydrodynamic controls, such as the relative influence of waves and tides (Davies 1964), the
relationship between climatic zones and sediment type (Hayes 1967), or the sedimentologi-
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cal response to these forces (Boyd et al. 1992). Together, these approaches show that a coast’s
character is a product of its geological inheritance, material composition, and the processes
that construct and erode it.

Developing a consistent coastal typology that functions at a broad scale while retaining
the high resolution needed for local analysis has remained a challenge. Pioneering projects
like EUROSION provided a structured overview for shoreline management at a continen-
tal scale but faced challenges with integrating heterogeneous national data (Salman et al.
2004). Similarly, the DIVA project used a systematic segmentation for global SLR assess-
ments, though its classification was necessarily coarse given the data available at the time
(Vafeidis et al. 2008; Hinkel et al. 2013). More recent global classifications have leveraged satel-
lite data to map specific sediment types, such as sandy (Luijendijk et al. 2018) or muddy
coasts (Hulskamp et al. 2023). While providing a higher-resolution foundation, a further
step is needed to differentiate the geomorphological settings in which these sediments oc-
cur. Some studies have used machine learning (ML) algorithms to study geomorphology
(Dang et al. 2020; Mao et al. 2022), but these efforts have been limited either in thematic detail
or geographic scope. A common opportunity for advancement across these earlier efforts
is to expand the focus from the shoreline itself to include the backshore geomorphology
(e.g., dunes, cliffs, wetlands), which is essential for predicting how the coast will respond
to SLR and how much migration space is available.

1.2.4 Assessing the Impacts of Coastal Erosion

To translate physical projections of shoreline change into meaningful information that can
inform large-scale adaptation planning, a formal framework is needed. This work is guided
by the IPCC climate risk framework, which defines risk as the potential for adverse conse-
quences for human or ecological systems (Reisinger et al. 2020). In this framework, risk arises
from the interaction of three components: the hazard (the climate-related physical event,
such as shoreline retreat), the exposure of human or ecological systems to that hazard, and
the vulnerability of the exposed system. Vulnerability itself is a function of the system’s
sensitivity or susceptibility to harm and its lack of capacity to cope and adapt. This rela-
tionship, often expressed as:

Risk = Hazard × Exposure × Vulnerability (1.2)

moves the assessment beyond purely physical phenomena to consider where and how those
phenomena matter to society and ecosystems.

Applying this conceptual framework to earlier studies, the assessment by Hinkel et al.
(2013) provided an early, comprehensive impact analysis by coupling erosion projections
with socio-economic exposure, quantifying consequences such as land loss and forced mi-
gration. More recently, broad-scale assessments have built upon satellite-derived data to
produce hazard projections at a much higher spatial resolution. The global study by Vous-
doukas et al. (2020b) is an example of a state-of-the-art, global hazard assessment, while work
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by Athanasiou et al. (2020) for Europe also quantified exposure in terms of land area loss.
Building on these advances, this thesis conducts a first-order impact assessment, which
quantifies the potential consequences by combining the hazard (future coastal erosion)
with the exposure of specific assets (e.g., buildings). By linking the physical hazard to spe-
cific societal assets, this method moves the assessment beyond a purely physical hazard focus
to consider where and how those hazards matter. This focus on impacts is important be-
cause coastal erosion, as a natural process, only becomes a direct societal concern where it
intersects with something of value (Fig. 1.2).

Figure 1.2: Coastal erosion becomes a direct societal hazard on de-
veloped coastlines. This photo from Ecuador, shows how coastal erosion
may undermine coastal infrastructure and threaten coastal developments.
While erosion is a natural process, it transforms into a coastal hazard where
it threatens something of value. Photo: Arjen Luijendijk.

1.3 The Digital Transformation of Coastal Science

Coastal science is undergoing a rapid digital transformation, driven by a set of innovations
that have redefined what is possible at a global scale. This shift began with the opening of
multi-decadal satellite data archives, which provided an unprecedented, consistent record
of Earth’s surface (Wulder et al. 2012; Wulder et al. 2022). The sheer volume of this data has
made traditional “download-and-analyze” workflows impractical. The solution emerged
from new data processing paradigms (Dean et al. 2008) that were incorporated into user-
friendly, data-proximate cloud computing platforms that collocate massive datasets with
analysis tools (Gorelick et al. 2017). Accelerated by a culture of open-source software de-
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velopment (Raymond 1999), this new ecosystem revolutionized geoscience, enabling the
creation of the first high-resolution global maps of phenomena like forest cover change
(Hansen et al. 2013). These innovations soon made their way into other domains like sur-
face water monitoring (Donchyts et al. 2016a; Pekel et al. 2016), until the potential of satellite
data for coastal science was demonstrated with global applications in shoreline monitoring
and tidal flats mapping (Luijendijk et al. 2018; Murray et al. 2018), establishing earth observa-
tion (EO) as standard practice among coastal practitioners and scientists (Vos et al. 2023a).

However, it is useful to characterize the methods that were central to this first wave of
transformation. While these early studies commonly leveraged machine learning, the algo-
rithms used were primarily traditional methods developed from the 1960s to 1980s, such
as decision trees (Breiman et al. 1984), later widely adopted in implementations like Ran-
dom Forests and Support Vector Machines (Cortes et al. 1995; Breiman 2001). It is helpful
to distinguish these methods from the deep learning (DL) models that define the current
era of artificial intelligence (AI) (Mitchell 1997; Goodfellow et al. 2016). This modern ap-
proach, where foundational work on neural network architectures—from early work on
backpropagation and recurrent networks (Rumelhart et al. 1986; Hochreiter et al. 1997) to the
development of transformer models (Vaswani et al. 2023)—combined with massive datasets
and parallel computing (Krizhevsky et al. 2012; Le 2013), has led to significant advances in
fields from protein structure prediction (Jumper et al. 2021) to weather forecasting (e.g., Lam
et al. 2023). Recognizing this distinction helps to reveal that the digital revolution in Earth
System science since the 2010s was primarily facilitated by new modes of data access and
computation, and not by the widespread adoption of modern AI. This raises a question:
given the demonstrated potential of modern AI in other scientific domains, why have its
applications in coastal science been comparatively limited?

Despite its immense potential (e.g., Brown et al. 2022; Jakubik et al. 2023), the broad adop-
tion of deep learning in coastal science has been slower than might be expected, presenting
a clear frontier for research. The reasons are multifaceted and rooted in the unique na-
ture of geospatial data and analysis (Zhu et al. 2017; Reichstein et al. 2019; Tuia et al. 2025).
Mainstream AI success was built on standardized data, like RGB images, whereas satellite
data is fundamentally different: it is multi-spectral, georeferenced to a sphere, and stored in
petabyte-scale archives that are too large to download. This creates profound challenges for
data handling, spatial sampling, and the creation of large, high-quality training datasets, for
which convenient tools are often lacking. Furthermore, coastal AI requires a rare combina-
tion of expertise: a deep understanding of the natural science problem, familiarity with big
data and cloud technology, and specialized knowledge of AI. While platforms like Google
Earth Engine (GEE) provided a revolutionary toolbox for Earth scientists to handle im-
mense raster datasets, their architecture is not optimized for the flexible, iterative workflows
required for deep learning (Abernathey et al. 2021; Tuia et al. 2025). Consequently, to lever-
age latest innovations from AI, a more flexible ecosystem is helpful. This is probably one of
the reasons that has led to the growth of open-source communities like Pangeo (Hamman
et al. 2018), which are building the interoperable software ecosystems needed for scalable,
geo-analytics. Assembling this infrastructure—from data access and scalable compute to
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integrated deep learning libraries for both raster and vector data—is a central challenge ad-
dressed in this thesis.

1.4 ResearchObjective

The combined pressures of accelerating climate change and expanding coastal development
are placing coastal zones under increasing stress. Coastal erosion, though a natural process,
becomes a societal concern where it intersects with something of value. Addressing this
challenge at macro-policy level requires a global perspective, which has only recently be-
come feasible through the convergence of open, multi-decadal satellite data archives, cloud
technology, and artificial intelligence.

The primary objective of this thesis is to conduct a global assessment of the impacts
of future coastal erosion under different sea-level rise projections by analyzing the
vast observational datasets now available from satellites, using the power of cloud
technology and the capabilities of artificial intelligence.

To achieve this objective, the following research questions are formulated:

RQ 1: How can the combination of satellite data, cloud technology, and artificial
intelligence enable the study of local coastal phenomena at a global scale?
This research component lays the technical and methodological foundation for the
thesis. It focuses on developing scalable, interoperable workflows that integrate Earth
Observation data, cloud technology, and artificial intelligence to support the global
analysis of complex, local-scale coastal phenomena.

RQ 2: What is the global distribution of coastal geomorphological types?
This research component focuses on mapping the geomorphological composition
of the world’s coast by applying deep learning, a form of artificial intelligence, to
satellite imagery.

RQ 3: What are the impacts of future coastal erosion under different sea-level rise
scenarios?
This final research component provides an illustrative application of the thesis frame-
work by conducting an impact-focused assessment of future coastal erosion. The
approach synthesizes the preceding work by producing probabilistic shoreline pro-
jections (the hazard) refined by the coastal typology with global building footprint
data (the exposure) to assess potential impacts on the built environment.

1.5 Structure of the Thesis

This thesis is organized into two main parts. Part I presents the six core chapters (Fig. 1.3)
that progressively build towards answering the primary research objective. Following this
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introduction, Chapter 2 establishes the technical foundation for the thesis by developing a
scalable, cloud-native framework for global coastal analysis. Chapter 3 applies this frame-
work to create a novel, global coastal typology, providing the essential geomorphological
context for the impact assessment. Chapter 4 then provides an illustrative application of
these components to conduct a global assessment of the future impacts of coastal erosion
under various sea-level rise scenarios. Subsequently, Chapter 5 synthesizes the key scientific
contributions and offers a perspective on the future of global coastal science. This first part
concludes with Chapter 6, which presents the principal conclusions of the thesis by directly
answering the research questions. Part II contains the appendices, which provide supple-
mentary material, including more detailed descriptions of the data and software products,
additional results, and validation analyses that support the findings in the core chapters.
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Transect System

Ch. 3. Mapping the 
world’s coast 

“First application of deep 
learning at scale in 
coastal science”

Global 100-m 
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Ch 4. Global coastal exposure 
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“Future impacts of coastal 
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planning”

Global Coastal Transcect Repository “A cloud-native global data repository for coastal analytics”
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Empirical Setback
Zone

Ch. 1. Introduction “Introduction to coastal erosion and the digital transformation of coastal science”

Ch. 5. Synthesis & Perspective “Erosion impacts and the future of global coastal science”

Ch. 6. Conclusions 

Figure 1.3: Structure of the thesis. This flowchart illustrates the relationship between the core
research chapters and the key datasets they produce (parallelograms). The research progresses from
establishing a scalable analytical framework (Ch. 2) to creating a global coastal typology (Ch. 3),
which provides the foundation for the worldwide erosion impact assessment (Ch. 4). The thesis
concludes with a synthesis of the findings and a perspective on the future of global coastal science
(Ch. 5), followed by the final conclusions (Ch. 6).
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2 Enabling Coastal Analytics at
Planetary Scale

Abstract Coastal science has entered a new era of data-driven research, facilitated by satellite data
and cloud computing. Despite its potential, the coastal community has yet to fully capitalize on
these advancements due to a lack of tailored data, tools, and models. This paper demonstrates how
cloud technology can advance coastal analytics at scale. We introduce GCTS, a novel foundational
dataset comprising over 11 million coastal transects at 100-m resolution. Our experiments highlight
the importance of cloud-optimized data formats, geospatial sorting, and metadata-driven data re-
trieval. By leveraging cloud technology, we achieve up to 700 times faster performance for tasks like
coastal waterline mapping. A case study reveals that 33% of the world’s first kilometer of coast is
below 5 m, with the entire analysis completed in a few hours. Our findings make a compelling case
for the coastal community to start producing data, tools, and models suitable for scalable coastal
analytics.

This chapter is based on the following article:

Calkoen, F. R., Luijendijk, A. P., Vos, K., Kras, E., & Baart, F. (2025). Enabling coastal analytics at
planetary scale. Environmental Modelling & Software, 183, 106257. https://doi.org/10.1016/j.en
vsof t.2024.106257
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2 Enabling Coastal Analytics at Planetary Scale

2.1 Introduction

Coastal science has entered a new era of data-driven research (Vitousek et al. 2023a), facilitated by the
opening up of historical satellite data catalogs (Wulder et al. 2022) and advances in data processing
(Dean et al. 2008), which have been integrated into cloud-based geospatial data analysis platforms
(e.g., Gorelick et al. 2017). In coastal science, the potential of Earth-observing satellite data was showed
by global analyses to coastal change (e.g., Luijendijk et al. 2018; Murray et al. 2018) and since then the
coast is studied at increasing detail using satellite-derived data products (e.g., Warrick et al. 2023).

Currently we can distinguish between two distinct analysis strategies: one aims for global cover-
age, typically compromising accuracy for spatial extent ("everywhere"), while the other prioritizes
accuracy ("anywhere"). Although not all coastal analyses have to be run at broad spatial scales (e.g.,
Mikkelsen et al. 2024), there are several reasons for why we need coastal analyses at extensive spatial

scales. Particularly since the advent of geospatial information system (GIS) in coastal science, it has
been acknowledged that analyses at scale facilitate integrated and systematic approaches to coastal
classification (Finkl 2004). It also supports development of diverse coastal management strategies
at varying spatial scales (Cooper et al. 1998). Moreover, while details and planning of coastal man-
agement often happen at local or regional levels, they are supported by legislation at national or
international levels (Wong et al. 2014). Finally, analyses at scale facilitate intercomparisons between
different regions, enabling peer-to-peer learning, where local coastal management practices that have
been adopted successfully can be shared.

The two distinct analysis strategies ("everywhere" vs "anywhere") can be illustrated by contrasting
some coastal monitoring tools in more detail. On one hand, analyses at scale ("everywhere") typi-
cally use a cloud platform to process petabyte-scale satellite data catalogs by condensing stacks of
individual imagery into composites (e.g., Luijendijk et al. 2018; Mao et al. 2021) or cloud-free mosaics
(e.g., Hulskamp et al. 2023). These approaches rely on methods that are available on the cloud plat-
form, so that they can be incorporated in server-side compute. While such strategies manage large
volumes of data by efficiently processing data in close proximity of where it is stored, it inherently
limits the temporal depth and/or restricts the analysis methods to those available on the cloud plat-
form. On the other hand, approaches that process each image in the historical catalog using more
sophisticated processing routines or algorithms (e.g., Buscombe et al. 2018; Vos et al. 2019; Al Najar et al.
2023; Muir et al. 2024), have traditionally been confined to local studies or demanded substantial ef-
fort (e.g., Vitousek et al. 2023b; Vos et al. 2023b; Castelle et al. 2024). Such approaches typically involve
downloading all data from the server to a machine with all required software to run the analysis
installed. In summary, analyses focusing on larger geographic areas often sacrifice either temporal
depth, algorithmic flexibility, or both, whereas those prioritizing more detailed analyses would face
problems to scale up to larger areas if that is desired.

Historically, the importance of data-proximate, scalable compute on rasters (Baumann 1993) and
the ability to query data onto a uniform grid for comparison (Cornillon et al. 2003) have been well ac-
knowledged. These principles are now typically integrated into geospatial data processing platforms
(e.g., Medvedev et al. 2016; Raoult et al. 2017). Later, Gorelick et al. (2017) have arguably revolutionized
Earth science by building a geospatial data analytics platform on the public cloud, where users can
write and execute code to efficiently perform more complex analyses on vast datasets by co-locating
data and compute infrastructure as well as providing a high-level scripting environment. Despite
its success, Google Earth Engine (GEE) remains a platform with limited flexibility and modular-
ity (Abernathey et al. 2021) and nowadays there are also more open, flexible, community-driven ef-
forts that aim to facilitate big environmental data analysis. Both Open Data Cube (ODC) (Killough
2018) and Pangeo (Abernathey et al. 2017) emphasize open-source development and collaboration,
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2.2 Methodology

with active communities across all continents. ODC focuses on providing a structured framework
for managing and analyzing satellite data, while the aim of Pangeo is broader, with its community
contributing to a coherent software ecosystem that aims to enable big data geoscience. ODC has
particularly been successful in Australia, where Digital Earth Australia (DEA) (Gavin et al. 2018) have
also enabled applications in coastal monitoring at scale (Bishop-Taylor et al. 2021). Although ODC
is open, flexible and capable of handling large computations, it has primarily been implemented on
high-performance clusters at a national level (Killough 2018). Both ODC and Pangeo leverage similar
open-source software, but Pangeo, with its larger ecosystem, also supports cloud-based platforms1,
where one can conduct highly specialized analytics. These platforms are built on open, scalable soft-
ware and can integrate diverse data sources like satellite imagery, climate data and other geospatial
features, marking a shift towards more open, flexible and scalable geospatial data analytics.

We contend that if the coastal community wants to gain new insights into urgent coastal chal-
lenges at extensive scale, without compromising accuracy or spatio-temporal resolution, it will prob-
ably have to start producing tools, models, and data that are suitable for scalable analytics. In this
paper, we share our experience in using cloud technology to advance coastal science at scale, effec-
tively bridging the gap from "everywhere" towards "anywhere."

This paper is divided into three parts. The first part discusses data-proximate computing through
the implementation of coastal waterline mapping in the cloud. It highlights the advantages of data-
proximate computing and explores how a flexible software stack (Pangeo) facilitates scalable coastal
analytics. The second part compares different data storage strategies for our novel global coastal tran-
sect system (GCTS), a foundational dataset, consisting of cross-shore coastal transect system at 100-
m alongshore resolution, that is now made publicly available. The experiments demonstrate how
cloud-optimized data formats are significantly more efficient than traditional file formats, making
them critical for coastal analytics at scale. In this part we also highlight the importance of standard-
ized metadata specifications. Finally, the third part demonstrates how flexible, scalable compute
(part 1), combined with cloud-optimized data exposed through standardized metadata specifica-
tions (part 2), enable high-resolution coastal analytics (100-m alongshore) at planetary scale.

As a use case, we compute the percentage of land within the first kilometer of the coastal zone
that is below 5 meters above mean sea level. With this work, we aim to show that coastal analytics
can be performed at global scale, without compromising accuracy or spatio-temporal resolution, in
very reasonable compute times. Can we make a compelling argument for the coastal community to
start producing tools, models, and data that are suitable for scalable coastal analytics?

2.2 Methodology

In this section, we present our framework for conducting high-resolution, planetary-scale coastal an-
alytics. We focus on two experiments: data-proximate coastal waterline mapping and strategies for
cloud-native data release. Insights gained from these experiments inform a subsequent case study,
which extracts elevation data over more than 11 million coastal transects, illustrating how scalable
tools, models, and data can advance coastal science. Overall, insights from experiment 1 and ex-
periment 2 enable the case study on coastal elevation mapping. In this section, the methods are
described by topic, with some methods used in multiple experiments as well as in the case study.
Figure 2.1 provides an overview of the described architecture, encompassing all methods detailed in
this section.

1Notable examples include Microsoft Planetary Computer (MSPC), Coiled and Earthmover.
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2 Enabling Coastal Analytics at Planetary Scale

2.2.1 Global Coastal Transect System
Cross-shore coastal transects are essential to coastal monitoring, offering a consistent reference line
to measure coastal change, while providing a robust foundation to map coastal characteristics and
derive coastal statistics thereof. In this work, we introduce the GCTS, a novel foundational dataset
compromising more than 11 million cross-shore coastal transects uniformly spaced at 100-m inter-
vals along the shore. In comparison to previous efforts (Luijendijk et al. 2018; Bishop-Taylor et al. 2021;
Vos et al. 2023b), this system has several advantages. The dataset has global coverage at 100-m along-
shore resolution, for all OpenStreetMap (OSM) coastlines (80◦ S - 84◦ N) that are longer than 5
kilometers. We decided to use to define transects at 100-m alongshore resolution because this has
shown to be effective for studying coastal dynamics at broad spatial scales (Bishop-Taylor et al. 2021;
Vos et al. 2023b); it aligns well with the typical resolution of public satellite imagery (∼10-30 m); and,
this resolution is also used in numerical modeling studies (Roelvink et al. 2020). The transect system
is derived from a recent (2023-01-23) generalized OSM coastline2, that was specifically prepared 3,
with an optimal balance between smoothing and simplification (Hormann 2014) for a coastal cross-
shore transect system at this 100-m alongshore resolution. Expert evaluations and visual compar-
isons with existing systems, such as the manually digitized CoastSat transects for the Pacific Basin
(Vos et al. 2023b), confirm that zoom level 9 of the generalized OSM coastline provides the most
accurate transects at this scale. Furthermore, using the most recent coastline data allows us to in-
corporate the latest crowd-sourced data from the OSM project. Finally, the transects are derived
in their (Universal Transverse Mercator (UTM)) projection, a conformal projection that preserves
angles locally, maintaining a uniform length of 2000 meters and a spacing of 100 meters apart along-
shore, effectively correcting the zonal (latitude) distortions present in earlier global transect systems.
GCTS is licensed under CC BY 4.0 licence, which means that you are free to share and adapt the
dataset, as long as you give appropriate credit (i.e. cite this paper).

In this first release, we also add administrative boundaries4 and a north bearing—the angle mea-
sured in degrees in a clockwise direction from the north pole. The data is released following best
practices, as derived in experiment 2 (See Section 2.3.2) to facilitate convenient, efficient data re-
trieval, while ensuring that each chunk comfortably fits in the memory of a regular personal com-
puter. The transects are stored in cloud-optimized GeoParquet format within a public cloud con-
tainer 5 and are available as part of the Coastal Climate Core Services (CoCliCo) Spatio-Temporal
Asset Catalog (STAC) catalog 6 under the collection ID “gcts”.

2.2.2 Software stack
The methods we use to conduct coastal analytics at extensive spatial scales are deeply integrated
with core-packages of the Pangeo stack for big environmental data analysis. The data processing
routines employed typically utilize the data models Pandas (McKinney 2010) and Xarray (Hoyer et al.
2017), which, when integrated with geospatial extensions like GeoPandas and Rioxarray, enable ad-
vanced geospatial analysis of both raster and vector data, respectively. In coastal analytics, many of
the data processing steps, such as computing spectral indices, can be run in parallel. To leverage the
efficiency of parallel processing, we utilize Dask, an open-source library for parallel and distributed

2OSM data is available under the Open Database License (ODbL) at https://openstreetmap.org.
3The generalized coastline was produced by Imagico, DE.
4Administrative boundaries are extracted from Overture Maps.
5https://coclico.blob.core.windows.net/gcts
6https://coclico.blob.core.windows.net/stac/v1/catalog.json
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computing (Rocklin 2015). Dask distributes computational tasks across multiple workers, which can
also operate on different nodes. This distribution is centrally managed using computational graphs,
which provide a structured representation of the tasks. Unlike traditional for loops, which execute
sequentially, Dask’s graph system allows tasks to be executed concurrently, optimizing performance
and reducing computation time. We also use DuckDB, an embeddable analytical relational database
management system (Raasveldt et al. 2019) to efficiently filter and retrieve tabular geospatial data from
cloud object storage. To enhance the efficiency of distributed computing in coastal monitoring, we
have refactored some routines from earlier coastal monitoring efforts (Luijendijk et al. 2018; Vos et
al. 2019; Bishop-Taylor et al. 2021) into vectorized functions — operations applied simultaneously
across entire arrays of data. This enables integration into the Dask data processing chain for more
efficient parallel processing. Furthermore, by executing computations on a server nearby data stor-
age and leveraging on-demand cloud compute infrastructure with tools like Dask Gateway or Dask
Jobqueue, we can further reduce processing times by efficiently distributing tasks across a larger net-
work of nodes. For example, when using a cloud compute infrastructure like MSPC, we are able to
distribute tasks across more than 100 ‘workers’ who collectively have access to approximately 800
GB of memory. In such distributed network, secondary data movement, such as coastal transects in
the third experiment (See section 2.3.3) is minimized by strategically scattering it over the network,
allowing it to be referenced through pointers (addresses to the data location) rather than sending
the actual data.

2.2.3 Data retrieval
Data is searched for per area of interest, data range or other attributes using STAC, a geospatial
data specification that nables efficient localization of spatio-temporal data collections through its
standarized application programming interface (API). Data is retrieved from various STAC cata-
logs, including the MSPC and CoCliCo catalogs. The STAC collections are browsed, and relevant
storage locations are parsed by the respective data models (See section 2.2.2). For tabular vector
data, such as coastal transects, spatial joins or predicate pushdowns, a technique that filters data at
the database level to improve query efficiency, on the bounding box attribute are employed to re-
fine data selection. Raster data, such as satellite imagery, are lazily loaded, meaning that data is only
loaded into memory when it is actually needed for computation. The data are read into Xarray us-
ing ODC-STAC, a Python library that is part of DEA software ecosystem. To minimize redundant
earth observation (EO) data processing, imagery transmitted to multiple downlink stations or cov-
ering overlapping areas (Bauer-Marschallinger et al. 2023) on the same orbital ground track is grouped
by solar day, selecting only the first occurrence of each day. Precise pixel alignment is achieved by
centering pixels on the coordinate grid, ensuring all coordinate axes are anchored at pixel centers.

2.2.4 Data processing
To avoid memory issues and create a scalable, dynamic, parallel data processing strategy, larger ar-
eas are divided into a hierarchical grid using so-called quadtiles7, a geo-data storage and indexing
strategy. This strategy operates at specific zoom levels. For example, for processing Sentinel-2 (S-2)
tiles, we subdivide them into quadtiles at zoom level 10, which corresponds to an area of approxi-
mately 0.35 degrees longitude around the equator. Data processing is performed on a per-quadtile
basis, with computational graphs constructed and executed in a single compute call per quadtile.
This approach prevents redundant recalculations of intermediate results and ensures a scalable data

7https://wiki.openstreetmap.org/wiki/QuadTiles
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Figure 2.1: The workflow architecture for coastal analytics at extensive spatial scales. Data is stored
in cloud object storage and exposed through standardized metadata specifications for efficient re-
trieval. Compute infrastructure is set up in close-proximity of the data, facilitating scalable data
processing via hierarchical quadtiles. The results are stored in geospatial partitions in the cloud and
also described following a standardized metadata specification to enable the next iteration of down-
stream coastal analytics. This study includes two primary experiments: geospatial data retrieval and
data-proximate coastal waterline mapping. Insights from these experiments inform a case study
demonstrating coastal analytics at a planetary scale by combining coastal transects (GCTS) with el-
evation data (DeltaDTM).
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processing workflow. The chosen zoom level for the quadtiles (zoom level 10) ensures that arrays
fit within memory limits, which is essential for complex processing workflows like coastal waterline
mapping (See section 2.2.8). We typically also include coastline buffers into the processing pipeline
to limit processing solely within our designated coastal region of interest. These buffers, are derived
from the OSM coastline as of 2023-01-23, with a radius of 10 km, that is derived per UTM region.
While processing, secondary data, such as these coastline buffers, are broadcast across the cluster so
that this data is referenced through pointers (addresses to the data location) rather than transferring
the actual data, further optimizing the processing efficiency.

2.2.5 Data partitioning

When storing data it is partitioned into manageable chunks, ranging from 100 to 200 MB for raster
data and 500 MB for vector data, to enhance data interoperability for downstream coastal analytics.
We spatially partition static coastal data using a strategy that compensates for coastline complexity,
maintaining uniform partition sizes despite geographical variances in coastal geomorphology. The
partitioning strategy begins by estimating the memory usage per geometry and its attributes. It then
adds a quadkey (also known as a geohash), a geospatial index that encodes the location of an attribute
in a standardized string, suitable for hierarchical binning at a given zoom level (e.g., level 12). Next,
the data is sorted by quadkey. Finally, the data is recursively partitioned into chunks that do not
exceed a set memory usage threshold. This approach ensures that local data density stays below a
predefined partition size threshold. This method is exemplified in appendix B.2, where the GCTS
is partitioned, for demonstration purposes, into chunks that do not exceed 100MB. It is evident
that areas with higher data density, such as Chile, result in denser partitions. Finally, we typically
assign a bounding box attribute with the minx, miny, maxx, and maxy coordinates of the geometry.
This attribute is added as a structured datatype to enable query optimization techniques, such as
predicate pushdowns, which filter data at the database level to improve query efficiency.

2.2.6 Data release

All data are stored in cloud-optimized formats, to ensure efficient retrieval (Durbin et al. 2020) from
cloud object storage services that can serve large volumes of data. Geospatial vector data, such
as coastal waterlines and cross-shore transects, are saved as compressed Apache GeoParquet files,
a widely-used columnar storage format. Time series data, obtained per station, such as satellite-
derived shoreline (SDS) series, are also stored in the GeoParquet format, with additional attributes
that enable efficient geospatial data retrieval (See Section 2.2.3). Raster data, such as binary water-
occurrence maps without a temporal component, are stored as cloud-optimized GeoTIFF (COG),
whereas n-dimensional array’s (such as climate data cubes or raster data with temporal component)
are stored in Zarr. The data sets are described in STAC collections, that are added to the CoCliCo
STAC catalog8. Here, each data partition or chunk is referenced as a STAC item. The catalog and
its collections are maintained with open-source glsstac-utils9 software, which utilizes specific exten-
sions like ’proj’, ’eo’, ’datacube’ and ’stac-table’ to validate metadata against community standards.
To further optimize accessibility, a GeoParquet snapshot of all STAC items is included as a collec-
tion asset, eliminating the need for users to index each JSON file individually from the collection.

8See https://coclico.blob.core.windows.net/stac/v1/catalog.json
9See https://github.com/stac-utils
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2.2.7 Usage

All methods and workflows are bundled in CoastPy, a domain-specific Python package that con-
tains tools for scalable, cloud-based coastal analytics, that, especially when combined with cloud
computing, can efficiently process large amounts of data. CoastPy is available on the PyPI repos-
itory and is actively maintained at https://github.com/TUDelft-CITG/coastpy. It supports
Python ≥ 3.11 and is compatible with macOS, Windows, and Linux. Detailed installation instruc-
tions and usage guidelines are provided in the README file and documentation. The repository
includes tutorial notebooks that introduce straightforward applications of coastal analytics at scale.
Released under the MIT License, CoastPy promotes open-source collaboration and development.
We plan to expand the repository with tools for coastal machine learning (ML) and other advance-
ments, and we welcome contributions from the community to this cloud-based coastal analytics
initiative.

2.2.8 Experiments

To study the potential of cloud-native workflows for coastal analytics, we conducted several exper-
iments focusing on data-proximate computing and data storage strategies. Experiment 1 is about
coastal waterline mapping near the physical storage of EO data and experiment 2 benchmarks var-
ious cloud-optimized data access strategies using a standard geospatial data retrieval pattern. Ad-
ditionally, in a subsequent case study, we demonstrate the potential of cloud-native workflows for
coastal analytics at planetary scale by studying the distribution of elevation in the coastal zone. All
experiments were performed using a standard Pangeo container, that a was run on MSPC, which
provided access to a Dask Gateway cluster with adaptive scaling. The cluster was configured to pro-
vide 8 GB of RAM per Dask worker, with the number of workers dynamically adjusting between
2 and 100 based on processing workload and available compute. Dask acts as a higher-level tool
that efficiently manages and distributes Python workflows across available compute resources. We
emphasize that this a modular approach, where compute is separated from storage, that is not per-
tained to MSPC, but can be orchestrated at any cloud provider, (SLURM-based) high performance
computing (HPC) cluster or even an ordinary personal computer.

Experiment 1: Coastal waterline mapping

The purpose of this experiment on coastal waterline mapping is to assess the efficiency of data-
proximate cloud-computing for coastal monitoring by orchestrating coastal waterline mapping rou-
tines next to where the satellite data is stored. Given that shoreline monitoring has de-facto become
standard practice in coastal science (Vos et al. 2023a), we expect that this experiment serves as a relat-
able example for most coastal practitioners.

In this experiment, the S-2 archive of publicly available imagery (level-1A surface reflectance) is
efficiently retrieved (See section 2.2.3) from the MSPC STAC catalog. To minimize redundant EO
data processing, imagery transmitted to multiple downlink stations or covering overlapping areas
(Bauer-Marschallinger et al. 2023) on the same orbital ground track is grouped by solar day, selecting
only the first occurrence of each day. The blue, green, red, NIR, SWIR16, and SCL classification
bands from the S-2 catalog are retrieved, while precise pixel alignment is achieved by centering pixels
on the coordinate grid. Following Vos et al. (2023a), the SWIR16 band is aligned with other spectral
bands using bilinear resampling, since this strategy better captures linear features such as waterlines.
The S-2 SCL layer, a 10-class land cover classification, is used to mask pixels categorized as “No
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Data”, “Dark Area Pixels”, “Clouds high probability”, or “Cirrus”. However, the category “Snow
and Ice” often represents whitewater in coastal zones, and is therefore deliberately not masked.

In line with well-established approaches(Vos et al. 2023a), coastal waterlines are mapped by ap-
plying Otsu-thresholding to mNDWI optical satellite imagery and extracted at sub-pixel resolution
using marching-squares. The Otsu-threshold value is computed after applying a pixel classifica-
tion, to consider exclusively sandy and water pixels in the thresholding process. Additionally, we
add a simple quality control filter to exclude imagery with over 95% water pixels in the S2 SCL
or CoastSat classification, as such high water content does not yield effective results when using
the Otsu’algorithm. Finally, by intelligently designing the computational graph, we simultaneously
compute two results: a raster map with the coastal water occurrence probability, as the mean pres-
ence of water pixels over time; and a vector layer with waterlines from each image. We emphasize
that this experiment does not aim to introduce yet another method for shoreline monitoring, but
rather serves as relatable benchmark to the efficiency of data-proximate cloud computing for coastal
monitoring.

Experiment 2: Geospatial data retrieval

This experiment benchmarks the efficiency of geospatial data retrieval using eight different data dis-
semination strategies by retrieving coastal transects for the Basque Country, Spain, from the GCTS.
We evaluate the efficiency gains of cloud-optimized data, geospatial sorting, and metadata filter-
ing with STAC across different data models (GeoPandas, Dask GeoPandas, and DuckDB) and re-
trieval methods (spatial join and predicate pushdown). Geospatial sorting, which involves sorting
data based on quadkey (a geohash facilitating efficient spatial indexing, also see 2.2.5), is examined.
Metadata filtering, performed on the attributes provided in the STAC collection, allows for selective
retrieval of relevant data partitions. We also compare retrieval methods, including spatial join oper-
ations, which merge datasets based on their spatial relationship, and predicate pushdown, a query
optimization technique that applies filters early in the data retrieval process to enhance performance
by reducing the amount of data transferred and processed.

Case study: Coastal elevation mapping

This case study demonstrates the potential of cloud-native workflows for coastal science by com-
bining data-proximate computing (Expt. 1; section 2.2.8) with cloud-optimized data accessed via
a standardized metadata specification (Expt. 2; section 2.2.3). Specifically, we integrate the GCTS
with DeltaDTM, a novel digital terrain model (Pronk et al. 2024), to determine the percentage of
the world’s first kilometer of coast that is lower than 5 meters. The GCTS consists of more than 11
million coastal transects, while DeltaDTM includes 7105 tiles of 1 x 1 degree each at a spatial reso-
lution of one arc second (30 m). We migrated DeltaDTM to cloud object storage and described
it in a STAC catalog for convenient analysis. Thus, for this analysis both datasets are stored in
cloud-optimized formats and accessible using STAC into a cloud-based computational cluster lo-
cated close to data storage. DeltaDTM tiles are grouped by quadkey at zoom level 4, and relevant
transects from the GCTS are retrieved using Dask GeoPandas, with STAC effectively filtering the
necessary partitions. The transect data is then broadcast across the client, allowing it to be refer-
enced by pointers without transmitting the data over the network, ensuring efficient processing.
This setup establishes an efficient, scalable data processing routine capable of high-resolution ex-
traction on a global scale.
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2.3 Results

2.3.1 Where shouldwe run our algorithms?
We analyzed the efficiency and scalability of data-proximate, cloud-based coastal waterline map-
ping. The results demonstrate that mapping shorelines in close proximity to where the satellite data
is stored is 70 times faster for small areas, such as at Narrabeen Beach, Australia (App B.2). This is
a significant improvement that highlights the efficiency gains of data-proximate computing, which
are specifically relevant for coastal monitoring because this practice requires frequent data process-
ing to track dynamic shoreline changes as satellite imagery comes available. Moreover, a comparison
(App. B.1) shows that this cloud-native CoastPy approach produces results that are in good agree-
ment with CoastSat, making it an important step towards instantaneous shoreline mapping at ex-
tensive spatial scales. Finally, data-proximate coastal monitoring is more sustainable as it eliminates
the need to duplicate or move large datasets and efficiently utilizes on-demand compute resources.

Another key result relates to scalability. We assessed the scalability of our cloud-native approach
to coastal waterline mapping by expanding the study area to regional and state levels, first examining
the San Francisco Peninsula and then the entire state of California. While scaling up to larger areas
(e.g., Ocean Beach) the computation becomes relatively more efficient (App. B.3), with CPU usage
almost fully saturated at 100% while operating at scale. While processing areas as large as Sentinel-2
tiles (110 x 110 km) exceeded the memory capacity of our Dask workers (8 GB RAM per worker), the
workflow remained efficient at the California state level when tiles were subdivided into zoom-level
10 quadtiles (38 x 38 km) (See section 2.2.5). The results, as shown in Figure 2.2, indicate that coastal
areas spanning quadtiles at zoom level 10 can be processed in approximately five minutes on average;
that equivalents to coastal waterline mapping at 50 km per seconds, which is several orders of mag-
nitude faster than conventional approaches, such as CoastSat (0.1 km/s; App. B.2). Although we
find that occasionally data is spilled to disk during the operation, reporting double wall-clock times
(10 minutes), the cluster recovers to a healthy state, demonstrating the robustness of this approach.
This improved efficiency at larger scales is because proportionally less time spent configuring the
workers and constructing the computational graph (App. B.3). Overall, these findings highlight
that specialized coastal monitoring routines can be much more efficiently orchestrated in the cloud,
close to where the data is physically stored, with increased efficiency as the study area scales from
local to regional levels.

2.3.2 How shouldwe store our data?
We benchmarked eight different geospatial data retrieval strategies. Table 2.1 summarizes the char-
acteristics and performance of each strategy, including mean and standard deviation of execution
times over 20 iterations. Detailed distributions of retrieval times are presented in Appendix B.5.

In the initial experiment, as presented in Table 2.1, coastal transects were retrieved from the
GCTS, that is stored as a traditional geopackage, which is approximately 5GB in that format. Un-
like in other experiments, this retrieval operation had to be conducted on a personal computer due
to memory limitations on a standard MSPC Pangeo instance. This setup resulted in data retrieval
that is up to 160 times slower (Expt. 1 vs. Expt. 8) compared to those achieved with cloud-optimized
data formats. Thus, the occurrence of memory errors and the prolonged execution time for data re-
trieval in this experiment show the convenience and advantages of cloud-optimized data formats.

Subsequent experiments involve fetching transects from the GCTS stored across several GeoP-
arquet partitions, that are altogether approximately 1GB in this cloud-optimized format. The ex-
periments use various techniques such as spatial joins or predicate pushdown (See section 2.2.8),
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Figure 2.2: Execution time (s) per quadtile for cloud-native
coastal waterline mapping across California state, USA. By
orchestrating shoreline-monitoring routines in close prox-
imity of the satellite data, coastal waterlines are mapped at
approximately 50 km/s.

Table 2.1: Average execution time (s) for various strategies of data retrieval. The crosses (X) indicate
whether a certain strategy was applied.
Expt. Data Model Query Method Cloud Opt. Spatial Sort STAC Filter Mean (s) Std (s)

1 GeoPandas Spatial join 1071.3 5.0
2 Dask GeoPandas Spatial join X X 41.3 1.1
3 Dask GeoPandas Spatial join X 40.5 1.0
4 DuckDB Spatial join X X 25.2 1.1
5 DuckDB Spatial join X 24.0 0.8
6 Dask GeoPandas Spatial join X X X 10.9 0.3
7 DuckDB Predicate pushdown X X 7.4 0.6
8 DuckDB Predicate pushdown X X X 6.7 0.7
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facilitated by a STAC catalog to identify relevant partitions and spatial sorting by quadkey. Sur-
prisingly, the results (Tab. 2.1) indicate that spatial sorting slightly increases data retrieval times.
However, the use of STAC metadata to effectively filter the relevant STAC items enhances Dask
GeoPandas so that it is capable of retrieving transects four times faster (Expt. 4 vs. Expt 6), likely
due to the reduced need to index data objects using HTTP protocol. This efficiency gain demon-
strates the advantage of standardized metadata in optimizing data retrieval, while also underscoring
the importance of geospatial sorting, as the effectiveness of the STAC metadata filter depends on it.

The results (Tab. 2.1) demonstrate that the DuckDB query engine is more efficient for geospatial
data retrieval than Dask-GeoPandas (e.g., Expt 4 vs 2) in this setup, being almost twice as fast. More
importantly, the data show that employing predicate pushdown on a bounding box attribute is a
three times more efficient strategy for data retrieval than a spatial join operation (Expt 7 vs. Expt
5). For geospatial predicate pushdown to function effectively, the data must be geospatially sorted
and include a bounding box column that provides the extent of the geometry. This underscores the
importance of adding a bounding box column to geometries and organizing the data geospatially
to significantly enhance query performance. Additionally, the data retrieval is slightly faster (10%)
when using STAC metadata to selectively filter relevant STAC items (e.g., Expt. 8 vs. Expt. 7), al-
though the efficiency gains from this approach do not match those achieved with Dask GeoPandas
(twice as fast). While the differences in execution times among strategies that access cloud-optimized
data formats are of a different order than the 160 times improvement reported against conventional
data formats, the differences are relevant for analysis at scale. Implementing simple geospatial sort-
ing methods combined with standardized metadata specifications results in approximately 4 times
faster performance. This is particularly important when these access patterns are repeated for a large
number of similar tasks, demonstrating the effectiveness of these strategies in optimizing geospatial
data retrieval at scale.

In summary, these experiments affirm the importance of cloud-optimized data formats for broad-
scale coastal analytics, where data interoperability is crucial (Sec. 2.1). Cloud-optimized data for-
mats, when combined with geospatial sorting and query optimization techniques like predicate
pushdown, facilitate efficient filtering methods for retrieving data pertinent to specific regions of
interest. Additionally, this experiment highlights the value of metadata-driven data access strate-
gies in enhancing the efficiency of data retrieval, which is presumably increasingly important as
the number of partitions grows and indexing remote data objects over HTTP protocol becomes
a bottleneck. Therefore, adopting cloud-optimized data formats, geospatial sorting, and enabling
metadata-driven access methods is essential for facilitating efficient geospatial data retrieval.

2.3.3 Howmuch of the first km of coastal land is below 5 meters?

By using cloud technology as described in earlier experiments (See section 2.3.1 and 2.3.2) we de-
veloped a scalable, high-resolution mapping at global scale. Figure 2.3 illustrates the fine spatial
resolution at which elevation data is extracted along the landward side of the transects around Barra
de la Cruz, Mexico. In total we extract approximately 300 million elevation observations at equally-
spaced 100 m alongshore resolution. Compared to the conventional download-and-analyze ap-
proach, this method significantly enhances our ability to analyse coastal datasets at global scale. We
have developed a scalable method to locate and process DeltaDTM tiles. Similarly, coastal transects
for a given tile can be retrieved downloading and processing an extensive 5 GB GeoPackage. A tra-
ditional workflow, involving a spatial join for each of the 7,105 tiles, would take approximately 88
days to process just to retrieve the transects. In contrast, using cloud technology, we completed the
entire analysis in a few hours, making it 700 times faster.
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On average, we find that 33% of the first km in the coastal zone is lower than 5 meter. Figure 2.4
shows the average percentage of very low-lying coastal land (<5 m) in the first km coastal zone, with
the 5% (n=25) largest clusters (Anselin 1995) indicated as red dots. The map shows that particularly
the gulf of Mexico, the East Coast of the United States and the European Wadden Sea much of the
first km of coastal land is lower than 5 meters above mean sea level. In this 1-km coastal zone, the
distribution (Fig. 2.4) of areas that are on average lower/higher than 5m is highly bi-modal; which
shows that either the 1-km coastal land is mostly below 5m or, land rises fast and elevation is mostly
above 5m.

Figure 2.3: Extracting DeltaDTM elevation data over the
landward side (1 km) of our coastal transects, around Barra
de la Cruz, Mexico.

2.4 Discussion
Cloud technology and the opening up of EO data have started a digital transformation in coastal
science. In the introduction, we distinguished between two distinct analysis strategies: one aims for
global coverage, often compromising accuracy for spatial extent (“everywhere”), while the other pri-
oritizes accuracy (“anywhere”). This paper demonstrates how leveraging an open, flexible, and scal-
able geospatial software stack (Pangeo) in combination with cloud-optimized data formats bridges
the gap between these approaches, enabling coastal analytics at broad scales without compromising
the high spatio-temporal resolution and accuracy that are typically used in more local analyses.

An essential step this approach is decoupling data storage from compute, a strategy that contrasts
with the integrated frameworks of existing platforms like GEE. This separation provides more con-
trol over both processes, enabling independent management of each.

Compute, is managed on a open, flexible and scalable framework (Pangeo), that, depending on
the needs of the analysis, can be deployed on personal computers, HPC, or cloud infrastructure. As
shown in the first experiment, this software ecosystem provides a flexible environment that can be
scaled up to broader areas while retaining the spatio-temporal resolution used in some specialized
coastal monitoring practices.
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Figure 2.4: The map shows the average percentage of land within the first kilometer of the coastal
zone that is lower than 5 meters above mean sea level, based on approximately 300 million observa-
tions from DeltaDTM (Pronk et al. 2024) across more than 11 million transects (GCTS). On average,
33% of this coastal zone is below 5 meters. Red dots indicate the 5% largest clusters of predominantly
low-lying coastal land. To the right, a violin plot shows the distribution of the percentage of coastal
land below 5 meters.

Storage, in turn, is handled using cloud-optimized data formats, while adhering to standardized
metadata specifications. As shown in the second experiment, this structured approach enables rapid
querying, and ensures that data is optimized for coastal analytics at scale.

Implementing and maintaining such a cloud solution presents some technical challenges. Be-
sides writing scalable software, producing cloud-based data repositories requires expertise in cloud-
optimized data formats, data specifications and data partitioning. While such skills may not be
commonly expected from coastal scientists, our case study demonstrates that the substantial im-
provements in efficiency, flexibility, and hence analytical capabilities justify these efforts.

The modularity of cloud-based coastal analytics eases the migration between different computa-
tional environments while removing dependency on proprietary platforms (e.g., GEE). Also, by de-
coupling storage and compute, this system can continuously integrate the latest innovations in both
data management and algorithms. Other advantages of cloud-based solutions is that it provides uni-
versal access points to data, that are much more accessible than traditional storage solutions, while
they typically also reduce the need for data downloading with in effect less data duplication.

Cloud computing has a significant environmental impact (Monserrate 2022), and data-intensive
applications—particularly those utilizing artificial intelligence (AI)—-are a major source of its en-
ergy consumption (Katal et al. 2023). Coastal research labs that leverage this powerful infrastructure
should be mindful of their environmental footprint, especially as their funding is often tied to ini-
tiatives promoting sustainability and/or addressing climate change. However, despite its notable
carbon footprint, cloud computing can offer more sustainable solutions (Jones 2018). By optimizing
resource allocation, reducing idle time, and consolidating large-scale operations, cloud systems can
minimize overall energy consumption. Additionally, cloud infrastructure’s universal access points
reduce the need for data duplication and unnecessary transfers, while cloud-optimized data formats,
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through efficient compression, further minimize storage and transmission requirements, enhancing
overall sustainability.

Although there are technical barriers and environmental impacts that require careful attention,
the importance of cloud technology for large-scale coastal analytics is clear, as also shown in the
experimental findings, that are discussed in the next section.

2.4.1 Experimental findings
In this section we discuss several key results from our experiments, beginning with the novel global
coastal transect system (GCTS). The transect system benefits from recent OSM data uptake, cor-
rects zonal bias, includes polar latitudes, and offers a finer alongshore resolution (100 m) than ex-
isting transect systems. We believe this transect system can serve as a robust foundation for various
coastal studies, providing a reliable basis for deriving SDS series, coastal characterizations, classifica-
tions, and related statistics.

Secondly, we show that 33% of the first kilometer of coast is below 5 meters. This data, calcu-
lated at a 100-m alongshore resolution, is crucial for several kinds of coastal analyses, such as coastal
classification and characterizations. This finding is particularly relevant in the context of the low-
elevation coastal zone (LECZ), as described by McGranahan et al. (2007), potentially providing a
more detailed understanding of coasts that are vulnerable to accelerating climate change. However,
the 30-m resolution of the digital terrain model (DTM) is likely insufficient for flood-risk model-
ing, underscoring the continued relevance of local studies. The workflows used can be adopted to
map other coastal variables onto, for example, our transect system (GCTS). With more coastal vari-
ables mapped, it will become possible to apply theoretical classification frameworks (e.g., Cooper et
al. 1998; Finkl 2004) at extensive scales without compromising spatial resolution and accuracy.

Thirdly, we present open, scalable, flexible methods for efficient coastal analytics at planetary
scale, that are up to 700 times faster than traditional download-analyze approaches. This tremen-
dous speed-up is achieved by bringing code to the data rather than moving the data to the code;
and, using cloud-optimized data exposed through rich, standardized metadata specifications. By
adopting this framework for coastal waterline mapping, we achieved a processing speed of 50 km/s,
compared to 0.1 km/s using conventional methods, like CoastSat. Data-proximate computing, in-
creasingly standard in various scientific fields (Gentemann et al. 2021), is very relevant for the coastal
community, which increasingly relies on EO data (Vitousek et al. 2023a), that is still typically down-
loaded and analyzed on institutional premises.

The coastal waterlines mapped during the data-proximate shoreline monitoring experiment are
primarily intended to demonstrate the feasibility of efficiently implementing specialized coastal
monitoring routines in the cloud, rather than serving as a dataset for studying coastal dynamics.
Nevertheless, the methods introduced here have the potential to form the basis for the first-ever
global mapping of instantaneous shorelines from the full historical Landsat and/or Sentinel-2 cata-
log. Crucially, future enhancements must include tidal corrections and improvements to the classi-
fication methods to ensure robust generalization across diverse coastal environments (Konstantinou
et al. 2023; Vos et al. 2023a), including macro-tidal regions and beaches with unique sand types, like
those on volcanic islands.

Fourthly, we show that for coastal analytics at scale, cloud-optimized data exposed through stan-
dardized metadata specifications are essential. Our experiments on geospatial data retrieval indicate
that data storage format and accompanied metadata are as important as the data itself, especially for
large-scale analyses. By eliminating repetitive tasks such as locating data for regions of interest and
enhancing data interoperability, we developed data retrieval methods that are up to 160 times faster
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than traditional download-and-analyze approaches. Another advantage is that by adopting these
principles, the data de facto becomes findable, accessible, interoperable, reusable (FAIR) (Wilkinson
et al. 2016).

A crucial step in curating the data is partitioning. In this study, we explored various partitioning
methods, with our released GCTS partitioned by quadkey to enhance the efficiency of regional data
access and time-series analysis. While partitioning based on administrative boundaries has been sug-
gested (Holmes 2023), it poses challenges in coastal science. Administrative boundaries can enhance
user-friendliness, but the coast—being a transitional area between ocean and land—is not always
fully encompassed by existing administrative divisions. Additionally, the complexity and variability
of coastal regions can result in highly unequal partitions, further complicating this approach.

Our geospatial partitioning strategy, while effective, is not definitive, especially for datasets that
grow with time, such as with ongoing satellite missions. Managing spatio-temporal coastal data
repositories, such as SDS, presents significant challenges due to conflicting partitioning needs. Spa-
tial partitioning enables efficient regional data access, that is useful for time-series analysis, but re-
quires frequent data rewriting, which is computationally intensive and costly, particularly in cloud-
object stores. As a result, repositories may be managed through temporal partitioning, where data
is appended as new satellite data becomes available. While this is more logical for continuously up-
dating datasets, it is less efficient for users needing access to time series of certain coastal variables per
region.

Fifthly, the cloud-native coastal waterline mapping experiment demonstrates that we can now
incorporate advanced ML models into coastal analyses at scale. Although the classification model
used in this study is relatively basic (a simple feed-forward network), it serves as proof of concept that
advanced coastal deep learning models can be integrated into server-side computing. This capability
is critical for implementing advanced coastal ML models (e.g., Buscombe et al. 2018; Al Najar et al.
2023) at extensive spatial scales.

2.4.2 Outlook
We argue that the coastal community should collectively begin constructing publicly available, analysis-
ready coastal data repositories, as these will be the critical resources for powering coastal ML and pro-
viding a robust foundation for data-driven coastal decision making. The digital revolution in coastal
science, triggered by the opening up of historical satellite catalogs and innovations in cloud technol-
ogy, has provided an unprecedented global perspective of the coastal environment. However, the
coastal community is not yet fully capitalizing on recent advances in ML, such as deep learning (DL).
Although the ongoing digital revolution in coastal science is most likely going to culminate in the
widespread adoption of coastal AI, this advancement requires the availability of high-quality data.
Adopting best practices from computer science (Raymond 1999) and making data publicly available
(Tenopir et al. 2015) is crucial for achieving this goal, but not enough. Now that coastal science has an
appetite for data, its management must be recognized as an integral component of coastal research.
Without a focus on data management, we risk accumulating more data than we can effectively an-
alyze. Future coastal data releases should aim to minimize manual, repetitive work in downstream
coastal analytics, by providing analysis-ready data, following flexible data schemata that we, as a
coastal community, still have to work out ourselves. Yet it is also critical that future coastal analytics
integrate strategies to reduce environmental footprints, particularly for the data-intensive applica-
tions. To ensure the long-term sustainability and accessibility of the data resources as well as the tools
to work with it, governmental support (e.g., Directorate-General for Research and Innovation (European
Commission) 2022) to develop and maintain public cloud infrastructure is essential, as reliance solely
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on commercial enterprises may compromise the stability and equitable access to potentially critical
coastal data. We envision a future where an Earth System data cube (Mahecha et al. 2020), enriched
with coastal characteristics, will allow customized views of the coast, possibly even through natural
language queries (Zhu et al. 2024) enabled by artificial intelligence.

2.5 Conclusion
This study demonstrates the transformative potential of cloud technology for coastal analytics at
extensive spatial scales. We introduced a novel global coastal transect system (GCTS), found that
33% of the first kilometer of coast is below 5 meters, and developed methods that are up to 700 times
faster than conventional approaches. The GCTS introduced here can serve as a foundational coastal
dataset, offering a robust frame of reference with a global set of coastal stations that can be used
for deriving shoreline-change series, coastal characterizations, and related statistics. Our findings
highlight that coastal science no longer needs to be constrained by high latency, storage capacity,
available compute resources, or specific toolboxes provided by cloud platforms. By leveraging cloud
technology and a flexible, scalable software ecosystem, we can perform complex computations close
to data storage, drastically reducing analysis time from months to just a few hours. This approach
allows us to use all available data without compromising accuracy or resolution, hopefully setting
a precedent for future broad-scale coastal studies. We are therefore convinced that if the coastal
community aims to address urgent coastal challenges at broad spatial scale without compromising
accuracy or spatio-temporal resolution — bridging the gap from “everywhere” towards “anywhere”
— it will have to start producing tools, models, and data suitable for scalable coastal analytics.

2.6 Software availability
The authors share their code and instructions to access the data at https://github.com/TUDel
ft-CITG/coastpy. The Global Coastal Transect System is also available for download at https:
//zenodo.org/records/14056925.
Software name CoastPy
Developer Floris Calkoen
Year first official release 2024
System requirements Mac, Linux, Windows
Program language Python
Program size <1 MB
Availability https://github.com/TUDelft-CITG/coastpy
License MIT
Documentation README, documentation and tutorial notebooks
Citation F R Calkoen et al. (Jan. 1, 2025f). “Enabling Coastal Analytics at Planetary

Scale”. Environmental Modelling & Software 183, p. 106257. doi: 10.1016
/j.envsof t.2024.106257
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3 Mapping the world’s coast
a global 100-m coastal typology derived from satellite
data using deep learning

Abstract We present a globally consistent, high-resolution (100 m) coastal typology dataset de-
rived from satellite imagery and elevation data using deep learning—the first application of its kind
in coastal science. Using a supervised multi-task convolutional neural network, we classified for
nearly 10 million coastal transects (one million km of coast) four coastal attributes along the cross-
shore profile: (1) sediment type, (2) coastal type, (3) presence/absence of built environment, and (4)
presence/absence of human-made coastal defenses. The model, trained on about 1800 globally dis-
tributed samples, achieves strong predictive performance with F1 scores ranging from 0.67 to 0.83.
Results show that the global coastal sediment distribution consists of 40% sandy, gravel, or shingle;
21% muddy; 13% rocky; and 27% with no sediment. Considering the coastal type, 33% of coasts
are cliffed, 22% are sediment plains, 15% are wetlands, and 3% are dune systems (i.e. 26,000 km).
Combining sandy, gravel, shingle and muddy sediments, we estimate that 61% of the global coast-
line consists of soft sediments that are potentially easily erodible. Among sandy, gravel or shingle
coasts specifically, 20% are cliff-backed and 16.5% are located on built-up coasts. This global dataset,
available in a cloud-optimized format at https://doi.org/10.5281/zenodo.15599096, provides a ro-
bust foundation for coastal-change analysis and erosion assessment, and enables new opportunities
for broad-scale vulnerability mapping and adaptation planning in the face of accelerating sea-level
rise.

This chapter is based on the following article:

Calkoen, F. R., Luijendijk, A. P., Hanson, S., Nicholls, R. J., Moreno-Rodenas, A., De Heer, H.,
& Baart, F. Mapping the world’s coast: a global 100-m coastal typology derived from satellite data
using deep learning. Earth System Science Data Discussions [preprint], in review, 2025. https://do
i.org/10.5194/essd-2025-388
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3.1 Introduction

Coastal zones are increasingly under pressure from human development and the cumulative effects
of accelerating climate change (Oppenheimer et al. 2019). Urbanization, infrastructure expansion,
and land reclamation have transformed coastal landscapes, often leaving limited space for natural
processes to unfold (Lansu et al. 2024). As a result, future risks are increasing: erosion and flooding
threaten assets, livelihoods and even lives (Barnard et al. 2025), while critical ecosystems face habitat
loss and degradation (European Environment Agency. 2024). Anticipating these risks requires reli-
able climate data and spatial information to support adaptation planning (Le Cozannet et al. 2017).
A coastline’s response to drivers such as sea-level rise and increased storminess depends largely on
its geomorphology (Stive et al. 2002; Woodroffe 2002; Masselink 2014). Yet despite major advances
in satellite-based coastal monitoring (Vitousek et al. 2022), no globally consistent, high-resolution
coastal typology currently exists to assess vulnerability and ultimately inform sustainable, long-term
action.

As early as the 1990s, the potential of geographic information systems to support integrated
coastal management was recognized (e.g., Cooper et al. 1998). One of the first broad-scale examples
was the EUROSION project (Salman et al. 2004), which highlighted coastal erosion risks across Eu-
rope and promoted more coordinated shoreline management among EU member states. Its coastal
typology provided a structured spatial overview of European coastlines, compiled from national
and regional geological datasets. At the global scale, the DIVA (Dynamic Interactive Vulnerability
Assessment) model (Vafeidis et al. 2008) introduced a systematic segmentation of the world’s coast-
lines to support sea-level rise impact assessments (e.g., Hinkel et al. 2013; Schuerch et al. 2018). These
initiatives show the growing importance of broad-scale coastal typologies for coastal planning but
also illustrate the limitations of their time: they relied on heterogeneous national and regional data
sources, which led to inconsistencies in classification and variable spatial coverage and quality.

In the last decade, coastal mapping has been rapidly transformed by two key developments: 1)
the opening of satellite Earth observation archives (Wulder et al. 2012), which dramatically increased
the availability of consistent, high-resolution data across space and time; and 2) the emergence of
user-friendly geospatial cloud platforms, which have enabled convenient broad-scale spatial analy-
sis (Gorelick et al. 2017). Together, these advances have enabled global assessments of coastal change
at pixel resolution (e.g., Murray et al. 2018) and have established satellite-based coastal monitoring as
standard practice in coastal science. Several studies have used these resources for coastal classifica-
tion: Luijendijk et al. (2018), to focus its shoreline monitoring on sandy coasts; Mao et al. (2022) for
broader geomorphological classification; and Hulskamp et al. (2023) to map muddy coasts globally.
However, the resulting typologies often remain narrow in scope and rely on traditional tree-based
machine learning methods (e.g., Random Forest), which classify each pixel independently. This lim-
its their ability to capture the spatial structures that define many coastal systems — such as dunes,
wetlands, tidal inlets, or engineered coasts.

Deep learning (LeCun et al. 2015) offers a more powerful alternative by directly learning spatial
patterns from imagery, enabling end-to-end classification of complex, multi-pixel coastal features.
Despite its demonstrated success in other Earth observation domains (e.g., Brown et al. 2022), deep
learning remains underutilized in coastal science. A few studies (e.g., Dang et al. 2020; Buscombe et al.
2023; Çelik 2024) have shown its promise, but no global, deep learning-based coastal classification
has yet been developed.

Here, we introduce a global coastal typology derived from satellite data using deep learning, de-
veloped to support coastal change analysis, erosion assessment, vulnerability mapping, and adapta-
tion planning. The typology adopts a cross-shore perspective, drawing on established classification
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frameworks that describe coastal systems through interrelated attributes along the land–sea profile
(Sharples et al. 2009; Finkl et al. 2020). The dataset comprises nearly 10 million classified transects
(Calkoen et al. 2025f)—covering one million kilometers of coastline between 70°S and 70°N—at
100-meter alongshore resolution, and represents the first global-scale application of deep learning
in coastal classification. This paper describes the typology framework, training data, classification
model, and resulting dataset, including global summaries and regional comparisons. The typol-
ogy is distributed in cloud-optimized format, described via a STAC Collection, and archived at:
https://doi.org/10.5281/zenodo.15599096.

3.2 Methods
To produce a globally consistent coastal typology, we designed a scalable classification method built
around six components: (1) a classification schema defining the coastal attributes of interest; (2)
globally available Earth observation datasets serving as model inputs; (3) a consistent transect grid
for systematic sampling; (4) labeled training data for supervised learning; (5) a deep learning model
capable of capturing spatial patterns across the cross-shore profile; and (6) an inference workflow
for global-scale prediction. The following sections describe the methods used in detail.

3.2.1 Coastal typology framework
This study adopts a practical coastal classification (Fairbridge 2004; Finkl 2004) designed to support
coastal monitoring, erosion assessment, vulnerability mapping, and adaptation planning. Concep-
tually, it builds on cross-shore coastal profiling approaches that classify the coast based on (geo-
morphological) landform characteristics along the land–sea profile (Sharples et al. 2009; Hanson et al.
2010; French et al. 2016; Finkl et al. 2020). Specifically, we follow the distinction made by Sharples et al.
(2009) between shore fabric and coastal landform—corresponding to sediment type and coastal type
in our framework—and the related separation of sediment stores and coastal landforms proposed by
French et al. (2016), which align with these two attributes respectively. In total, the classification dis-
tinguishes four coastal attributes along the cross-shore profile: (1) sediment type, describing the sed-
iment composition near the shoreline; (2) coastal type, characterizing the dominant landform; (3)
presence/absence of built environment, and (4) presence/absence of human-made coastal defenses
(Fig 3.2, panel A). The number of classes is intentionally kept limited to enhance interpretability
and facilitate global application. The full classification schema is summarized in Table 3.1.

The sediment type refers to the dominant type in sediment composition of the area just land-
wards of the immediate shoreline. While drawing on established sediment classification systems—such
as Hayes’ climatic-sediment framework for the inner continental shelf (Hayes 1967)—our schema
integrates shingle, gravel and sandy shores into one class because these are difficult to reliably distin-
guish from each other in satellite imagery.

The coastal type refers to the geomorphologically-active, dominant landform found landward of
the immediate shoreline. It includes natural landforms with an additional class “engineered struc-
tures” for areas where the geomorphology is no longer active due to human influences. Sediment
plains describe low-lying terrain composed of mostly unconsolidated materials and are commonly
found in deltaic environments. In contrast, bedrock plains are also low-lying areas, but then com-
posed of mostly solid rock, often appearing in uplifted regions with resistant lithologies, such as
the granitic coasts of the Nordic countries. Cliffs are defined by their elevation and steep gradients,
generally exceeding 15 m in height, with typical slopes higher than 30 degrees. Wetland coasts in-
clude all three major muddy classes, encompassing salt marshes, mangroves, and sabkha systems.
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3 Mapping the world’s coast

In addition, the schema includes a transitional class for moderately sloped coasts, where land rises
gradually from sea to higher hinterland, a landform that is found in Northern Spain and Ireland.
The coastal types are classified taking into account anthropogenic modification. For example, when
dunes have been flattened due to urban expansion, the area is categorized as a sediment plain. This
applies for example to coastal segments in the Basque region (Spain), where former dune systems,
like Zarautz, have been largely urbanized. Similarly, polder landscapes in the Netherlands, which
represent areas of reclaimed land, are categorized as sediment plains with defense when they include
visible flood protection infrastructure, such as a dike. Areas where natural landform is no longer
active due human influences, such as port areas, are categorized under “engineered structures”.

The final two attributes in coastal typology act as binary modifiers. The built environment field
indicates whether an area is predominantly developed or urbanized. Similarly, the “has defense”
attribute specifies the presence of visible hard-engineering structures designed to protect against
coastal erosion or flooding.

Engineered structures without sediment Bedrock plain with built environment

Moderately sloped coast with alternating 
sandy sediment and rocky reefs

Cliffed coast with fronting rocky reef

Sediment plain with hard defenses and built
environment

Cliffed coast with sandy sediment

Bedrock plain

Sediment plain with muddy sediment and 
hard defenses

Sediment plain with sandy sediment

Wetland

Sediment plain with built environment

Dune coast

Figure 3.1: Illustrative examples of coastal environments, showing variations in sediment type,
coastal type, presence of built environments, and coastal defense structures. The images were con-
tributed by the authors and sourced from publicly available imagery.
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Table 3.1: Classification schema used in the coastal typology model, including class definitions.
Attribute Class name Description

Sediment type Sandy, gravel or small boulder sediments Shorelines composed of unconsolidated materials
such as sand, gravel, shingles, and small boulders
(0.0652 to 512 mm in diameter).

Muddy sediments Shorelines dominated by fine-grained sediments like
silt and clay, forming environments such as mudflats
and tidal flats.

Rocky shore platform or large boulders Shorelines composed of solid rock formations, in-
cluding shore platforms or large boulders greater
than 512 mm in diameter.

No sediment or shore platform Shorelines with minimal visible sediment, typically
around rocky cliffs, steep faces, or human-made
structures such as sea walls.

Coastal type Cliffed or steep Coastal areas with cliffs or steep rock faces, generally
exceeding 15 m, with slopes of 30 degrees or greater.

Moderately sloped Coastal areas with gentle to moderate slopes (<30
degrees), often composed of unconsolidated sedi-
ment or soft rock.

Bedrock plain Low-lying coastal areas (<15m) primarily formed by
consolidated bedrock, including skerries, with min-
imal variability in elevation.

Sediment plain Low-lying coastal areas (<15m) with flat or gently
sloping unconsolidated sediment, often featuring
beach ridges or washover complexes.

Dune Sandy coastal areas characterized by wind-formed
dunes, often stabilized by vegetation such as grasses.

Wetland Coastal areas periodically flooded, including envi-
ronments such as tidal flats, salt marshes, mangroves,
sabkhas, and peatlands.

Inlet A narrow coastal waterway where the sea meets the
land creating dynamic systems such as estuaries and
lagoons.

Engineered structures Coastal areas dominated by engineered structures
such as port areas, sea walls, breakwaters and
groynes, where the natural coastal landscape is ob-
scured or heavily modified.

Is built environment True The coastal area is characterized predominantly by
human-made structures, including buildings, in-
dustrial complexes, and port facilities.

False The coastal area remains largely natural, with mini-
mal or no presence of built structures like buildings,
industrial zones, or ports.

Has defense True Visible hard engineering structures, designed to pro-
tect against coastal erosion and flooding (e.g., sea
walls, breakwaters), are present.

False No visible hard engineering structure, designed to
protect against coastal erosion and flooding (e.g., sea
walls, breakwaters), are present.
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3.2.2 Collecting training data
The training data for the supervised classification was collected using a custom web application. A
total of approximately 1800 training samples were provided by more than 15 experts, with the vast
majority (98%) coming from the authors of this paper. As with any supervised learning framework,
the quality and character of the classification depend strongly on the underlying training data. In
this study, approximately 95% of samples were labeled by the lead author. As a result, the training
data, and by extension the resulting typology, reflect the interpretation and domain understanding
of that individual. Appendix C.6 shows the global distribution of training samples. While the train-
ing dataset covers a broad geographic range, including samples from coastlines around the world,
most are concentrated along European coasts.

Each sample was classified based on an area of interest measuring 400 m alongshore by 2 km
cross-shore (Fig 3.2, panel B), defined along a transect from the Global Coastal Transect System
(GCTS)(Calkoen et al. 2025f). Experts viewed this area on ESRI World Imagery (2.5 m resolu-
tion) and assigned labels for each of the four classification tasks: sediment type, coastal type, pres-
ence/absence of built environment and presence/absence of human-made coastal defenses. The
interface also provides direct links to Google Street View, which users relied on when classes could
not be confidently assigned from experience and/or the top-down imagery alone. Labels were as-
signed to the best of the contributors’ ability using these high-resolution sources, even though they
were aware that the model would be trained on lower-resolution Sentinel-2 imagery (10 m). Class
balance across all four tasks was difficult to maintain, but the overall data collection process aimed
for class balance in coastal type, resulting in more even representation for that attribute (Tab. 3.3).
We refer to this training dataset as CoastBench (Calkoen et al. 2025g): A global training dataset for
coastal classification using satellite imagery and elevation data. It is publicly available, described in
a STAC Collection, released under a CC-BY-4.0 license, and accessible at https://doi.org/10.5281/
zenodo.15800284, with new samples welcome via the web application.

3.2.3 Satellite data acquisition
This study integrates multi-source Earth observation data to construct a standardized coastal ty-
pology datacube with 15 feature maps (Fig. 3.2, panel C). The datacube is constructed in two main
stages: (1) generation of an annual cloud-free Sentinel-2 composite, and (2) fusion of this composite
with elevation layers and derived spatial features to create the final 15-channel input stack. The input
stack combines the cloud-free Sentinel-2 composite—capturing optical and infrared reflectance—
with elevation data from the Copernicus DEM (European Space Agency (ESA) 2019) and the coastal
DeltaDTM dataset (Pronk et al. 2024). Both Copernicus DEM and DeltaDTM were used because
DeltaDTM offers higher accuracy for coastal areas but is limited to elevations below 30 m, whereas
Copernicus DEM provides coverage extending beyond this elevation. The flow chart (Panel D) in
figure 3.2 shows the data processing steps. All datasets were accessed via STAC APIs: Sentinel-2 and
Copernicus DEM through the Microsoft Planetary Computer, and DeltaDTM via the CoCliCo
catalog. Inputs were reprojected to a common 10 m UTM grid using bicubic interpolation and
normalized to the [0, 1] range to ensure consistent model input scaling.

The classification was performed on standardized image chips of 2.8 km × 2.8 km (approxi-
mately 8 km2), each centered on a coastal transect from GCTS (Calkoen et al. 2025f). A region of
interest, defined as a 400 m alongshore by 2000 m cross-shore rectangle, anchors the target classi-
fication zone within each chip, while the surrounding area provides spatial context for the model.
This is illustrated in figure 3.2 (Panel C), where the outer red box indicates the complete image chip,
and the inner orange box marks the model’s target area.
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Figure 3.2: Overview of the coastal typology classification workflow. (A) Conceptual cross-shore
model describing the classification framework, which distinguishes four coastal attributes along the
sea–land profile: sediment type, coastal type, whether the area is predominantly built-up, and pres-
ence of coastal defenses. (B) Illustration of the image sampling process. Each chip (2.8 km×2.8 km)
is centered on a GCTS coastal transect (dashed gray line); the region of interest (orange rectangle)
defines the target area for classification, while the surrounding red area provides additional context
to the model. The basemap is from Esri World Imagery. (C) Flow chart of the data processing and
classification pipeline, from raw Sentinel-2 imagery and elevation data to classified coastal attributes.
(D) Schematic of the Coastal Typology Cube, consisting of 15 variables: 6 Sentinel-2 bands, 4 spec-
tral indices, 2 elevation layers, and 3 spatial feature maps.
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Sentinel-2 composites

An annual, cloud-free Sentinel-2 composite was generated for the period 2023-01-01 to 2024-01-
01. Imagery was retrieved via the Microsoft Planetary Computer STAC catalog and processed per
MGRS tile. To ensure balanced spatial and temporal sampling, scenes were grouped by orbital-
track and partitioned into four synthetic groups, while enforcing a five-day minimum interval and
selecting the least cloudy scene per period. Cloud and shadow masking used the Sentinel-2 Scene
Classification Layer (SCL), excluding pixels labeled as “no data”, “dark area pixels”, or “clouds high
probability”. A median composite was computed from remaining pixels, resulting in a, cloud-free,
composite image per tile. The final composite includes six reflectance bands—blue, green, red, NIR,
SWIR16, and SWIR22—resampled to a unified 10 m UTM grid using bicubic interpolation. The
resulting global, cloud- and ice free composite was cataloged as a STAC collection for downstream
interoperability.

Coastal typology cube

The coastal typology cube was constructed by combining the annual Sentinel-2 composite with
elevation data from the Copernicus DEM and the DeltaDTM product, all resampled to a common
10 m UTM grid. In addition to the six Sentinel-2 reflectance bands and two elevation layers, the
cube includes four spectral indices (NDVI, NDWI, MNDWI, NDMI) and a relative elevation layer
capturing local terrain contrast. Spatial context is encoded through binary masks for the region of
interest (ROI), as well as landward and seaward points of the respective transect. Thus we obtain
a coastal typology cube with 15 maps per image chip, normalized to the [0,1] range using robust
min-max scaling with the values specified in Table3.2, which also summarizes the resulting input
stack used for classification.

Table 3.2: Model input variables used in the coastal typology data cube. Each variable is listed
with its source, description, and robust clip range. All variables were scaled using Robust Min-
Max scaling with the values provided in the Clip Range column, unless otherwise noted. Variables
marked with an asterisk are derived from source data.
Variable Source Description Clip Range

blue Sentinel-2 Surface reflectance (B2) [1000, 4000]
green Sentinel-2 Surface reflectance (B3) [1100, 4300]
red Sentinel-2 Surface reflectance (B4) [1000, 5000]
nir Sentinel-2 Near-infrared reflectance (B8) [1000, 6500]
swir16 Sentinel-2 Shortwave infrared reflectance (B11) [1000, 6000]
swir22 Sentinel-2 Shortwave infrared reflectance (B12) [1000, 5500]

NDVI Sentinel-2* Normalized Difference Vegetation Index [-0.25, 0.50]
NDWI Sentinel-2* Normalized Difference Water Index [-0.60, 0.30]
MNDWI Sentinel-2* Modified NDWI (green–SWIR) [-0.45, 0.45]
NDMI Sentinel-2* Normalized Difference Moisture Index [-0.25, 0.45]

cop_dem_glo_30 Copernicus DEM Absolute elevation (m) [-20, 150]
deltadtm DeltaDTM Absolute elevation (m) [-20, 30]
cop_dem_glo_30_rel Copernicus DEM* Relative elevation (local min/max) [0, 75]
deltadtm_rel DeltaDTM* Relative elevation (local min/max) [0, 30]

region_of_interest_mask GCTS* Binary mask for 400 m × 2000 m region of interest —
landward_mask GCTS* Binary mask for landward side of transect —
seaward_mask GCTS* Binary mask for seaward side of transect —
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3.2.4 Deep learning classification model
The classification task is a multi-task, multi-class problem (Ruder 2017), where the model predicts
four coastal attributes across the water-land cross-shore profile per image: two multi-class labels (sed-
iment type and coastal type) and two binary labels (has defense and is built environment). All tasks are
trained jointly using a shared deep learning model based on a ResNet-50 (He et al. 2016) backbone
pretrained on ImageNet. The backbone is followed by four parallel classification heads, each pro-
ducing task-specific predictions from a shared feature representation. Model input consists of 15
channels (the coastal typology cube), including Sentinel-2 reflectance bands, spectral indices, eleva-
tion layers, and region-of-interest masks, normalized using robust min-max scaling (see Table 3.2).

To balance task contributions, the total loss was defined as a weighted sum of task-specific loss
functions. Multi-class outputs were optimized using categorical cross-entropy, and binary outputs
using binary cross-entropy with logits. Loss scaling was set to 1.0 for sediment type and coastal type,
and 0.5 for has defense and is built environment, prioritizing the more complex typological classes
while preserving sensitivity to binary classifications.

The model was implemented in PyTorch Lightning, with experiment tracking and checkpoint-
ing managed via Weights & Biases (WandB). A hyperparameter sweep explored learning rate, batch
size, and loss scaling factors. Data was split into training, validation, and test sets (70:15:15), while
ensuring no spatial overlap between splits. Data augmentation during training included random
flips, rotations and affine transformations.

3.2.5 Validation
Model performance is evaluated over 10 independent training runs, each initialized with a different
random seed, using a fixed 70:15:15 train–validation–test split. To avoid data leakage, overlapping
image chips are assigned exclusively to a single partition. All metrics are computed on the held-out
test set and reported (Tab. 3.3) as the mean with standard deviation across the 10 runs. Evaluation
focuses on the per-class F1-score as the primary performance metric, due to its robustness to class im-
balance compared to accuracy (Christen et al. 2023). Task-level performance is summarized using the
macro-F1 metric, defined as the unweighted mean of per-class F1-scores: Macro-F1 = 1

N

∑︁N
i=1 F1i,

where N is the number of classes and F1i is the F1-score for class i.

3.2.6 Inference at scale
For large-scale inference, the final model was retrained on the full dataset, utilizing an 85:15 train-
validation split during this phase to maximize training coverage while still having an independent
validation partition for early stopping to prevent overfitting. Inference was performed by dynami-
cally constructing coastal typology cubes using the STAC API processing per coastal grid tile (Calkoen
et al. 2025f). Tiles were processed using a coastal grid at zoom level 9. Distributed inference was ex-
ecuted on a SLURM cluster using Dask JobQueue, with each worker allocated 32 GB of memory
and four threads. Batches were sized at approximately twice the number of active workers to opti-
mize asynchronous requests, throughput and overall resource utilization.

3.2.7 Software
This study used the Pangeo ecosystem (Hamman et al. 2018) and the OpenDataCube (ODC) (Kil-
lough 2018) framework, which together provide a scalable foundation for accessing, transforming,
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Table 3.3: Per-class F1-scores (mean ± standard deviation) for each classification task. Each score
represents the average performance over 10 model runs. The final row reports the macro-F1 score
for each task. N refers to the number of samples in the training data. Empty cells indicate that a
given class is not defined for that task.

Class N
Sediment

Type
Coastal

Type
Is Built

Env.
Has

Defense

No sediment or shore platform 343 0.70 ± 0.07
Sandy gravel or small boulder sediments 745 0.84 ± 0.04
Muddy sediments 242 0.86 ± 0.04
Rocky shore platform or large boulders 305 0.64 ± 0.09

Bedrock plain 153 0.62 ± 0.07
Cliffed or steep 334 0.78 ± 0.06
Dune 156 0.65 ± 0.08
Engineered structures 146 0.69 ± 0.11
Inlet 139 0.61 ± 0.12
Moderately sloped 209 0.55 ± 0.08
Sediment plain 348 0.68 ± 0.07
Wetland 150 0.77 ± 0.08

False 977/1177 0.86 ± 0.02 0.88 ± 0.02
True 658/458 0.79 ± 0.03 0.66 ± 0.07

Macro F1 – 0.76 ± 0.04 0.67 ± 0.03 0.83 ± 0.02 0.77 ± 0.04

and analyzing large-scale geospatial raster data. Raster retrieval is managed via ODC-STAC, while ODC-

GEO and its geobox model are used extensively for spatial operations such as reprojection and clip-
ping. Distributed data processing and inference are performed using Dask 2025.2.0 (Rocklin 2015),
enabling parallel, lazy execution across a SLURM cluster. Deep learning routines are implemented
in PyTorch Lightning 2.5, with PyTorch 2.2 (Paszke et al. 2019) providing GPU-accelerated train-
ing and Weights & Biases (Biewald 2020) used for experiment tracking. All computations were per-
formed using Python 3.12, and the code—including data models and deep learning architectures—
is available through the open-source CoastPy (Calkoen et al. 2025f) package. Geospatial analytics are
conducted primarily using DuckDB 1.2 (Raasveldt et al. 2019), including its spatial extension and H3
bindings for hexagonal hierarchical spatial aggregation.

3.3 Results
We present a globally consistent coastal typology dataset based on the classification of nearly 10
million GCTS transects, covering close to one million kilometers of coastline between 70°S and
70°N, at 100 m alongshore resolution. The following sections describe the spatial distribution of
predicted classes at global (Section 3.3.1) and continental scale (Section 3.3.2), provide a local exam-
ple to illustrate prediction detail (Section 3.3.3) and examine typological relationships across tasks
(Section 3.3.4). The section concludes by outlining the structure and accessibility of the released
dataset (Section 3.3.5).

3.3.1 A Global Coastal Typology
Figures 3.3 and 3.4 present global maps of predicted sediment type and coastal type, each aggregated
to a level-3 H3 hexagonal grid using the most frequent class (mode) per cell. These coarser sum-

40



3.3 Results

maries, based on nearly 10 million classified coastal transects, reveal broad-scale patterns in sediment
type and geomorphology. More regional European maps are included in appendix C.3 and C.3.
Similar spatial summaries of the binary attributes is built environment and has defense are provided
in appendix C.1 and C.2.

Sandy coasts dominate along much of Africa, Southeast Asia, and Australia, while muddy shore-
lines concentrate in tropical deltas and back-barrier systems such as the Gulf of Guinea (Fig. 3.4)
and the Wadden Sea (App. C.3). Rocky shore platforms appear in more localized areas (e.g., west-
ern Ireland; App. C.3), while high-latitude coasts in Norway, Alaska, and southern Chile are fre-
quently classified as “no sediment or shore platform”. Considering coastal type map, cliffs dominate
in tectonically active or glaciated regions (e.g., Nordic countries; Kamchatka, Russia; and, Southern
Chile), wetlands cluster in low-lying tropical zones (e.g., Bangladesh, West Africa), and dune sys-
tems are found along the coasts of North Brazil and southwestern France (App. C.4). Engineered
structures are concentrated in highly urbanized or industrialized coasts such as Japan, eastern China,
and the San Francisco Bay Area.
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Sandy, gravel or small boulder sediments Muddy sediments

No sediment or shore platformRocky shore platform or large boulders

Figure 3.3: Global map of predicted sediment type, aggregated on a level-3 H3 hexagonal grid using
majority class (mode) per cell. This coarser view summarizes almost 10 million classified coastal
transects, highlighting regional patterns. Basemap: Natural Earth.

3.3.2 A quantitative global and continental overview
Table 3.4 provides a quantitative overview of typological coverage by class and continent. Among
sediment types, sandy coasts are the most common globally (40%), with particularly high represen-
tation in Africa (65%). Muddy shores account for 21% of the global length and are more prevalent
in Asia (29%) and Africa (22%), typically reflecting tropical deltas and estuarine systems. Rocky
shore platforms—characterized by large boulders or exposed rock—make up 13% and are relatively
evenly distributed across continents. The class “No sediment or shore platform” represents 27%
of the global coast and is concentrated in high-latitude, high-relief regions such as Europe (36%),
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Figure 3.4: Global map of predicted coastal types, aggregated on a level-3 H3 grid using the most
frequent class (mode) per cell. This coarser view summarizes almost 10 million classified coastal
transects, highlighting regional patterns. Basemap: Natural Earth.

North America (37%), and South America (35%), corresponding to the cliff-dominated settings
highlighted in Section 3.3.1 (Fig. 3.4).

For coastal types, cliffed or steep coasts are the most frequent globally (33%), most prominent in
Europe, North America, and South America. Sediment plains (22%) and wetlands (15%) are more
common in Asia and Africa, reflecting the prevalence of low-lying humid coasts. Dune systems are
relatively rare (3% globally), but appear more prominently in Africa (10%), often along straight,
sediment-rich coasts such as southwestern France (Aquitaine) (App. C.4). Engineered structures
make up a modest share (3%), with the highest in Asia (7%) and Europe (5%), consistent with the
high density of urbanized and industrialized coastlines in these regions.

The global coastline remains predominantly natural: 87% of segments are not classified as built
environment, and 91% show no coastal defense structures, with maps provided in appendix C.1 and
C.2. However, regional contrasts are notable. Asia stands out with 21% of its coastline classified as
built and 17% showing defense infrastructure, followed by Europe (18% built, 11% defended). In
contrast, Africa, Oceania, and South America remain largely undeveloped, with built and defended
segments typically below 6%. Overall, the data show that 59% of built-up coastlines also contain
coastal defenses. Conversely, and as expected, the vast majority (83%) of defended coasts are situated
along built-up areas.

The class distributions are also computed at the country level. Appendix C.5 shows normalized
class percentages per country for all four classification tasks using a stacked bar plot, enabling vi-
sual comparison of coastal typology across national boundaries. A full tabular summary of these
country-level statistics is also provided in the Zenodo archive (Sec. 3.3.5), offering both absolute
(km) and relative (%) values for each class and classification task.
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Table 3.4: Global and continent-wise summary of coastal typology classes per task, by total coastal
length (103 km) and relative proportion (%). Class names are abbreviated for clarity (e.g., “Rocky”
for “Rocky shore platform or large boulders”). Abbreviations: Global (GL), Europe (EU), Asia
(AS), Africa (AF), North America (NA), South America (SA), Oceania (OC), Antarctica (AN).

Length (103 km) Percentage (%)

Attribute Class GL EU AS AF NA SA OC AN GL EU AS AF NA SA OC AN

Sediment Type Sandy/gravel/shingle 374 61 96 35 102 31 46 2 40 35 46 65 34 32 48 49
Muddy 193 27 62 12 50 19 23 0 21 15 29 22 17 19 25 1
Rocky 119 25 25 5 37 13 14 1 13 14 12 8 12 13 14 16
No sediment/platform 252 64 27 3 109 34 12 1 27 36 13 5 37 35 13 33

Coastal Type Cliffed or steep 306 65 47 8 113 44 26 3 33 36 22 14 38 45 28 60
Moderately sloped 125 31 21 3 42 14 13 1 13 17 10 6 14 14 14 29
Bedrock plain 74 20 8 3 32 6 5 0 8 11 4 5 11 6 5 5
Sediment plain 206 32 67 21 52 13 21 0 22 18 32 40 17 13 22 3
Dune 26 4 4 5 4 3 6 0 3 2 2 10 1 3 6 1
Wetland 143 16 45 11 37 16 18 0 15 9 21 20 13 16 19 1
Inlet 25 2 5 2 10 1 5 0 3 1 2 4 3 1 5 0
Engineered 33 8 14 1 8 1 1 0 3 5 7 1 3 1 1 2

Is Built Env. False 816 146 166 51 267 92 90 4 87 82 79 94 89 94 95 96
True 122 32 44 3 32 6 5 0 13 18 21 6 11 6 5 4

Has Defense False 852 158 174 52 277 94 92 4 91 89 83 97 93 97 97 98
True 86 20 36 2 22 3 3 0 9 11 17 3 7 3 3 2

3.3.3 Local-Scale Example: Saunton Sands

Figure 3.5 presents detailed predictions near Saunton Sands, a geomorphologically diverse stretch
of coastline in southwest England. This area includes a range of sediment types, landforms, and
anthropogenic features, offering a representative setting to illustrate specifically the resolution at
which the global coast is mapped.

North of the estuary, the model correctly identifies a well-developed dune system (Fig. 3.5, Panel
A). South of the estuary, where dune forms are absent and a low embankment is present (Fig. 3.5,
Panel B), the classification as “sediment plain” is appropriate. Within the estuary, sandy tidal flats are
mapped as “sandy, gravel or small boulder” sediment type, with adjacent low-relief terrain labeled
as “moderately sloped” coastal type (Fig. 3.5, Panel C). Built-up settlements along the estuary are
also captured. Further upstream, the model successfully tracks the transition to muddy sediments.

At Croyde (Fig. 3.5, Panel D), the pocket beach is classified as “sandy, gravel or small boulder sed-
iments” without defenses, and its hinterland is labeled “moderately sloped”. A “dune” classification
could also be argued for this coastal type and this is probably an example that relates to the relatively
lower performance scores of these classes (Tab. 3.3). Just north of Croyde, the model detects the
shift to a rocky reef and correctly assigns the “cliffed or steep” coastal type.

Further south, near Westward Ho (Fig. 3.5, Panel B), the model identifies the transition to a
heavily modified shoreline, assigning both is built environment and has defense. Beyond this area,
predictions capture a return to natural cliffed coastline without defenses. Across the full extent, the
outputs show spatial coherence, reflect smooth transitions between class boundaries, and align well
with observed landforms and infrastructure.
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Figure 3.5: The coastal typology classification near Saunton Sands (Devon, UK), shown at its 100 m
alongshore resolution for each of the four tasks: (A) sediment type, (B) coastal type, (C) is built
environment, and (D) has defense. Insets in each panel show supporting photographs sourced from
public imagery. The example illustrates how the model distinguishes subtle variations across the
four classification tasks, including dunes along Saunton Sands (Inset A), sediment plains and coastal
defenses near Westward Ho! (Inset B), built environment at Instow (Inset C), and the absence of
defenses around Croyde despite nearby development (Inset D). The basemap is from Esri World
Imagery. This example illustrates the resolution and interpretability of the coastal classification at
local scale.
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3.3.4 Co-occurrence and typological relationships
To explore relationships across the four classification dimensions, we present two complementary vi-
sualizations: normalized co-occurrence matrices between sediment type and coastal type (Figure 3.6),
and a multi-level Sankey diagram showing co-distribution patterns across all tasks (Fig. 3.7). The
co-occurrence matrices express conditional relationships, with each row representing a single class
and columns showing the relative composition of paired classes, normalized to 100%. The Sankey
diagram extends this by visualizing how class transitions unfold across all four tasks. Each vertical
layer represents one classification dimension, and flow thickness corresponds to the total coastline
length (in kilometers) shared by the connected classes.

Several patterns in these visualizations align with well-known coastal geomorphologies. Wetlands
co-occur almost exclusively with muddy sediment shorelines (96%; Figure 6b), and dune coasts are
paired with sandy shorelines (98%). Cliffed or steep coasts are most frequently associated with the
absence of visible sediment (54%), but also co-occur with rocky platforms (22%) and sandy shores
(24%), reflecting their geomorphic variability. Inlets are most often matched with sandy shorelines
(89%), consistent with their dynamic and nature that is rich in sandy sediments. Engineered struc-
tures are strongly linked to sediment-free shorelines (74%), suggesting that hard-structure interven-
tions tend to disrupt natural sediment presence or occur where it is entirely absent. Likewise, coastal
defenses are overwhelmingly situated near built environments: 83% of defended coastlines also con-
tain built environment (Fig. 3.7).
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Figure 3.6: Normalized co-occurrence matrices between shore_type and coastal_type. Each row rep-
resents a single class from the source task (either shore or coastal type), and each column indicates the
percentage of samples co-labeled with a given class from the other task. Values are normalized such
that each row sums to 100%, enabling a direct interpretation of conditional relationships between
classification tasks. This visualization highlights systematic co-occurrence patterns and supports in-
terpretation of typological compatibility.

3.3.5 Data Records
The coastal typology dataset (Calkoen et al. 2025c) released in this study contains model predictions
for four coastal typology tasks: sediment type, coastal type, has defense, and is built environment.
Each record corresponds to a unique transect in the GCTS and includes both the predicted class
label and a corresponding model confidence score for each task.

For multi-class tasks (sediment type, coastal type), probabilities are computed using the softmax
function and reported per class. For binary tasks, probabilities are derived from the sigmoid func-
tion and indicate the likelihood of a positive prediction, using a threshold of 0.5 for classifica-
tion. Probabilities are stored in columns prefixed with prob_*, followed by the class name (e.g.,
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Figure 3.7: Sankey diagram showing the co-distribution of predicted classes across four typology
dimensions: sediment type, coastal type, is built environment and has defense. Each vertical layer
represents one classification task, with all categories in each task summing to the global coastline
length in kilometers. The thickness of each flow segment is proportional to the coastline length
shared between two connected class labels. This visualization highlights common transitions and
conditional relationships between coastal typologies, such the relatively large share of sandy, gravel
or small boulder sediments that is backed by cliffed or steep coasts.

prob_muddy_sediments) or task name (e.g., prob_has_defense). To enhance downstream coastal an-
alytics, each record includes some key metadata (copied over from GCTS), including the unique
transect ID, geographic coordinates, bounding box, administrative region, and tile identifier.

Table 3.5 summarizes all structured fields, including data types, value ranges, and source attri-
bution. The dataset is stored as partitioned Parquet files, organized by coastal grid tile, and avail-
able under a CC-BY-4.0 license. It spans the global coastline between −70◦ and 70◦ latitude while
including Iceland, uses EPSG:4326 as its spatial reference system, and reflects Sentinel-2 satellite
imagery of 2023. Data can be accessed via a the CoCliCo STAC catalog, with instructions and an
example notebook available in the CoastPy GitHub repository (Calkoen et al. 2025f). The data is also
archived at Zenodo https://doi.org/10.5281/zenodo.15599096.

3.4 Discussion

This study makes two distinct contributions: first, it provides better and previously unknown global
estimates of the distribution and composition of coastal systems; second, it represents a method-
ological advance by introducing deep learning into coastal science for broad-scale coastal analysis of
satellite data. The following subsections first discuss the results of our coastal classification by com-
paring the estimates to existing coastal typologies, then state the inherent assumptions made in the
methodology, evaluate the model’s performance, and finally highlight methodological innovations.
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Table 3.5: Structured output fields in the geospatial classification dataset. Each field is defined by
its name, description, data type, value range or format, and source.
Field Name Description Data Type Range/Format Source

transect_id Unique GCTS ID; foundational ref-
erence

string – GCTS

geometry Centroid point (longitude, latitude) geometry EPSG:4326 GCTS
bbox Bounding box coordinates array[float] [minx, miny, maxx, maxy] GCTS
quadkey Microsoft tile identifier string QuadKey GCTS
utm_epsg UTM projection code int32 e.g., 32633 GCTS
continent Continent name string – GCTS
country Country code (ISO2) string ISO2 GCTS
common_country_name Country name (long form) string – GCTS
common_region_name Administrative region name string – GCTS

shore_type Predicted sediment type class categorical 4 classes Model
coastal_type Predicted coastal type class categorical 8 classes Model
is_built_environment Predicted built environment pres-

ence
boolean True / False Model

has_defense Predicted coastal defense presence boolean True / False Model

prob_* (N=14) Class probabilities (per task) float32 [0–1] Model

3.4.1 The global distribution and composition of coastal systems

Quantifying the global distribution and composition of coastal systems has a long history in coastal
science, with estimates varying widely depending on methodology and data availability. An early
expert-based inventory (Bird 1985) estimated that approximately 20% of the world’s coastlines are
sandy. In contrast, more recent large-scale satellite-based approaches have reported higher figures;
Luijendijk et al. (2018) find that 31% of global ice-free coastlines are sandy. In our study, we estimate
that 40% of the world’s coastlines are sandy, gravel or shingle, amounting to 375,000 km between
70°N and 70°S. This higher figure primarily reflects improvements in spatial sampling. Unlike ear-
lier studies based on Web Mercator-derived transects, we use the Global Coastal Transect System
(GCTS), which distributes transects evenly (every 100 m) in latitude and thereby corrects zonal bi-
ases (Calkoen et al. 2025f). Attributing the difference to the transect system used is supported by a
continental comparison: In Africa, where zonal distortion is minimal, our estimate of 65% sandy
coastlines closely matches the 67% reported by Luijendijk et al. (2018). This agreement occurs despite
differences in classification criteria, including a minimum beach width of 20 m and the exclusion of
small boulder beaches in the earlier study, both of which are included in the present classification.

For muddy coasts, Hulskamp et al. (2023) reported a global figure of 14%, noting their prevalence
in equatorial and deltaic regions. Our estimate is substantially higher at 21% (193,000 km), a dif-
ference that can again be attributed to usage of a latitudinally-consistent transect system (GCTS),
which better captures the footprint of equatorial muddy coastlines such as those in Southeast Asia,
West Africa, and the Amazon delta. An additional factor is the classification schema: whereas Hul-
skamp et al. (2023) include a separate class for “vegetated” coasts, our model does not distinguish
vegetated systems explicitly because we focus on the geomorphology. Many such coasts—especially
in estuarine deltas—are both vegetated and muddy, suggesting overlap between their vegetated class
and our muddy class.

These comparisons with Luijendijk et al. (2018) and Hulskamp et al. (2023) underline the founda-
tional role of GCTS in global coastal analytics. By using a geographically uniform transect system,
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we reduce latitudinal sampling bias and accurately capture equatorial coastlines. Also, GCTS is de-
rived from a more recent OpenStreetMap coastline, hence, has broader and better spatial coverage.

Despite their geomorphological significance and hazard mitigation, dune coasts are relatively rare
on a global scale. Our analysis indicates that they comprise 3% of the world’s coastline ( 26,000 km),
a relatively short length, especially when contrasted to sandy shorelines more broadly, that account
for 40% (375,000 km). This disparity probably reflects the specific formation requirements for
dune systems (Moore et al. 2025)—including large sand supply, persistent onshore winds, and suf-
ficient space for inland accumulation—which are not consistently met across most coastal regions.
Human impacts may further contribute to their scarcity, as many dune systems have been flattened
or modified for coastal development (Lansu et al. 2024). Given the relatively modest classification
performance for dune coasts (F1 = 0.65), these findings should be interpreted with caution. Some
dune systems may be misclassified into adjacent categories; most notably moderately sloped coasts,
as shown in a local example (Fig. 3.5, panel B), where dunes are labeled as moderately slopedis.

Young et al. (2019) showed that cliffed coastlines are widespread globally, with 93% of the world’s
coastal regions containing some cliffed segments. However, their estimate was based on regional
presence across 213 coastal units, rather than on proportional shoreline length. In this study, we
provide the first globally consistent, length-based estimate of cliff coasts: approximately 33% of the
global coastline, or 305,000 km between 70°N and 70°S, is cliffed or steep.

Our classification also enables cross-shore compositional analysis. For example, we find that ap-
proximately 20% of sandy coastlines are backed by cliffs or steep slopes (74,000 km). These cliff-
backed beaches are of particular concern under rising sea levels (Vitousek et al. 2017), as they typically
combine limited sediment supply with minimal room for inland migration, making them among
the systems most vulnerable to beach loss and morphological collapse in the coming centuries.

Recent global assessments have quantified “coastal squeeze” (Lansu et al. 2024) and “coastal hard-
ening” (Nawarat et al. 2024), providing insight into the extent of human modification along sandy
shorelines. Lansu et al. (2024) report that 33% of sandy coasts have less than 100 m of infrastructure-
free space inland, while Nawarat et al. (2024) estimate that 33% are “hardened.” In our analysis, we
apply more conservative guidelines based on visual interpretation of satellite imagery, supported by
self-supervised machine learning. Using this approach, we estimate that 16.5% of sandy, gravel or
small boulder shorelines are embedded within built environments, such as settlements or ports and
9.3% have visible coastal defenses. The dataset shows that 11% of the continental European coast-
line features human-made coastal defenses, substantially higher than the 5% previously reported by
EUROSION (Salman et al. 2004). This discrepancy may reflect expanded detection through our au-
tomated methods, and/or an actual increase in coastal defenses since that study, and/or potential
overclassification due to false positives in the model. Only 3% of sandy shores are classified as engi-
neered coasts—locations where the natural geomorphology is visibly inactive due to heavy human
intervention (e.g., port development). Notably, this engineered category is more prevalent in Asia,
consistent with widespread recent coastal development in the region. Overall, these findings align
with earlier work showing that coastal populations are concentrated in specific regions (McGranahan
et al. 2007; Kulp et al. 2019)—particularly in South, Southeast, and East Asia, as well as mid- and low-
latitude deltas and cities—while large lengths of coast have little or no direct population pressure
(Small et al. 2003; Lincke et al. 2018).

3.4.2 Methodological assumptions
While this study is not constrained by data availability—satellite Earth observations are global and
relatively consistent—our methodology relies on several assumptions. First, the classification pre-
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sented here is not a fixed taxonomy but a functional typology, intended to support consistent, large-
scale analyses of coastal change and erosion risk. Like any typology, it simplifies a naturally contin-
uous landscape: transitional forms may fall between classes, and certain lithological nuances (e.g.,
distinctions between hard and soft rock) remain beyond the resolution of satellite-based observa-
tion.

Second, the classifier uses a supervised learning approach that necessarily reflects the characteris-
tics of its training dataset. In this study, the majority of training samples (approximately 95%) were
provided by the lead author. As such, the resulting typology inevitably reflects the judgments and
interpretation of that individual. This is a common limitation of broad-scale remote sensing stud-
ies that rely on learning-based methods (including tree-based or deep learning approaches), where
expert-driven labeling is fundamental to model training. Uncertainty also varies across the classified
attributes: sediment type builds on well-established categories and is comparatively robust, whereas
coastal type, built environment, and coastal defense are subject to greater interpretative ambiguity
due to less standardized definitions.

3.4.3 Model performance

The model demonstrates strong and consistent performance across all four typology tasks, with
accuracy scores varying according to task complexity, class prevalence and geomorphological ambi-
guity in the coastal typology.

Binary tasks—is built environment and has defense—achieved the highest macro-F1 scores of 0.83
and 0.77, respectively, with low variability across runs (standard deviations ≤ 0.04). As expected,
the multi-class tasks were more challenging due to their finer morphological distinctions: sediment
type reached a macro-F1 of 0.76, while the eight-class coastal type scored 0.67.

At the class level, performance also varied. Classes with distinct spectral or morphological fea-
tures, such as muddy sediments (F1 = 0.86), sandy, gravel or small boulder sediments (F1 = 0.84)
and wetlands (F1 = 0.77), were classified with high accuracy, also suggesting that clear visual cues
can offset limited training data (e.g., muddy sediments and wetlands). Conversely, classes with more
ambiguous or transitional characteristics—such as moderately sloped (F1 = 0.55)—showed lower
performance, likely due to their overlap with adjacent classes like cliffed, dune, and sediment plain.
Similarly, dune coasts yielded a modest F1-score (0.65), reflecting spectral similarity with nearby cat-
egories, particularly sediment plains, which explicitly include beach ridge systems that can resemble
dunes in satellite imagery. For inlet (F1 = 0.61), performance varied more across runs, possibly indi-
cating inconsistencies in the training data set for this class.

Despite a relatively small training set (N = 1800), the model exhibited consistent behavior across
10 independent training runs, with low variance in most metrics. While there is a broad correlation
between class frequency and performance, exceptions suggest that feature distinctiveness and an-
notation clarity are also influential. To support future improvements, the annotation tool used for
labeling is made publicly available, and we actively invite new contributions from the coastal science
community to extend coverage in underrepresented areas or class types.

Model confidence scores during inference (Fig. C.7) indicate high model certainty outside Eu-
rope, but this should be interpreted cautiously, as confidence does not necessarily imply true gen-
eralization quality. However, confidence levels are broadly consistent across regions and vary more
strongly by class, implying that uncertainty arises from typological ambiguity rather than geographic
region, supporting the model’s global applicability.
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3.4.4 Methodological advances

A notable strength of our approach is that it relies exclusively on satellite imagery and elevation data,
without incorporating ancillary geospatial variables such as climatic conditions (e.g., wave regime,
temperature) or other geospatial data products (e.g., CORINE Land Cover). This design choice
minimizes the risk of data leakage from environmental drivers into the classification process, thereby
preserving the integrity of downstream analyses. As a result, correlations between coastal typology
and external forcing factors—such as climate or socioeconomic variables—can be investigated with-
out introducing circularity or confounding effects.

Another strength of our method is the region-of-interest (400 m x 2000 m) encoding within
each image chip (2.8 km x 2.8 km). Each prediction is made for a 400 m alongshore by 2 km cross-
shore region (region of interest, that is spatially encoded), while the model sees the broader a 2.8 km
× 2.8 km area, providing additional context. In addition, the landward and seaward direction of
the transect is encoded, so that model knows which coast to consider when classifying areas with
narrow bays. Overall this setup enables the model to integrate local detail with the surrounding
area, as seen in the Saunton Sands example (Section 3.3.3), where it accurately resolves transitions
between dunes, sediment plains, rocky shores, urbanized segments, and pocket beaches like Croyde.

Recent efforts by Hanson et al. (2025) and Nyberg et al. (2025) continue the tradition of rule-based
coastal classification, building on frameworks such as EUROSION and DIVA. These approaches
are well-established and integrate geomorphological expertise with ancillary data to characterize the
coast at broad scale. In contrast, our deep learning-based method is fully automated, relying solely
on satellite imagery and elevation data, and can be efficiently updated and/or expanded. While
promising for global-scale analysis, it represents an emerging approach; the typology definitions
may require further refinement, and the training dataset would benefit from contributions by a
broader expert community.

Many typological classes in this study span multiple pixels and are characterized by contextual
spatial patterns (e.g., dunes, wetlands, and defense structures, among others). Deep learning mod-
els naturally accommodate such patterns by learning spatial dependencies, in contrast to traditional
pixel-wise or feature-based classifiers (e.g., Random Forest) that often require manually engineered
features or hybrid models. Adopting deep learning, reduces the need for complex rule-based post-
processing and enables end-to-end learning from raw data. Overall, the accuracy scores for sandy
and muddy sediment types are comparable to those of Hulskamp et al. (2023), who report F1-scores
of 75% (sandy) and 87% (muddy) using a hybrid tree-based approach incorporating, that includes
ancillary geospatial datasets. So, while using a smaller training dataset, without providing ancillary
geospatial datasets as inputs, we report better accuracy scores for the deep learning model than has
been previously reported for tree-based classifiers.

In the introduction, we highlighted two major developments that have transformed coastal sci-
ence: the opening-up of Earth observation data and the emergence of user-friendly cloud plat-
forms. This study represents a third step in this evolution, demonstrating how integrating deep
learning (or broader AI) with these capabilities provides a natural and powerful solution for cap-
turing the complexity of coastal environments globally. Uniting these three advancements (open
satellite data, cloud technology, and artificial intelligence) arguably shows the full potential of mod-
ern, data-driven coastal analytics. Crucially, individually, each component has limitations: without
open data, research will be unequal, disadvantaging those with less means and lack reproducibility;
without cloud technology, scaling from experimental case studies to consistent global applications
remains challenging or simply not possible; and without AI, analysis is constrained to traditional
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machine learning methods unable to handle the complexity of real-world coastal systems. Only by
combining all three can we can advance high-resolution, data-driven coastal science globally.

3.5 Conclusions
The combination of open satellite archives and cloud technology has fundamentally transformed
how we study the Earth’s coastlines. This study marks a third step in that evolution, demonstrating
how integrating deep learning with these capabilities provides a more natural and especially more
powerful solution for studying complex coastal systems globally.

The multi-task deep learning model shows strong performance across all four classifications tasks,
with performance depending on task complexity, class prevalence and geomorphological ambiguity
in the coastal typology. Binary classifications—identifying built environments (F1: 0.83) and coastal
defenses (F1: 0.77)—achieve the highest accuracy due to their task simplicity. Performance remains
strong for sediment type classification, particularly for clearly defined categories such as sandy (F1:
0.84) and muddy sediments (F1: 0.86). However, classification accuracy decreases for the more
complex coastal type classification, especially for the transitional coastal types such as moderately
sloped (F1: 0.55) and inlets (F1: 0.61) that have high morphological ambiguity, but are for some
classes also negatively affected by the limited amount of training data (e.g., dune coasts) as well as
labeling consistency within the training samples (inlets). A notable strength of the method is its
reliance solely on satellite data, ensuring unbiased downstream analyses of relationships between
coastal types and external environmental conditions.

The dataset offers comprehensive and accurate global estimates of coastal sediment composition,
indicating that approximately 40% of global coastlines consist of sandy, gravel, or shingle sediments,
21% are muddy, 13% rocky, and 27% are sediment-free. This shows that over 60% of the world’s
coastlines are composed of soft sediments, which are easily erodible. Geomorphologically, about
33% of coasts are cliffed, 22% sediment plains, 15% wetlands, and only 3% are dune systems (adding
up to 26,000 km), the rarity of which likely reflects specific formation requirements and widespread
human alteration.

The cross-shore composition of coastal systems further emphasizes coastal vulnerability: 20% of
sandy coastlines are cliff-backed, posing significant risks under accelerating sea-level rise due to lim-
ited space for inland retreat. Additionally, 16.5% of sandy coasts are embedded within built environ-
ments, which are regions that are particularly susceptible to “coastal squeeze” and human-induced
modification. A final notable finding is that 9.3% of the world’s coastline features visible coastal de-
fenses, with 59% of built-up coasts also containing coastal defenses and, conversely, 83% of defended
coasts situated along built-up areas.

As an automated, data-driven method, the typology can be efficiently refined over time—through
improved class definitions, targeted corrections, and expanded training data to reduce expert bias
and geographic imbalance. Overall, the dataset may support numerous applications, including
coastal change monitoring, erosion risk assessments, and broad-scale vulnerability mapping, thereby
providing a critical foundation for coastal adaptation planning in response to accelerating climate
change.

3.6 Availability Statements
Code and data availability All data, code, and models used in this study are openly available.
The coastal typology dataset is published as partitioned, cloud-optimized Parquet files and can be
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accessed through the CoCliCo STAC catalog. A static archive is also available via Zenodo: https:
//doi.org/10.5281/zenodo.15599096 (Calkoen et al. 2025b). The deep learning model code used to
produce the typology is available through the open-source CoastPy package at https://github.com
/COCLICO/coastpy (Calkoen et al. 2025f).

Sample availability The training samples used to develop the coastal typology model are released
as the CoastBench dataset (Calkoen et al. 2025g), available under a CC-BY-4.0 license. The dataset
includes annotated labels for sediment type, coastal type, and the presence of built environment
and coastal defenses. It is available at https://doi.org/10.5281/zenodo.15800285. The dataset
is accessible through a STAC collection and can be expanded via a custom web application. The
source code for the application is available at https://github.com/f lorisCalkoen/coastapp.
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4 Global coastal exposure and
future erosion impacts on sandy
shores

Abstract Coastal zones host productive ecosystems and are critical hubs for human activity, but
they face compounding pressure from climate change and human development. While future im-
pacts from coastal flooding are increasingly well-quantified, those from chronic erosion (i.e., long-
term shoreline retreat) remain a gap in global climate assessments. Recent broad-scale studies typ-
ically focus on coastal erosion as a physical hazard, but do not quantify the impacts to ecosystems,
livelihoods, infrastructure, and assets. This study provides the first global, asset-based impact assess-
ment of future coastal erosion under different sea-level rise (SLR) scenarios by integrating proba-
bilistic shoreline change projections with a high-resolution building footprint dataset. Our analysis
first quantifies present-day coastal exposure, revealing that approximately 76 million buildings are
within 1 km of the shoreline. Along this 253,000 km of “developed” coast, 10% has buildings within
just 37 m of the shoreline. Moreover, our analysis reveals a human preference for developing the
coasts most sensitive to erosion; development is disproportionately concentrated on sandy, gravel,
and shingle coasts, where building density is 18% higher and buildings are sited over 30% closer to
the shoreline than on other coastal types. Our analysis then focuses on sandy sediment plains and
dune coasts (21% of the world’s total coast), although data limitations reduced our final analysis to a
9.3% subset. For these locations, we define a future hazard zone that combines extrapolated histori-
cal shoreline-change trends, SLR-induced retreat, and an Empirically-derived Setback Zone (ESZ),
defined at the 10th percentile of the shoreline-to-first-building distances. Under a high-emissions
scenario, we project a median shoreline retreat of 135 m by 2100. This retreat, when considered
together with the ESZ, places up to 2.4 million buildings at risk within our study area—i.e., more
than 20% of the analyzed coast faces impacts. Finally, the results show that by 2050, impacts from
future coastal erosion are largely a legacy of existing coastal development, with the ESZ and ambient
change accounting for over 80% of buildings at risk, regardless of the emissions scenario. By 2100,
however, SLR becomes the principal driver, showing the potential impact on coastal communities
worldwide and highlighting the need for forward-looking coastal adaptation strategies that respond
to climate change.
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This chapter is based on the following article:

Calkoen, F. R., Luijendijk, A. P., Barli, P., Hemmes, J., Ranasinghe, R., & Nicholls, R. J. Global
coastal exposure and future erosion impacts on sandy shores. Manuscript in preparation, 2025.

4.1 Introduction

The coastal zone, the dynamic interface between sea and land, hosts some of the planet’s most pro-
ductive ecosystems and has long been a hub for human settlement and economic activity (Small
et al. 2003; Barbier et al. 2011). These zones now face intensifying pressure from two compounding
trends. First, climate change is accelerating global mean sea-level rise (SLR), which is projected to
reach approximately one meter by 2100 under a high emission scenario (SSP5-8.5), with ongoing
rise thereafter, intensifying pressure on the coastal zone (Oppenheimer et al. 2019). Second, expanding
human development concentrates assets and livelihoods in these vulnerable areas, often creating a
fixed landward boundary (Cosby et al. 2024). This prevents the natural inland migration of the shore-
line in response to SLR or other drivers, leading to a phenomenon known as “coastal narrowing”
where both human and natural systems have progressively less space to adapt (Pontee 2013; Lansu et
al. 2024). Rising sea levels will exacerbate coastal hazards including coastal flooding, salt water intru-
sion, and coastal erosion (Ranasinghe et al. 2021)—with the latter being a natural morphodynamic
process of shoreline adjustment that has the potential to threaten infrastructure, human assets and
also ecosystems where inland migration is not possible.

To understand and manage such climate-related hazards, the Intergovernmental Panel on Cli-
mate Change (IPCC) provides a framework that defines risk as a function of hazard, exposure, and
vulnerability (Reisinger et al. 2020). Applying this conceptual framework to earlier studies, the assess-
ment by Hinkel et al. (2013) provided an early, comprehensive impact analysis by coupling erosion
projections with socio-economic exposure, quantifying consequences such as land loss and forced
migration. More recently, broad-scale assessments have built upon satellite-derived data to produce
hazard projections at a much higher spatial resolution. The global study by Vousdoukas et al. (2020b)
exemplifies these advanced hazard assessments. Other related work has also quantified exposure,
for instance at the national scale for Japan (Udo et al. 2017) and the continental scale for Europe
(Athanasiou et al. 2020), by estimating metrics such as future beach and land area loss.

Building on these advances we here provide the first global impact assessment of buildings at risk
from coastal erosion by integrating probabilistic shoreline projections with a high-resolution global
building dataset. Our analysis proceeds in three stages. First, we quantify present-day coastal expo-
sure and from these development patterns, we derive a geomorphology-specific “Empirical Setback
Zone”—the setback distance that coastal communities implicitly maintain; a proxy for the dynamic
zone that a coastal system purportedly needs to provide its defensive capacity or other (natural) ser-
vices. Subsequently, we project future shoreline change for the sandy sediment plains and dune
coasts (∼21% of the world’s coast), before data limitations (primarily nearshore slope data) further
reduced the study area to 9.3% (∼ 93, 000 km). Finally, by integrating these probabilistic shore-
line change projections with the ESZ and building footprints, we quantify the number of buildings
potentially impacted by future coastal erosion and disaggregate this impact into its constituent com-
ponents to understand the drivers of risk over the century.
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4.2 Results

4.2.1 Global patterns of coastal exposure
Our global coastal exposure analysis reveals that a quarter of the world’s coast (∼ 253, 000 km)
contains at least one building, per alongshore km, within one kilometer of the shoreline, summing
up to approximately 76 million buildings in total. Further analysis shows that this development
is often located close to the shoreline: for 10% of these developed coasts, the nearest building is
located within just 37 meters of the shoreline (Table 4.1). This broad exposure, however, is not
evenly distributed among the different types of coasts.

More detailed analysis shows an apparent human preference for settling on the more dynamic
coastal systems. By using a machine-learning-derived coastal typology, that characterizes the sedi-
ment type as well as the geomorphological landform along the cross-shore coastal profile, we study
coastal development patterns over different types of coasts, such as sandy sediment plains or dune
coasts (Calkoen et al. 2025c). In the used coastal typology, sandy, gravel, and shingle beaches make
up 40% of the global total (Calkoen et al. 2025c), yet they host more than half of all buildings found
within 1 km of the shoreline (42.5 million). Consequently, building density on these soft coasts
is 18% higher than the global average, and buildings are sited more than 30% closer to the shore-
line, with a median distance of 140 m compared to the global median of 205 m (Fig. 4.1a). This
concentration of coastal developments is the highest on sandy low-lying sediment plains, which are
both the most densely developed (427 buildings/alongshore km) and have buildings nearest to the
shoreline (median distance of 128 m) (Table 4.1, Fig. 4.1b).

From these global development patterns, this study introduces a novel, data-driven metric to
quantify the de facto setback zones that coastal communities implicitly maintain: the “Empirical
Setback Zone” (ESZ). This metric is defined as the 10th percentile of the shoreline-to-first-building
distances for a given coastal type (e.g., sandy sediment plain or dune coast), computed across the
253,000 km of “developed” coast. This value provides an empirical proxy for the dynamic zone
a coastal system purportedly requires to provide its (natural) defensive function or other services.
However, it is likely that this represents a conservative estimate, as many perceive the benefits of
living close to the beach outweigh the risks of erosion (Buck 2025). The ESZ varies significantly by
geomorphology, reflecting different physical dynamics and development patterns; for example, it is
64 m for dune coasts but only 34 m for sandy sediment plains (Table 4.1)—a more detailed overview
is provided in the Supplementary Information (Tables D.2, D.3).

Mapping historical shoreline change onto this developed coastal zone (∼253,000 km) reveals
that while a majority of soft coasts have been historically stable, a significant portion is already ex-
periencing erosion (Fig. 4.2). Of the developed sandy, gravel and shingle and muddy shores with
available data, approximately 50% have remained stable (i.e., changing at rates between -0.5 and
+0.5 m/year). At the same time, at least 16,000 km of developed sandy coast and 7,800 km of de-
veloped muddy coast are eroding at rates faster than 0.5 m/year. While substantial, these historical
trends represent a conservative baseline of the hazard. Relying on them alone would fail to capture
the anticipated accelerating retreat driven by future SLR, which is paramount for an assessment of
the future impacts of coastal erosion.

4.2.2 Future shoreline change
To quantify the impacts of future coastal erosion on buildings, our analysis first projects future
shoreline change under various SLR scenarios. We projected this change using an equilibrium-
profile approach (expressed via the Bruun rule) for sandy sediment plains and dune coasts (Bruun
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Figure 4.1: Global proximity of coastal development to the shoreline. The main panel
maps the distance from the shoreline to the nearest building across all developed coastlines
(∼253,000 km), aggregated by a hexagonal H3 grid for visualization. The color scale highlights
variation in shoreline-to-building distance (100–1,000 m); grey areas indicate no buildings detected
within 2,000 m of the shoreline. Inset panels show the distributions of these distances as violin
plots, grouped by a, sediment type and b, coastal type. For each distribution, the width of the grey
shape indicates the probability density. Overlaid on each violin is a box plot where the inner box in-
dicates the 10th–50th percentile range and the white dot marks the median (50th percentile). The
annotated numbers explicitly state these 10th and 50th percentile values. Basemap: Natural Earth.
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Table 4.1: Global coastal exposure by sediment and coastal type. The table quantifies coastal
exposure, first presenting global summaries and then providing a breakdown by sediment type. Met-
rics include the total length of developed coast (segments with at least one building within 1 km),
the number and density of buildings within this zone, and the 10th and 50th percentile distances
from the shoreline to the nearest building. For sandy, gravel and shingle coasts, the data are further
detailed by two coastal types (dune and sediment plain), as these are used in the subsequent impact
analysis. A detailed overview is provided in Supplementary Tables D.2, D.3.

Developed Coast Buildings Distance to Nearest Building
(within 1 km of shoreline) (from shoreline, m)

Length (km) Total Count (#) Density (/km) 10th percentile Median

Global 253,102 75.7M 299 37 205

Sandy, gravel or shingle 119,996 42.5M 354 34 140
Dune 7,612 2.2M 288 64 221
Sediment Plain 63,290 27.0M 427 34 128

Muddy 39,995 8.0M 201 65 502
Rocky 35,790 8.3M 232 46 220
No Sediment 57,321 16.9M 295 34 238

Developed coast
253,102 km

No sediment / platform
57,321 km

Muddy
39,996 km

Rocky shore / boulders
35,790 km

Sandy, gravel or shingle
119,996 km

QA
34,130 km

Not QA
3,021 km

Not QA
3,000 km

No Data
6,704 km

No Data
2,866 km

QA
110,270 km

Stable (-0.5 to 0.5 m/yr)
70,524 km

Stable (-0.5 to 0.5 m/yr)
18,190 km

Accretion (>0.5 m/yr)
23,724 km

Erosion (<-0.5 m/yr)
16,022 km

Accretion (>0.5 m/yr)
8,185 km

Erosion (<-0.5 m/yr)
7,754 km

Sediment Type Satellite-derived Shorelines Shoreline Change Regimes

Figure 4.2: Distribution of developed coastlines by historical shoreline change. The diagram
shows the classification of global developed coastlines (segments with buildings within 1 km of the
shoreline) by their historical shoreline change trend. The flow begins by categorizing coastlines by
sediment type (sandy, gravel or shingle; muddy; rocky; or no sediment). Soft-sediment transects
(sandy and muddy) are then filtered based on the availability and quality of historical shoreline data.
For transects with quality-assured data, shoreline behavior is classified as Erosion (change rate < -0.5
m/year), Stable (-0.5 to +0.5 m/year), or Accretion (> +0.5 m/year). Flow widths are proportional
to the total coastline length (in kilometers) at each stage.
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1962). This subset, representing ∼ 21% of the world’s coast, was further filtered based on the avail-
ability of high-quality historical shoreline data and nearshore slopes (see Methods). Our final anal-
ysis therefore covers 93,000 km, or ∼9.3% of the global total (Fig. 4.6). For this study, we projected
shoreline positions for 2030, 2050, and 2100 under three integrated scenarios (SSP1-2.6, SSP2-
4.5, and SSP5-8.5), with 2010 as baseline. Following earlier probabilistic approaches for projecting
shoreline change (Athanasiou et al. 2020; Vousdoukas et al. 2020b), our method combines two compo-
nents: the continuation of historical ambient change (AC) and additional retreat induced by SLR,
with uncertainties propagated using Monte Carlo sampling.

The projections indicate a global retreat of these sandy sediment plains and dune coasts by the
end of the century, with the magnitude strongly dependent on the emissions pathway. While lo-
cal historical ambient change (AC) varies widely, its contribution to the global average change is
negligible—a median of only 1 m of progradation by 2100 (Table 4.2). Consequently, while the
large variability in local outcomes is strongly influenced by AC, the global median retreat is almost
entirely driven by SLR. By 2100, this median projected retreat ranges from 79 m (90% CI: 12 to
166 m) under the low-emissions SSP1-2.6 scenario to 135 m (90% CI: 60 to 250 m) under the high-
emissions SSP5-8.5 scenario. While these projections are broadly consistent with previous global
assessments (Vousdoukas et al. 2020b), a direct comparison requires acknowledging methodological
differences. Our study uses a new ML-derived coastal typology that, most importantly, refines the
analysis to sandy sediment plains and dune coasts. This geomorphologically-refined approach likely
explains why our projected retreat is more severe at the 5th percentile (a retreat of 60 m) than in pre-
vious work. By excluding steep, cliffed coasts our analysis avoids the low retreat estimates that the
equilibrium-profile model will project for these steep areas, which likely affected the statistics of
shoreline retreat projections in earlier broad-scale assessments.

Table 4.2: Projected shoreline change for the global ∼93,000 km of sandy sediment plains
and dune coasts. The table presents projected shoreline change (in meters) for dune and sediment
plain landforms for 2030, 2050, and 2100 under three emissions scenarios. Projections are decom-
posed into a scenario-independent ambient change (AC) component and a scenario-dependent sea-
level rise (SLR) component. Values represent the median change with the 5th–95th percentile un-
certainty range in parentheses. The Total column is derived from the full distribution of summed
AC and SLR projections; its median is therefore not the direct sum of the component medians.
Negative values indicate erosion.

SSP1-2.6 SSP2-4.5 SSP5-8.5

Year AC SLR Total SLR Total SLR Total

2030 0 (-1, 1) -17 (-33, -3) -17 (-35, -2) -17 (-33, -3) -17 (-34, -2) -18 (-34, -4) -18 (-35, -3)

2050 0 (-4, 5) -34 (-63, -8) -35 (-69, -7) -36 (-65, -10) -37 (-71, -9) -41 (-72, -13) -42 (-78, -12)

2100 1 (-12, 15) -77 (-150, -17) -79 (-166, -12) -97 (-176, -32) -98 (-192, -30) -134 (-233, -64) -135 (-250, -60)

4.2.3 Buildings at risk from future coastal erosion
By combining our shoreline projections with global building data, we quantify the impacts of future
coastal erosion on coastal buildings. This analysis is conducted for the approximately 93,000 km
of sandy sediment plains and dune coasts (9.3% of the global total; Fig. 4.6). Following the IPCC
framework, we identify first-order impacts by determining which buildings fall within a potential
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Figure 4.3: Projected shoreline change by continent in 2100. The figure shows probability
distributions of projected shoreline change for the year 2100, grouped by continent and under three
integrated emission scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). Each distribution is decomposed
into contributions from ambient change (AC; dark blue), sea-level rise-induced retreat (SLR; light
blue), and the resulting total change (grey). Negative values indicate shoreline retreat.
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future hazard zone. This zone is defined as the sum of three components (Fig. 4.5): (1) shoreline
retreat from extrapolated historical ambient change (AC), (2) additional retreat from SLR, and (3)
the geomorphology-specific ESZ, to account for the fact that buildings are not placed right upon
the shoreline. The ESZ represents the lower end of the de facto setback that coastal communities
implicitly maintain (e.g., 64 m for dune coasts, 34 m for sandy sediment plains; Tab. 4.1) and serves
as an empirical proxy for the dynamic zone a coastal system purportedly requires to maintain its
defensive capacity or provide its other (natural) services.

The analysis reveals that the impacts of future coastal erosion are substantial and accelerate through-
out the 21st century. Within the analyzed area, the number of buildings potentially impacted is
projected to reach about one million by 2050 under all scenarios, rising to between 1.6 million
(SSP1-2.6) and 2.4 million (SSP5-8.5) by 2100 (Figure 4.4c). A shift in the drivers of this impact
is projected to occur over the century. By 2050, impacts are largely a legacy of present-day coastal
development patterns, with the ESZ and AC accounting for over 80% of buildings at risk, regardless
of the emissions scenario. This large contribution from AC stems from the aggregation of impacts
at all locations with historical erosion; an effect that is masked in the near-zero global median by the
counterbalancing effect of accretion elsewhere (Tab. 4.2). By 2100, however, SLR becomes the prin-
cipal driver. Under the high-emissions scenario, SLR alone accounts for nearly 1.2 million buildings
potentially impacted—almost 50% of the total—highlighting the growing impact of climate change
on coastal communities throughout the 21st century.

When aggregated by continent, based on country-level assignments, the distribution and nature
of these impacts are highly uneven. Asia faces the largest absolute impact, with 1.17 million build-
ings at risk of future coastal erosion by 2100 under SSP5-8.5, representing 49% of the global total.
In contrast, Europe faces the highest proportional threat, with nearly 30% of its analyzed coastline
potentially impacted (Supplementary Figs. D.1, D.2). This distinction is important for macro scale
prioritization of adaptation planning; for example, while previous studies identified Australia as
having widespread shoreline retreat (Vousdoukas et al. 2020b), our analysis finds the potential impacts
on buildings there are relatively low, as much of this retreating coastline is undeveloped (Supplemen-
tary Fig. D.5). Finally, the results show that impacts intensifies over time as erosion encroaches on
more densely developed inland areas. Globally, while the length of “potentially-impacted” coastline
increases by 40% between 2050 and 2100 (SSP5-8.5), the number of buildings at risk more than
doubles (a 132% increase), a trend seen across all continents (Supplementary Figs. D.1, D.3).

4.2.4 Outlook

By integrating shoreline projections with a global building dataset, this study provides the first
worldwide impact assessment of future coastal erosion on buildings throughout the 21st century,
taking a step forward towards climate risk assessments of coastal erosion. By 2100, this places be-
tween 1.6 million (under a low-emissions SSP1-2.6 scenario) and 2.4 million (under a high-emissions
SSP5-8.5 scenario) buildings at risk of being impacted by erosion. This figure represents a con-
servative lower-bound estimate, as the model’s application was refined by the ML-derived coastal
typology, which constrained its use to sandy sediment plains and dune coasts (21% of the world’s
coast) before data limitations (primarily nearshore slope data) further reduced the study area to
9.3% (∼ 93, 000km). This asset-level assessment is analogous to a direct-impact inundation map in
flood modeling (Hauer et al. 2019); its purpose is to identify potential risk hotspots at a broad scale,
thereby guiding where more detailed local studies are needed, rather than to inform specific local
interventions. The finding that SLR becomes the dominant driver of risk after 2050 has an im-
portant implication for climate adaptation planning: relying on historical trends alone is no longer
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Figure 4.4: Buildings at risk from projected future shoreline retreat. The figure presents
buildings at risk for sandy sediment plains and dune coasts, quantified by a, the total length of
coast with buildings impacted (km); b, this length as a percentage of the analyzed coastline; and
c, the total number of buildings at risk (in millions). Estimates are shown for 2030, 2050, and 2100
under three emissions scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). The stacked bars disaggregate
the total statistic into its constituent components: the Empirical Setback Zone (ESZ), sea-level rise
(SLR), and ambient change (AC), where the AC component represents the cumulative impact from
all coastlines with a historical erosion trend.

sufficient, and proactive coastal management strategies that account for accelerating climate change
are required to protect coastal communities worldwide.

An important consequence of this refined approach is that the model’s application was first con-
strained by the coastal typology to sandy sediment plains and dune coasts (21% of the world’s coast),
before data limitations (primarily nearshore slope data) further reduced the study area to 9.3%. This
highlights the need to develop multi-model approaches for projecting shoreline change in other
coastal environments. Besides equilibrium-profile models that simulate the direct impact of SLR
on sandy coasts, more comprehensive global assessment to the impacts of future shoreline retreat,
future work would benefit to also integrate the indirect impacts of SLR, which are primarily driven
by changes in coastal sediment budgets. This requires incorporating models that simulate the in-
creased sediment demand of tidal inlets and estuaries (e.g., Stive et al. 2003; Ranasinghe et al. 2013; Ba-
munawala et al. 2021; Ranasinghe et al. 2025), the reduced sediment supply from dammed rivers (Dunn
et al. 2019), the retreat of soft cliffs (Walkden et al. 2008), and the unique bio-geomorphic dynamics
of muddy coasts. For other environments, such as stable, low-lying bedrock plains, the primary
hazard from SLR is inundation rather than erosion, meaning the path forward for these coasts is
better integration with global coastal flood risk assessments. A hierarchical classification that situ-
ates local geomorphologies within broader landform complexes (e.g., estuaries, barrier islands) offers
a promising path to structure such a multi-model approach (French et al. 2016).

4.3 Methods
Our analysis integrates several global datasets to quantify buildings impacted by future coastal ero-
sion under different SLR scenarios. This assessment proceeds in a three-stage process. First, we
quantify present-day coastal exposure by combining a global building dataset with the global coastal
transect system and a high-resolution coastal typology. Second, for sandy sediment plains and dune
coasts, we generate probabilistic shoreline projections for the years 2030, 2050, and 2100 under
multiple integrated climate scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). Third, we identify build-
ings potentially impacted by future coastal erosion by determining which of the present-day coastal
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buildings fall within a future hazard zone. The methods used for each of these steps are specified in
more detail in the following subsections.

4.3.1 Data
This study integrated several global datasets quantify the buildings impacted by future coastal ero-
sion a three-stage process (Table 4.3). The spatial foundation was the Global Coastal Transect Sys-
tem (GCTS) (Calkoen et al. 2025f), which provides a consistent grid of over 11 million cross-shore
transects at 100-m alongshore resolution. To quantify exposure, we used building footprints from
the Overture Maps Foundation (Buildings theme; release 2025-04-23.0) (Overture Maps Foundation
2025). This dataset was chosen for its completeness, as it combines community-contributed data
(e.g., OpenStreetMap) with multiple machine-learning (ML) derived products to provide a com-
prehensive global building stock. The physical characteristics of the coast at each transect, such as
sediment type and geomorphological landform, were obtained from a global ML-derived coastal
typology (Calkoen et al. 2025c).

To model shoreline change, we used datasets describing historical change and future SLR pro-
jections. Historical shorelines from 1984-2024 were obtained from the ShorelineMonitor dataset
(Luijendijk et al. 2018). Future SLR projections were taken from the IPCC Sixth Assessment Report
(AR6) dataset (Fox-Kemper et al. 2021). Specifically, we used the geocentric (i.e., not corrected for Ver-
tical Land Motion (VLM)) AR6 distributions, as our framework accounts for VLM through the
extrapolated historical AC term, thereby avoiding double-counting. The nearshore slope, a param-
eter required for modeling SLR-induced shoreline retreat with the Bruun rule, was sourced from
the Global Coastal Characteristics (GCC) dataset (Athanasiou et al. 2023). All datasets were mapped
onto the GCTS to create a consistent analytical framework.

Table 4.3: Datasets used in the global assessment of buildings at risk from shoreline retreat.
The table lists the global datasets used for the analysis, including their provider, purpose, and ver-
sion.
Dataset Name Purpose Data Provider Version

Global Coastal Transect System Foundational dataset Deltares 2024-08-12
Global Coastal Typology Sediment type & coastal geomorphology Deltares 2025-07-08
Overture Buildings Quantifying coastal exposure Overture Maps 2025-04-23.0
ShorelineMonitor Historical shoreline change (AC) Deltares 1984-2024
AR6 Sea-Level Rise Projections Bruun rule application (SLR) IPCC / CoCliCo AR6
GCC Nearshore Slopes Bruun rule application (SLR) JRC / Deltares v1.1
Global Coastal Grid Scalable data processing Deltares 2025-01-01

Quantifying present-day coastal exposure
To quantify present-day coastal exposure, we analyzed building data within a 1-km inland zone from
the shoreline for each transect in the GCTS. A coastline was defined as “developed” if at least one
building was present within this zone. For each developed transect, we calculated several exposure
metrics, including the distance from the shoreline to the nearest building, the total number of build-
ings in this zone, and the total building footprint area. All spatial calculations were performed using
the local UTM projection specified for each transect to ensure metric accuracy.

From these exposure data, the ESZ was derived. This metric serves as a data-derived proxy set-
back zone that coastal communities implicitly maintain, reflecting the minimum zone a coastal sys-
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Figure 4.5: Schematic for assessing buildings at risk from future shoreline retreat. The total
hazard zone is defined by combining three components: projected shoreline change from ambient
trends (AC), additional retreat from sea-level rise (SLR), and the geomorphology-specific Empirical
Setback Zone (ESZ). Buildings at risk (shown in red) are quantified by identifying those footprints
that intersect with this hazard zone (green-grey).

tem purportedly requires to maintain its defensive capacity or provide its other (natural) services.
To calculate the ESZ, all developed transects were grouped by their coastal class (i.e., sediment and
geomorphological type), and probability distributions of the shoreline-to-building distances were
generated for each class. The ESZ for each class was defined as the 10th percentile of its respec-
tive distribution. This geomorphology-specific ESZ was subsequently used as a component in the
future impact assessment.

Projecting shoreline change

We projected future shoreline positions probabilistically, following earlier methods (Athanasiou et
al. 2020; Vousdoukas et al. 2020b). This approach combines two primary components of shoreline
change: (1) the continuation of historical ambient change (AC) and (2) additional retreat induced
by SLR. To robustly propagate and combine uncertainties from these components, we performed
a multi-stage Monte Carlo simulation (n=1,000) for each transect.

The SLR component was modeled using an equilibrium-profile model (the Bruun rule), which
is suitable for coasts composed of non-cohesive, unconsolidated sediments that can freely adjust
their profile (Bruun 1962). To identify these areas, we used a global ML-derived coastal typology to
select all transects classified as having a “sandy, gravel, or shingle” sediment type on either “sediment
plains” or “dune coasts” (Calkoen et al. 2025c). These two geomorphological classes were selected
as they are most likely to consist of erodible material, unlike other classes from the typology such
as cliffed coasts or the lithologically-ambiguous “moderately sloped” class, which could consist of
either unconsolidated sediment or resistant rock. The “sandy, gravel, or shingle” category is treated
as a single class because current satellite-derived classifications cannot reliably distinguish between
these sediment sizes on the resolution (∼ 10 m) of open satellite imagery (Calkoen et al. 2025c).
However, the geomorphological selection of only sediment plain and dune coasts effectively removes
most shingle beaches because they typically front steeper, more rocky environments. Nevertheless
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we acknowledge that due to classification errors in the underlying ML-derived coastal typology, the
Bruun rule may have been applied to some coasts where it is not strictly valid, and vice-versa.

These sandy sediment plains and dune coasts were further filtered to include only transects with
high-quality historical shoreline data and valid nearshore slope information (i.e., slopes between
1/300 and 1/5). This filtering, detailed in Figure 4.6, resulted in a final analysis extent of∼93,000 km.
For this final set of transects, the total shoreline change was derived through a numerical convolu-
tion of the AC and SLR components. For each of the 1,000 Monte Carlo realizations, a value for
AC was drawn from a normal distribution defined by the observed historical rate (i.e., the regres-
sion slope) and its corresponding standard error. This was summed with a SLR driven retreat value,
which was drawn with replacement (bootstrapped) from the full distribution of potential shoreline
retreat values generated by applying the Bruun rule to the AR6 SLR ensemble. This process yields
a final empirical probability distribution of total shoreline change for each transect, from which we
extracted the median (p50) and the 90% confidence interval (CI; p5, p95).

Other sediment types
571,956 km  (60.0%)

Sandy, gravel or shingle
381,098 km  (40.0%)

Dune / Sediment plain
199,578 km  (20.9%)

Other coastal types
181,520 km  (19.0%)

Slope: QA
89,974 km  (9.4%)

Slope: No Data
56,822 km  (6.0%)

Slope: Invalid
(slope < 1/300 or > 1/5)
52,782 km  (5.5%)

ShorelineMonitor: Not QA
1,264 km  (0.1%)

Shoreline Projections
88,710 km  (9.3%)

Figure 4.6: Filtering cascade for future shoreline projection analysis. The diagram shows
the progressive filtering used to select the portion of the global coast for shoreline projections. The
flow begins with all sandy, gravel, or shingle coasts, which are first constrained by geomorphology
to “Dune / Sediment plain”. This subset is then filtered based on the availability of valid nearshore
slope data (i.e., 1/300 < slope < 1/5). A final filter is applied to retain only transects with a high-
confidence historical shoreline change record, defined as those with a sufficient number of data
points to have a statistically robust linear trend. The final category, “Shoreline Projections”, repre-
sents the coastline passing all filters. Flow widths are proportional to the total coastline length (in
kilometers) at each stage.

4.3.2 Historical Shoreline Change
The historical Ambient Change (AC) component was derived from the ShorelineMonitor dataset,
which provides an annual satellite-derived shoreline record from 1984 to 2024 (Luijendijk et al. 2018).
To extract a time-series of annual shoreline positions, the continuous shorelines were mapped onto
the GCTS (Calkoen et al. 2025f). The primary shoreline series was then extracted from all intersec-
tions by tracking back in time and selecting the furthest offshore shoreline observation, unless this
observation was identified as part of another shoreline using directional coastline proximity data
(e.g., to distinguish the opposite side of an inlet) (Calkoen et al. 2025d) or as an outlier using Median
Absolute Deviation (MAD) outlier detection. This process yields a quality-assured time series of
annual shoreline positions for each transect, from which a long-term rate of change was calculated
using ordinary least-squares linear regression.
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Quantifying buildings impacted by future erosion
To quantify the number of buildings impacted from future coastal erosion, we identified which
present-day buildings fall within a future hazard zone. This analysis was conducted for the sandy
sediment plains and dune coasts where shoreline projections were produced, i.e, ∼ 93, 000 km
(Fig. 4.6). For each transect, the total hazard zone was defined as the cumulative landward extent of
three components (Fig. 4.5): (1) projected shoreline retreat from extrapolated historical AC, (2) ad-
ditional retreat from SLR, and (3) the ESZ (Table 4.1). A building was considered to be “impacted”
if its footprint intersected this total hazard zone. To attribute the total impacts to their underly-
ing drivers, we then employed a sequential analysis: for each transect, we first identified buildings
impacted solely by the AC component, then the additional buildings captured when including the
SLR component, and finally, the further buildings captured by adding the ESZ. This attribution
method allowed for the disaggregation of the total impact presented in the results.

4.3.3 Methodological Limitations
The worldwide assessment is subject to a set of (cascading) uncertainties and assumptions, from
the core physical model to the final risk quantification. The shoreline projections are based on an
equilibrium-profile model (expressed through the Bruun rule), which has been discussed extensively
and has well-documented assumptions (SCOR Working Group 89 1991; Cooper et al. 2004; Zhang et al.
2004; Woodroffe et al. 2012). The two most limiting assumptions are that the coast is composed of un-
consolidated non-cohesive sediments and that it functions as a closed system with no net longshore
sediment transport gradients. Our approach is explicitly designed to address these assumptions, but
the methods and data used introduce their own uncertainties.

To address the “erodible profile” assumption, we used a novel, ML-derived coastal typology to
define the study area. This foundational dataset has known classification errors that can propagate
through the analysis (Calkoen et al. 2025c). For instance, the classification groups sandy, gravel, and
shingle beaches together, as these are difficult to resolve in open satellite imagery (∼10 m resolu-
tion). While shingle beaches may respond to SLR as equilibrium profiles, the Bruun rule is specifi-
cally advocated for sandy coasts. Although our geomorphological selection of sediment plains and
dune coasts effectively removes most shingle beaches, some may remain, and the equilibrium-profile
model may overestimate retreat here. Furthermore, the nearshore slope is derived from a static global
dataset. This introduces uncertainty from both measurement error and the dataset’s inability to
capture natural and temporal variability, which cascades directly into the shoreline retreat projec-
tions.

In line with earlier studies, the “closed system” assumption was addressed by combining the
Bruun rule with an extrapolated AC term (Athanasiou et al. 2020; Vousdoukas et al. 2020b). This AC
component represents a composite historical signal that implicitly includes factors not modeled by
the equilibrium-profile model, such as longshort transport gradients and human interventions. By
extrapolating this term, we assume that these historical drivers will continue unchanged. A further
limitation is the potential for "double counting," as the historical AC term likely contains some sig-
nal from past SLR. Isolating this relatively small signal from a 40-year satellite record that includes
large fluctuations from storms (Galgano et al. 1998) and climate oscillations (Vos et al. 2023b) is an on-
going scientific challenge. Our approach, which treats AC and future SLR as independent, follows
currently standard practice in broad-scale assessments but may lead to projections on the higher or
lower side of the spectrum. Finally, our approach assumes that the historical drivers embedded in the
AC term, including VLM, will continue linearly, which may not hold true in areas with accelerating
or decelerating subsidence or new large-scale human interventions.
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The analysis provides a first-order impact assessment, but stops short of a full climate risk assess-
ment because it does not quantify vulnerability. A complete vulnerability analysis would require
evaluating both a system’s sensitivity to harm (e.g., structural resilience based on building codes)
and its adaptive capacity (the socioeconomic ability of a community to respond). By not including
these components, our framework implicitly treats vulnerability as uniform globally. Furthermore,
the scope is deliberately focused on buildings as a high-resolution proxy for coastal exposure, which
excludes other critical infrastructure and ecosystems. The building count itself is also an imperfect
proxy for population or asset value, as a single footprint can represent anything from a beach house
to a multi-story apartment.

These cascading limitations—from model assumptions to input data uncertainties and the scope
of the impact assessment itself—mean the true uncertainty in the analysis is likely wider than the
reported confidence intervals. Therefore, the results should not be used to inform local design but
should be interpreted as a transparent baseline of the number of buildings potentially at impacted,
upon which more detailed studies can be based.

4.3.4 Software and code availability
Data processing and analysis were conducted using open-source, scalable, geospatial and mostly
Pythonic software ecosystem (Pangeo). Geospatial analytics were performed primarily using DuckDB
(v1.2) with its spatial and H3 extensions (Raasveldt et al. 2019). The analysis of large data volumes
was enabled by the adoption of cloud-optimized data formats (e.g., Parquet), with the several data
partitions managed through Spatio-Temporal Asset Catalogs (STAC). The core analytical compo-
nents developed for this study are integrated into the open-source coastpy package (Calkoen et al.
2025f).

4.3.5 Data availability
The datasets generated during this study are available in two public Zenodo repositories. The first,
the Global Coastal Transect Repository (GCTR), contains the present-day coastal exposure metrics
(e.g., shoreline-to-building distances) and the directional coastline proximity data (DOI: 10.5281/zen-
odo.16928268) (Calkoen et al. 2025d). The second repository contains the probabilistic future shore-
line projections for 2030, 2050, and 2100 under the SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios
(DOI: 10.5281/zenodo.16928880) (Calkoen et al. 2025e). To enhance downstream coastal analytics,
all generated data are linked to the Global Coastal Transect System.
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5 Synthesis and Perspective

5.1 Synthesis: A Global Assessment of Future Coastal
Erosion Impacts

This thesis set out to to develop a global framework for assessing the future impacts of coastal ero-
sion by combining the vast observational datasets nowadays available from satellites with the power
of cloud technology and the capabilities of artificial intelligence (AI). The final chapter (Ch. 6)
summarizes the principal conclusions from this research. This synthesis now integrates the find-
ings together to provide a more nuanced view. It discusses how the research advances the field,
critically reflects on the assumptions and limitations of the methodology, and considers the broader
implications of the results for both coastal science and management.

5.1.1 From aHazard-Centric to Impact Assessment
Coastal erosion is a natural process that becomes a societal risk where it potentially impacts some-
thing of value, i.e., livelihoods, assets, infrastructure and ecosystems. This thesis contributes to a
growing body of research aiming to quantify the impacts of coastal erosion at broad spatial scale.
An earlier global study by Hinkel et al. (2013), for instance, provided an assessment of coastal erosion
impacts in the form of land loss and forced migration, but its analysis was limited by the coarse,
segment-averaged data available at the time. More recently, broad-scale assessments (Athanasiou et
al. 2020; Vousdoukas et al. 2020b) have leveraged satellite-derived data products to project future
shoreline change at higher spatial resolution. While these studies represent an advance in coastal
erosion hazard mapping they do not quantify direct impacts on individual assets. The research in
this thesis aims to further advance the field, by moving from broad-scale hazard-focused studies
towards worldwide asset-level quantification of coastal erosion impacts. This is achieved by gen-
erating georeferenced, probabilistic shoreline projections that allow for a direct intersection with
global building footprint data. Compared to earlier studies that estimated impacts by multiplying
land loss area by average population densities (cf. Hinkel et al. 2013), this asset-level approach offers a
more granular understanding of the impacts of future coastal erosion. Overall, the final first-order
assessment of the impacts of future coastal erosion on buildings (Ch. 4) is the culmination of a
three-part solution developed in this thesis. It was made possible by first refining application of the
used equilibrium-profile model to sandy sediment plains and dune coasts by using a novel, machine
learning (ML)-derived geomorphological coastal typology (Ch. 3), which in turn was produced by
the novel, cloud-native analytical framework that is capable of applying applying modern AI (i.e.,
deep learning (DL)) at broad spatial scales (Ch. 2).

The coastal exposure analysis (Ch. 4) reveals that a quarter of the world’s coast (∼253 000 km)
contains buildings within the first kilometer of land, hosting approximately 76 million buildings
in total. This global picture of a heavily developed coastal zone is reinforced by the Empirical Set-
back Zone (ESZ), a concept introduced in this thesis to quantify the de facto setback that coastal
communities implicitly maintain. The analysis shows that for 10% of the developed global coast,
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the first building is located less than 37m from the shoreline, leaving very limited space for natural
coastal processes to unfold. Furthermore, this development is disproportionately concentrated on
soft, erodible coasts. Sandy, gravel, and shingle coasts, for instance, make up only 40% of the global
coastline but host over half all coastal buildings, with a building density 18% higher than the global
average. The concentration is particularly high on sandy sediment plains, which represent just 21%
of the global coast yet host about 30 million buildings (38%).

This high degree of coastal development (coastal building exposure) directly translates into sig-
nificant future impacts when combined with projections of future shoreline erosion under differ-
ent sea-level rise (SLR) scenarios. By 2100, between 1.6 million (under a low-emissions SSP1-2.6
scenario) and 2.4 million (under a high-emissions SSP5-8.5 scenario) buildings are projected to be
impacted by erosion. While substantial, this figure represents a conservative lower-bound estimate,
as the model’s application was refined to specific coasts; the ML-based coastal typology first con-
strained its use to sandy sediment plains and dune coasts (21% of the world’s coast), before data
limitations (primarily nearshore slope data) further reduced the study area to 9.3% (∼ 93, 000 km).
Moreover, it is important to acknowledge the limitations of this impact assessment. The analysis is
subject to cascading uncertainties from the input data (ML-based coastal typology and nearshore
slope data) and the structural assumptions of the equilibrium-profile model itself, as discussed in the
following sections. Furthermore, the assessment quantifies impacts by combining the hazard with
exposure but stops short of a full climate risk assessment. Such an assessment typically considers
the full range of retreat probabilities and would as well require a complete analysis of vulnerability,
which includes not only a system’s sensitivity to harm but also its adaptive capacity—the socioeco-
nomic ability to cope with and respond to the hazard. By treating all areas as equally vulnerable, the
framework provides first-order estimates of potential future impact f coastal erosion under different
SLR scenarios but it does not capture the vast differences in how various communities can manage
that risk. Finally, the hazard definition does not explicitly model episodic storm-driven erosion,
which is often the direct cause of damage and may intensify under climate change.

5.1.2 The Synergy of Open Data, Cloud Technology, and AI

The findings presented in this thesis, from the development of a global coastal typology to the fi-
nal impact assessment, were enabled by a methodological shift that helps bridge the gap between
broad but coarse (“everywhere”) and detailed but local (“anywhere”) analyses. This framework
operationalizes the synergy between open data, cloud technology, and AI by adopting a strategy
that decouples data storage from compute, centered on three principles. First, bringing code to
the data through data-proximate computing is essential, as petabyte-scale satellite archives are too
large to move. Second, for the large datasets produced and used, adopting cloud-optimized formats
(e.g., GeoParquet and Cloud-Optimized Geotiffs) described in standardized metadata catalogs (e.g.,
Spatio-Temporal Asset Catalog (STAC)) is critical for performance and interoperability. Finally, or-
chestrating these workflows within a flexible, open-source software ecosystem (Pangeo) provides the
modularity and flexibility that helps analyze complex coastal phenomena at a global scale. The effi-
ciency gains from this approach are substantial; an analysis that is 700 times faster than traditional
methods is the difference between a theoretically possible study and a practically feasible one. For ex-
ample, this open, cloud-native architecture enabled the analysis of over a billion coastal observations
from heterogeneous datasets in less than a day, a scale of computation that is difficult to replicate
using traditional methods.

In this framework, the global coastal transect system (GCTS) is the foundational spatial grid for
all analyses. By using a consistent 100m alongshore spacing, it corrects the latitudinal (zonal) bias
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present in previous global transect systems, resulting in more accurate global statistics. For exam-
ple, this work estimates that 40% of the world’s coasts are sandy, gravel, or shingle beaches, a higher
figure than the 31% previously reported (Luijendijk et al. 2018). This difference is consistent with the
system’s design; estimates for Africa, for instance, are approximately the same between both studies,
corroborating the idea that the zonal bias affects global statistics but has less impact on continents
near the equator. Moreover, its derivation from a more recent (2023) OpenStreetMap coastline
provides better global coverage than previous transect systems, including many more islands. Be-
sides providing more robust statistics and better global coverage, the system has several metadata
attributes, such as its bounding box and local coordinate reference system, that enhance scalable
geospatial analytics. The adoption of this grid is part of a broader methodological choice, that is a
shift to a cross-shore perspective departing from earlier alongshore segmentation approaches (e.g.,
Salman et al. 2004; Vafeidis et al. 2008). This perspective, now more widely adopted (Luijendijk et al.
2018; Finkl et al. 2020; Vousdoukas et al. 2020b; Athanasiou et al. 2023), is better suited for integrating
geomorphological variability across the land-sea profile and for historical shoreline change mapping,
which simplifies data-driven projections.

Complementing this data structure, the adoption of an open-source software ecosystem (Pan-
geo) offers higher flexibility than monolithic, (i.e., all-in-one) cloud platforms like Google Earth En-
gine (GEE), although it is also more demanding for the user, as many high-level computations must
be implemented themselves. The open, flexible, and scalable nature of the Pangeo ecosystem en-
ables the integration of specialized, modern AI methods at a broad spatial scale. The creation of the
coastal typology in this thesis is a primary example: a custom convolutional neural network (CNN)
was trained and globally deployed, a task not readily supported by all-in-one platforms. This ability
to control the entire analytical chain is often crucial for innovative science, especially when exper-
imenting with non-standard tools. Such an approach is also more transparent, as the underlying
components can be inspected, and more reproducible, because open architectures are more accessi-
ble. However, this places the responsibility for maintaining the architecture on the coastal scientist
rather than on a commercial provider. Realizing this potential therefore depends on a stable foun-
dation of open-source software, reliable cloud infrastructure, and open data policies. As recent
events have shown, none of these can be taken for granted. These three components, which form
the basis of the ongoing digital transformation in coastal science, are discussed more extensively in
the “Perspective” section of this thesis (Sec. 5.2).

5.1.3 Deep Learning for CoastalMapping

The global coastal typology (Ch. 3) provides new, globally consistent estimates of the world’s coastal
composition. The analysis revises earlier statistics on sediment distribution, estimating that 40% of
the global coast is fronted by sandy, gravel, or shingle beaches—a higher figure than the 31% previ-
ously reported, with the difference largely attributed to the new, zonally-unbiased transect system
used in this thesis. Combined with the 21% of coasts found to be muddy, the typology reveals that
over 60% of the world’s ice-free coast consists of soft, erodible sediments. Moving backshore, the
data show that cliffed coasts are the most common landform (33%), while dune systems are globally
rare (3%). Methodologically, this work demonstrates that by leveraging DL, more complex coastal
landforms can be mapped than with previously used tree-based learning methods. However, the
classification has limitations; it is more robust for sediment type (F1-score of 0.76) than for the
more complex coastal type classification (F1-score of 0.67). Nevertheless, the typology provides a
unique, global cross-shore perspective on coastal geomorphology. For instance, it reveals that 20%
of the world’s sandy, gravel, and shingle beaches are backed by cliffs. This configuration may physi-
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cally limit the natural capacity of these beaches to migrate inland in response to accelerating SLR, a
finding that also highlights a key limitation of this satellite-based approach, as the classification does
not account for cliff lithology and therefore cannot distinguish between erodible “soft” cliffs and
resistant “hard” cliffs.

The ‘sediment type‘ classification is conceptually robust, building on established frameworks
(Hayes 1967), and performs particularly well for sandy, gravel, or shingle beaches (F1-score of 0.84)
and muddy sediments (F1-score of 0.86). In contrast, performance is lower for coasts fronted by
rocky platforms (F1=0.64) and those without sediment (F1=0.70), highlighting an area for future
improvement. The high scores for sandy and muddy sediments are comparable to those reported in
other broad-scale studies (Hulskamp et al. 2023); however, a direct comparison is challenging as each
study uses its own training data. This underscores the need for a shared, community-curated bench-
mark dataset to properly evaluate and compare different classification methods. A second area for
future work is separating shingle from sandy and gravel beaches. While crowd-sourced datasets like
“Coastwards” offer a valuable resource for this task, both these further refinements to the sediment
type will be challenging due to the relatively coarse 10m spatial resolution of open satellite imagery.

In contrast, the ‘coastal type‘ classification is a functional schema developed for this thesis that
draws on several cross-shore coastal typologies (e.g., Sharples et al. 2009; French et al. 2016; Finkl et
al. 2020). It represents a pragmatic first step that requires further alignment with other emerging
coastal classifications (e.g., Hanson et al. 2025; Nyberg et al. 2025). Due to the higher complexity of
classifying geomorphological landforms, its accuracy scores are lower than for the sediment type
classification; some classes remain ambiguous, such as “moderately sloped” (F1-score of 0.55), and
the schema does not yet distinguish critical sub-types like erodible “soft” versus resistant “hard” rock
cliffs.

Another key limitation is that the supervised ML classification is a direct product of its train-
ing data, “CoastBench”. This dataset was labeled predominantly (∼ 95%) by a single expert—the
author of this thesis—and therefore the coastal typology necessarily reflects the views and biases of
its creator. These potential classification errors propagate through the entire analytical chain, con-
tributing to unquantified uncertainties in the final results. For instance, the findings of the coastal
exposure analysis, when grouped by coastal type, may differ from reality. Also, errors in classifying
sandy sediment plains and dune coasts mean the erosion model may have been applied where its as-
sumptions are not met (false positives) or omitted from areas where it is applicable (false negatives).
While a detailed analysis of the model’s precision and recall for these key classes could offer qualita-
tive insight into the error’s direction, a direct quantitative correction is difficult given the potential
bias in the training data.

Addressing these limitations points toward the need for a community-driven effort centered on
two complementary components. The first is the development of a more robust and standardized
classification schema, created with input from a diverse group of coastal engineers, morphologists,
and geologists. Such an effort would help refine ambiguous classes like “moderately sloped” and ex-
pand others, such as the classification of coastal defenses, into a more sophisticated scheme suitable
for detailed risk assessments. The second component is the creation of a diverse, global training data
repository, a task that could be accelerated with contributions from the broader community, includ-
ing citizen scientists (Wehn et al. 2021). The automated nature of the DL method ensures that the
typology can be iteratively improved as the community converges on these shared standards. While
creating such a resource is a significant undertaking, it represents a foundational investment. As al-
gorithms advance and more data comes available, a community-owned benchmark dataset remains
an enduring scientific asset capable of guiding future generations of CoastalAI models, a topic ex-
plored further in the “Perspective” section of this thesis (Sec. 5.2).
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5.1.4 AMore Refined Application of a PragmaticModel

The global assessment of future coastal erosion impacts presented in this thesis is built upon a chain
of methods, each with its own assumptions and limitations. This section provides a critical re-
flection on this methodological chain, beginning with the equilibrium-profile model (the Bruun
rule) applied for shoreline projections, and extending to the cascading uncertainties that propagate
through the analysis as a whole.

The Bruun rule (Bruun 1962), a simple equilibrium-profile model that predicts shoreline retreat
due to SLR alone, is an idealized model that rests on a series of strict assumptions: a closed, two-
dimensional (cross-shore) sediment system; a profile composed entirely of erodible sand; an instan-
taneous equilibrium response to SLR; and no sediment loss to other processes such as overwash or
aeolian transport. Because these assumptions are rarely met in nature, the model’s validity and ap-
plication have been the subject of a long-standing debate in coastal science (e.g., Bruun 1962; Bruun
1988; SCOR Working Group 89 1991; Cooper et al. 2004; Zhang et al. 2004; Davidson-Arnott 2005; Ranas-
inghe et al. 2009; Woodroffe et al. 2012; Cooper et al. 2020; Vousdoukas et al. 2020a; D’Anna et al. 2021),
with some arguing it should not be used at all (Cooper et al. 2004).

However, even critics of the model agree on the fundamental principle that the entire active pro-
file of an open, sandy coast will respond to SLR, typically resulting in landward retreat (Cooper et al.
2004; Cooper et al. 2020). For these specific coastal environments, the equilibrium-profile approach
is a significant conceptual improvement over a simple “bathtub” model because it incorporates this
essential physical principle. Adopting it is also a pragmatic choice, born from the need to make
shoreline projections at broad scales and on centennial timescales for adaptation policy—precisely
the “centennial gap” where predictive understanding is weakest (Woodroffe et al. 2012). While all
models are simplifications of a complex reality, their value lies in providing understanding where
perfect prediction is not yet possible (Box 1976; Cartwright 1983). This thesis therefore adopts this
pragmatic position and, as the following section details, takes the next step of addressing the model’s
assumptions more rigorously than in previous broad-scale studies (e.g., Hinkel et al. 2013; Athanasiou
et al. 2020; Vousdoukas et al. 2020b) by taking into account the backshore geomorphology.

Given this context, the scientific value of this work lies not in "proving" the Bruun Rule, but in
demonstrating a more refined application. This was achieved by addressing two core assumptions
of the equilibrium-profile model. First, in line with recent assessments, the "closed system" assump-
tion is addressed by combining the SLR-induced retreat with an extrapolated ambient change term,
which implicitly accounts for factors like net alongshore sediment-transport gradients and vertical
land motion (VLM) (Vousdoukas et al. 2020b). The primary contribution of this thesis, however,
is a novel solution to the "erodible profile" assumption. By using the coastal typology, the model’s
application was constrained to those geomorphological settings—sandy sediment plains and dune
coasts—where its use is most physically plausible. Furthermore, georeferencing these constrained
projections to a high-resolution (100 m) transect grid elevates the analysis from a coarser hazard as-
sessment (e.g., 5 km) to a more precise, asset-level impact assessment. An important consequence of
this refined approach is that the model’s application was first constrained by the coastal typology to
sandy sediment plains and dune coasts (21% of the world’s coast), before data limitations (primarily
nearshore slope data) further reduced the study area to 9.3%. This reduction was driven in approxi-
mately equal parts by the valid filtering criteria for the nearshore slope (1/300 < slope < 1/5) and
by differences in the underlying transect systems. This highlights the need to develop multi-model
approaches for projecting shoreline change in other coastal environments, a topic detailed in the
next section.
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Also with this refined framework, several uncertainties remain and cascade through the analy-
sis. The shoreline projections are highly sensitive to the nearshore slope and SLR (Thiéblemont et
al. 2021). The use of a static global dataset for the nearshore slope parameter introduces measure-
ment uncertainty due to its coarse resolution and fails to capture the natural temporal variability
(aleatoric uncertainty) of the profile. Conceptually, the structural uncertainty of the equilibrium-
profile model itself is significant; it does not account for the rate of SLR, which may induce dif-
ferent coastal responses like barrier overstepping or drowning rather than the gradual retreat the
model assumes (Woodroffe et al. 2012; Green et al. 2014). These uncertainties are compounded by
classification errors from the coastal typology. For instance, the analysis selected “sandy, gravel, or
shingle beaches” (sediment type) on “sediment plains” or “dune coasts” (coastal type). While this
geomorphological filtering effectively removes most shingle beaches, some may remain, resulting in
higher retreat rates at such locations than would likely occur in reality. More broadly, classification
errors mean the Bruun rule may have been applied where it should not be (false positives) or omit-
ted where it is applicable (false negatives). Finally, the analysis provides a first-order assessment of
the impacts of future coastal erosion on buildings but stops short of a full climate risk assessment,
which would require analyzing vulnerability, including sensitivity and adaptive capacity. These cas-
cading limitations mean the results should be interpreted as a transparent, first-order assessment for
identifying potential erosion impacts, rather direct input for local design. A more systematic analy-
sis of how these uncertainties propagate through the assessment was beyond the scope of this thesis
but remains important to address in future research.

5.1.5 Implications for Science
After decades of research (1962 - present), an unequivocal answer to how coasts will respond to
SLR on centennial timescales cannot be given (Woodroffe et al. 2012; Le Cozannet et al. 2014; Ranas-
inghe 2020). To better understand, model, and predict the impacts of SLR, this section discusses
two complementary research paths. The first path involves a systematic evaluation of modeling
approaches—process-based, numerical, and data-driven (Vitousek et al. 2017)—to describe a way to-
wards global shoreline projections. The second path suggests a renewed focus on the geological past
to address fundamental assumptions about how coastal systems respond to the high rates of acceler-
ated SLR projected for this century. Finally, the section briefly reflects on the application of modern
AI as demonstrated in this thesis, a topic that is explored in greater detail in the final “Perspective”
(Section 5.2).

TowardsGlobalShorelineRetreatProjections A direct path to improving global
shoreline projections is to further refine the equilibrium-profile approach used in this thesis. In this
study, the model’s application was carefully constrained. Based on the coastal typology, its use was
first limited to sandy sediment plains and dune coasts, which are estimated to comprise 21% of the
world’s coast, although this figure is itself subject to the classification errors discussed previously.
Within this subset, further data limitations—primarily the lack of reliable nearshore slope data—
reduced the model’s final application to just 9.3% of the global coast. Addressing the limitations
of nearshore bathymetry data therefore presents a promising path forward. Bruun-based shoreline
change projections are highly sensitive to the active profile slope (Thiéblemont et al. 2021), a parameter
that, from approximately 2050, together with SLR becomes the dominant factor in future erosion
impacts. Replacing coarse global datasets like GEBCO with higher-resolution data from naviga-
tional charts or satellite-derived bathymetry would primarily address “measurement uncertainty”,
yielding more realistic confidence intervals and increasing the model’s spatial coverage. However, it
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is reasonable to assume that even with a perfect coastal classification and complete bathymetry data,
this equilibrium-profile approach would remain inapplicable to the vast majority of the world’s
coasts, a finding consistent with previous broad-scale assessments and review studies (SCOR Work-
ing Group 89 1991; Zhang et al. 2004).

Alongside simple equilibrium-profile models, more advanced numerical models that resolve a
range of physical processes offer a more detailed view of shoreline evolution. These models move
beyond simpler equilibrium concepts by linking shoreline change to wave and storm-driven pro-
cesses, such as alongshore transport gradients (Roelvink et al. 2020) or cross-shore profile response
(Ranasinghe et al. 2012). While these provide a more detailed view of long-term shoreline change,
they are computationally more demanding and have not yet been implemented at a global scale.
This focus on the local response to hydrodynamic forcing, however, raises the question of whether
centennial-scale shoreline change is dominated by these local effects or by system-scale changes in
the overall sediment budget. The progression of hybrid frameworks like CoSMoS (Vitousek et al.
2023b) illustrates one path forward, demonstrating how physical models are evolving to integrate
observational data (i.e., satellite-derived shoreline (SDS)) with separate components for wave-driven
change and long-term SLR-induced retreat.

Data-driven approaches are also unlikely to provide centennial insights for future shoreline change
(e.g., Calkoen et al. 2021; Gomez-de la Peña et al. 2023; Adusumilli et al. 2024). These models depend on
long observational records, which for shoreline modeling primarily means the satellite archives of
the Landsat program. While this 40-year record is excellent for studying episodic events and decadal
climate oscillations (e.g., Vos et al. 2023b; Warrick et al. 2023), it is likely too short to resolve the slow,
long-term trend of SLR-induced erosion. The core challenge is the low signal-to-noise ratio in the
observational record; it can take 80 years or more of data to reliably distinguish the underlying ero-
sion trend from the much larger variability caused by storms and recovery cycles (Galgano et al. 1998).
Consequently, with the SLR signal so deeply buried in this natural variability, reliably capturing the
long-term trend with models trained on the current satellite record remains a challenge.

Developing a broader, more comprehensive framework for centennial shoreline projections would
involve moving beyond the direct impact of profile adjustment to capture the indirect, system-scale
impacts of future drivers like relative sea-level rise (RSLR) and human activities on coastal sediment
budgets (Cowell et al. 2003). Such an approach suggests adding another hierarchical level of classi-
fication to the one used in this thesis, moving from local geomorphologies to broader coastal land-
form complexes, such as barrier-inlet systems, deltas, and estuaries (French et al. 2016). This would
situate each transect within its broader system context, creating a nested understanding from sedi-
ment type, through coastal geomorphology, to landform complex. With a system-level classification
in place, a multi-model approach becomes possible. For coastal systems dominated by sediment
sharing, the framework could focus on quantifying future changes to the sediment budget. For
example, a model like ASMITA (Stive et al. 2003) or G-SMIC (Bamunawala et al. 2021) could esti-
mate the increased volumetric demand of sinks like tidal inlets as their accommodation space grows
with RSLR, while other components could account for human-induced changes in sediment sup-
ply from sources like dammed rivers (Dunn et al. 2019). For other major environments, different
models could be applied; for instance, the large proportion of cliffed coasts could be addressed us-
ing specific cliff erosion models (Walkden et al. 2008), while for stable, low-lying hard coasts, the pri-
mary hazard is inundation. A central research challenge then becomes coupling these components
by modeling the sediment pathways that connect sources to sinks, and translating the net volumet-
ric changes into shoreline retreat. Overall, such a multi-model approach is becoming increasingly
feasible as earth observation (EO) provides not only the basis for large-scale classification, but also
first-order estimates for several input parameters, such as intertidal extent for estuary models (Mur-
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ray et al. 2018), turbidity to estimate sediment fluxes (Grandjean et al. 2024), and coastal slopes from
satellite lidar or optical imagery (Vos et al. 2021).

Learning from the Geological Past Understanding the centennial-scale impact of
SLR can be advanced by looking beyond the instrumental record to coastal geoscience. While his-
torical records, such as 18th-century paintings, can extend our observational record beyond the satel-
lite era (Baart et al. 2011), they primarily document a period of relative sea-level stillstand. They offer
little insight into how coastal systems respond to the high rates of RSLR projected for this century—
expected to reach 7 to 12 mm/yr by 2100 (Fox-Kemper et al. 2021)—which have no precedent in recent
millennia. The only empirical evidence of coastal behavior under such conditions lies in the geolog-
ical record. As Woodroffe et al. (2012) argue, echoing words commonly attributed to the founder of
modern geology James Hutton (1788): “If the present is the key to the past, then the past, seen from
the context of the present, can be a guide to the future.” This approach is becoming increasingly
promising as extensive field campaigns and improved dating techniques yield sea-level index points
with millimeter-per-year precision (Vacchi et al. 2021; Hijma et al. 2025). Such paleo-analogues have
already identified quantitative thresholds for ecosystem collapse, showing that mangroves cannot
keep pace with RSLR rates exceeding ∼6 mm/yr (Saintilan et al. 2020). Although dating past sandy
coastal facies is more challenging than dating biogenic sequences, it remains a worthwhile avenue
to explore. Reconstructing past shoreline responses from geological analogues offers a dual ben-
efit: it can provide a deeper understanding of system behavior to guide coastal adaptation, while
also generating validation data to test the fundamental assumptions within the next generation of
centennial shoreline models.

The Adoption of CoastalAI The application of DL and, more broadly, modern AI to
large, heterogeneous spatiotemporal data, as demonstrated in this thesis, helps to establish a new ca-
pability for coastal science. However, the axiom that any ML model is only as good as the data it was
trained on is particularly relevant in this context. The coastal typology presented in Chapter 3 was
trained on “CoastBench” (Calkoen et al. 2025g), a ML training dataset that is (so-far) predominantly
(∼ 95%) collected by a single expert, i.e., the author of this thesis. Consequently, the resulting clas-
sification necessarily reflects the views of its main creator. This highlights a fundamental challenge
and opportunity for the field: to move beyond single-expert datasets towards a community-driven
approach for creating ML training datasets. This is reflected upon more extensively in the final
“Perspective” section (Sec. 5.2).

An important component of such an approach would be a robust and standardized classification
schema, developed with input from a diverse group of coastal engineers, morphologists and geolo-
gists, potentially with help from citizen scientists. Such an effort could build upon the schema used
in this thesis by refining the current classes—for instance, by better articulating degrees of coastal de-
velopment, replacing ambiguous classes like “moderately sloped” with more descriptive categories,
and incorporating lithology to capture resistance to erosion. Another path worth exploring is to add
a higher hierarchical level to situate local geomorphologies within broader coastal landform com-
plexes, such as barrier-inlet systems and deltas, a step that would help enable the system-scale mod-
eling approaches discussed previously. Composing such a schema and curating the corresponding
training data is a considerable undertaking, yet this is important work, that will have long-lasting sci-
entific value. Even with large, pre-trained geospatial foundation models (Jakubik et al. 2023), which
reduce the amount of labeled data needed for fine-tuning, high-quality datasets remain important
for guiding their domain applications like coastal classification. Ultimately, while algorithms and
computational power will advance, a community-owned classification schema and its correspond-
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ing training data would remain a worthy scientific asset that can be used to train generations of
CoastalAI.

5.1.6 Implications for CoastalManagement

This thesis has several implications and recommendations for coastal management, emerging not
only from the final assessment of buildings at risk but also from the datasets developed to support
it. The research contributes to coastal management by offering several globally consistent data prod-
ucts: a new Global Coastal Transect System (GCTS); a compatible, high-resolution (100 m) coastal
typology; several metrics on coastal exposure; and a first-order impact assessment of future coastal
erosion. This impact assessment provides probabilistic shoreline projections under different SLR
scenarios, although its scope is carefully constrained; the ML-derived coastal typology first limited
the model’s application to sandy sediment plains and dune coasts (21% of the world’s coast), before
data limitations (primarily nearshore slope data) further reduced the study area to 9.3%. By correct-
ing previous bias present in earlier transect systems, this work also offers more accurate statistics,
resulting in different estimates of global sediment distribution. In this work the world’s coasts that
are sandy, gravel, or shingle is estimated at 40%, a higher figure than the 31% of sandy beaches previ-
ously reported (Luijendijk et al. 2018), with the difference largely attributed to improvements made
to the used underlying transect system. The results also show that a quarter of global coastlines host
approximately 80 million buildings within the first kilometer of land (Calkoen et al. 2025a). This
development is disproportionately concentrated on the most dynamic coasts; beaches composed of
soft, easily erodible sandy, gravel, shingle or muddy sediments make up 60% of the global total but
contain 50 million buildings in the first kilometer of land. An even higher concentration occurs
on sediment plains and dunes, which represent only 21% of the global coast yet host about 30 mil-
lion buildings. This intrinsic high exposure is reinforced by the narrow setback societies implicitly
maintain. For 10% of the developed global coast, the first building is located less than 37 m from the
shoreline, which is a very limited space for natural coastal processes to take place, while these often
act as the coast’s natural defensive capacity for the societies that live on them.

This high present-day exposure directly translates into significant future impacts when combined
with projections of future shoreline erosion. By 2100, between 1.6 million (under a low-emissions
SSP1-2.6 scenario) and 2.4 million (under a high-emissions SSP5-8.5 scenario) buildings are pro-
jected to be impacted by future erosion. While substantial, this figure represents a conservative
lower-bound estimate, as the model’s application was first refined by the ML-based coastal typology
to sandy sediment plains and dune coasts (21% of the world’s coast), before data limitations (primar-
ily the lack of reliable nearshore slope data) further reduced the study area to 9.3%. These findings
highlight the importance for coastal adaptation, providing a framework for managers to contextu-
alize the strategic responses of protect, accommodate, retreat or advance (Nicholls et al. 2025). The
analysis also reveals a shift in the drivers of future impacts; while near-future impacts are largely
a legacy of present-day coastal development, SLR is projected to become the dominant driver of
erosion impacts throughout the 21st century.

The primary application of this work for management is as a first-order assessment for identifying
potential erosion impacts. Analogous to risk assessment in flood modeling, this asset-level analysis is
comparable to a direct-impact inundation map, which is more targeted and conservative than broad
exposure metrics like the low-elevation coastal zone (LECZ) (Hauer et al. 2019). Responsible use of
this assessment, however, requires understanding its key limitations. First, the underlying coastal
typology has lower accuracy for some classes and is not yet a community standard. Second, the
impact assessment rests on the well-documented assumptions of the simplified equilibrium-profile
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model used for the projections. Finally, the analysis quantifies the physical impacts on buildings
but stops short of a full climate risk assessment, which typically considers the full range of retreat
probabilities and would as well require a complete analysis of vulnerability, including a community’s
socioeconomic capacity to adapt to and cope with the hazard.

The insights from this thesis were enabled by a methodological approach that demonstrates the
potential of integrating modern AI with open satellite data and cloud technology. The identified
limitations, particularly the reliance on a single-expert training dataset, highlight an opportunity
for the management and scientific communities to collaborate on developing shared ML training
datasets. Sustaining this progress also depends on continued support for open data policies, open-
source software, and reliable cloud infrastructure. The challenges and potential solutions regarding
these final points are discussed in detail in the final “Perspective” section of this thesis (Section 5.2).
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5.2 The Future of Global Coastal Science

A Synergy Between Data, Cloud and AI

Abstract
The digital transformation of coastal science is entering a new phase, defined by the challenge of
integrating artificial intelligence with petabyte-scale satellite archives. Progress, however, is now
limited by the absence of a shared framework for integrating the field’s increasingly diverse data,
tools, and models. This perspective argues that overcoming this challenge requires a shift toward an
open, community-governed "bazaar" ecosystem that realizes the synergy between open data, cloud
technology, and AI. It proposes three principles to guide this transition: a focus on interopera-
ble architectures, a common coastal data strategy, and a community-wide commitment to creating
open training data. Adopting these principles is an important step toward developing the robust,
transparent and more intelligent analytical tools needed to support climate adaptation and coastal
management.
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5.2.1 The Digital Transformation of Coastal Science
Coastal science is in the midst of a data revolution. This shift began with the opening of multi-
decadal satellite data archives, which provided an unprecedented amount of historical observations
on the Earth’s surface (Wulder et al. 2012). The volume (petabytes) of this data makes traditional
“download-and-analyze” workflows impractical. The solution emerged from new data processing
paradigms (Dean et al. 2008) that, when incorporated into user-friendly platforms, collocate massive
datasets with analysis tools (Gorelick et al. 2017). This new ecosystem revolutionized geoscience, en-
abling the creation of the first high-resolution global maps of phenomena like forest cover change
(Hansen et al. 2013). These innovations soon made their way into other domains like surface water
monitoring (Donchyts et al. 2016b; Pekel et al. 2016), until the potential of satellite data for coastal
science was demonstrated by global applications to historical shoreline monitoring and tidal flats
mapping (Luijendijk et al. 2018; Murray et al. 2018).

However, it is useful to characterize the methods that were central to this first wave of transforma-
tion. While these early studies commonly leveraged machine learning, the algorithms used were pri-
marily traditional methods developed from the 1960s to 1980s, such as decision trees (Breiman et al.
1984), later widely adopted in implementations like Random Forests and Support Vector Machines
(Cortes et al. 1995; Breiman 2001). It is helpful to distinguish these methods from the DL models that
define the current era of AI (Mitchell 1997; Goodfellow et al. 2016). This modern approach, where
foundational work on neural network architectures—from early work on backpropagation and re-
current networks (Rumelhart et al. 1986; Hochreiter et al. 1997) to the development of transformer
models (Vaswani et al. 2023)—combined with massive datasets and parallel computing (Krizhevsky et
al. 2012; Le 2013), has led to significant advances in fields from protein structure prediction (Jumper
et al. 2021) to weather forecasting (e.g., Lam et al. 2023). Recognizing this distinction helps to reveal
that the digital revolution in Earth System science since the 2010s was primarily facilitated by new
modes of data access and computation, and not by the widespread adoption of modern AI. This
raises a question: given the demonstrated potential of modern AI in other scientific domains, why
have its applications in coastal science been comparatively limited?

The application of deep learning at scale in coastal science remains limited, not from a lack of
potential, but due to the unique challenges of geospatial data (Zhu et al. 2017; Reichstein et al. 2019;
Tuia et al. 2025). Unlike the standardized images used in many mainstream AI applications, satellite
data are heterogeneous, multi-sensor spatiotemporal data stored in petabyte-scale archives, with at-
mospheric effects and temporal gaps that complicate analysis. Beyond the nature of the data itself,
further challenges arise in learning from it. High-quality ground truth is not only scarce but often
imperfectly aligned and semantically inconsistent. Furthermore, models trained on one sensor or re-
gion may not generalize well to others, a problem known as domain shift. These barriers help explain
why CoastalAI—here defined as the scientific sub-discipline that integrates methods from artificial
intelligence with the domain knowledge of coastal science to understand, model, and predict the
dynamics of the coastal system—remains a frontier. This perspective argues that overcoming these
barriers can be enabled by a shift towards a community-governed coastal analytics ecosystem and
proposes three guiding principles for it: an interoperable architecture, a common data strategy, and
a commitment to open training data.

5.2.2 The Synergy of Open Data, Cloud Technology, and AI
The next phase of the digital transformation in coastal science is likely to be characterized by the
widespread adoption of AI to better understand, model, and predict the dynamics of the coastal
system. This perspective argues that realizing this potential depends on a community-driven effort
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to integrate three interdependent pillars: open data, cloud technology, and AI. While each com-
ponent is powerful, their synergy within a shared framework is what enables the development of
robust, interoperable, and transparent analytical coastal AI systems. This section details these three
pillars and the open ecosystem that integrates them, before the next section elaborates on three guid-
ing principles for building and sustaining such an ecosystem.

I. OpenData Publicly funded satellite archives, such as those from the Copernicus and Land-
sat programs, are foundational public goods for equitable, reproducible EO. Today their use is ubiq-
uitous, with applications from monitoring to socioeconomic risk assessments, disaster response and
defense. History shows that open access is not guaranteed; the United States Geological Survey’s
2008 policy to make Landsat data free marked a turning point, enabling the broad-scale analyses
that define modern EO (Wulder et al. 2012). This precedent highlights the importance of safeguard-
ing open data policies against proposals to commercialize satellite data, which would threaten all
applications in their current form.

II. Cloud Technology Cloud technology is paramount for managing the petabyte-scale
archives that open data policies have created. Beyond storage, it has facilitated a paradigm shift away
from “download-and-analyze” workflows towards approaches that bring computation directly to
the data, supported by elastic cloud compute and containerized environments. These workflows
are enabled by cloud-optimized data formats (e.g., COG, Zarr), standardized metadata catalogs
(e.g., STAC), and interoperable application programming interfaces (APIs) that expose data in a
consistent way. Together, these contribute to the creation of analysis-ready data (ARD), a concept
operationalized in frameworks like the Australian Geoscience Data Cube (Lewis et al. 2017). By en-
abling tools to request only required data portions and to scale computation elastically, cloud-native
geospatial makes continental- and global-scale analyses more practically feasible and reproducible.

III. Artificial Intelligence As established, the initial digital revolution in Earth System
science was driven by traditional machine learning, whereas the current era of AI is characterized
by the success of deep learning models (Tuia et al. 2025). These models are particularly suited to the
scale and complexity of modern Earth observation data because they can learn hierarchical represen-
tations directly from large volumes of heterogeneous spatiotemporal data. This capability reduces
the need for extensive, data-specific preprocessing and supports an “end-to-end” learning approach,
where the model itself discovers the most relevant predictive patterns from raw data. For coastal
science, this means evolving from simple traditional machine-learning methods towards answering
complex questions about the dynamics of a coastal system (e.g., de Heer et al. 2025).

The Integrating Ecosystem While each component is powerful, their synergy within a
shared framework is what enables the development of robust, interoperable, and transparent ana-
lytical coastal AI systems that works at scale. Combining these three pillars into a functional whole
depends on the software ecosystem chosen for their integration. The available options can be framed
by the classic open-source analogy of the “Cathedral and the Bazaar” (Raymond 1999). Monolithic
platforms like GEE are analogous to the cathedral: a centrally-planned, all-in-one structure that is
functionally rich but can be rigid, may lead to vendor lock-in, and offers a constrained analytical
environment. In contrast, frameworks like the “Open Data Cube” and open-source communities
such as “Pangeo” and “Radiant Earth” are analogous to the bazaar: a decentralized ecosystem of
interoperable tools built on open standards (Lewis et al. 2017; Hamman et al. 2018). This modular
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approach presents two distinct advantages. First, it allows researchers to control the full analyti-
cal chain, a flexibility typically advantageous for integrating the custom (AI) models used for novel
coastal applications or scientific discovery. Second, as data archives become increasingly scattered
across multiple cloud providers, the bazaar model is well-suited to support the distributed or feder-
ated analytics required to operate across these independent backends (Abernathey et al. 2021; Traub
et al. 2021; Backeberg et al. 2022; Mohr et al. 2025). Such systems depend not only on technical inter-
operability, for instance through standardized processing APIs like openEO (Schramm et al. 2021),
but also on community-driven semantic harmonization to align on common data strategies (Mohr
et al. 2025). For these reasons, an open, community-driven model is a more promising path for data-
driven coastal science.

5.2.3 Guiding Principles for a Community-Governed Ecosystem
The previous section discussed how an open, community-driven “bazaar”—that realizes the synergy
between open data, cloud technology, and AI—is a more promising path for data-driven coastal
science than a monolithic “cathedral.” Realizing the potential of this open model, however, requires
more than just assembling these components; it depends on a shared idea of how to build and sustain
the digital ecosystem. This section explores three guiding principles that can help the community
govern this ecosystem: an interoperable architecture, a common data strategy, and a commitment
to open training data.

An Interoperable Architecture A decentralized “bazaar” model functions best when
its data, tools, and models are interoperable, allowing them to work across different platforms and
providers. Adopting an open, interoperable architecture is a response to the reality that Earth ob-
servation archives are scattered across different cloud providers, with no single platform hosting
all data (Mohr et al. 2025). An interoperable architecture facilitates the integration of the custom
models and diverse datasets that modern geospatial AI depends on (Tuia et al. 2025). Reliance on
single, non-interoperable platforms creates barriers to this goal or has associated risks, as illustrated
by three recent examples. The first is the volatility of cloud platforms, exemplified by the abrupt
discontinuation of Microsoft’s Planetary Computer Hub in June 2024. The platform was unique,
collocating massive EO datasets with the flexible, open-source Pangeo software ecosystem. While
it had a higher entry barrier than some alternatives (e.g., GEE), it offered full control over the ana-
lytical chain. However, with only a few weeks’ notice, the compute hub was retired due to internal
corporate security policy changes. This decision, while not affecting the underlying data archives,
disrupted research projects that relied on its integrated compute environment. The migration of
ongoing work (e.g., Calkoen et al. 2025c) to an institutional high performance computing (HPC)
cluster revealed a new set of challenges. While the open-source Dask software (Rocklin 2015) could
be reconfigured to run on an institutional HPC system, the physical infrastructure was not designed
for cloud-native workflows. The network capacity of the university was insufficient for the data-
intensive communication with nearby cloud servers, causing network congestion on the university’s
supercomputer. This illustrates that also modern HPC systems may not be well-equipped for the
cloud-native workflows that process petabyte-scale data repositories in modern coastal EO applica-
tions. An additional disadvantage was that this workflow became specific to that institution and
therefore was not easily shared or reproduced elsewhere. Finally, with proprietary platforms there is
the risk of a gradual shift in the terms of service, as seen with GEE. Launched in 2010 with a mission
to support forest monitoring, GEE has progressively transitioned towards a commercial product,
culminating in its integration into the Google Cloud Platform in 2022 and the formalization of
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paid tiers for non-research use. Besides the risk of future discontinuation or costs, “one-stop-shop”
platforms have a scientific constraint: their server-side infrastructure is often proprietary, and users
are limited to the methods available in its client libraries. Implementing novel or specialized algo-
rithms not provided out-of-the-box is significantly more complex than in an open-source ecosystem,
creating a “walled playground.” These examples highlight that for research programs and opera-
tional climate services, reliance on single commercial or institutional platforms presents consider-
able risks. Open frameworks are preferable, particularly as they are now available, as demonstrated
by the Open Data Cube (ODC) initiative. The ODC is not a centralized service but a framework
for nations and organizations to build their own data cubes, empowering them to manage and an-
alyze Earth observation data on their infrastructure of choice. One of its implementations, Digital
Earth Australia, has effectively demonstrated how this platform-independent approach can deliver
operational, continental-scale analyses (Bishop-Taylor et al. 2021) or tools (Bishop-Taylor et al. 2025)
without locking users into a single provider.

Community-GovernedDataStrategy A decentralized “bazaar” of tools and data func-
tions effectively when its participants share a common language. A community-governed data strat-
egy can establish this by promoting both technical interoperability and semantic harmonization
(Mohr et al. 2025). Technical interoperability allows systems to exchange and process data, while se-
mantic harmonization ensures that the meaning of that data is unambiguous. As coastal science
has transitioned from a data-poor to a data-rich field, the importance of such standards grows. The
history of the Argus coastal imaging network (Holman et al. 2007) illustrates the challenges of data
management without modern standards: decades of imagery were collected, yet today this data re-
sides in fragmented archives that are difficult to access with modern tools. These data management
challenges are not new. The climate and ocean modeling communities faced similar issues and ad-
dressed them through the Climate Forecast (CF) conventions (Eaton et al. 2003). Originating in
the 1990s, CF established a standard way to describe gridded and discrete data and introduced a
common vocabulary—the CF Standard Name Table—that provides precise definitions for vari-
ables. This shared semantics enabled international efforts like the Climate Model Intercomparison
Project (CMIP) (Eyring et al. 2016). For a modern, cloud-native coastal ecosystem, a similar path is
possible. The STAC specification provides a standard for data discovery, but it does not describe the
internal schema of the data itself. Achieving semantic harmonization therefore requires a domain-
specific data specification. The recently launched Field Boundaries for Agriculture (“Fiboa”) ini-
tiative offers a pragmatic model that the coastal community might follow (fiboa contributors 2025).
It defines a simple core schema and uses a flexible extension model to add richer attributes. A sim-
ilar “simple core, rich extensions” model could be applied to coastal science. For coastal analytics,
a specification could define a foundational data unit (e.g., a set of alongshore coastal stations) with
a core schema containing only essential information like a unique identifier, geometry, bounding
box, and administrative divisions. Community-developed extensions could then attach domain-
specific data, such as a ‘satellite-derived shoreline’ extension with attributes for shoreline chainage,
timestamps, and tidal stage, or a ‘geomorphology’ extension with a coastal typology. When data
producers adopt such standards, they simplify the preprocessing steps for the entire community,
making datasets interoperable and easier to compare and benchmark. This, in turn, allows for stan-
dardized processing workflows, like the “recipes” from the Pangeo Forge initiative, that create ARD
by default (Stern et al. 2022), moving from case studies to specialized coastal data services. Adopting
and maintaining a standardized, community-governed specification for common tasks like shore-
line monitoring is an important step toward making the growing volume of coastal data a cohesive
and interoperable resource.
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Open Training Data With an interoperable architecture and common data standards in
place, the final principle for a coastal “bazaar” is a commitment to creating high-quality, open train-
ing data. This remains a primary challenge for adopting modern AI in coastal science (Zha et al.
2025). Modern AI is particularly effective because it can learn complex patterns directly from vast
quantities of raw data, bypassing the manual feature engineering of earlier methods (Reichstein et al.
2019). The performance of these models, however, depends entirely on the quality of their training
data. While creating public training datasets is becoming standard practice in related fields like flood
mapping (e.g., Bonafilia et al. 2020; Notarangelo et al. 2025), coastal science has few such resources,
with only fragmented datasets available for tasks like waterline monitoring and coastal classification
(Seale et al. 2022; Buscombe et al. 2023; Calkoen et al. 2025c). Such training datasets represent a new
form of scientific asset; while algorithms evolve, robust, community-curated benchmark datasets
can remain an enduring resource (e.g., Deng et al. 2009). Creating them requires a rigorous approach.
The community-governed data specification proposed previously can help by ensuring that datasets
have consistently defined labels, a clear ontology, and harmonized geospatial metadata in a machine-
readable format. Model generalization can be improved by creating leakage-proof splits for training,
validation, and testing. Furthermore, bias can be reduced by using multiple annotators who follow
clear guidelines and by ensuring balanced coverage across diverse coastal systems. The “CoastBench”
dataset developed in this thesis highlights the limitations of a dataset labeled predominantly by a sin-
gle expert. This underscores the importance of collaborative efforts, where a diverse community of
scientists can collectively build, refine, and curate the training data needed to support future gener-
ations of CoastalAI models.

5.2.4 Outlook
The growing volume of Earth observation data offers an opportunity to understand the coastal sys-
tem in higher detail, but only if this raw data can be converted into useful information, for which AI
provides excellent tools. As this perspective has discussed, realizing the potential of CoastalAI can
be enhanced by moving beyond siloed platforms toward an open, community-governed ecosystem
that effectively integrates open data, cloud technology, and AI. The guiding principles discussed
here—an interoperable architecture, a common data strategy, and a commitment to open training
data—provide a practical framework for such an ecosystem. Adopting these principles is not merely
a technical exercise, but a collaborative investment by the coastal science community to build the
shared infrastructure required to better understand, model, and predict the dynamics of the coastal
zone, and ultimately, to better manage the world’s coasts.
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This thesis set out to to develop a global framework for assessing the future impacts of coastal erosion
by combining the vast observational datasets now available from satellites with the power of cloud
technology and the capabilities of artificial intelligence (AI). The research conducted to achieve
this objective has yielded the following conclusions, presented in direct response to the research
questions posed in Chapter 1.

Regarding RQ1 (Scalable Methods) The combination of satellite data, cloud technology, and
AI enables the study of local coastal phenomena, such as coastal erosion, at a global scale
by bridging the gap between broad but coarse (“everywhere”) and detailed but local (“any-
where”) analyses. Satellite data provide global, consistent, high-resolution observations; AI
provides methods to analyze large quantities of heterogeneous spatiotemporal data; and,
cloud technology provides the digital infrastructure to perform these analyses at scale. This is
achieved by adopting a strategy that decouples data storage from compute, centered on three
principles. First, bringing code to the data through data-proximate computing is essential,
as petabyte-scale satellite archives are too large to move. Second, for the big datasets pro-
duced and used, adopting cloud-optimized formats (e.g., GeoParquet) that are described in
standardized metadata catalogs (e.g., Spatio-Temporal Asset Catalog (STAC)), is essential for
interoperability and performance. Finally, orchestrating these workflows within a flexible,
scalable open-source software ecosystem (Pangeo) provides the modularity and flexibility re-
quired to analyze complex coastal phenomena at vast spatial scales, without compromising
on spatiotemporal resolution. An extra advantage for the latter is that it avoids both depen-
dence on a single commercial provider and the hidden biases that can arise from proprietary
platforms where data is often preprocessed in specific ways. By embracing a “cloud-native
geospatial” approach, AI can be applied at scale to satellite data. A final important finding,
however, is that one of the larger bottlenecks for leveraging modern AI is the need, hence,
creation of large, representative, and ideally collaboratively-built training datasets, which is
a non-trivial task that would be useful to account for in future research.

Regarding RQ2 (Coastal Geomorphology) The geomorphological composition of the world’s
coast was mapped at 100 m resolution using deep learning, creating a novel, globally con-
sistent coastal typology. This analysis provides new insights into the global distribution of
coastal landforms, revealing that over 60% of the world’s ice-free coast consists of soft, erodi-
ble sediments. The typology revises earlier statistics on sediment distribution, estimating
that 40% of the global coast is fronted by sandy, gravel, or shingle beaches, a higher figure than
the 31% previously reported, with the difference largely attributed due to the new, zonally-
unbiased transect system used in this thesis. The analysis also reveals geomorphological sensi-
tivities, showing that 20% of these sandy, gravel and shingle beaches are backed by cliffs. This
cross-shore configuration limits their natural capacity to migrate landward with sea-level rise
where cliffs are composed of resistant lithologies; a critical detail this satellite-based approach
cannot resolve yet. Methodologically, this work helps establish deep learning in coastal sci-
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ence. However, the classification has limitations. While robust for sediment type (F1-score
of 0.76), it is less accurate for the more complex coastal type classification (F1-score of 0.67),
with some classes like "moderately sloped" remaining ambiguous due to their overlap with
adjacent classes. The automated nature of the method, however, ensures that the typology
can be iteratively improved as the community collaborates on standardized class definitions
and more diverse, openly available training datasets.

Regarding RQ3 (Future Erosion Impacts) This research provides a global impact assessment
of future coastal erosion by first quantifying present-day coastal exposure and then combin-
ing this with probabilistic future shoreline projections produced under different sea-level
rise (SLR) scenarios. The global exposure analysis reveals that a quarter of the world’s coast
(∼253 000 km) has at least one building in the first kilometer of land, hosting approximately
76 million buildings within 1 km of the shoreline. From these patterns, the thesis introduces
the “Empirical Setback Zone” (ESZ), a data-driven metric that quantifies the de facto setback
coastal communities implicitly maintain. For 10% of the developed coast, the first building is
located less than 37m from the shoreline, leaving little space for natural coastal dynamics or
human modifications. The analysis also shows that development is disproportionately con-
centrated on soft, erodible coasts; for instance, building density on sandy, gravel, and shingle
coasts is 354 buildings per kilometer, significantly higher than the global average of 299. This
high present-day exposure translates into significant future impacts. Through a refined ap-
plication of an equilibrium-profile model, the analysis shows that while near-future impacts
are mostly a legacy of historical development, sea-level rise is projected to become the domi-
nant driver of future erosion impacts over the 21st century. By 2100, this places between 1.6
million (under a low-emissions SSP1-2.6 scenario) and 2.4 million (under a high-emissions
SSP5-8.5 scenario) buildings at risk of being impacted by erosion. This figure represents a
conservative lower-bound estimate, as the model’s application was refined by the machine
learning (ML)-based coastal typology, which constrained its use to sandy sediment plains
and dune coasts (21% of the world’s coast) before data limitations (primarily nearshore slope
data) further reduced the study area to 9.3% (∼93 000 km). This refined approach, however,
is still subject to uncertainties from the underlying ML-based coastal typology and highlights
the need for better nearshore slope data as well as for multi-model approaches to assess future
erosion impacts on other coastal types. Finally, this work provides a first-order impact assess-
ment of probabilistic future shoreline change under different SLR scenarios, but stops short
of a full climate risk assessment, which would require a complete analysis of vulnerability,
including sensitivity and adaptive capacity.

Outlook This thesis has demonstrated how the synergy of open satellite data, cloud technol-
ogy, and artificial intelligence enables the detailed study of coastal phenomena, making it possible to
integrate large, heterogeneous observational datasets to assess erosion impacts at the level of individ-
ual buildings. Beyond the specific findings for coastal science, this work serves as a broader demon-
stration for geoscience of a promising path for analyzing large, heterogeneous datasets. Looking
ahead, as the volume of Earth observation data grows, a primary challenge for coastal science will
be the integration of the field’s diverse data, tools, and models. As argued in the perspective of this
thesis (Ch. 5.2), a promising path forward is a collective shift toward an open, community-governed
ecosystem. The guiding principles discussed—an interoperable architecture, a common data strat-
egy, and a commitment to open training data—can help realize this effort. This will ultimately
enable the community to build the robust, transparent, and intelligent analytical tools required to
better manage the world’s coasts in an era of climate change.
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A ACloud-Native Data
Repository for Coastal Science

This chapter describes the primary scientific outputs of this dissertation: a global coastal data repos-
itory and an accompanying open-source software library for scalable coastal analytics. Together,
these components form a cloud-native ecosystem designed to enable a wide range of global coastal
analyses. The software library contains generic components for applications such as coastal moni-
toring, coastal mapping, and intertidal bathymetry estimation. The library’s design integrates with
the Pythonic “cloud-native geospatial” software ecosystem, including tools like DuckDB for SQL-
based spatial analytics.

A.1 A Global Data Repository
The data products described in this chapter adhere to the FAIR data principles (Wilkinson et al. 2016).
They are stored in cloud-optimized formats and made findable and accessible through a public
Spatio-Temporal Asset Catalog (STAC) collection (https://github.com/FlorisCalkoen/stac-phd),
with persistent versions archived on Zenodo for long-term access. While this section provides a sum-
mary of each dataset, the online STAC catalog serves as the definitive source for detailed, machine-
and human readable metadata.
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A A Cloud-Native Data Repository for Coastal Science

Global Coastal Transect System (GCTS)
Description A foundational dataset of over 11 million cross-shore transects spaced at

100m intervals along global coastlines (80°S - 84°N). Derived from a re-
cent (Jan. 2023) OpenStreetMap coastline, an important feature is that
transects are generated in their local UTM projection, ensuring uniform
length and correcting for latitudinal distortions present in previous sys-
tems. GCTS provides a standardized spatial framework for monitoring
coastal change, mapping coastal variables, and provides a robust basis for
downstream coastal analytics.

STAC Identifier gcts

Version 2024-08-02
Format GeoParquet
Spatial Framework Global, 100 m resolution transects
Reference F R Calkoen et al. (Jan. 1, 2025f). “Enabling Coastal Analytics at Planetary

Scale”. Environmental Modelling & Software 183, p. 106257. doi: 10 . 1016 / j
.envsof t.2024.106257

License Creative Commons Attribution 4.0 (CC BY 4.0)
Access A persistent version is archived on Zenodo (DOI: 10.5281/zen-

odo.14056924)

Global Coastal Grid
Description A global coastal tiling system designed for scalable geospatial analytics in

coastal areas. Derived from a recent (Jan. 2023) OpenStreetMap coast-
line, it provides structured grids (SlippyMapTiles) at multiple zoom lev-
els (2-10) and buffer sizes (500m-15000m). Each tile contains precom-
puted intersections with countries, continents, and Sentinel-2 MGRS
tiles, making it convenient for broad-scale data processing. Filenames,
such as coastal_grid_z9_10000m.parquet correspond to the zoom level
and buffer size.

STAC Identifier coastal-grid

Version 2025-01-01
Format GeoParquet
Spatial Framework SlippyMapTiles (zoom levels 2-10)
Reference F R Calkoen et al. (Jan. 1, 2025f). “Enabling Coastal Analytics at Planetary

Scale”. Environmental Modelling & Software 183, p. 106257. doi: 10 . 1016 / j
.envsof t.2024.106257

License Creative Commons Attribution 4.0 (CC BY 4.0)
Access A persistent version is archived on Zenodo (DOI: 10.5281/zen-

odo.16925825)
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A.1 A Global Data Repository

Sentinel-2 L2A Annual Composite (2023)
Description An annual, cloud-free composite of Sentinel-2 L2A imagery for the year

2023. Generated per MGRS tile, a median composite was computed
from scenes sourced from the Microsoft Planetary Computer, using a
method that ensures balanced spatial and temporal sampling while mask-
ing clouds and shadows. The final product includes six reflectance bands
(Blue, Green, Red, NIR, SWIR16, and SWIR22) resampled to a uniform
10 m resolution.

STAC Identifier s2-l2a-composite

Version 2025-04-04
Format Cloud-Optimized GeoTIFF (COG)
Spatial Framework Global 15-km coastal zone, 10 m resolution (Global Coastal Grid)
Reference F R Calkoen et al. (July 24, 2025c). “Mapping the World’s Coast: A Global 100-

m Coastal Typology Derived from Satellite Data Using Deep Learning”. Earth
System Science Data Discussions, pp. 1–37. doi: 10.5194/essd-2025-388

License Creative Commons Attribution 4.0 (CC BY 4.0)
Access Direct access is recommended via the CoCliCo STAC catalog using the

coastpy library. Due to its large size (~1TB over more than 200 thousand
tif files), the dataset is not archived in a persistent Zenodo repository, but
only available via the cloud (token can be requested from Deltares).

CoastBench
Description A global training dataset of approximately 1,800 expert-labeled samples

for coastal classification. The labels are connected to the GCTS grid,
with each sample having labels for four attributes along the cross-shore
coastal profile: sediment type, coastal type, built environment presence,
and coastal defense presence. This training dataset is the basis for the
Global 100 m Coastal Typology product.

STAC Identifier -
Version 1.0
Format GeoParquet
Spatial Framework GCTS
Reference F R Calkoen et al. (July 3, 2025g). CoastBench: A Global Training Dataset for

Coastal Classification Using Satellite Imagery and Elevation Data. Version 2025-
04-09. Zenodo. doi: 10.5281/zenodo.15800285

License Creative Commons Attribution 4.0 (CC BY 4.0)
Access A persistent version is archived on Zenodo (DOI: 10.5281/zen-

odo.15800284). For analysis, direct access is recommended via the
CoCliCo STAC catalog using the coastpy library.
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A A Cloud-Native Data Repository for Coastal Science

Global 100m Coastal Typology
Description Provides global predictions for four coastal attributes along the cross-shore

coastal profile: sediment type, coastal type, presence of built environ-
ments, and presence of engineered defenses. Derived using a convolu-
tional neural network trained on the CoastBench dataset, the predictions
are mapped to the GCTS framework. Each record includes the predicted
class label and associated model confidence for all four attributes.

STAC Identifier coastal-typology

Version 2025-04-09
Format GeoParquet
Spatial Framework GCTS
Reference F R Calkoen et al. (July 24, 2025c). “Mapping the World’s Coast: A Global 100-

m Coastal Typology Derived from Satellite Data Using Deep Learning”. Earth
System Science Data Discussions, pp. 1–37. doi: 10.5194/essd-2025-388

License Creative Commons Attribution 4.0 (CC BY 4.0)
Access A persistent version is archived on Zenodo (DOI: 10.5281/zen-

odo.15599096). For analysis, direct access is recommended via the
CoCliCo STAC catalog using the coastpy library.

ShorelineMonitor: Satellite-Derived Shorelines
Description Annual satellite-derived shorelines (SDS) from Landsat imagery (1984-

2024), represented as vector line features. This dataset extends the work
of Luijendijk et al. (2018) and includes attributes such as shoreline curvature
and expanded metadata.

STAC Identifier shorelinemonitor-shorelines

Version 2025-01-09
Format GeoParquet
Spatial Framework Deltares ShorelineMonitor Box System
Reference In progress
License Restricted
Access Available upon reasonable request from Deltares.
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A.1 A Global Data Repository

ShorelineMonitor: Satellite-Derived Shoreline Series
Description Shoreline positions from the ShorelineMonitor SDS dataset mapped onto

the GCTS framework. This dataset provides a time series of shoreline loca-
tions per transect and includes flags to identify a primary shoreline-change
series for trend analysis.

STAC Identifier shorelinemonitor-series

Version 2025-01-09
Format GeoParquet
Spatial Framework GCTS
Reference In progress
License Restricted
Access Available upon reasonable request from Deltares.

Global Coastal Transect Repository (GCTR)
Description An enriched version of the GCTS designed for coastal analytics. It ex-

tends the foundational transects by adding two key attribute sets: Direc-
tional Coastline Proximity, which provides 12 distance measurements to
the OSM coastline along fixed bearings (0°, 30°, ..., 330°) to characterize
local geomorphology, and Coastal Exposure Metrics, which quantify the
distance to, count of, and total area of nearby building footprints.

STAC Identifier gctr

Version 2025-08-22
Format GeoParquet
Spatial Framework GCTS
Reference F R Calkoen et al. (Aug. 22, 2025d). The Global Coastal Transect Repository

(GCTR): An Analyis-Ready, Cloud-Native Data Repository for Coastal Analyt-
ics. Zenodo. doi: 10.5281/zenodo.16928269

License Creative Commons Attribution 4.0 (CC BY 4.0)
Access A persistent version is archived on Zenodo (DOI: 10.5281/zen-

odo.16928268). For analysis, direct access is recommended via the
CoCliCo STAC catalog using the coastpy library.
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A A Cloud-Native Data Repository for Coastal Science

Future Shoreline Projections
Description Probabilistic projections of future shoreline positions for 2030, 2050, and

2100 under three SSP scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5). Projec-
tions are derived from a model combining historical trends with SLR-
induced retreat (Bruun rule) and are provided for sandy sediment plains
and dune coasts where the model was applied. The dataset includes the
Monte-Carlo distribution (1000 samples) as well summary statistics (me-
dian and 90% confidence interval) for the projected change at each GCTS
transect.

STAC Identifier shoreline-projections

Version 2025-08-22
Format GeoParquet
Spatial Framework GCTS
Reference F R Calkoen et al. (Aug. 22, 2025e). Future Shoreline Projections. Version 2025-

08-22. Zenodo. doi: 10.5281/zenodo.16928881
License Creative Commons Attribution 4.0 (CC BY 4.0)
Access A persistent version is archived on Zenodo (DOI: 10.5281/zen-

odo.16928881). For analysis, direct access is recommended via the
CoCliCo STAC catalog using the coastpy library.
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A.2 The coastpy Analysis Library

A.2 The coastpyAnalysis Library
CoastPy is a domain-specific Python package containing tools for scalable, cloud-based coastal anal-
ysis. The library is deeply integrated with the Pangeo and OpenDataCube software ecosystem,
leveraging packages like Dask for parallel computation, Xarray for labeled n-dimensional arrays,
and GeoPandas for vector data computation. It provides convenient functions to produce, manage
and search STAC catalogs, retrieve data from cloud storage, and execute spatial analytics workflows,
typically using DuckDB. All data described in this data repository chapter can be accessed program-
matically using this library.

Software name CoastPy
Developer Floris Calkoen
Year first release 2024
System requirements Python ≥ 3.11; macOS, Linux, Windows
Dependencies Dask, Xarray, GeoPandas, DuckDB, PySTAC
Availability github.com/TUDelft-CITG/coastpy; PyPI
License MIT License
Citation F R Calkoen et al. (Jan. 1, 2025f). “Enabling Coastal Analytics at Planetary

Scale”. Environmental Modelling & Software 183, p. 106257. doi: 10 . 1016 / j
.envsof t.2024.106257
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B Appendix to Chapter 2: Enabling
Coastal Analytics at Planetary
Scale

This appendix provides supplementary material supporting the findings of the “Enabling Coastal
Analytics at Planetary Scale” chapter, structured to align with the supplementary information of
the original publication.

B.1 CoastalWaterlineMapping: Comparisons and
Performance

B.1.1 Qualitative Comparison: CoastSat vs. CoastPy
Figure B.1 presents time series data for a transect (PF6) at Narrabeen Beach, Australia, comparing
field observations, CoastSat, and CoastPy. The figure demonstrates that CoastPy achieves compara-
ble accuracy in mapping coastal waterlines to CoastSat. The minor discrepancies between CoastSat
and CoastPy can be attributed to the tidal correction applied in CoastSat but not yet implemented
in CoastPy. These results confirm that the methods used in this cloud-native coastal monitoring
approach are effectively configured.
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Figure B.1: Comparison of CoastPy, CoastSat, and field-
observation satellite-derived shoreline (SDS)-series for tran-
sect PF6 at Narrabeen Beach, Australia.

B.1.2 Computational Performance: CoastSat
Figure B.2 shows time-series data of memory and CPU usage during the process of mapping SDS
for Narrabeen Beach, Australia, using CoastSat. The mapping of all shorelines from the Sentinel-2
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B Appendix to Chapter 2: Enabling Coastal Analytics at Planetary Scale

catalog took 3.75 hours. During this period, memory usage was saturated at approximately 50%
on average, while CPU usage averaged around 15%. In total, 851 Sentinel-2 Top of Atmosphere
(TOA) images were processed, resulting in 450 unique shorelines after accounting for duplicates
due to overlapping tiles.
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Figure B.2: CPU and memory usage over time for Coast-
Sat while mapping SDS from the full Sentinel-2 catalog for
Narrabeen Beach, Australia.

B.1.3 Computational Performance: CoastPy
Figure B.3 presents a performance report with CPU, memory, and bandwidth usage of the Dask
compute cluster while mapping coastal waterlines using CoastPy for Ocean Beach, USA. The area
of interest covers two quadtiles (zoom level 10), necessitating two iterations of mapping, which is
evident from the repetitive pattern in the data over time. Each tile mapping follows a repetitive
pattern of scheduling, initial computation with few workers, adaptive scaling, and computation
with many workers. During the scheduling phase, CPU, memory, and bandwidth usage are low.
As the computation begins with a small number of workers, CPU usage increases until the cluster
adaptively scales to more workers to handle the larger computational workload. The adaptive scaling
phase shows relatively low CPU usage as workers are configured with the necessary software and
data. The compute-at-scale phase occupies approximately one-fourth of the total time, similar to
each of the other phases, and is characterized by high bandwidth usage (intensive write operations),
showing that the majority of coastal waterlines are mapped during this phase. This cloud-native
approach to coastal waterline mapping achieves near-full CPU saturation when computing results.
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B.1 Coastal Waterline Mapping: Comparisons and Performance

Compute (n=2)Scheduling Compute (n=<100)Adaptive scaling Compute (n=2)Scheduling Compute (n=<100)Adaptive scaling

Ocean Beach (USA) Tile 1 Ocean Beach (USA) Tile 2

Figure B.3: Performance report of the Dask compute cluster during coastal waterline mapping
using CoastPy for Ocean Beach, USA. The report details CPU, memory, and bandwidth usage
over time, highlighting the repetitive patterns of scheduling, initial computation, adaptive scaling,
and compute-at-scale phases for two quadtiles.
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B Appendix to Chapter 2: Enabling Coastal Analytics at Planetary Scale

B.2 Geospatial Data Partitioning
Figure B.4 presents a global map of the global coastal transect system (GCTS), spatially partitioned
into parts, each containing a maximum size of 100 MB. The data is sorted by quadkey, with entries
from Alaska at the beginning and entries from Australia at the end. Bounding boxes representing
the different partitions are overlaid on the map, showing that transect records are grouped by spatial
area. This partitioning approach facilitates efficient geospatial data retrieval by allowing metadata
to discard irrelevant partitions. The figure also shows that areas of higher coastal complexity, such
as Indonesia, have relatively high data density.
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Figure B.4: Global map of the geospatially partitioned
GCTS data, sorted by quadkey. The dataset is divided into
partitions with a maximum size of 100 MB, enabling effi-
cient geospatial data retrieval.

B.3 Data Retrieval Benchmarks
Figure B.5 presents the distribution of data retrieval times for various data release strategies, as de-
tailed in Table 2.1 in the main chapter. The small variance across all experiments indicates a robust
setup, ensuring consistent performance across different retrieval methods.
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Figure B.5: Distribution of data retrieval times for differ-
ent data release strategies. The specific operations applied
in each experiment are detailed in Table 2.1.
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C Appendix to Chapter 3: Mapping
theWorld’s Coast

This appendix provides supplementary material for the “Mapping the world’s coast: a global 100 m
coastal typology derived from satellite data using deep learning” chapter. It is organized into two
main parts: supplementary results, including additional global, regional, and national maps; and
model performance details, which provide further insight into the training data and classification
confidence.

C.1 Supplementary Results
This section contains additional visualizations that complement the results presented in the main
chapter, offering a more detailed view of the global coastal typology.

C.1.1 GlobalMaps of Binary Classifications
Figures C.1 and C.2 provide the global spatial summaries for the two binary classification tasks,
complementing the primary sediment and coastal type maps shown in the main text.
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Figure C.1: Global map of predicted is built environment, aggregated on a level-3 H3 grid for visual-
ization purposes using the most frequent class (mode) per cell. This coarser view summarizes almost
10 million classified coastal transects, highlighting regional patterns. Basemap: Natural Earth.
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Figure C.2: Global map of predicted has defense, aggregated on a level-3 H3 grid for visualization
purposes using the most frequent class (mode) per cell. This coarser view summarizes almost 10
million classified coastal transects, highlighting regional patterns. Basemap: Natural Earth.
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C.1 Supplementary Results

C.1.2 European Coastal Typology
The following figures provide a more detailed regional view of the predicted coastal typology for
continental Europe, as referenced in Section 3.1 of the main chapter.

Sandy, gravel or small boulder sediments Muddy sediments

No sediment or shore platformRocky shore platform or large boulders

Figure C.3: Map of continental Europe with predicted sediment type, aggregated on a level-5 H3
hexagonal grid for visualization purposes using majority class (mode) per cell. This continental view
summarizes around 1.2 million classified coastal transects, highlighting regional patterns. Basemap:
Natural Earth.
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Figure C.4: Map of continental Europe with predicted coastal type, aggregated on a level-5 H3
hexagonal grid using majority class (mode) per cell. This continental view summarizes around 1.2
million classified coastal transects, highlighting regional patterns. Basemap: Natural Earth.

102



C.1 Supplementary Results

C.1.3 Coastal Typology per Country
Figure C.5 provides a quantitative breakdown of the coastal typology at the national level, support-
ing the summary statistics presented in Table 3.3 of the main chapter.
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Sandy, gravel or small boulder sediments Muddy sediments No sediment or shore platformRocky shore platform or large boulders

Cliffed or steep Moderately sloped DuneWetland InletEngineered structures Bedrock plainSediment plain

FalseTrueIs built environment

FalseTrueHas defense

Figure C.5: Normalized class distributions per country for each of the four classification tasks: sed-
iment type, coastal type, is_built_environment, and has_defense. For each task, stacked bars represent
the percentage of transects assigned to each class within a given country. This allows for compara-
tive analysis of coastal typology across countries.
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C.2 Model Performance and Validation

C.2 Model Performance and Validation
This section provides supplementary information related to the model’s training and validation,
supporting the discussion of model performance in Section 3.5.3 of the main chapter.

C.2.1 Global Distribution of Training Samples
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Figure C.6: Global distribution of training samples per H3 cell (zoom level 3). Basemap: Natural
Earth.
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C Appendix to Chapter 3: Mapping the World’s Coast

C.2.2 Classification Confidence and Uncertainty
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Figure C.7: Model confidence per H3 cell (zoom level 3) averaged across the four typology
tasks. Confidence is computed for each transect as follows: for multi-class tasks (shore_type,
coastal_type), it is defined as the maximum predicted class probability; for binary tasks (has_defense,
is_built_environment), it is the distance from the classification threshold (0.5), scaled between 0 and
100. This visualization highlights regions where model predictions are more certain (green) or more
ambiguous (red), providing spatial insight into model reliability. Basemap: Natural Earth.
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D Appendix to Chapter 4: Global
Coastal Erosion

SSP

+ Empirical Setback Zone+ Sea-level RiseAmbient Change

Figure D.1: Projected length of coast at risk, by continent. This figure supplements Figure 4
by disaggregating the projected risk by continent, quantified as the total length of coast (km) where
buildings are at risk. Each panel shows results for 2030, 2050, and 2100 under three emissions sce-
narios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). The stacked bars disaggregate the total risk into contri-
butions from ambient change (AC), sea-level rise (SLR), and the empirically-derived natural buffer.
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SSP

+ Empirical Setback Zone+ Sea-level RiseAmbient Change

Figure D.2: Projected percentage of coast at risk, by continent. This figure supplements Fig-
ure 4 by disaggregating the projected risk by continent, quantified as the percentage of the analyzed
coastline where buildings are at risk. Each panel shows results for 2030, 2050, and 2100 under three
emissions scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). The stacked bars disaggregate the total risk
into contributions from ambient change (AC), sea-level rise (SLR), and the empirically-derived nat-
ural buffer.
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Figure D.3: Projected number of buildings at risk, by continent. This figure supplements Fig-
ure 4 by disaggregating the projected risk by continent, quantified as the total number of buildings
at risk (in millions). Each panel shows results for 2030, 2050, and 2100 under three emissions sce-
narios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). The stacked bars disaggregate the total risk into contri-
butions from ambient change (AC), sea-level rise (SLR), and the empirically-derived natural buffer.
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SSP

+ Empirical Setback Zone+ Sea-level RiseAmbient Change

Figure D.4: Projected building area at risk, by continent. This figure supplements Figure 4
by disaggregating the projected risk by continent, quantified as the total building area at risk (in
million m²). Each panel shows results for 2030, 2050, and 2100 under three emissions scenarios
(SSP1-2.6, SSP2-4.5, and SSP5-8.5). The stacked bars disaggregate the total risk into contributions
from ambient change (AC), sea-level rise (SLR), and the empirically-derived natural buffer.

SSP

+ Empirical Setback Zone+ Sea-level RiseAmbient Change

Figure D.5: Projected density of buildings at risk, by continent. This figure supplements Fig-
ure 4 by disaggregating the projected risk by continent, quantified as the density of at-risk buildings
(count per km of analyzed coastline). Each panel shows results for 2030, 2050, and 2100 under three
emissions scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). The stacked bars disaggregate the total risk
density into contributions from ambient change (AC), sea-level rise (SLR), and the empirically-
derived natural buffer.
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SSP

+ Empirical Setback Zone+ Sea-level RiseAmbient Change

Figure D.6: Projected density of building area at risk, by continent. This figure supplements
Figure 4 by disaggregating the projected risk by continent, quantified as the density of at-risk build-
ing area (m² per km of analyzed coastline). Each panel shows results for 2030, 2050, and 2100
under three emissions scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). The stacked bars disaggregate
the total risk density into contributions from ambient change (AC), sea-level rise (SLR), and the
empirically-derived natural buffer.
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