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Agripé islenskuaf D2.2 skyrslu MEDiateverkefnisins

MEDiateverkefnid midar ad pvi ad proa dkvardaastudningskerfi (e. Decision Support System
(DSS) til ad beeta aheettustjéornun vegna nattiruhamfara med hlidsjon af samverkandi
aheettum og kedjuverkandi ahrifum bessi skyrslaer hluti af vinnupakka 2 (WP2) MEDiate
verkefninu. Skodad er @amspil margra nattarwarpatta, sérstaklega vatrafreedilegra,
vedurfreedilegra loftslags- og edlisfraeedilegra pattapar a medalskrida. Markmidio er ad skilja
samspilmismunandinéttaruvaa, til deemis hvernig stormur getur leitt til flodag sidar skrida.

i skyrslunni eru einnigspar um breytingar & tidni og alvarleika haettupatta byggdar a
athugunum a loftslagsbreytingum & fjorum sveedum i Evrépu. Nidurstédurnar eru mikilveegar
fyrir vinnupakka 3 (WP3)i MEDIlateverkefninu. Sa hluti vinnur ad manneskjumidadri
dheaettugreiningu, nidurstédurnar verdasidan felldar inn i DSSattina i vinnupakka 4 (WP4)
til ad baeta stadbundd og svaedisbundd skipulag ogstjornun a haettusveedum

Helstu nidurstdédur rannsoknarinnar eru ad leggja eettidherslu a mikilvaegi pess ad skilja
flokid samspil margra nattiruvarpéatta og hvefa til sampeettra nalgana vid mat & heettuplikt
hefdbundnum adferdum sem oft einblina & einstakanattiaruva. Helstu askoranir félust i
sampeettingu fjolbreyttra gagna fra mismunandi adilum ogkristalla poérfina a frekari
fiarfestingu i gognumog adferdafreedilegum rannsdéknumé blandadri nattaruva

Rannsdknin nytti gogn fra fjorum evropskum profunarsveedund Osld, Nice, Essex og
Mulapingi & og upplysingarnar undirstrika mikilveegi sveedisbundins breytileika i
dheettustjérnun vegna nattiruhamfara Nidurstédurnar gefa til kynna ad loftslagsbreytingar
hafi ahrif &4 timasetningu, styrkleika og samspil nattanarpatta, sem krefst préunar
loftslagspolinnar aheettustjérnunarstefnu fyrir hvert sveedi Einnig er 16gd ahersla a félagsg
efnahagslegar afleidingar samspils margranattaruvarpatta og mikilveegi pess ad reda

almenning um pessar aheaettur.

Lykilord:akvardanatokukerfi haettumat, bléndud natturuva,loftslagsbreytingar
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Samantekt & islensku

A0 skilja samfélagsleg ahrif samverkandi nattaruvdapar a medal efnahagslegt tjén og
félksflutninga, er lykilatridi vid préun heildreennatefna um ahaettustyringu. bessi nalgun tryggir ad
ahaettustyring vegna hamfara snuist ekki eingébngu um ad spa fyrir um og draga ur haettum, heldur
einnig um ad vernda samféldg og lifsvidurveeri peirra.

Annad mikilveegt framlag rannséknarinnar er moguleikinn 4 ad auka vitund og freeda almenning
um aheettu sem stafar af mérgum nattiruvam samtimis. Med pvi ad midla nidurstédum og innsyn
getur verkefnid studlad ad upplystari almenningi sem er betur i stakk biinil ad skilja og bregdast
vid slikum &haettum.

Vinnupakkitvd (WP2)leggur grunn ad framtidarrannséknum & nokkrum lykilsvioum. Rannséknin
hefur aukid skilning okkar & samspili nattiruvaa, med aherslu & fjogur evrépsk rannséknarsveedi:
Osl6, Nice, Essex og MiulapingHvert sveedi veitir einstaka innsyn i flékin tengsl milli 6likra
nattdruvaa i mismunandi landfreedilegum og loftslagslegum adstaeedum. bPessar nidurstédur eru
mikilveegar fyrir préun markvissra og arangursrikratefna til aheaettustyringar, baedi & pessum
svaedum og vidar.

1 Oslé: Samverkandarfléd ogsjavafléd

[ Oslé eru samverkandi sjavarog arfl6d medal algengustwnattiruvaa og valda miklu tjoni. itarleg
likdn syna ad tidni og alvarleiki slikra atburda muni aukast i framtidinni, sem undirstrikar poérfina
fyrir sampeetta borgarskipulagningu og flédavarnir. Einnigoru skodud tengsl milli arkomu og
skridufalla, par & medal leirskridaHeetta sem pessikallar a 6fluga innvidadaetlun sem tekur mid
af samverkandinattaruvam i stad hefébundinna nalgandar sem stakar nattaruvar eru skodadar

2 Nice: Hitabylgjur, purrkar og skridufoll

Nice-svaedio veitir mikilveega innsyn i samverkandi hitabylgjur og purrk&dmpound HeatWaves
and Drought COHWD) sem eru bein afleiding loftslagsbreytingaLandsveedid er pekkt fyrir
midjardarhafsloftslag og sérstaka landfreeddg aukning i 6fgavedrhefur verid aberandi Spar syna
minnkandi drkomu og fleiri vetrarpurrka. Aukning fl6da og skridufalla var einnig skodud
Nidurstodur rannsoknarinnar syna adegga parf aherslu a vidbragdsaeetlanir, svo sem vatAaog
mataradstod, flutning bafjar og préun nyrra lifsvidurveera.

3 Essex: Vindur, arkoma, hiti og fl68

I Essex beinist athyglin ad samspili 6fgavedurs: miklum vindi, hita, Urkomu og sj&k@um.
Nidurstodur syna aukna tilhneigingu til samverkandi vaa, sérstaklega samhlida vindi og arkomu.
P6 ad tioni slikra atburda sé enn lag, er buist v hun haekkiog verdi alvarlegriNidurstadan er
ad petta kallar & styrkingu strandvarna og préun snemmvidvorunarkerfa fyrir samverkandi va.

4 Mdlaping: Skriduféll, snj6fl6d og vedurva

I Malaping voru skodud gogn um skridufoll og snjoflod sem tengjast vedurfarspattunsérstok
jardfreedi og vedrattaspila stéran patt ipeirri nattGruva Nidurstdédur syna ad samspikafrar
urkomu ogaddragandairkomu hefur ahrif a likur & skriduféllum. Engin skyr tenging fannst milli
urkomuatburda og krapafl6da liklega vegna farra skrddrérapafl6da. Tengsl voru einnig skodud

c
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milli &kafrar snjokomu og addragandasnjokomu og purra snjoflodaljos kom adtenging er milli
arkomu og purra snjofloda enslikar adsteedur eru liklegar til ad verda sjaldgeefari i framtidinni.
Naudsynlegt er ad efla voktun og sampeetta pessadttiruvar i skipulags og vioblinadaraaethnum.

Vidteek ahrif og framtidarrannséknir

Nidurstodurvinnupakka 2.2 ma yfirfeera & dnnur rannsoknarsvaedibaer syna ad naudsynlegt er ad
feera 4heettustyringu fra einhaefum ndélgunum yfir i sampeettar, fjblpaettar adferdir.
Loftslagsbreytingar breyta tioni, styrkleika og tengslum nattiruvaa. Framtidarrannsokagttu ad
préa og adlaga adferdir MEDiatgerkefnisins ad 6drum svaedum med 6liku loftslagi og landfreedi.
Verkefnid markar einnig upphaf préunar a hapréudum akvardanastudningskerfum sem geta betur
spéd fyrir um og dregid Ur dheettu vegna samverkandatturuvaa.
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1 Introduction

The MEDiate project aims to develop a decisgupport system (DSS) for disastésk management

that provides local authorities, businesses, and citizens with a comprehensimsezbplatform to
assess the risks posed by natural hazards. Within thegbyd/ork Package 2 (WP2) is designed for
the Assessment of current and futumailti-hazard interactions and cascading impadtsdiagnoses the
primary forms of interacting natural hazards across Europe, drawing examples from four specific
testbed locatins.

Within WP2, the focus of this report, designated as deliverable 2.2 (D2.2), lies in analysing
interactions between hydrological, meteorological, and climatological hazards, including mass
movements. Specifically, D2.2 seeks to understand the mechanipgndiencies between interacting
natural hazards, such as a storm inducing flooding leading to subsequent landslides. The report
elucidates the interconnections between primary and associated hazards across various spatial and
temporal scales. Furthermord, provides projections regarding changes in hazard frequency and
severity, grounded in the principal natural hazards identified within each testbed.

The findings of this report serve as input data for Work Package 3 (WP3), which is tasked with
developing a peopteentred risk assessment for each testbed. This assessment is then integrated into
the DSS portal to enhance local and regional disastermig@kagement as part of Work Package 4
(WP4).

1.1 Objectives of this deliverable

This report serves as the main deliverable of TaskAs2essment of the primary interacting hazards
across Europe.lIt builds upon the work laid in Task 2.1, which focused on reviewing quantitative
methods for assessing multazard interactions and proposing a framework applicable to assessing
present and future muitiazard interactions and impacts, particularly thastuenced by climate
change (Kennedgt al., 2023).

The objectives of Task 2.2 are as follows:

1 To identify the relevant interacting hazards for each testbed.

1 To determine a set of intensity measures to be utilised as an input for WP3.

1 To assess intensity measures of potential future interactive hazard pairs, considering the
impact of climate change.

In the context of climate change, accurately assessing hazards and associated risks, particularly those
stemming from infrequent muitiazard events like floods and heatwaves, encounters two main
challenges. Firstly, there is a lack of comprehensive amehsike observational data. Secondly, there

is significant uncertainty regarding future local and global climatic conditions, including factors such

as the distribution of extreme precipitation events and trends in urban development. These limitations

‘16
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result in substantial uncertainties in the outcomes and a potential tendency to underestimate the
probabilities of emerging risks. Consequently, the MEDiate project emphasizes efforts to expand the
existing observational database and maximize the utifigvailable data.

This investigation is benefited by interactions with ongoing EU initiatives (e.g., MYREAD.
The analysis draws upon ensembles of climate datasets, including those from0ORDEX and the
latest CPRCM runs available under H2020 EUCP (e.g., CMIP5, CMIRBe adopt a contemporary
typology, along with cuttingedge methods and research findings, to construct a plausible framework
for diagnosing and classifying Europe's predominant interacting hazards and cascading impacts, both
presently and in the futur&his deliverable utilises a variety of datasets with varying resolutions, with
a particular focus on those from the Copernicus Climate Change Service (C3S) of the Copernicus Earth
Observation Programme of the European Union. Detailed descriptions of rsmeoidic datasets can
be found in sections 4 and 5.

1.2 The MEDiate testbeds

This investigation spans across four distinct testbed locati@so (Norway), Nice (France), Essex
(UK), and Mulaping (Iceland) across Europe. To gauge the significance and nature of-ragtirds

in these testbeds, historical events within each locatierconsidered. These events serve as examples

of the types of multhazard interactions that necessitate modelling within the MEDiate platform under
developmentThe framework outlined in this deliverable builds the foundation of this platform. While
various hazards, including meteorological, hydrological, climatological, and geological hazards, are
observed in the testbeds, the primary focus lies on the interactions among meteorological, hydrological,
and climatological hazards (such as compounding eydntassess the impact of climate change.
Geohazards are also examined, particularly regarding their role as triggers for interactions between
landslides and climateelated hazards. A brief description of the testbeds, including an overview of
multi-hazad events, is given below.

1.2.1. Oslo testbed

The study area encompasses the municipal boundaries of Bglo€¢1.2.1), a coastal city in Norway
with a moderate population density (650,000 inhabitants and a surface area of 357 tenclimate
profile report of Oslo (KIlimaprofil Osl o og Aker

Al andslides, floods and mudslidesd and fAstorm su
analyses of downscaled climate mtsxdas was stated already in the IPCC ARS report (IPCC, 2013).

The most significant rainfall floods in eastern Norway typically occur during the summer or
early autumn, coinciding with precipitation covering extensive areas. Many of the most devastating
floods in Central Europe are attributed to a weather pattern kramathe "Vhktief or Vb-Zug" in Van
Bebber's terminology (Van Bebber, 1882). While mostt\M occurrences affect Central Europe, they
occasionally extend into Scandinavia. The-Néf is associated with blocking antiyclones in the North
Atlantic Oceantypically near Iceland, and over northeast Europe, near Finland. Warm air masses are
prevalent in the east, while depressions often form in the Norwegian Sea near the coast of Norway,
directing cool maritime air masses southward. Following a prolongeddef dry weather, rivers often
experience minor floods. Subsequent rainfall can trigger more substantial floods once the ground
becomes saturated (Roald, 2021).
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The city of Oslo is susceptible to compound flood events, including riverine floods, storm
surges, extreme rainfall, erosion, and landslides, all potentially occurring concurrently under specific
conditions. For instance, an extreme storm event in-@utbber 1987 over southern and eastern
Norway caused significant damage to the Oslo fjord due to multiple types of flooding, including coastal
and riverine floods, as well as extreme winds. During that event;dag@eriod with rainfall reaching
up to 240% 6the normal level was succeeded by a period where the maximum daily rainfall had a
recurrence interval of IA5 years. This led to floods in eastern Norway and southern Norway with a
recurrence interval of up to 100 years. These rainfall conditions, edupith spring tides and wind
conditions recurring at least every 25 years, contributed to notably extensive floods along the coast.
The storm caused damage amounting approximately 650 million kroner (147 million euros present
value), surpassing the totahtural damage compensation recorded in the period from 1982 to 1986
(Engen, 1988).

Furthermore, studies in Norway have identified precipitation, particularly €bort and intense
rainfall, as the primary trigger for soil landslides, often exacerbated by rapid snowmelt or heavy rainfall
(Nadimet al., 2009,Devoli, et al., 2019. This study focuses on rainfaliduced landslides and utilises
events from the NVE landslide inventory (NVE, 2023).

The Alna region of Oslo exhibits mediuto-high susceptibility to quick clay landslides due to
various contributing factors like ground characteristics, topography, erosion, and flood events. Climate
change has amplified the frequency and intensity of hexatlated hazards, leading to increased risk
of quick clay landslides in the Alna region. Heavy summer precipitationi @@®D m3/s) saturates the
ground, and high river flow rates in the Alnaelva contribute to erosion in waterways, a significant trigger
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for such landslides (Nesheimt al., 2022; Huanget al.,2023). The floods and landslides are considered
as a precondition to quick clay hazard and specifically when preceded by an unusually wet summer.
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Figure 1.2.1 Oslo testbed region. The figure shows the location of a rain géoige dot), tidal
sensor, and the gauging station (red dot) on the river Gryta. Additionally, the closest nodes (green
dots) used for extracting modelled surge and river flow data from global datasets are shown.

1.2.2. Nice testbhed

The NiceCobte d"Azur Metropolis is a French intarunicipal structure, situated in the southeastern part

of France, around the city of Nice. It encompasses an area of approximately 150@Hkmpopulation

of more than 540,000 inhabitantBigure 1.2.2). It features a diverse landscape that includes coastal
plains in the south, bordering the Mediterranean Sea, as well as steep mountainous and rural areas in
the north. The Metropolis faces various environmental challenges, including the risk of nazaeds

such as heatwaves, drought, earthquakes, landslides, and flooding (coastal and riverine), particularly in
low-lying coastal areas. Climate change also poses a growing concern, with rising temperatures and
shifting weather patterns affecting the regis ecosystems.

The Nice Metropolis is characterized by small basins where the slopes are generally steep, and this
makes the area very prone to flash floods. Flash floods have very short response times that sometimes lead to
dramatic consequences in terms of casualtidsdamages (Brauet al, 2016). The city of Nice is crossed by
the Lower Paillons River, a typical torrential river with low water levels throughout the year but that can be
affected by violent floods (794%s for a return period of 100 years) in autuamad winter (Gamet al, 2023).

These are normally the maximum rainy seasons, often characterized also by extreme events e.g., Storm Alex
in October 2020, known as Brigitte in central Europe and Aiden in the UK and Ireland, brought powerful

kkkkkkkkkkhkkkkkhkkhkhkkhkhkkhkkhkhkkhkkhkx



° G Funded by
@ MED'ate the European Union

winds, intense rainfall, and thunderstorms. These weather conditions led to landslides and flooding in
southeastern France, northern Italy, and central Europe from October 2 to October 7, resulting in a minimum
of 15 deaths (Copernicus, 2020). Moreovettt @d the river crossing the city is covered, increasing the
vulnerability of the area. To the east of Nice, there is the Var Valley, one of the main freshwater resources of
the Nice Metropolis. The Var River is also subject to extreme events like theedniier 1994 flood (Mat

al., 2016).

This region is also affected by coastal floods. On 16 October 1979, a tsunami hit the French Riviera
around Nice, killing 8 people and generating large economic losses, such as the collapse of part of the building
site of a new harbour at the Nice airpdite flood extension reached 150 m inland with a 3.5 m runup and a
sea level elevation of 2.5 m above mean sea level (Sahal and Lemahieu, 2011). This specific event was
probably triggered by anthropogenic factors but tsunami hazards, mainly triggerathiquaees, also exist
at a regional scale and can have a high impact on the population and infrastructure (eaatd@014).

Further, coastal floods can be generated by surge storms like during the more recent flood event on the 3
October 2015, which again led to high economic loss and several fatalitiesgiahe2016; Bertraneét al.,
2022).

The province of Nice is constantly affected by landslides. Among the annals of its history, one
catastrophic event stands éuhe 1959 Roquebilliére Landslide. Triggered by torrential rainfall, this
calamitous event induced a massive debris flow, wreakingstructure and claiming numerous lives. More
recently, several landslides were triggered during high rainfall events in 2000 and 2020.

In the available documentation of landslide events within the province, a total of 3,532 events have been
recorded. These data were adopted to understand and address the susceptibility of the region to such natural
phenomena. A significant portion of thdata was sourced from the BDMvT (Base de Donnée Mouvements
de terrain), accessible through Géorisques (BDMvT, 2024). Developed and maintained collaboratively by
organizations such as BRGM, CEREMA, and RTM since 1994, this database provides insightssipadidh
distribution, temporal trends, and characteristics of landslides across France. Furthermore, in pursuit of a
comprehensive understanding, additional data were collected through-iqtleopoetation techniques
(LUCAS, 2023).

As a direct consequence of global warming, the Nice Metropolis is increasingly affected by heat and
drought. Recent analyses show clear summer warming and drying trends in Europe in recent decades,
especially in the Mediterranean region, such as the sfuUfnance (Tauling, 2018). For example, summer
2003 was exceptionally hot and dry due to a combination of very low precipitation and extreme air
temperatures. Moreover, sunshine duration was above normal and relative air humidity was below normal
during tre whole year (Rebete#t al, 2006). A decrease in annual precipitation will also contribute to an
increase in winter droughts. These extreme events are liable to increase regionally due to the variation in rain
patterns led by climate change as well as the occurrence of readmeights and heat waves. Repeated
droughts happened for instance from 2004 to 2007. One of the most recent events occurred in the summer
2015 which was characterized by pronounced drought, a heatwave and very low precipitaseret-il,

2017)
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Figure 1.2.2 Nice testbed region. The figure also shows locations of observedanideiver
gauges (red dots) and the closest nodes (green dots) selected for extracting modelled surge and
river flow data from the global datasets.

1.2.3. Essex testbed

Essex, situated in the east of England (UK), is a-lpwg region with a surface area of 3,670 %and

boasts a 905 km long coastlinEigure 1.2.3). Bounded by the North Sea to the east, Suffolk to the
northeast, Cambridgeshire to the north, Hertfordshire to the west, and Greater London to the southwest,
Essex features the city of Chelmsford as its county town. Essex has a population of 185,000, mai
concentrated in the south of the county while the remainder is largely rural. The coastline is flat and
deeply indented by estuaries.

The geographical configuration of Essex, characterized by an extensive coastline and a network of rivers
and canals traversing urbanized areas, makes the region prone to combined river and coastal flooding, as
evidenced by five nationally defined flood kisareas. The Essex County Council Local Flood Risk
Management Strategy (2013) addressed various flood risk types, including flash flooding caused by high
intensity rainfall and groundwater flooding, occurring when water levels in the ground rise abgreuti
surface. Moreover, the southern North Sea is susceptible to significant storm surges, due to the narrowing of
the English Channel and being relatively shallow compared to deeper basins to the north. This bathymetry
funnels waves onto lodying coasal margins. Thus, when extreme wind and wave forcing coincides with
high spring tides there is the potential for extensive sea flooding (Sgtate2015). This hazard is escalating
because of climate change which is leading to a rise in the freqoériopd incidents on the south and
southwest coasts of Britain, as already observed during the&fiury (Zong and Tooley, 2003). The
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Preliminary Flood Risk Assessment (PFRA) for Essex County Council reported approximately 1,300 local
flood events over fifteen years.

Historically, the Braintree and Witham areas (Braintree District of Essex) have been susceptible to
significant flooding from fluvial and surface water sources (Essex Pluvial Model Update Braintree, BMT,
2020). Additionally, south Essex faces$eeel riee and flooding in the Thames Estuary (Steed, 2023). The
benchmark storm surge event for the region occurred on 31 Jahuaruary 1953, which, in total, caused
the deaths of over 2,000 people in UK, Belgium and the Netherlands. This is considerest ttievastating
natural disaster in NW Europe in the last century (Speetat, 2015). A southern North Sea event of
comparable magnitude occurred between 5 and 6 December 2013 (almost 60 years later). These events
produced similar surge heights but the 1953 storm was dominated by the surge component, while the 2013
event was alsoharacterized by a large tidal component (Wastegl,, 2015).

The winter of 2013/2014 was not only characterised by a single storm event, but it was also
exceptionally wet and stormy as a succession of deep Atlantipfessure systems, associated with a
powerful jet stream. It was the wettest winter in the UK'seobational records, and the stormiest period
of weather experienced for at least 20 years (Kendon and McCarthy, 2015). The majesstgenon
5 6 December was foll owed by &ecembgruoecarly danuarly witma j o r
strong winds andheavy rain that brought multiple fluvial and coastal flooding. Thisaction of wind
and rain is of particular interest to increase our knowledge of multiple or compound hazards, not only
because strong wind is usually accompanied by continuous raihtdallalso because climate change
leads to largescale shifts in weather patterns that directly influence theamurrence of these hazards
(Bi et al.,, 2023).

Moreover, the winter 2013/2014 was very mild. The UK mean winter temperature was the fifth
highest from 1910, with an absence of cold spells (Kered@i, 2015). In general, over the last decade,
Essex has been subject to major overheating events and the duration and intensity of heatwaves are
expected to increase due to global surface temperature rise. In summer 2022, for example, a daily
maximum tempetare of 40.3°C was reached on 19 July making it the hottest July heatwave in the UK
(Yule et al.,, 2023.
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Figure 1.2.3 Essex testbed region. The figure also shows locations of observedntidgver
gauges (red dots) and the closest nodes (green dots) selected for extracting modelled surge and
river flow data from the global datasets.

1.2.4. Mulaping tesbed

Austurbris the Association of Local Authorities of all municipalities in East Iceland (Austurland) (Austurbru,
2024), and it operates in all administrative matters related to this region. East Iceland covers the area from
Vopnafjordur in the north to Krossnes inetsouth and has four municipalities: Fjardabyggd, Mulaping,
Fljétsdalshreppur and Vopnafjardarhreppur. In this report, the testbed is Mulaping and more precisely the town
of Seydisfjordur. The municipality covers 10.671 %mvith a population 0f5.359, but the town of
Seydaisfjorour had a population of 685 as of 2019. The mountainside south of Sey®disfjordur is characterised by
varied terrain including summits, large depressions, gullies, and cliffs. Standartindur on the south side rises to
1010 mabove sea level and Bjélfur, on the northern side of the fjord, is 1085 mRiighe1.24 andFigure

1.25).

The main natural hazards in Mulapingeydisfjordur are snow avalanches and landslides, collectively
called fdAofanfl -HO0O in I cel andi c. Il n 1995, t wo aval
in the Westfjords of Iceland. This ledda increase in avalanche research and development of a methodology
for hazard zoning based on the individual risk, or annual probability of death due to avalanches. This approach
has then been expanded al so t o 0achcaozuanrtd faosrs d sasnndesn t
considers the estimation of avalanche frequency, theutiistribution, and the vulnerability, which is
estimated using the data from the fatal accidents in 1995 (Areéds 2002). In a strict sense, theclled
Ahazardod zoning is a risk zoning, but in lcelandic
there are defined three hazard zones, A, B and C, which are defined by the presence of acckptable ris
hazard zone A, the acceptable locdk tiss between 0.B 1.0 x 10* (yellow risk line), in zone B it is between
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1.0 and 3.0 x If(blue risk line), and in zone C, the level is 3.0 % {i@d risk line). For each category, there

are spatial planning rules in force and provisions to reduce or mitigate localised risk. Above the highest risk
line (line C) constructions of new houses is forbidden. Notice that the red line (line C) exterttls sga to
prevent infilling and reclamation of land for building purpodégifre1.25).

0 70140 280km
17 5 S

Y Seydisfiorour station
[ seyoisfioréur town
[____] Mulaping region
- Iceland administrative region

Figure 1.2.4 Mulaping testbed region. The figure also shows locations of Seydisfjorour town

and data stations (green and red dots).
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Figure 1.25 Hazard (risk) map in force with place namas mentioned in this section. The
coloured lines define the points on which the individual risk, or probability of death due to
avalanches is respectively 3010 (red line), 1.0x 10* (blue line) and 0.% 10 (yellow line).

The extension of the zonation into the sea is intended to prevent future construction from

reclaimed land.

During the week 14 18 December 2020 several debris flows and a 74,09@andslide occurred in
Seyadisfjordur, destroying many businesses and homes but with no casualties. The event led to the total
evacuation of the town for several days. The landslide hazard assessment was revised, and mitigation was
planned Gylfadéttir et al, 2021) The town of Seydisfjérour has been known for its landslide hazard for
several decades and especially after the fatal landslide in August 1950. The landslide invenideg &cl
short description of that event: iGr eat damages o0
hit the house Str°nd. Many smaller debris flows f¢
(Jensen and Sonser 2002, Ggttir et al, 2019).

In Seyoaisfjorour snow melt, especially during late winter and/or springtime, can lead to slush flows
within a stream and, as cascading effects, debris floods, hyper concentrated floods or floods can propagate in
inhabited areas. A slush flow is definedaaflowing mixture of water and snow which can entrain soil or
debris on its propagation path (Hestnes, 1998). For this kind of hazard, the physical conditions of the stream
or channel define the potential of occurrence of slush fl@wyitfadottiret al., 2021)

The river Hadegisa runs from a plateau towards the base of valley, passing three main rock bands that
interrupt the slope to form stegérnalds et al, 2002).This type of slope morphology allows snow to
accumulate, and during melting, slush flows are possible. On 21 February 1904, a slush flow from Hadegisa
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reached the river Fjardara at the valley bottom (nr. 4023 in IMO inventory). From historical accounts, there
were reports of heavy snowfall during January 1904, followed by a rapid thaw on 21 February. Many slush
flows and snow avalanches fell at the sd@ime in the same area due to the destabilisation of the snow during
the intense thaw.

More recently, a slush flow occurred in Hadegisa (no. 55041 in the inventory of IMO) on 23 February
2019. At the time, the whole area of the Eastfjords where subjected to slush flows and 16 events were recorded.
The weather conditions were similar to thees in 1904 with rapid thawing of pexisting snow cover.
However, this slush flow did not reach the river Fjardara, with subsequent flooding further downstream.

Many historical events of snow avalanches have been recorded in above the town of Seydisfjordur.
Among them the most fatal of all recorded snow avalanches in Iceland, the event of 18 February 1885, where

24 people we killed. In the IMO snow avalanche invenr y , t he f ol |l owing descrip
avalanche fell from Bj6lfur reaching from Jékugil to further out than Hlaupgja. Many houses were destroyed
and 24 people wetale20®®). | | ed. 0 (Arnal ds
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2 Scope of the report and definitions

The focus of this report is primarily on the interactions between hydrological, meteorological, and
climatological hazards (flooding, heatwaves, cyclones and wildfires), in addition to geophysical hazards such
as mass movements (landslides). These natazdrds can interact in ways that impact areas beyond their
immediate surroundings. Floods can cause landslides, storms can bring heavy rain, which can lead to flooding
and the triggering of landslides. These hazards can occur over both time and spacan Dedhard to predict,
rapidly changing, and difficult to mitigate. As the planet warms, natural hazards are becoming increasingly
frequent and severe (IPCC, 2022), and communities are not used to such rapid changes. This can lead to
communities becom@mmore vulnerable to natural hazards.

The project uses Participatory Action Research (PAR) to involve municipalities in the testbeds
(Komendantovaet al, 2023). The PAR work formed part of WP1 in the MEDiate project, and the authors of
this report took part directly in the assessment and analysis of the survey results. Each testbed leader selected
three multihazard pairs that represented vulnerabilif@sthe region in question. Stakeholder needs from
each testbed were communicated to WP2. Hazard pairs in this report were defined atcohgimgeeds of
each testbed.

2.1 Definitions

Definitions for WP2 were covered extensively in the deliverable of Taskkehrledyet al., 2023.
However, some terms need to be defined more precisely for this report as they feature widely in the
treatment of hazard interactions, driving mechanisms, and the sequencing of hazard occurrence. The
definitions below are refined versions of the nomehuia of Kennedyet al. (2023). They are alspart

of the UNDRR classification system for hazards (UNDRR, 2020).

Compound hazardis often used as an alternative or is near synonymous to the termhazétid and
therefore these terms are adopted in this report as having the same definition.

Hazard driver: In the IPCC ARG report (IPCC, 2022), climate change is defined as a significant hazard
driver that can impact multiple hazard types and contribute to their interactions. Changes in
temperature, precipitation patterns, sea levels, and weather eventmtstedth climate change can
intensify or alter the occurrence of various hazards. For example, rising temperatures can lead to more
frequent and severe heatwaves, while increased rainfall can elevate the risk of flooding and landslides.
Hazad drivers are factors or conditions that contribute to the occurrence and severity of hazards. When
it comes to interacting hazards, hazard drivers play a crucial role in shaping the interactions and
interdependencies between different types of hazards.

Intensity measures: Overall, intensity measures provide a quantitative basis for understanding and
assessing the severity of various natural or hwmadoced phenomena, enabling better risk
management, mitigation strategies, and decisimking processes. In wind engineeringensity
measure describes the strength of wind loads on structures, in meteorology, it quantifies the severity of
weather phenomena such as rainfall, snowfall, windstorms, or hurricanes. In the context of statistics or
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probability theory, intensity measure refers to quantities that characterize the severity or strength of an
event or phenomenon.

Multivariate events: Multivariate events refer to natural hazard events that involve the simultaneous
occurrence or interaction of multiple hazards. These events can have complex and interconnected
dynamics, resulting in increased risks and impacts. Multivariate events canincpatial or temporal
proximity. For example, a hurricane can bring together strong winds, heavy rainfall, and a storm surge,
leading to a multivariate event with compounding effects. Multivariate events can also be
preconditionedf the occurrence or severity of one hazard is influenced by prior conditions or factors.

Preconditioned events Preconditioned events involve natural hazard events that are influenced or
modified by prior conditions or factors. These conditions can increase the likelihood or severity of the
hazard event. Preconditioning factors can be spatial or temporal in nEturexample, an area that

has experienced prolonged drought is more susceptible to wildfires, or an area with already saturated
soil is more prone to flooding. Preconditioned events can also involve multivariate aspects, where
multiple factors interact to increase the risk or impact of a hazard event.

Secondary hazard The indirect consequences or effects that arise because of the primary hazards.
Secondary hazards can be equally, if not more, damaging and can include effects such as landslides
triggered by earthquakes or a stesmrge because of an extreme cyclon@uaricane.

Spatially compounding events Natural hazards that occur in close spatial proximity to each other.
These events may be different hazards or related phenomena happening in the same geographic area.
Spatial ceoccurrence events can include preconditioned or multivariate aspectsskorde, wildfires

can lead to increased landslide risks in the surrounding area due to the loss of vegetation cover, creating
a spatial ceoccurrence of two hazards.

Temporally compounding events:Natural hazards that happen in close temporal proximity to each
other. These events can be separate hazards or related phenomena happening within a relatively short
timeframe. Temporal coccurrence events can exhibit preconditioned or multivariate cteaistics.

For example, a strong earthquake followed by aftershocks over a short interval constitutes a temporally
compounding event, where the subsequent seismic hazards are caused by the initial mainshock.

Climate change is expected to be a significant hazard driver that can impact multiple hazard types and
contribute to their interactions. Changes in temperature, precipitation patterns, sea levels, and weather
events associated with climate change can Bifgror alter the occurrence of various hazards. For

example, rising temperatures can lead to more frequent and severe heatwaves, while increased rainfall
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can elevate the risk of flooding and landslid€éable2.1.1 shows the selected climate impact drivers
listed in the IPCC ARG report for Europe.

Table2.1.1 Climate impact drivers listed in the IPCC AR& North (NEU) and West Central
Europe (WCE DecJagn refers to change in mean precipitation in winter.

Climate impact driver |NEU WCE

Mean warming i A W Decreasing

Heat extremes A A o Nochange

Cold extremes 7 L7 = Increase and decreasing
Mean precipitation A Dec-lan | © * Increasing

Heavy precipitation A L

Droughts > >

Severe wind A L

Geographical and geological characteristics of an area can act as hazard drivers and shape the
interactions between hazards. Features such as steep slopes, proximity to rivers, or presence of
susceptible soils can influence the occurrence of landslidebk,sabhsequent cascading hazards like
liguefaction. Hydrological and environmental conditions are crucial hazard drivers that influence
interactions between hazards. Factors like rainfall intensity, soil saturation, river flow rates, or coastal
processes caaffect the occurrence and severity of flooding, erosion, and related hazards. Changes in
these factors can influence the timing and synchronization of hazard events and potentially amplify
their impacts.
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3 Methods and overview of hazard interaction types

This section is structured into five sections describing the methodologies used to define the interacting hazards
in four testbed regions (section 3.1), selecting the appropriate measures to analyse joint probability, hazard
pairing for possible future ewés, and four categories of mditazard events (section 825).

To identify relevant types of hazard interactions across the four testbeds, this project employs the

Participatory Action Research (PAR) approach (Komendangival., 2023), involving stakeholders

from each testbed. In the PAR process, participants from each testbed selected the most pertinent
hazards from a predefined list for their respective areas. In the initial PAR cycle, primary hazards within
the testbed regionsere identified (Figure 3.1.1).

Landslides
Storm

.
. - 3 §
15 @ = e -
B : § s 5 F
2 E % £ g E 5 £
Oslo Nice Essex Mulaping
Probability of top 5 hazards in each testbed
*+ Geophysical hazards ¥ Earthquake Tsunami
4 High
* Meteorological hazards Storm ™ Heatwaves
: 3 Medium
* Hydrological hazards ¥ Floods Landslide, mudflows, avalanche
* Climatological hazards W Forest fires Drought 2 Low

1 Present but not top 5

Figure 2.1.1 Hazards priorities in testbeds from the PAR process.

It is evident from Figure 3.1.1 that the first PAR process primarily focused on-biszged events. To identify
relevant interacting hazards, in line with the primary objectives of this deliverable, a PAR workshop was
convened in June 2023. During thisnkshop, the concept of interacting hazardehere hazards combine,

trigger other hazards, or lead to cascading impaatas deliberated (see Figure 3.1.2). The primary natural
hazards (Figure 3.1.1) identified during the previous PAR workshop served amdatfonal basis for
analysing and comprehending the interactions among these hazards. Additionally, the workshop introduced a
typology of interacting hazards, encompassing preconditioned and triggering, multivariate, spatially
compounding, and temporallyompounding events (Figure 3.1.2). These four categories of-nauzkird

events were selected to offer diverse perspectives for understanding and analysing the intricate nature of
natural hazards and their interactions. These typologies align with tigersdégion framework proposed and
employed in various recent studies (Zscheisoblexl, 2020; Leeet al, 2024). These categories underscore

the interconnectedness, dependencies, and compounded risks arising from the simultaneous occurrence,
proximity, or antecedent conditions associated with hazard events.

‘30



H RN Funded by
@ MED'ate the European Union

Following the introduction of the mulhiazard typology, discussions were held with stakeholders to
identify suitable multhazard events within their respective testbed regions. An evaluation of potential
interactions among various individual hazards wadertaken (Figure 3.1.2). Subsequently, stakeholders
identified three pairs of interacting hazards in each of the four testbed regions, prioritised accordingly (see
Table 3.1.1). A variation in the order of hazards can be observed between Figure 3.Tablend.1.1,
underscoring the fact that while some hazards may have less individual impact, their interactions with other
hazards could result in potentially significant effects.
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Figure 2.1.2 Multi-hazard interaction diagram, showing the interconnectednessl

dependencies between hazard drivers. The diagram also shows the connections between tasks

within WP2 (Kennedgt al., 2023).

Table2.1.1 Identified multihazards of importance to each testbed.

Testbed | Multi -hazard interactions Typology
1. Compound flood (coastal and riverine) Multivariate
Oslo 2. Flood and quick clay Preconditioned and triggering
3. Flood and landslide Triggering
1. Compound flood (coastal and riverine) Multivariate
Nice 2. Flood and landslide Triggering
3. Extreme heat and drought Temporally compounding
1. Extreme wind and rainfall Spatially compounding
Essex 2. Compound flood (coastal and riverine) Multivariate
3. Extreme heat and rainfall Spatially compounding
Mdulaping | 1. Heavy rain and landslide Preconditioned and triggering
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2. Snow melt and flood Preconditioned and triggering
3. Heavy snowfall and avalanche Preconditioned and triggering

3.1 Preconditioned and triggering events

In this report the triggering relationship between hazards is when one hazard causes another hazard to
occur. The definition also suggest that the hazard can trigger zero, one or more secondary hazards (D2.1
report, Kennedy et al., 2023. The triggering hazards considered here are of meteorological and
climatological natureFigure2.1.1 shows the method for evaluating the triggering hazard on a hillslope
scale. The diagram allows for a focused assessment of hazards that can affect local conditions.

Precondition Tlme series Extreme events

—

@%“fmujuadr
S —

i

Ulle |
o i |

Triggered event

Joint hazard

Figure 3.1.1 Conceptual framework for estimating intensity measure of preconditi@amed
triggered events.

In the case studies discussed later in the report (section 5), we are dealing with precipitation as a trigger for
landslides, snow avalanches and floods. We also analyse snow melt as a trigger for floods and the trigger is a
combined hazard of extreme miill and temperature increase where the precondition is gfigure3.11

shows the workflow of preparing the data to define the trigger and calculate the probability of the triggering
event in connection to the relevant hazards.

Selecting a triggering event involves finding a peak in the timeseries. To link timeseries and triggered
events it is necessary to define what a time series event is. Timeseries are measured in different ways and with
different time resolutions. In someses, where measurements are sparse or not available, modelled data are
used. Convenient time resolutions are hourly or daily values based on the nature of the data. The time resolution
of both datasets, triggering and triggered affects the accuracyoftselen g t he fAcorrect o til
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the time resolution of data decreases, the size of the event needed to trigger a hazardous event becomes mor
inaccurate.
Methods for joining triggered events to the selected trigger (e.g., landslides to rainfall) may vary based
on the geographical scale of the data. Joining landslide hazard to rainfall events on a regional scale requires a
different approach than for a hildpe scale. The method described here looks at triggering events on a hillslope
scale. The regional scale approach is described below.
Several methods are available to separate time series into events. The tHrasbdlchethod is simple,
but more complex methods e.g., ARMA (Auto Regressive Mowngrage) and TDS (Tim®omain
Statistics), which are statistical methods, DTW (Dynamic Tifaping) and wavelet transform, which are
machine learning methods could be used. Selecting the correct peak causing a hazard event can be challenging
especially in large datasets where possible changes in the conditions have occurred from firsttbgdas.to
Extreme Value Analysis (EVA) is a statistical discipline used to predict the occurrence of rare events
by assessing their frequency from the most extreme values of a dataset, either observed or simulated. These
extreme values are found in the tails ofrab@bility distribution. Conducting an EVA enables the estimation
of magnitudes associated with occurrences over periods that may extend far beyond the duration covered by
the available time series data. Two main methods for finding the return levelstegi®lock Maxima
approach and the Peak Over Threshold (Papproach (Coles, 2001). To estimate the probability of various
rainfall intensities and durations frequencies (IDF), we need a statistical model that accurately represents
extreme rainfall events.

Block Maxima

The Block Maxima approach consists of dividing a timeseries inteavenlapping periods of equal

size and retaining only the maximum values within each period. When dealing with meteorological and
hydrological data, it is common to use the maximum hoorlgaily measurements values from each
year. A new timeseries that includes only the maxima is thus generated and referred to as an Annual
Maxima Series (AMS). Under extreme value conditions, the AMS follows a General Extreme Value
(GEV) family of distribdions of the form given in equatiqi):

06 Qon p o, - M

wherezis the extreme value argl andz-are the three parameters of the GEV m@igl, defining location,
scale, and shape parameters, respectively. This-paraeneter distribution unites the three possible extreme
value distributions, namely type | (Gumbel), type Il (Fréchet), and type Il (Weibull). The choice of distribution
type depads on the extreme value characteristics of the parent dataset. This can be established by the shape
factor 3> Once the GEYV distribution has been fitted to the AMS, the return teasdociated with the return
period (RP) 13 can be estimated.

The Block Maxima approach is a simple method to implement as the daieopessing requires only
the creation of AMS by taking the yearly maxima at the time frequency considered. However, the main
weakness is the omission of many possibly significanntsvbecause they do not represent an annual
maximum value, even though they could be larger than maxima from other years. Also, there is a small
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potential for including dependent events if the yearly maximum spans a change of year e.g., maximum of 48
hours precipitation passes the New Year.

Peakover-Threshold

Another approach for EVA is the Peaker-Threshold method (POT). In this case, all independent
values from a timeseries that exceed a defined threshold are extracted and fitted to GPDs. The GPD has
the following form, equatiorn2):

Ca p p ., — @)
wherexi s t he threshol d elxhescalsparameter aadhe $hape pabametes.h o | d ,

Most of the main issues encountered by the Block Maxima model from a physical point of view are
solved by the POT method as the extreme values extracted from the time-series are not limited by their
year of occurrence. However, the user must instead ensgpendency of values and define a suitable
threshold. In general, values in meteorological timeseries are dependent but, by declustering the data
with a suitable minimum time window, the remaining values can be assumed approximately
independent.The primary difficulty in configuring the POT model is finding a threshold that is
sufficiently high to maintain the integrity of the Generalized Pareto Distribution (GPD) while also being
low enough to extract an adequate amount of data from the original tines.se

Event detection: Events are delineated by establishing a minimum measured value and then
determining the gap between them by selecting the minimum number of zeroes. When events have been
separated it is possible to analyse e.g., the duration, intensity, and volume all rinfspecific

periods, thus obtaining a clearer picture of rainfall patterns. Rainfall events can also be separated from
snowfall events by filtering out events that have a defined temperature over a certain limit. Using R
Studio, the ode presented by loreabad6 (2024) on the Stack Overflow page was applied and adjusted
to this purpose.

The Antecedent Precipitation Index (API): Antecedent Precipitation (AP) denotes the rainfall
preceding a specific time, typically measured on the antecedent day (AD) within a designated area or
basin. The API articulates this concept through a calculated aggregate of daily precipitation values,
incorporating a weighted summation (Cordery, 1., 1970; Xie and Yang, 2013; Ladson, 2Gt&lLi

2021).
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WhereAPlyis the Antecedent Precipitation Index for dhk is an empirical decay factor less that one Bnd
is rainfall for dayd.

API has been used to supplement relative soil moisture data €flap2011). Some studies suggest
normalised APl (Heggen 2001; Ghoshal, 2021) and the decay constant k has been analyseeit (li,
2021). The decay constant value is traditionally an empirical single value, often between 0.80 and 0.98
(Lindsayet al, 1975). When analysed in context with landslides, the API has been known to add less weight
to rainfall intensity contributions further back in time, as reported by Crekzedr(1980) and Crozier (1986).

A combined method of defining extreme rain eventsThis method uses the multivariate part of the code
described in section 3.3. Daily API can be joined with predefined rolling blocks,ef&4nd 72hour rainfall

intensity. This can be done after the flagged events have been linked to landslidareeatstion of rainfall

triggering events had been confirmed. The combined values are then selected with the POT method (mainly
to select the predefined blocks) and a running windowéf3days. The resulting fijo
itri ggesrdoe d oe veesntti mat e the fAhitod score.

Usually, hazard event inventories (herecstled triggered events) only have some of the events
accurately timed. They may be assumed to be dated correctly but the time during the day is often not known.
Therefore, when connecting a hazard event to a ¢enes event it is not enough to look forward since the
triggered event might have occurred around-dag, but it might be recorded happening in the early morning
(00:00 if time is not known) and therefore would be flagged the event number beforeh#izdrd event
inventory is likely to have inaccurately dated events a window 1 8lays (15 days before and 5 days after)
might be needed to link the most likely triggering events depending on the duration of the rainfall event
triggering the hazard exme As an example, predefined blocks of rain are dated based on their peak. When
using a threalay block, the window must look back two days (in case the triggering event had shorter duration
than 72 hours). Tsunetaka (2021) provides a thorough descrgbtising IDF curves with estimated return
periods of landslidériggering rainfall events by standardizing the rainfall period.

The result is a list of extreme events. The threshold defined in the POT method filters out the most likely
events. When the threshold is set at a low level, numerous extreme events are identified, but the effectiveness
of the "hit" score diminishes due tioe lower ratio of triggered events to extreme events. When the threshold
is raised, the "hit" score is expected to increase, but there is a risk of overlooking triggered events resulting
from less intense yet prolonged events.

The extreme events with missing hazard events might have natural explanations and are therefore not
necessary failures. This is where the precondition comes in. The time of the year can explain why joint extreme
events (high rainfall intensity and high aocédent rainfall) do not trigger a landslide. Even though the
temperature during the rainfall events is above the freezing point the earth might be frozen. Also, a simple
explanation might be a hillside that suffered a landslide erosion the year befeneefoa decade before
depending on the supply of loose material) might not respond to the same extreme events for some time. The
analysis of extreme measured or simulated precipitation must consider uncertainties in measurement accuracy
and unavoidable siptifications in meteorological models. Massetdal (2020) list ten pertinent influences
when considering extreme runoff at a catchment scale. One of these is the difference between daily and 24
hour data. It must be noted that difference between hondydaily data can vary. With only one data point
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per day, daily time series tend to smooth out intraday variations and emphasizédamgeznds and patterns.
Differences between daily precipitation from midnight to midnight and precipitation accumulated over any
24-hour window exist. As an exampleyficeland, results showed a that theh@ir accumulated precipitation

events were 13% higher when comparing the 50 highest daily accumulated values in a selection of 12 stations.
While comparing results from the daily precipitation with-gear return priod to the 24our precipitation

with a 5year return period, median differences in all grid points covering the country is 14% (Masasad

2020).

Trigger-Driven Joint Extremes

The identification of the joint extreme events follows a procedure similar to that described for the multivariate
events (section 3.3, below). A preliminary identification of the extreme events for both triggering timeseries
(first timeseries hazaril) and triggered timeseri¢second timeseries haza?ylis performed using either the
thresholdexcess method without separating dependent peaks or POT analysis. Then, for any independent
extreme triggering event, the eventually linked triggered event is fiéeinti he identification is performed
considering a search window that extends from the time of the triggering event for a desired period (usually
3i 7 days) Figure3.12). The length of the search window, as well as the thresholds used for the identification
of the extreme events, can be defined based on K
cannot exceed the distance between two consecutive extregeritrggevents to ensure their independence.

If at least one extreme event of the second timesdrazald2) is found inside the search window, the
analysed triggering event is considered to trigger the found event. If more than one event is found inside the
search window, only the maximum value is considered. The extreme triggering events that do nohtrigger a
events of the second timeseries are not considered in the following probabilistic analysis.

The RPs for the joint peaks are then calculated with copula Stan, explained below (eqiiflidos 1
datasets with acceptattee ndal | 6s rank correlation coefficients
events Climate data preparation can be handled the same way, but often the time resolution of climate
projected data is more than an hour (e.g., daily). Depending on the dataset, the relevant method for dividing
the events must be chosen.
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(a) Multivariate (b) Triggering

Hazard-1
Hazard-1

Hazard-2
Hazard-2

time time

Figure 3.1.2 Examples of search windows for Triggering (a) and Multivariate (b) anal{ise
asterisks are extreme events for Hazartimeseries, red points are extreme events for Hazard

2 series, and red circles are the maximum extreme events for Hazangeseries inside the
search window.

Rainfall-induced hazard assessment at a regional scale

In this subsection, the regionatale landslide hazard assessment, including the effect of rainfall
intensity, is discussed.

Spatial probability

Thelandslide inventoryecords the date and location of each event on a magarid&ide susceptibility map

(Fell et al, 2008a, 2008b) is generated using the landslide inventory and varioysdpdiioning factors

such as elevation, slope, aspect, and lithology. This map illustrates the distribution of the Landslide
Susceptibility Index (LSI), which is an index rangifrgm 0 (no landslide susceptibility) to 1 (the most
susceptible to landslides in the area). These maps are typically valuabledfoisé&aplanning, disaster risk
reduction, and emergency management purposes, as they help identify areas where landslides are most likely
to occur and where preventative measures should be prioritized. Many approaches exist to build a susceptibility
map; arexample is illustrated in Gautashal.(2021), where different methods have been employed to derive
susceptibility maps. The susceptibility map can be created using either slope units or pixels. Here, a pixel
based study is performed.

Since the LSI index (011) is only a comparati ve
the LSI index cannot be directly treated as the landslide spatial probability. The spatial probability is
determined using the relationship betweenldmelslide ratio (LR) and LSI. The LR is the ratio between the
number of landslides) "YO and the total number of pixels for each susceptibility ckass ( "Y0). The

assumption is that all pixels that have the same LSI have the same landslide spatial probability, as stated in
equation(5).
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The spatial probability is calculated by plotting the relationship between the LR and the various value
intervals and converting the various susceptibility indices to spatial probability. Typically, LR increases
with LSI. An application is illustrated in Wand Chen (2013).

Rainfall events triggering landslides and rainfall threshold.

From the exact date of each landslide event in the landslide inventory, it is possible to determine the rainfall
intensity that triggered it. In cases where actual rainfall gauge measurements are lacking, ERAgsbiada (

et al, 2023 can be utilized to estimate rainfall intensity at any point on the map, albeit at a coarse resolution of
approximately 31 km. Within each cell, rainfall intensity data over time are available. These data are processed
over the period covered by the lahdis database to &blish a proxy for rainfall intensity, termed the effective
accumulated intensity (e.g., Wu and Yeh, 2020). Different measures exist to compute this proxy, for instance,
computing the accumulated rainfall for the precedidg@ys, or by computing a weighted average ovaays.

To refine the proxy, different proxies may be combined, such as an effective accumulated intensity combined
with a daily rainfall intensity.

Rainfall intensity values can be discretized to simplify subsequent calculations. By analyzing rainfall
data, it is possible to compute the density function and (joint) cumulative distribution of rainfall intensity, i.e.,
describing the correlation betwerinfall intensity and its probability of occurrence. For instance, a rainfall
intensity corresponding to the 95th percentile means that only 5% of rainfall events in the observed database
period exceeded that intensity. With information on the dateraeddity of rainfall events in the database, it
becomes feasible to construct a database containing rainfall events with associated intensities. These events
may be distinguished into two groups: events with and without landslides.

A rainfall threshold (R) may be used to distinguish the two groups, i.e., separating rainfall events which
trigger landslides from those which do not. The process of determining the rainfall thresfdluiv@iRres
varying a percentile threshold in the (joint) cumulative distribution to identify the corresponding rainfall
intensity value. The Rvalue is optimized, to improve its capability of distinguishing between the two groups,
by ensuring that indexes such as the True Positive Rate (TPR), True Hegaddvat e ( TNR) , and
Index are close to 1 (see Wu and Yeh, 2020). TPR is the ratio between the number of rainfall events which
triggered a landslide and the number of rainfall events above the threshgld (T ). TNR is the ratio
between the number of rainfall events without a landslide and the number of rainfall events below the threshold
(€ n TE ).

As noted by Zhangt al. (2023), in cases where unbalanced rairfaluced landslide datasets are
prevalent, characterized by a notably higher number oflanmafslide observations compared to landslide
observations (a common scenario in many regions worldwide), one approadhiiglly identify rainfall
thresholds based on n#miggering events. Then, as more information on landslide occurrences becomes
available, the analysis can include methods that consider triggering events. This allows foraheergfand
enhancement of the previously identified thresholds.
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Rainfall-dependent probability of a landslide

The probability of occurrence of a landslide within a pixel can be expressed based on conditional
landslide intensity given rainfall intensity as follows, in equati@sand(7):

00 00SY 'Y DY Y 008y Y DY Y (6)

00 008y Y DY Y 003y Y Op OY Y (7)

This equation uses a single threshold)(® divide the rainfall events. Multiple thresholds may be used to
further discretize the rainfall events.

For a value of the rainfall threshold, the relation between LR and LSI can be conditioned on the rainfall
intensity, using only landslide events wheréORr and when R < R respectivelyd) YO "¢0 'Y and
0 YO ™80 'Y .In each pixel that belongs to a specific rainfall cell, the number of rainfall events above and
below the threshold are counted, respectigely andée , using data of the corresponding rainfall cell.
Finally, the conditional probabilities may be approximated in each pixel as (equ&iamsl(9)):

0 YO "¢ Y
£

0 0sY 'Y

(8)

0 YO "¢ Y
€

0 0gy Y

(9)

The probability of exceedance of the rainfall threshbldy 'Y can be computed, for each pixel, for
the current and future climate. The corresponding landslide probability will be then computed
using equatior{9).

3.2 Multivariate events

The following methodology outlines the procedure employed to estimate-hadtird intensity for
multivariate events. The analysis adopts a bivariate hazard assessment approach, in line with several
existing studies (Latifet al, 2020; Ghanbart al., 2021; Bateniet al, 2022). Such approach is useful

in estimating joint probability of multiple eoccurring hazards, enabling understanding of their
complex interactions. The approach involves the following steps:

1 Selecting pairs of extreme events for bivariate analysis;
1 Quantifying the joint return period of the selected extreme events; and
91 Defining scenarios of multivariate events and deriving associated hazard maps.
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Figure 3.1.2 illustrates a graphical representation of the method. While this report focuses on two
hazards (hazard pairs), a similar approach can be applied to three (hazard triples) or more hazards
(hazard multiples). The process may yield various joint extremetgvémeir Joint Return Periods

(JRP), scenarios of joint extreme events, and associated hazard maps. As this study does not aim to
establish numerical hazard models, hazard maps related to different JRP scenarios are obtained from an
existing database. Nerntheless, the methodology is adaptable to incorporate numerical modelling
within the framework of multivariate events. The hazard maps depict the spatial distribution of
multivariate event intensities, serving as input for impact and risk analysis indfMRBDiate project.

Time series Extreme events

Data related

to hazard < o
e Joint extreme events Joint probability
drivers B :

— — S N0
T fi- - e —
w2

Mapping individual hazards
of various intensities

(L

. . Scenarios | Hazard1 || Hazard2 | o

Existing A | return | return

numerical model : o
data » ¢ .}

Figure 3.21 Conceptual framework for analysing multivariate events.

Identifying joint extreme events

The bivariate analysis requires the identification of appropriate time series data for hazard drivers (i.e., hazard
1 and hazard 2). In multivariate events, multiple hazards coincide within the same geographical region
(Zscheischleet al, 2020). Therefore, data selection should be guided by the type of measurements, temporal
scale of the data, and the spatial proximity of the two datasets. The chosen data should have long and
overlapping time series (e.g., at least 30 years of datagdeébrdriver, thelata undergo cleaning to remove

spikes or other problems, resampling to the same temporal resolution (e.g., hourly, daily, weekly), and
consideration only of the overlapping period. Subsequently, the maximum values are estimated for each hazard
driver.

The identification of extreme events employs the thresbrtdtss method, a statistical approach
commonly used to analyse extreme values. Additionally, this method facilitates the detection of multiple events
per year (Zhengt al, 2014; Ghanbarét al, 2019; Ghanbart al, 2021). Quantile regression analysis is
utilised to establish the relationship between time and maximum values within a specified timeframe and
define the threshold (eg) for each haenedaetremddaned t hr
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low enough to provide enough data for bivariate analysis (efirmdj, 2022). The threshold to determine joint
extreme events is determined based on Kendall 6s r ¢
between random variables. A higher correlation values indicates a stronger dependency betwesrds/o ha

in the specified time windowF{gure 3.12). Values above the threshold are classified as extreme events for

the respective driver. Depending on the driver's nature, a POT analysis may be necessary to select a single
value for each event and to ensure independent events. Generally, it is asstirarcetedances should be at

least 37 days apart but the specific length of this window is evaluated case by case based on the phenomenon
under study. According to the PickarBalkemaDe Haan theorem (Balkema and Haan, 1974; Pickands,
1975), the data ofach hazard driver are expected to be -apfiroximated by the Generalized Pareto
Distribution (GPD) characterised by Il ocation (¢g)
parameter equals the threshold (Park and Kim, 2016).

After identifying extreme events for each individual hazard, compound events are selected. The
combined hazard layout is considered, referring to the probability of exceedances of two hazard drivers over
their respective thresholds, simultaneously oraselsuccession (Salvadetial, 2016). To define compound
events, a temporal window around each hazard is considered. The length of this window (LBwiysBis
evaluated based on the specific phenomeframaxtremend Ke
event for hazard 1, if at least one extreme event for hazard 2 is found inside the search window, the two events
regarded to be eoccurring. Only the maximum values of each driver inside the window are considered for
subsequent analysiBigure3.1.2). It is important to note that when using this procedure, the time lag between
two related events is not constant.

The process for identifying joint extreme events has been implemented in MATLAB (MathWorks®),
and the outputs consist of time series data for each driver, showcasing joint extreme events and their respective
thresholds.

Estimating joint probability from identified extreme events.

Once we have identified the joint extreme events, we need to estimate their Marginal Return Periods
(MRPs) and JRP. Thé 'Y in days or years, for a hazard dri\@ris given by equatio(iL0).

0 Q (10)

whered 'Y 0Q is the MRP as a function of driver valige _ is the mean interval between successive
extreme events in days or years for driv@rand 0 Qis the marginal exceedance probability
function, which gives the probability of the driver exceeding a given valUehis is simply one minus
the marginal cumulative distribution functiod, ‘Q, as shown in equatiofi 1)

0 Q p 0 Q (11)
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where 0 Q is the cumulative distribution function for drivé& As stated in the previous section,
extreme events chosen by threshold can be expected to be distributed by the generalised pareto
distribution, sad 'Q is given by equatioi12)

. . P p, — h, 1
b B h h "o 15
“ 5 AgD A, oo 13
where * h, R are the location, scale and shape parameters for the distribution for @iver

respectively.

The JRP, in days or years, is calculated in a similar fashion to the MRB. 'YHer two drivers,dl
andd2, is given by equatiofil3):

0YBPRY  ———— (13)

where0 'Y @i, is the JRP as a function of values of the two driv@and'Q;;, _ is the
mean interval between successive joint extreme eventd as the joint exceedance

probability function, that gives the probability of two drivers exceeding vaipasd (X,
respectivelyd is given by equatiofil4):

0 Oxr p 0 O 0 @x 0 Pix (14

whered ‘O andd Q¢ are the cumulative distribution functions for the generalised pareto distributions of
driversp and'QX; respectively, as given before in equat{@g). Pi(d1, d2) is the joint cumulative probability
function for both drivers (i.e. the probability of an extreme event with values loélawdd2 for both drivers).
Based on Sklarés theorem, any joint distribution
function known as a copula that accounts for any correlation (Sklar, 1973). Here we have chosen to use the
extreme value Gubel copula (Gudendorf and Segers, 2010), because, as notecebgalXR023), paired

hazards such as surge and rainfall have been found to be particularly correlated in the tails (etgal.Gori
2022), and the Gumbel copula, allowing anyeipail dependency, is frequently used to quantify this kind of

tail dependency (e.g., Ismael et al 2018 for bivariate datasets relating to floods). It also has the advantage of
being an Archimedean copula and is thus easy to implement, both for catcyplatbability densities and
cumulative probabilities as well as generating random samples for posterior probabilistic checks. The function
P;(d1, d2) is given by equatiofi5) for the Gumbel copula:

0 Y Qwn 1T D [

5
R
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where —is the Gumbel copula parameter that specifies the correlation, taking values frofa 1 to

The MRPs and JRP for a pair of driver values are thus a function of the model parameters
h, h A ; h and—i.e., the location, shape and scale parameters of the two marginal generalised pareto
distributions and the copula parameter. The location parameters are fixed by the thresholding procedure, so
we have a fivalimensional parameter space for our modeisisiing of, h h, h h—We adopt a Bayesian
approach to infer the posterior distribution over this parameter space and as a consequence, the posterior
distribution over MRP and JRP also. The advantage of this Bayesian approach is that once we have inferred
the posterior distribtion over the parameter space it is trivial to infer the posterior distribution over any values
derived from the parameters like MRP and JRP and to investigate the probabilistic relationships between them.
We start by assigning uniform priors over thempi¢ted ranges of our model parameters (equations 16 to 20)

, D6 ¢ QQétiHh (16)

. D 6 & QQétHa (17)

, D6EQQE ##D * hb (18)
, DOt QO & X ‘b (19
—D 6 ¢ "QQéplHa (20)

where we use the operate- to indicate QQ Qi 61 "@d 6 & "Q°Q Xi"Cl & vto indicate a uniform
probability distribution between valua "Qanda wgand  andQ;y  are the maximum extreme values
of the two drivers, respectively. We then introduce our data in the form of the likelihood, e¢&ton

i, DQ6a Qo h, h FOOO K A zQnQh K 2y Qh R (21)

where (PR, are a pair of extreme values for drivés and'(x;, "Q6 & @i denotes the probability
density function of the Gumbel copula for a poidith , and'Qrn QR i and’00 ‘Oh, h are the probability
density function and cumulative probability function for the generalised pareto distribution, respectively.

We implemented this model in the Bayesian probabilistic programming language Stan (Carpenter et al.
2017). We used the Stan language implementations of the Generalized Pareto Distribution of Aki Vehtari
(Vehtari, A., 2017) except for the inverse cumulathsribution function / quantile function / ppf which we
i mpl ement ed based on (Zaiont z, 2020) . For t he C
implementation (Goodrich 2017), while the cdf was based on (Nelson, 2006). For random draws from the
Gumbé copula for posterior predictive checks we implemented in Stan the procedure outlined in Nelson
(2006) and Genest and Rivest (1993)an uses the Hamiltonian Monte Carlo method with the Natd
Sampler (NUTS) to approximate probability distributioBeme diagnostic tests should be carried out to assess
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the goodness of the analysis and then, for each event, the posterior distributions over the return period can be
computed.

To check that the Hamiltonian Monte Carlo simulation is adequately sampling the density distribution,
certain criteria must be met (Stan Development Team, 2024). Among them, the potential scale reduction factor
'Y can be used, and it is considered good practice to ensure values are below 1.05, the closer to 1.0 the better.
The chains of successive samples from the posterior, drawn with the Hamiltonian Monte Carlo procedure,
should also be checked for autocorrelatiwhich reduces the accuracy of the parameter estimates for a given
chain length. This is measured by the Effective Sample Size. Additionally, it is also possible to check for
divergences, which occur when the posterior distribution is too tightly cfovéthmiltonian Monte Carlo to
sample properly.

To check how well the marginal GPD fits the data, we use Bayesian Qu@uéilgile plots that
compare empirical guantiles with those calculated from the distribution. Every sample in the chains gives us a
single value of the scale and shape parametelmibrdistributions, which can be used to calculate quantiles.
Thus, we get one Quantii@uantile curve for each sample, and the posterior distribution defines a distribution
over QuantileQuantile curves. A perfect fit would be indicated by the curveslglong the 1:1 relationship.

The whole model can also be tested using Posterior Predictive Checks (PPCs) that compare the distribution of
simulated observations with the original observations.

Mapping individual hazards of varying intensities

Each sample joint probability corresponds to a pair of extreme events {aaaddhazar@) with different
intensities. By considering various combinations of intensities for hdzardl hazar@, multiple scenarios

of multivariate events can be genexhtFor instance, in the context of compound coastal and riverine flood
events, scenarios may involve higbrge and lovflow events, represented by return periods of surge and river
flow. For each scenario, it is possible to calculate the posteriordigtms over the JRP and the marginal

RPs. The associated values for each marginal RP of individual hazard drivers are known. Ideally, numerical
models should be employed to determine the intensity distribution of compound hazards. In each scenario, the
values of the drivers, along with their associated RPs, can serve as input for the numerical model. The output
consists of hazard intensity maps that will be utilised for impact analyses, when combined by exposure and
vulnerability models. In the absenceasfailable numerical hazard modelling options within the project, this
initiative links the RPs of individual hazards within a scenario tecpreputed hazard maps with the same

RPs. These hazard maps facilitate the estimation of risk for multivariates eagepart of the DSS.
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3.4 Spatially compounding events

Spatially compounding events (SCE) occur fiwhen m
or different hazards within a | imited etdl@0)f r ame
This study aims to quantify spatially compounding events based on pairs of two hazards. The
methodology comprises three steps:

1. identifying joint extreme events;
2. quantifying the joint return periods of the extreme events identified; and
3. mapping individual hazards of various intensities.

Figure 3.4.1 presents a generalised framework for estimating probabilities and mapping SCEs. The
framework can be applied to analyse SCEs in both baseline and future climate change scenarios. The
framework helps to understand the pattern of changes in the frequaicjemt extreme events,
indicated by JRP, for various combinations (scenarios) of exceedance probabilities (i.e., RPs) of
individual hazards. The maps of individual hazards for various RPs are generated, corresponding to
different scenarios.

Time series Extreme events

Gridded time ) t . -
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Figure3.4.1 Framework for analysing spatially compounding events.
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The identification of joint extreme SCEs relies on gridded time series data of hazard drivers. This
process hypothesises that SCE occur when multiple hazards impact the same or different locations
within specified boundary conditions and timeframes. Athetime step (e.g., hourly, daily, weekly),

the maximum values of two hazard intensity measures are determined across all grids within the study
area. This yields two time series datasets for hazard 1 and hazard 2. Subsequently, after preparing the
two time series datasets, joint extreme events are identified using the methodology outlined in section
3.2.

Estimating joint probability from selected extreme events

Joint extreme events, identified in the previous step, are included as input data for estimating JRPs of SCEs.
Again, a copulébased approach is followed. The detailed methodology for estimating JRP is described in
section 3.2. After estimating JRPs, diffat scenarios of SCEs are generated, based on various combinations
of individual hazard intensities based on the RPs. In compliance with those scenarios, the spatial distribution
of individual hazards is evaluated.

Mapping individual hazards of various intensities

To assess the severity of spatially compounded +haltard events, maps depicting individual hazard
indicators with varying RPs are generated. Extreme value analysis is performed at each grid cell using the L
moment method to fit a GEV distribution (Cal@801; Gilleland and Katz, 2016), using the equationT{ig.

return period (RP) for single hazards is estimated by following for(2@)a

p

p Oa (22)

3.5 Temporally compounding events

Temporally Compounding Events (TCE) arsucession of hazards that affect a given geographical region,
leading to or amplifying an impact when compared to a single h@Zaotheischleret al, 2020). Climate
extremes in the same location and extreme multivariate climate anomalies that are not essentially extreme in
the contributing variables are part of TCE (kiLal, 2016; Tilloyet al, 2019; Zscheischleat al, 2020). This
study aims to quantify TCE based on pairs of two hazards. The methodology comprises the following steps:

1 identifying hazarel andhazard2 events;

9 calculating the compound @xcurrence of the two hazards; and

1 mapping the individual hazardlsazardl andhazard2) and theesulting compound events.

Figure3.51 presents a generalized framework for estimating frequency and mapping TCE. The framework can

be applied to analyse TCE in both baseline and future climate change scenarios. The framework helps to
understand the pattern of changes in the frequencies @otord extreme events.
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Figure3.5.1 Framework for estimating frequency of temporally compounding events.

Identifying individual hazard events

The present analysis first identifies hazdrdand hazar® events individually, adopting specific
composite indices, based on standardised indicators or percentiles. It is noteworthy that for TCEs,
multiple time thresholds must be applied to compute thposite index. For instance, if the™®0
percentile of daily temperatures persists for three consecutive days, such occurrences can be termed as
heatwave events. The identification of these events can be done initially on a daily basis and
subsequently bwtilizing a monthly standardised index. Currently, a variety of indices with different
temporal scales are available to identify events, depending on the specific requirements of the study or
the sector under consideration. For instance, in the casdrehexheat and drought events, a heatwave
event can be defined at the monthly scale when monthly standardized Heat Wave Index exceeds a
threshold, while drought events can be investigated by using the canonical thresholdsmafnsh3
Standardised Preciition Index (SPI).

Compound cooccurrence

The combined hazard events (COH1H2) are categorized on a monthly basis provided that both
individual hazards occur within the specified monthly timeframe. COH1H2 occurrences are identified
spatially at the grid point level within a domain encompassingatiedysed area during historical and
future periods. This information is stored in matrices for each year within the analysed time slices. Itis
important to note that the timescale for hazarebcourrence varies in relation to the type of hazard in
gueston; for instance, the onset of a drought requires weeks of unusually dry weather conditions.

Mapping hazard

The data regarding individual and temporally compounding events are summarised through the mapping
of individual (hazardl and hazar®) and composite (COH1H2) indicators across various time slices
within the domain. Initially, information pertaining to fexd1 and hazar® months is presented
individually. Subsequently, the frequency of COH1H2 occurrence is provided at the seasonal scale, i.e.,
the fraction of COH1H2 months out of the months analysed.
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4 Multi -hazard events in four testbed regions

The methods outlined in section 3 are employed to analyse 12 pairs ofhrapd#id events across four
testbed regiorts Oslo, Nice, Essex, and Mulapi@gas listed in Table 2.1.2. This section delineates the
attributes of multihazard events in the four testbeegions, and it provides a concise summary of the
analytical outcomes.

4.1 Oslo testbed: summary of multthazard event analysis

In Oslo, among the identified pairs of multazard events, compound coastal and riverine flood events
emerge as one of the most frequently occurring hazards, inflicting detrimental effects on populations
and assets. Through the analysis of time series diatsurge and river flow, we identify 20 compound
flood events in the baseline scenario (192®05), a number projected to increase to 27 in the future
(2024 2050) (
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Table4.1.1). A comparison of flood inundation maps between baseline and future scenarios reveals an
anticipated increase in both depth and extent in the future. Notably, the probable extent of inundation
during riverine flooding is significantly larger than that @dastal flooding. Areas near the coastal
region are more susceptible to both riverine and coastal flooding compared to inland areas. A
comprehensive description of this multazard event is presented in Section 5.1.
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Table4.1.1 Summary of three categories of mtlzard events analysed in Oslo.

. Number of
Multi - . Multi - I Threshold .
Indicators hazard tvoe Hazard indicators (percentile) joint extreme
hazard yp P events
pairs
Baseline Future Baseline Future
Compound Weekly average " h
. 90 90t
coastal surge height (m)
and | Surge andiver i ariage 20 21
Weekly average rivel " h
flood flow (m¥/s) 90" 90
events
1-day daily g5th i
precipitation (mm)
123 -
Observed Daily average river 95t )
rainfall flow (md/s)
i Triggering
triggered 5-days daily g5th i
riverine floods precipitation (mm)
_ _ 225 -
Flood and Da;llyéviv(ir]?/gses)rlver 95" -
landslide
Baseline and 1-day daily g5ih 95ih
future rainfall precipitation (mm)
i Triggering 14 15
triggered Weekly average rivel g5th 90"
riverine floods flow (md/s)
Baseline and 5-day daily g5 95ih
future rainfall precipitation (mm)
; Triggering 18 28
triggered Weekly average rivel g7th g5t
riverine floods flow (m¥/s)
Precon.ditioned 5.—d.ay .daily 90" i
basellng and Preconditioned precipitation (mm)
future rainfall d tri . . 49 -
triggered and triggering  \eekly averaage fivel g i
Flood and| riverine floods flow (m/s)
quick clay ["preconditioned 5-day daily 250 oo™
baseline and . precipitation (mm)
. Preconditioned
future rainfall and triagerin _ 4* 15
triggered ggering  weekly average rivel g5h g5h

riverine floods

flow (md/s)

*Time series overlapping of baseline data is limiting
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In this report, the focus has been on debris landslides registered in the NVE database, nevertheless rockfall
was also included as is it can be an indicator of erosion cause by extreme rainfall. These landslides are
categorized by specific codes: 111 (riadl, 140 (unspecified), 142 (debris flow) and 144 (debris avalanche).

The inventory database includes 22 landslides in the Oslo region for the period studied in this report, 12 of
them occurred during summer or autumn (Table Al.1 in Appendix). Joiehextevents were defined using
recorded rainfall at SN18700 station and discharge at Gryta sthigur€1.21). Gryta Station was selected

due to the availability of a long timeseries and uncontrolled discharge. The Gryta river is thought to be
representative of natural response and therefore descriptive of possible erosion in small streams in the area.
Extreme gents of  and 5day precipitation from SN188700 was used and extreme rainfall events treated as

a trigger for extreme events of discharge in Gryta. The method was described in section 3.X[fingger

Joint Extremes). Landslide events were linkedelected extreme events to estimate the effect of the method
(Figure A1.6 in Appendix Al).

Rainfall data was projected by multiplying the estimated increase in precipitation. This method
is expected to have significant effects on the statistics. This assumption means that every 36 years the
same weather pattern repeats but with estimated patéeatease from climate reanalyses (KSS,
2024), providing loss of natural variability and false trends. However, using this method makes the
link to the point location more precise and since this project does not have the scope to make statistical
analyss on the data series and the effect of different climate data models on point locations, this was
considered an acceptable approach.

The precondition for quick clay landslides was defined above as an increased likelihood of
events expected after a wet summer. The area where the analysis focuses on is the Alna region in
Oslo Figure4.11). Measurements have been made at the Alna River at Kvernebyen since 2019. The
Alna River is controlled and therefore not likely to respond naturally to precipitation events.
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10.83 10.84 10.85

59.93

Figure 4.1.1 Quick clay hazard in the Alna region of Osdbowing that the area is subjected to
moderateto-high risk. The colours refer to severity of the hazard, yellow being the least severe
(low) and red the most severe (high) (NVE, 2024).

The same approach was used to define the extreme events as for the landslide and floods hazard pair, excep
that for the analysis of flood and quick clay extreme summer precipitatidheientile threshold was used.

The dataset was filtered so that only years with summerkejaré4.1.2) above the threshold were joint with

the discharge data (Figure A1.8 in Appendix Al).

The results from the joint extreme analyses were not realistic for the baseline since the overlapping of
the baseline discharge data and the filtered rainfall was only one year. However, the future scenario of
extreme precipitation and discharge, where@xie summers have been filtered out, shows that when
looking at a RP of 50 years for single hazard the JRP is more than 200 years (Figure A1.9 in Appendix
Al).
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Figure 4.1.2 Summer rain with a 75% threshold serving as a precondition to quick clay hazard.

4.2 Nice testbed: summary of multthazard event analysis

Through the PAR process under the MEDiate project, three pairs of-hadtird events are identified

in Nice. The multihazard events include: (1) compound coastal and riverine flood, (2) flood and
landslide, and (3) extreme heat and drought events. Notélikse three pairs correspond to three
categories of multhazard events: multivariate, triggering, and temporally compounding types. The
methodologies to analyse the interactions of these rhaltard events are explained in section 3.

Compound coastal and riverine floodevents

By analysing time series of surge and river flow, we identify 17 compound flood events in the baseline
scenario (19702005). For the future scenario (2024050), the number of events is found to be 14
(Table 4.2.1). The results indicate that while the joint probability ebcourring surge and river flow

could be lower in the future, their intensities would be higher (Figure A2.4 in the appendix). A
compargon of coastal and riverine flood inundation maps reveals that the probable extent of inundation
during riverine flooding is significantly larger than that of coastal flooding. Particularly, areas adjacent
to the confluence of the Var River and the Mediterranean Sea are prone to both coastal and riverine
flood inundations figure4.2.1).
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Table4.2.1 An overview of compound coastal and riverine events identified in Nice.
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Multi -hazard Multi - Hazard indicators Threshold Number of joint
pairs hazard type (percentile) extreme events
Baseline Future Baseline Future
Compound Weekly average surge 4, 90"
coastal and . height (m)
o Multivariate 17 14
riverine flood Weekly average river o, 90"
events flow (m3/s)
a) Coastal flood (50-year) b) Riverine flood (50-year)
//\ S ‘I\:‘ — ‘I“\‘
4 {52 X B Z § ol 5
4 ] Nt pso”
/"/ /
( '[
P \} e D,
/
N .\\'\ ;r\ ?
AR . Flood depth ) = Flood depth )
‘ 4 igh : W o igh :
Y - v —
IR L G Low:0003 - o Low:0003 -

Figure 4.2.1 Spatial distribution of coastal and riverine flood prone areaNige for a 50year
event

Flood and landslide

Throughout this project, the available landslide inventory (accessihlpat//infoterre.brgm.fj/comprises
1476 events spanning from as early as 1900 to 2020. These events are categorized into five groups: rockfalls
(334 events), debris (34), collapse (29), erosion (38), and slides (1042). Many of these events consist of slides
and debris, which werprimarily utilized to establish the rainfétiduced landslide hazard, as other events
might not be directly triggered by rainfall (e.g., rock falls). It was observed that the available database is not
complete, as these events are predominantly sitaéted main roads and within municipalities, and it does
not include events in remote mountain areas. For this reason, the landslide susceptibility map was calculated
focusing only on the area along main roads, utilizing a constant buffer around them.

In the figure belowError! Reference source not found), the landslide susceptibility map derived u
sing several preonditioning factors (proximity to rivers, DEM, slope, aspect, lithology, and land cover) and
the landslide database, employing the Random Forest method (Breiman, 2001). The black dotstrepresent
landslide events in the database.
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The susceptibility map reveals that a significant portion of the area falls within the medium to high
susceptibility classes, underlining the significance of the hazard.

[ Jaor
@ Landslide events

@® Veryhigh
High
Medium
Low

® Verylow

Figure4.2.2 Susceptibility map for the wider area of Nice.

Climate change impact on rainfall

The landslide rainfall trigger threshold was derived from the maximum intensity and duration of an
event during the five days preceding a landslide. The best approximation of this quantity available from
the Copernicus Climate Datastore (CD8g(get al., 2021)is the future change in the highestlay

rainfall amounts. If, in the future, maximumday rainfall amounts increase, landslide occurrence will
likely also increase, i.e., the threshold will be exceeded more often.

The projected changes available from the CDS are calculated from an ensemble of eight EURO
CORDEX regional climate models, that have been-bmasected and dowscaled to 5 kilometers using the
EFASMeteo reference dataset (Ntegeital, 2013), following a quantile mapping approaEfg(re4.2.3).

The current analysis focuses on the far future -thmezon (20712100) and the moderate (RCP4.5) and
extreme (RCP8.5) climate scenario for NiEgg(ire4.24).
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Figure 4.2.3 Projected change (%) in highest figmy rainfall amounts for 2071 2100 for
RCP8.5. Source: CDS.
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Figure 4.24 Projected change (%) in highest fiday rainfall amounts for Nicéor 20711 2100
for RCP4.5 (left) and RCP8.5 (right). Source: CDS.
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According to the projections from RCP4.5, changes Hilay precipitation amounts will vary
approximately betweem0% and +40%. Looking at the most extreme scenario (RCP8.5), most models
predict an increase in the highestl@y precipitation amountd={gure4.2.4). The 25 to 75% range of

the projections indicate changes betwet®% and + 45%. The median change for both scenarios is ~+
10%, providing an indication that also the precipitation threshold will be exceeded more often in the
future.

4.3 Essex testbed: summary of multihazard event analysis

In Essex, three pairs of multiazard events encompass both multivariate and spatially compounding
categories of multhazard events. Section 3 elaborates on the methodology used to quantify interactions
between different types of multiazard pairs. Tabld.3.1 provides an overview of these mtliizard

pairs, including their intensity measures, the thresholds used for identification, and the number of events
identified for both baseline and future climate change scenarios. The analysis reveals thatriuemi
threshold limit for each hazard indicator varies based on the 4maittaird category and the timeframe

(i.e., baseline and future) for analysis. Results suggest that the occurrence rates of spatially
compounding events such as extreme wind and raiafallikely to increase in the future. Figure 4.3.1
compares the spatial distribution of-§8ar wind, temperature, and rainfall intensities in Essex between
the baseline and future scenarios, indicating a general increase in hazard intensities urehe fut

Table4.3.1 Summary of three categories of miiiaizard events analysed in Essex.

Multi -hazard Multi - Hazard indicators Threshold Number of joint
pairs hazard type (percentile) extreme events
Baseline Future Baseline Future
_ . Daily maximum wind
Extreme wind Spatially speed of gust at 10m g7th g7th
and rainfall | compoundin (m/9) 46 115
events
Daily precipitation (mm) 90" 85
Compound Weekly average surge g5 ggh
height (m)
.coa.stal and Multivariate 42 23
riverine flood Weekly average river o, 95"
events flow (m3/s)
Extreme heat| Spatially Daily maximum 95 90"
and rainfall | compoundin temperature (°C) 24 43
events g Daily precipitation (mm) 95" g7h
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Figure 4.3.1 Spatially compounding muthazard indicators in EsseX his figure compares the
spatial distribution of 100/ear wind, temperature, and rainfall intensities between the baseline
and future scenarios.
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Regarding multivariate events, the number of compound coastal and riverine flood events is estimated
to be lower under the future scenario compared to the baseline scenario. However, global flood hazard
maps Ward et al, 2020) used in this studyndicate that both flood depth and extent are likely to
increase in the futureFigure 4.3.2 presents a comparison of 1§@ar coastal and riverine flood
inundation depth and extent in the coastal districts of Essex between the baseline (1980) and future
(2050) scenarios. Generally, these districts are prone to coastal flooding compared ne fleeding,

which may experience an increase in the highest depth for-gd#fi0event from 3.84m in the baseline
scenario to 4.22m in the future. Similarly, the highest riverine flood inundation depth of 0.13m for a
100-year event is projected to increat 0.16m in the future. Notably, the PAR process indicates that
Essex County frequently experiences extreme wind and rainfall events. Therefore, the MEDiate project
further explored the results of extreme wind and rainfall events, as detailed in Se6tion

E E
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Figure 4.3.2 Multivariate events in the coastal districts of the Essex Caouiitis figure compares
the spatial distribution of 10§ear coastal and riverine flood events between the baseline and
future scenarios.
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4.4 Mulaping testbed: summary of multi-hazard event analysis

In Mulaping the three pairs of muliazard events, include triggered events and, preconditioned and
triggered events. Section 3 provides detailed insight into the methodology employed to measure the
interactions among various types of miéizard pairsTable 4.41 provides an overview of the hazard
indicators used, while
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Table4.4.2 lists the multihazard pairs, the thresholds used for identification, and the number of events
identified for both baseline and future climate change scenarios. The analysis reveals that the minimum
threshold limit for each hazard indicator varies basedhe multthazard category and the timeframe, i.e.,
historical (baseline) and future, for analysis.

The precipitation timeseries used in this part of the analysis is the ICRA atmospheric reanalysis project
for Iceland, Nawri et al, 2017)downscaled data from 1979 to 2017. More detailed discussion about the
dataset is provided in section 5.4.1 but point data were extracted from the dataset, the process is described in
Massadet al (2020). The snow avalanche inventory database of Iceland also includes landslides. The
temperature data used is station data from the IMO weather database. Precipitation was projected by
multiplying daily precipitation by the estimated increase in pittipn for the next decade (Masseaidal,

2023).

Melting in connection to extreme precipitation was analysed. Melting is not a direct output of the model
used for the ICRA, but a combination of the rate of graupel (soft snow pellets) and snowfall, the sublimation
rate, and the snowater equivalent.

Table4.4.1 Datasets used in the Malaping/Seydisfjorour example.

Indicators Dataset Timeframe Temporal resolution Spatial
resolution
Snowavalanche anc¢ IMO Year 965 to Decades up to exatlkmtolcm
Landslide inventory database present time of occurrence
Precipitation ICRA 1 Septembe Reanalysis:  hourly2.5 km x 2.5
1979 2017 data converted tckm
daily
Snowmelt ICRA 1 Septembe Reanalysis:  hourly2.5 km x 2.5
1979 2017 data converted tckm
daily
Projected precipitation ICRA - 20202100 Daily data 25 km x 2.5
projected km
Temperature data Station 620 1938 Daily Point location
IMO
database
Projected Temperatur Station 620 20202100 Daily Point location
data IMO

database
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Table4.4.2 Summary of the categories of mttitizard events analysed MulapingSeydisfjordur.

_ _ Threshold Number of joint
Multi - Hazard | Multi -hazard Multi - (percentile) extreme events
hazard . hazard

. indicators type . ] . Futur
pairs variables | Baseline| Future | Baseline R
1d elo elo
rain/sNAPI 54 184
elo 85"
Rainfall 2d ggh -
Heavy rain | intensity rain/sNAPI : 20 )
and Antecedent| Multivariate - o¢ -
landslide | precipitatio| triggering
n 3d ogh -
rain/sNAPI 18 -
elo -
elo elo
~ 5d 46 71
rain/sNAPI g5ih 90"
95 -
1d rain/Melt 14 -
95h -
Rainfall Precondi
_ : 95h -
Snow melt | “intensity | fioned- | 2d rain/Melt 10 -
and flood . . g5th -
Snowmelt | triggering
95h -
3d rain/Melt 7 -
95h -
Heavy
Snowfall
snowfall Multivariate-
and Ante.cgde.nt preconditione| Snow/API ogh 9oh 105 104
avalanche | Precipitatio | g _triggering
n
For hazard pair 1 fAheavy rain and |l andslideodo the

scaled and normalised API (SNAPI) to define the possible critical conditions for landslides to be triggered.
Only the I and 5days rolling sums ofainfall were then analysed with the projected rainfall to estimate the
effect of climate changeréble4.4.2). The results for these extreme events are discussed in detail in section
5.4.

‘ 62



H R Funded by
@ MED'Ote the European Union

For the second hazard pair isnow melt and flo
Assessments from 2002 and 2019 carried out by the Icelandic Meteorological Office (Atnald2002;
Gylfadottiret al, 2019). Figure A4.3 in Appendix A4 shows the connection between selected extreme hazards
and slush flow events. No slush flow is recorded during the selected extreme pairs or landslides registered in
connection with snowmelt. This could have the simgfganation that slush flows generallyooe very locally
under very special preconditioned circumstances that have not been met in these cases. Also, the timing of the
melt extreme might have to be defined differently to be able to connect them to the landslide / flood events.
The joint extremepairs show a better correlation betweetay; rainfall and snowmelt than forday or 3day
rainfall.

For the category fiheavy snowfall and avalanchebo
between heavy precipitation and snow avalanche occurrence around Seydisfjorour. New snow can act as
additional loading on the existing snow layer anceklof cohesion in the newly fallen snow can cause
avalanches. Avalanches can occur immediately or up to a few days after the snow fall (EAWS, 2022). Figure
A4.5 in Appendix A4 shows the connection between selected extreme hazards and snow avalanche events
The recorded avalanche events were defined as dry avalanches and the correlation between intensive snowfall
and antecedent precipitation (snow) is good. Each year has limited datapoints due to the seasonal effect of the
data (Figure A4.6).
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5 Results for the selected multhazard pairs

Among the 12 pairs of mulhazard events identified across four testbed regians, liazard pairs are
selected for thorough investigations, with the objective of contributing to the development of the DSS
that the MEDiate project intends to deliver. Additionally, these selected four hazard pairs align with
the four categories of muttiazard events expounded in Section 3. The following are the four hazard
pairs along with their corresponding mdltazard type:

OsloT Compound coastal and riverine flood events (Multivariate).

Nicei Extreme heat and drought events (Temporally compounding).

Essexi Extreme wind and rainfall events (Spatially compounding).
Mualapingi Heavy rain and landslide events (Preconditioned and triggering).

= wnN e

5.1 Oslo testbed: compound coastal and riverine flood events

This section illustrates the application of a proposed methodology for multivariate events by analysing
compound coastal and riverine flood events in Oslo. Surge height (m) and river fftsy ame selected
as intensity measures for coastal and riverine floods, respectively.

5.1.1 Data

This study employs a diverse set of data related to surge height, river flow, and flood inundation resulting from
coastal and riverine flooding. Table 5.1.1 provides an overview of the data, including their timeframe, temporal
resolution, spatial resolutip and sources. To identify joint extreme events, involving surge and river flow,
various global databases are employed, considering the availability of information for both baseline and future
scenarios. Specifically, reanalysis data is used for theibasekenario, and modelled projected data is utilized
for the f ut uGlabal sealevel@hange time Jehies froimn 1950 to 2050 derived from reanalysis
and high resolution CMI P6 cMuism62§is usedrfoo Jurgecheightpwhided f r
the Futurestreams dataset, provided by Utrecht University, is used for the river flow. Both datasets provide
results from several global climate models, therefore we selected the same model for surge and river flow.
Theseglobal datasets covextensive geographical areas. The selection of appropriate grid nodes is based on
their proximity to realworld observed gauges of the same quantities.

Table5.11 illustrates the location of the selected observed gauges (red points) and the closer grid nodes
of the two datasets (green points). In terms of observed surge and river flow data, Oslo municipality features
only one tidal station, as indicated by the Negran Hydrographic Servicélowever, there are several river
gauges managed by NVE Sildre. Among these river gauges, we focus on the Gryta gauge due to its proximity
(~10 km apart) to the tidal station. The selection of tidal and river gauges in proximity is crucial for analysing
compound flood events (Ghanbagt al, 2021). The Gryta station is situated in a small inflow of the
Maridalsvannet Lake, hence the discharge is not very high. It is, however, representative of the catchment
basin's behaviour argliick response to rainfall.

Table5.1.1 Different types of data used to analyse compound feaahts in Oslo.
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Indicator Dataset Timeframe Temporal Spatial Source
resolution resolution
Surge height Copernicus ERAbL Reanalysis: Coastal grid Muis et al,
dataset: reanalysis: 10-minute, points: 0.1° (2022)
IGlotialhsea 1979 to 2018 go'tljrly and httos://api.sel
t(ia;i s(,:er?:sge mil;,imum Ocean grid avniva.no/tid
from 1950 to Climate points: 0.25°, eapi_no.html
2050 derived Projections 0.5°, and 1°
from future: 2015 Climate within 100
reanalysis to 2050 projections  km, 500 km,
and high historical and and >500 km
resolution future: 10 of the
CMIP6 minute, coastline,
climate annual respectively
projections
River flow Futurestream: E20 Weekly 10 kmx 10  Wanders, et.
dataset reanalysis: averaged dat¢ km al. (2021)
19761 2005 https://sildre.
Future: 2006 nve.no/
2099
Riverine Aqueduct Base year: Return 5Nj I 51 Wardetal
flood Floods 1980 periods: 1, 2, (2020)
inundation Hazard Maps Projected ioéozég 50,
year: 2030, 500’ d1
2050, 2080 » an
1000 years.
Coastal flood The Base year: Return Vector data The
inundation Norwegian 2017 periods: 20, Norwegian
Water Future year: 200, and Water
Resources 1000 years. Resources
and Energy and Energy
Directoratei Directoratei
NVE flood NVE
maps

To investigate the spatial distribution of riverine and coastal flood hazard intensities, we use two datasets. For
riverine flood inundation maps, Aqueduct flood maps are utilised due to the availability of coastal and riverine
flood inundation data for veous RPs under historical (baseline) and future climate change scenarios. The
analysis of potential future compound flood events considers the RCP 8.5 climate change scenario and mid
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to-endof-century projections. Regarding coastal flood inundation in Oslo, NVE flood maps from the
Norwegian Water Resources and Energy Directorate are employed (NVE, 2023). Coastal flood inundation
extent is provided for baseline (year 2017) and futuear(2100) climate change scenarios, considering return
periods of 20, 200, and 1000 years. However, since the coastal flood maps are in vector format, they are
converted into a gridded dataset using the methodology outlined by €ohlef?018). The Eunpean Digital
Elevation Model (ELDEM) at a 25m spatial resolution is used for this conversion process, transforming the
flood extent into water depth.

5.1.2. Joint extreme events

Following the methodology outlined in sectio?,3wve identify joint extreme events by analyziilge series

of surge and river flow data at both baseline and future scenarios. Joint extreme events are recognized when
values exceed the threshold for surge height and river flow. These thresholds are determined based on
Kendall 6s ranikcicemtr el @)t.i oho ciogdrtify optimal thre.
river flow in the context of compound flood events in Oslo, a sensitivity analysis has been performed by testing
various combinations of thresholds (Appendix Tables A1 23).

For the baseline period (1978005) and future scenario (202050),Figure5.11 presents different
threshold combinations for the two drivers along
we choosethe 9per cent il e as the threshol d, resulting in
river flow threshold values are 0.73 m and 1.59 m3/s, respectively. A total of 20 compound flood events have
been identified from 1979 to 200Bigure5.1.2aillustrates these joint extreme events at the baseline scenario.

In the future scenario, we also select th& pércentile for surge height and river flow as thresholds,
yi el di ng a HRburesalll).uTbe sarge height@rl rivier flow threshold values are 0.67 m and 1.95
mj/s, respectively. While three other threshold c
extreme events (see table in Appendix A18).r el ati vely | ower U value coul
of coarser temporal resolution data, which could cause an impact on the extreme events detected. However,
theO t hat we s eekigtingtstedies, eagying osimilaianalyses. For instanddjng et al. (2022)
found aflow/surgeKendel | 6 s coef ficient eglua(2d2l1)0.KeEnde IWhb
for flow/sea levelranged from-0.03to 0.30. As explained in section 3.2, the optimal percentiles for the
thresht d and the | ength of the search windoandther e de
number of extreme pairs to allow the bivariate analysis. A total of 27 compound flood events are identified
over the projection period of 2022050.
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0s
selected for joint probability analyses. (a) Baseline condition; (b) Future climate change
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Figure 5.1.2 Joint extreme events. Scatter plot of all pairs of weekly sea surgedrdeliver
flow (blue) and pairs of extreme compound events (red). (a) Baseline scenario; (b) Future climate

change scenario.

5.1.3. Joint probability of compound flood events

After identifying joint extreme events in Oslo under both baseline and future scenarios, the analysis focuses
on the probability of concurrent coastal and riverine flood events by estimatinglRiesrAs detailed in
section 3.2, a Stan model is utilised, featuring a GPD for the marginal distribution of the single variable, and
uniform priors. The joint extreme events identifiedrigure5.1.2 serve as input data for JRP estimation.

Initially, the marginal cumulative distribution function of flow and surge is computed by fitting selected
extreme data to a GPD. The Stan language implementations of the GPD, following Vehtari (2017), are used,
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with exceptions for the inverse cumulative distribution function, quantile function, and pdf curves, which are
implemented based on Zaiontz (2020). Subsequently, utilising a Gumbel copula, the joint distribution function
is estimated. For the Gumbel coppl@bability density function, the implementation by Goodrich (2017) is
employed, while the cumulative distribution function is coded for this study.

A model diagnostic is performed by running four chains for 5,000 samples each. The diagnostic
indicates no divergences, and the chains exhibit good mixing with minimal autocorré&atiotheeffective
sample sizeand'Y, confirm that the model adequately samples the posterior. For random draws from the
Gumbel copula for posterior predictive checks, the procedure outlined in Nelsen (2006) and Genest and Rivest
(1993) is implemented in Stan. The goodness of the GPD fitting is ethegith the Bayesian Quantile
Quantile plot. While the model fits smaller extreme values well, it struggles with the largest ones. However,
Posterior Predictive Checks yield satisfactory results. Finally, the corner plot illustrates the correlation between
the scale and shape parameters for the GPD. No wu
Gumbel copula are close to 1, indicating weak correlation between surge and flow data. Model diagnostic
results are provided in Appendix Al (see FapiALl.2ZAL1.5).

For the baseline scenario, the JRPs estimated for surges and flows are dhigwreb13. The figure
shows that when only the surge component is considered, the maximum RP is approximately 57 years among
the 20 extreme events. The maximum RP for river flow is estimated to be around 22 years. However, for the
combined hazard scenario, the rmastim JRP is approximately 63 years, a combination ofyea¥ surge and
a 3year river flow event. Generally, relatively lemtensity compound flood events are found to be frequent,
and this pattern is projected to continue in the future.
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Figure5.1.3 Plots of the 28, 50" and 80" posterior marginal probabilities acroggturn periods

for river flow (a) and surge (d) under baseline conditions. The distribution of Joint Return Periods
(JRPs) across surge and flow values is depicted in panel (b). JRPs for four random joint extreme
events are displayed in panel (c). The contour linesanegts (b) and (c) represent the JRP in
years. The bold lines of the contour (red and blue) indicate the median JRP, while the remaining
lines represent random draws from the posterior distribution, providing an understanding of the
variability.

In Figure5.13, andall similar figureswith returnperiodbasedorobabilities,eachdatapointis visualisedas
adistribution.This meanghatthereis aMRP for eachindividual driver valueanda JRPfor eachcombination
of drivervalues We representhevariationin JRPasa contouredsurfaceoverdriver valuesin theupperright
frame(Figure5.13). To theleft andbelowthis frame,we plot the MRP asa function of driver value,sothe
MRP for anypointin thetop right plot canbereadeasily. This naturallydefinesa panelin thelower left with
axesof MRP,whichis wherewe plot theJRPagain butthistime asafunctionof driver MRP,againvisualised
usingcontours.

However, the addition of the datato our model specifiesa distribution acrossthe five-dimensional
parametespaceratherthanasinglebestfit point,andthereforeadistributionoverMRP for eachdrivervalue
anda distributionover JRPfor eachpair of driver values.This hasseveralconsequenceg:irstly, we havea
distributionover JRPcontourswhichis difficult to visualisei herewe haveoptedto simply plot the contours
of the 50" percentileJRPsurface(in bold) aswell asthe contoursfor same randomlyselectedsamplesrom
the parametespace(fainter)to give anideaof thevariability. Thisis lessof a problemfor the 1D MRP plots
wherewe simply showthe 20, 50 and 80" percentilecurves.Secondly jt meanshatthereis no oneto-one
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relationshipbetweerdriver MRP andvalue.If we selectanextremeeventusingtwo MRP valuesin thelower
left plot it will definea distributionoverdriver valuesin thetop right plot andvice versa.The corresponding
distribution over bivariatedriver MRP or value for a point definedin the oppositepanelis shownasblue
contourenclosingx% of the probability mass.The distribution of JRPfor a given point is plotted over the
contourplot asa histogram.

Among the 27 extreme events identified in the future scenario, the most extreme surge and river flow
events are estimated to béntl12-year and 4in-20-year events, respectively. The highest JRP is found to be
285 years, a combination of a }{@ar surgeand a fyear river flow (sed-igure5.14). The overall JRP for
the future scenario appears to be higher than the baseline scenario. This indicatesphaitdbity and
high-intensity compound flood events are likely to become more prominent compared to the baseline scenario.
Figure5.15 provides a comparative picture of JRPs between the baseline and future scenarios.
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Figure5.1.4 Plots of the 28, 50" and 80" posterior marginal probabilities acrosgturn periods

for river flow (a) and surge (d) under future climate change conditions. The distribution of Joint
Return Periods (JRPs) across surge and flow values is depicted in panel (b). JRPs for four random
joint extreme events are displayed in panel (c). The aorioes in panels (b) and (c) represent

the JRP in years. The bold lines of the contour (red and blue) indicate the median JRP, while the
remaining lines represent random draws from the posterior distribution, providing an
understanding of the variability
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Figure5.1.5 (a) JRPs estimated for different joint extreme events identfiddseline and future
scenarios; (b) surface plot comparing JRPs between baseline and future scenarios.

The outcomes of joint probability analyses offer insights into various scenarios of compound flood
events. For instancélable 5.1.2 presents four random scenarios of compound flood events in Oslo
under both baseline and future climate change conditions, as also highliglrigdiia5.1.3 andFigure

5.14. While the probabilities of potential future events are relatively low, their intensities, especially
for surge events, surpass those observed under baseline conditions.

Table5.1.2 Sample compound flood scenarios in Odérived from joint probability analyses.

Surge return

River flow return

Joint return period (year)

Scenarios period (year) period (year)
Baseline Future
1. Low surge and low flow 2 2 2.5 3.8
2. High surge and low flow 20 2 20.5 29.7
3. Low surge and high flow 2 25 25.5 36.6
4. 20 25 41.5 113.9

High surge and high flow

5.1.4. Spatial distribution of coastal ad riverine flood events

The identified compound flood events can be incorporated into a hydrodynamic flood model to analyse the
spatial distribution of such occurrences. However, the scope of the MEDiate project does not encompass the
establishment of hydrodynamic flood models. ain insights into flood inundation extents, we utilize the
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Aqueduct Floods Hazard Maps and NVE flood mggeeTable5.11). Figure5.16 andFigure5.17 depict

the spatial extent and depth of riverine and coastal flood events with different return periods, respectively.
These flood maps facilitate the quantification of exposure and risk to populations and assets resulting from
various types of flooding

It is evident that the probable extent of inundation during riverine flooding is substantially
larger than that of coastal flooding. We also compare the depth and extent of these two types of
flooding for baseline and future scenarios. The results indecaignificant increase in the depth of
inundation in the future, while no significant changes in the extent of inundation are observed. Areas
near the coastal region are more susceptible to both riverine and coastal flooding compared to inland
areas. Thesresults validate the outcomes of joint extreme event analysis, which identifies several
compound flood events in both baseline and future scenarios.
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Figure 5.1.6 Spatial distribution of coastal flood prone areas in Oslobaseline and future
scenariosThese figures only show flood depth and extent along the coastline in Oslo municipality.
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Figure 5.1.7 Spatial distribution of riverine flood prone areas in Oslo at baseline and future
scenarios.
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5.2 Nice testbed: Extreme heat and drought

This section demonstrates the execution of a proposed approach for spatially compounding events
(section 3.3.) by investigating extreme heat and drought. This is achieved by identifying the compound
co-occurrence of heat waves and droughts, employing ataimbd Heat Wave Index and Standardized
Precipitation Index.

5.2.1. Data

This testbed employs a diverse set of data related to daily ghmsadl temperature and precipitation
measurementd.able5.21 provides an overview of the data, including their timeframe, temporal resolution,
spatial resolution, and sources. For all indicators, an open database is used due to the availability of information
for both baseline and future scenarios. The presentsasaises climate simulations for the European domain
performed by Regional Climate Models (RCMs), made available by the ELBRDEX climate modelling
initiative. A mult-model approach is required to provide an estimation of the uncertainty associatdtewit
individual model sensitivity to the increasing radiative forcing driven by increasing -poeee gas
concentrations. RCMs dynamically downscale global climate simulations run within the Climate Model
Intercomparison Project phase 5 (CMIP5; Tayloalet2012) to a spatial scale of 0.11° (~12.5 km). In this
research, the simulations are run for the historical period (288®), and future projections (20@3.00) are

run in low (RCP 2.6), medium (RCP 4.5) and high (RCP 8.5) emission scenariosisFamalysis, climate
simulations run with the RCM CSREMO2009 (REMO hereafter) are us&®EMO wascreatedoriginally

at the MaxPlanckInstitute for Meteorology (MPI), and it is currently maintained at the Climate Service Center
Germany (GERICS).

REMO downscales historical climate simulations and future climate projections run with the global
climate model MRESM-LR (MPI hereafter). Specifically, REMO outputs analysed in this study are the
downscaling of one MPI historical simulation for the pdri®71 2005, and one MPI climate projection in
the RCP 8.5 scenario for the period 200800. REMO data are also biased corrected, using the &4
data set as a reference (Ntegekal, 2013), regridded to a spatial resolution of 5km and daily nseare
analysed.

Table5.21 Regional climate models simulation and data used¢ompute the heat wave and
drought indices

Forci . . ial .
RCM oreing Realizations| RCP Time frame Spatlg Variables
GCM resolution
2-m
CSG | MPI-ESM- |  rlilpl g5 |197T2100in| . | temperawre
REMO2009 LR r2ilpl ' a daily basis
Precipitation
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This dataset served as input for the detailed analysis explained below, summarized in the following three steps:
(1) identification of heat wave events at gpidint level, based on a monthly standardized HW index; (2)
identification of drought events atid point level, based on aronth Standardized Precipitation Index
(SPI3); (3) identification of compound -@currence of heat waves and drought (COHWD) at grid point level
and at the monthly time scale.

Heat waves were identified during the summer season (June to August), for every year during the period
1971 2100. Here, a heat wave is defined as a hot spell of at least 3 consecutive hot days defined as days with
maximum temperature above the"9@ercentile. The 90 percentile was computed following a similar
approach as Fischer and Schar (2010): for each day of summer, the percentile was calculated during the whole
period (19712100) using a Jslay moving window. Subsequently the number of hot days\beig to a heat
wave (i.e. isolated hot days were not considered) for each summer month was computed, and a monthly
standardized heat wave index (HWI) was defined. Monthly heatwave (HW) events were identified as the
months exceeding 1 in the HWI.

Drought was defined using the SPI, calculated using the nonparametric approach éya4a014),

where a marginal probability distribution of precipitation is computed using the empirical Gringorten
plotting position, as shown in Equation 1 (Hao et al. (2014; Hao and AghaKouchak, 2014; Gringorten,
1963). The empirical probability of precipiion(R) i s t hen st an@pr dwzed @&sb
the standard normal distribution (Ha al, 2014). Specifically, monthly drought events (D) were
defined as summer months showing a SPI3 value below

After monthly HW and D events were identified, the compound occurrence of heatwaves and droughts
(COHWD) was determined for each summer month and at each grid point according to the following
criterion (23):

NH'MEOLO pdE OGO p

60000 e W01 0 Qi Q (23)

The frequency of occurrence of COHWDs is finally computed, considering three summer months within
30-year time slices, as the number of COHWDs out of 3x30 months. Tye&O0time slices identified

are: 19762005, to account for the historical period (Hist); 202270, to account for the near future
(NF); 2071 2100, to account for the far future (FF). Time slices are defined on 30 years in agreement
with the WMO definition of climate normal, i.e. the minimum time span for the definition of a
climatology.
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5.2.2 Heatwaves

Figure 5.21 shows thenumber of hot days within a heatwave simulated by GEMO2009
simulations During the historical periodHgure5.2.1a, d, g) most of the domain is affected by up to 1

hot day per month. Under the high emission scenario, the number of hot days increases in the NF to 1
2 along the French Mediterranean coast and up3ar2the whole domain in Jun€&igure5.2.1b, e, h).
Towards the end of the centurlyiure5.2.1c, f, i), while the number of hot days increases+{t &long

the French Mediterranean coast in June, the whole domain is affected by at least 6 days in July and
August, with more than 10 days in the southern part.
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Figure 5.21 Number of hot days in a heatwaie(a-c) June, (df) July and (fh) August, during
(left) the Historical period (Hist: 19762005), (middle) Near Future (NF: 20%42070) and (right)
Far Future (FF: 20712100) periods.
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5.2.3 Droughts

The climatology of the SPI in the three sub periods is presentEjime5.2.2. During historical time
(Figure 5.22a, d, g) southern France shows slightly wet conditions. In the NF, the domain is
characterised by overall wet conditions, with only limited areas experiencing dry condiEimwsg
5.2.2b, e, h). Towards the end of the centurigure5.2.2c-i), and especially in August in Frandeigure
5.2.2i), the whole domain will experience SPI3 values betwdrh and-1, indicating widespread dry
conditions.
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Figure 5.22 Mean SPI3 in (ec) June, (df) July and (fh) August during (left) the historical
(Hist: 1976 2005), (middle) near future (NF: 2042070) and (right) far future (FF: 2072100)
periods.
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5.2.4 Compound Occurrence of Heat Wave and Drought

The frequency of COHWDs during each time slice is showRigure5.2.3. In the historical analysis
(Figure 5.2.3a), only a restricted region in France demonstrates approximately a 4% frequency of
COHWD events. This means that ~4 summer months are characterised by hot and dry conditions during
this period. During NFRigure 5.2.3b), the frequency increases up to 5% (~6 summer months) along
the French Mediterranean coast, with peaks above 10% in the Rhone Valley, i.e. around 9 summer
months characterised by extreme conditions. During Frgure 5.2.3c), southern France is
characterized by COHWD frequency exceeding 10% frequency, corresponding to a widespread area
experiencing at least 9 hot and dry summer months.
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Figure5.2.3 Frequency of occurrence of COHWDs (%) in summer duf@gdhe historical (Hist:
1976 2005), (b) near future (NF: 2042070) and (c) far future (FF: 2072100) periods.

5.3 Essex testbed: Extreme wind and rainfall

The hazard pair involves analysing joint extreme wind and rainfall events, which are defined as spatially
compounding multhazard events. Daily maximum wind speed of gust at 10m -{inasd daily
precipitation (mm) are selected as indicators for wind and rainfall, respectively.

5.3.1. Data

In the analysis of extreme wind and precipitation events, this study utilizes the UK Climate Projection
2018 datasetslTable5.3.1 presents a comprehensive overview of the data, encompassing details such
as the timeframe, temporal resolution, spatial resolution, and sources. The baseline scenario for these
indicators incorporates data from 1981 to 2000, while the future scenariaisesipata from 2061 to

2080. The extraction of wind and precipitation data is conducted based on the Essex County boundary
(Figure 1.2.3). Figure A3.1 in Appendix shows the spatial distribution of the grid and the cells
considered for the analysis.

Table5.3.1 Different types of data used to analyse extreme wind and precipitatiemts in Essex.

Indicators

Dataset

Timeframe

Temporal
resolution

Spatial
resolution

Source
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Maximum The projections
wind speed UK Climate cover the UK and
of gust at Proiection three timeslices Met Office
10m (ms)) ) (1981 2000, .
2018 N Daily 5km Hadley Centre
202112040 and
(UKCP18) ) (2019)
Precipitation data 2061 2080), for a
(mm) high emissions
scenario, RCP8.5

5.3.2. Joint extreme events

Following the methodology outlined in Section 3.3, we identify joint extreme events by considering both
baseline and future scenarios. Following the harvesting of gridded wind gust speed and precipitation data from
the UKCIP18 daily dataset, we ppeocessd data to organise the timeseries data for estimating JRP. Daily
maximum values of the two hazard intensity measures (wind speed and precipitation) across all grids within
the study area are determined, resulting in the creation of two time seriessdataset

The joint extreme wind and rainfall events occurs when gust speed and precipitation surpass the
threshol ds. Like multivariate events, these thre
coefficient (U). To ppemcgntdes)fot gush gpeed anddrecipitationdnsthie oontexs  (
of spatially compounding events, various combinations of thresholds are tested (Appendix Tabk3.23.1
Figure5.31i | l ustrates different threshold combinati ons
values for baseline and future scenarios. Additionally, the selected thresholds are marked.

(a) (b)

BASELINE Wind-Precipitation FUTURE Wind-Precipitation
97 ] o] © ® 97 (=} ° (=) R4
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Lot o o ° © Sof o o o )
S 03 £ 0.3
a (=%
(3] S
2 2
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Wind threshold (%) Wind threshold (%)

Figure 5.31 Various combinations of thresholds for daily maximum wigubt speed and
precipitational ong wi th the resulting Kendall s rank c
highlights the thresholds selected for joint probability analyses. (a) Baseline condition; (b)

Future climate change scenario.

In the baseline scenario (198D00), we opt for the 97percentile for daily maximum wind gust speed and
the9®percentile for daily precipitation as the thre
gust speed and precipitation values arg¢dms 1T and 15. 56 mm, respectivel
events are identified from 1981 to 2000, as illustratdeignre5.3.2a.
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In the future scenario (2062080), we choose the ©percentile for daily maximum wind gust speed
andthe 88percentile for daily precipitation as the tt
threshold gust speed and precipitation values a@7é8s 1T and 11. 46 mm, +Hearspect
projection period, 115 joint extreme events are identifiégufe5.3.2b).

Wind: 97th -- Precipitation: 90th Wind: 97th -- Precipitation: 85th
@ 7=0.19034 ® 7= 0.094432
46 extreme events 115 extreme events
180Wind threshold = 17.743 m/s -- Precipitation threshold = 15.5561 mm mf}Nind threshold = 18.0746 m/s -- Precipitation threshold = 11.4579 mm
160 1 160
€ 140}t ] € 140}
140 §, 140
120 S 1201

Daily max Precipitation (
r o ® O
o o (=] o
Daily max Precipitatio
r o ® O
o o o o

n
o
T
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Daily max Wind (m/s) Daily max Wind (m/s)

Figure 5.3.2 Joint extreme events. Scatter plot of all paifslaily maximum wind gust speed and

daily precipitation (blue) and pairs of joint extreme events (red). (a) Baseline condition; (b)

Future climate change scenario.

5.3.3. Joint probability of extreme wind and precipitation events

Following the identification of joint extreme events, we used a Stan model with a Gumbel copula, GPD
for the marginal distribution of the single variable with uniform priors, similar to the approach for
multivariate events (see Section 3.2). The modelrpearates input data from the joint extreme events
identified in the previous section. The diagnostic results of the model are summarized in Appendix A3
(see Figure A3.2A3.6).

For the baseline scenariBigure5.3.3 illustrates the JRP estimated for daily maximum wind gust speed
and precipitation. Among the 46 joint events identified, the maximum daily gust speed is approximately
associated with a 4gear RP. The maximum RP for precipitation is estimated to be arb8#dears.
Notably, the maximum JRP is approximately 163 years, representing a combinatioryefinextreme

wind and a 134ear precipitation event. Generally, relatively lmtensity joint extreme events are
found to be frequent, and this pattermprejected to persist in the future.
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Figure5.3.3 Plots of the 20, 50" and 80" posterior marginal probabilitiesicross return periods

for daily precipitation (a) and daily maximum wind gust speed (d) under baseline conditions. The
distribution of Joint Return Periods (JRPs) across surge and flow values is depicted in panel (b).
JRPs for four random joint extremeeasis are displayed in panel (c). The contour lines in panels
(b) and (c) represent the JRP in years. The bold lines of the contour indicate the median JRP,
while the remaining lines represent random draws from the posterior distribution, providing an
undestanding of the variability.

In the future scenario (2062080), the number of joint extreme events is projected to increase to 115.
Among these events, the highest RPs for daily maximum gust speed and daily precipitation are estimated
to be 406 years and 77 years, respectively. The highest JRP is found to pead§2representing a
combination of a 404ear daily maximum gust speed and-gelar precipitation event (séegure5.3.4).

While the most extreme precipitation event is associated with the highest intensity and lowest
probability event in the baseline years, extreme wind is projected to have a more significant influence
on future joint extreme eventBigure5.35 provides a comparative visualization of JRPs between the
baseline and future scenarios. Compared to baseline scenario, JRPs for the future scenario appears to be
higher for relative less intensity events, while lower for higtensity eventsKigure5.35 (b)). This
indicates that that lovprobability and highintensity joint extreme wind and rainfall events are likely

to become more prominent in the future.
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Figure5.3.4 Plots of the 20, 50" and 80" posterior marginal probabilitiesicross return periods

for daily precipitation (a) and daily maximum wind gust speed (d) under future climate change
conditions. The distribution of Joint Return Periods (JRPs) across surge and flow values is
depicted in panel (b). JRPs for four randomnjppextreme events are displayed in panel (c). The
contour lines in panels (b) and (c) represent the JRP in years. The bold lines of the contour
indicate the median JRP, while the remaining lines represent random draws from the posterior
distribution, providing an understanding of the variability.
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Figure5.3.5 (a) JRPs estimated for different joint extreme events identfiddseline and future
scenarios, (b) surface plot comparing JRPs between baseline and future scenarios.

The results of joint probability analyses provide valuable insights into different scenarios of joint
extreme wind and precipitation events. As illustratedable5.3.2 and highlighted irFigure5.3.3 and

Figure 5.34, four random scenarios of these joint extreme events in Essex are presented under both
baseline and future climate change conditions. Although the probabilities of potential future events are
relatively low, their intensities, particularly for wind evenexceed those observed under baseline
conditions.

Table5.3.2 Sample scenarios for joint extreme wind and precipitation events in Eesased
from joint probability analyses.

Return period of Return period ) )
_ daily maximum of daily Joint return period (year)
Scenarios . S
wind gust speed precipitation
(year) (year) Baseline Future
1. Low gust speed and low 2 2 5.2 8.9
precipitation
2. High gust speed and low 50 2 727 103.9
precipitation
3. Low gust speed and high 2 50 727 103.9
precipitation
4. High gust speed and high 50 50 209.9 311.7
precipitation
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5.3.4. Spatial distribution of extreme wind and rainfall events

Following the methodology outlined in Section 3.3, we create RP maps for daily maximum wind gust
speed and daily precipitation to assess the spatial distribution of extreme wind and rainfall events in
Essex Figure5.3.6 present extreme wind maps for three different RPgg&r, 200year, and 50§ear)

in both baseline (1982000) and future (206 2080) scenarios. Overall, the intensity of maximum daily
gust speed is predicted to increase in the future. For example, the maximum gust speed of it9.2ms
the baseline scenario is projected to rise to 205fos a 200year event. Highly impacted areas are
mostly concentrated along the coastline.
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Baseline scenario Future scenario
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200-year return period
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s

Figure 5.3.6 Spatial distribution of daily maximum wind gust spdeddifferent return periods
in Essex at baseline and future scenarios.

Figure5.3.7 shows extreme precipitation maps for three different RRge¢?, 200year, and 50§ear)
in both baseline and future scenarios. Both the exposure and intensity of precipitation are expected to
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increase in the future. For a 2@@ar precipitation event, for instance, the maximum daily precipitation
of 35.8mm across Essex County is projected to increase to 36.8mm in the future.

A larger area is likely to experience the impact of extreme precipitation in the future compared to the
baseline conditions. The southwestern districts of Essex County are identified as being significantly
exposed to extreme precipitation events.

Baseline scenario Future scenario

5-year return period

200-year return period

500-year return period

N

Daily precipitation (mm) &= 31.7 - 32.4 w=. 331 - 33.8 ¢> o 10 20 40 km
C1<=31.6 m 325-33 mm>=339
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Figure 5.3.7 Spatial distribution of daily precipitation for different retuperiods in Essex at
baseline and future scenarios.

5.4 Mulaping testbed: heavy rain and landslides

The hazard pair involves analysing joint extreme rainfall and landslide events, which are defined as
preconditioned and triggering events. Rolling sums -afay, 2day, 3day and 5day rainfall (mm) in
connection with extreme antecedent precipitation atected as indicators of landslide hazard.

5.4.1. Data

The longest hourly precipitation data series for Seydisfjordur is from the station Vestdalur, just outside
Seyaisfjorour town and approximately 2.5 km from the critical hillside. The measurements date back to 1995
but gaps in the series, especially aticaittimes for landslide monitoring, led to the use of modelled data
series. The ICRA atmospheric reanalysis project for Iceldag(i et al, 2017)downscaled data series dates

from 1979 to 2017, which also leaves out a critical period for landslidetoniogi (i.e., the December 2020
event), but by using the ICRA series at least three critical events for this project are included.dvlaksad
(2020) analysed the difference between the measured data and ICRA. They found that the correlation between
measured rain and ICRA was good for Seydisfjorour (Seydisfjoréur ICRA= 119 mm, observed =111 mm,
correlation coefficient= 93%). The measured acdated rainfall in Seydisfjordur, during the daysi 18
December 2020, was a total of 569.9 mm, which is the kigheer recorded in Icelan®jérnssonet al,

2023)

Measured daily temperature from the Dalatastgtion was used to filter out snowfall. The station is
located by the coast with open sea to the east and therefore would be expected to be warmer than stations in
the town of Seydisfjordur, a location in a narrow fjord. The climate data reanalysis G@bBpled Model
Intercomparison Project; Copernicus Climate Service, Ewiray, 2016) was tested for the point location of
Seyadisfjorour. The models that are considered the most representative for the area had around three times too
few maximum valuesompared to ICRA data. It was not within the scope of this project to fit the best model
to the station site. Therefore, it was considered acceptable to test the tools and methodology to repeated ICRA
data and add expected extreme increases to simulate fatnfall. As mentioned above, we projected rainfall
data by multiplying the historical data by an estimated precipitation increase. While this method simplifies the
link to the specific location, it has limitations. Notably, it artificially repeatstiergpatterns every 37 years
with adjusted intensity, reducing natural variability and potentially creating false trends. Figure A.4.1 in
Appendi x A4 shows some of the effect, where the I
limitations butgiven the project's focus on a single point location and constraints-dgepih climate
modelling, we consider this approach acceptable.

5.4.2. Precondition

During a field trip in June 2001, in connection with landslide hazard assessment, recent surface cracks
were discovered at the edge of béfi and Nd&wtnar Jensen, 20Q1n the autumn 2001, a 30 m long

crack formed in Nautaklauf in Botnabrdn during an extreme rainfall event. Movement there did not lead
to largescale landslides, but a year later, specifically in November 2002, new cracks opened in
Botnabrun following a prienged wet season, most of them in the area between Skuldarleekur and
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Nautaklauf. This movement led to two debris flows from the edge just west of Bliigtag5.4.1).

Old reports also discuss cracks forming in the year 1925 in the area. Furthermore, sediments from four
large landslides were found in survey pits in Seydisfjor&umudsen & Larsen, 2013Yhey have been

dated between 4500 BP to 580 AD (Gylfadédiral.,, 2019) The largest landslide events expected in
Seydisfjordur are assumed to be ~100,060(@ylfadottir et al., 2019). h the landslide inventory the
recoded events in Seydisfjordur that occurred during tiea2@ 2% century are assumed to be dated
correctly, but time during the day is often not knowirable 5.4.1 lists the landslide hazard in
Seyoisfjordur, based on the recent hazard assesq@gliadottir et al., 2019).

Tableb5.4.1 Definition of landslide hazards in Seydisfjorour

Landslide Length (m) | Rainfall
return Type of event | Size of event Vol. (m3) g , .
. or area (nr) duration
period
10 yr Debris flow Small* <10 100 m 24h1 72h
. Debris induced R 5x10% P
5001 1000 yr landslide Medium 2 516 2x10**m 3-5 days
Debris induced Medium- 2.5x107 T
2500 yr landslide large** 1x10° 2x10%>m > 1 days

* Jakob (2005) **Fell (1994) inMcColl & Cook (2023)

In September 1981 debris flows fell from Botnabrun and from Imslandsgil on the south side of Seyadisfjordur,
while the same weather conditions also triggered a debris flow from Bj6lfur mountain, situated opposite (on
the northern side of the fjord). In Obtier 2001 a series of debris flows occurred both on the south side, from
pofi all the way to Hadegisa and on the north side under the mountain Bjélfur. In total, there are eleven
recorded landslides, ranging from debris to mudflows on 2 October. Road dandagead closures followed
this landslide cycle. In June 2002 a mudflow fell from Bjolfur mountain and, during November of the same
year, eight other debriand mud flows were recorded. In December 2015 another landslide cycle hit the town
of Seyaisfjordur, both on the south and on the north side of the fjord.

Map of landslides in Sey®disfjorour where these events are highlighteéigure5.4.1. The thick red
lines and dots represent events that, using the methodology applied here, would classify as possible precursors
to larger events. The map also shows finer red lines where the large landslide of December 2020 occurred
(slightly left of the niddle on the map). The large landslide was one of the last events in that cycle, and other
fine lines on the map denote smaller events.
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Figure 5.4.1 Map showing landslides and a slush flow in Seydisfjorour

. Thick red lines and dots represent the events used in calculations. Fine red lines are other
events. The dark blue line depicts the outline of a slush flow. Forpootiability analysis,
only landslide dates are used.

5.4.3. IDF calculations

IDF (intensity duration frequency) curves for filteresin (Table5.4.2) were calculated and RPs

for different rainfall intensity durations estimated. A time window of five days was selected as the
minimum time separating two values in a timeseries. It is a realistic interval due to extreme
precipitation being associated witlarige weather systems, and thus a synoptic timescale is
appropriate to ensure independent events. Furthermore, the same interval has been used for
extreme analysis of winds in Iceland (Petersen, 2015). Several methods exist to determine the
ideal thresholdfor a timeseries, but in this study, the commonly usétp@@centile is used as a
threshold as for previous studies in Iceland (Maseadl, 2020, 2022).

Table5.4.2 IDF for liquid precipitation (rain) calculated for a rolling suwif different durations
and frequencies.

Rainfall Return period (years)

duration in hours 2 5 10 25 50 100 500 1000 2000
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