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Chapter 1: I ntroduction

Chapter 1
| nt roducti on

Al'l types of flooding including pluvial, fluvial
and widespread damages, affecti(mRpsteme wen\gi,r en mant
203,8Feyen, Danker s, Bodi ss( HSakaman, eB@oBiaalrle@014p0
coast al flooding poses significant risks to humar
the displacement of communities. It can destroy
straining public serermalsoiempadtesasdomgatfoectoendy po
Economically, the consequences are equally devast
such as roads, bridges, ports, and( Witnitleirt,i eest, di s
al ., . Buithlesses may face prolonged closures, with
l oss of trade and income, or damaged stock to | on
and increase i(hWeudaawectet ap,r eBrii nugrusn.a t Thh, e &c uPmuol vaetri bvse,
effect of these damages highlights the critical n
adaptation strategies to mitigate the i mpacts of

Understanding the extensive damage caused by dif

a deeper examination of how climate change exacer
Panel on Climate Change have hi gshldanrttreidb uhtoew tion c
more intense storms, and that gl obal mean sea | ev

of this century, dependi(h®Ce&n SHSpeoial eReporbdnoenst
and Cryosphere in a OChisanggdangl eCcMélmatrei,s €,02t2he r i sk

increases, as higher sea |l evels wildl most | ikely r
(Nicholls, Hinkel, L.i ncckei,t iSauncaklallyl,, n& rTeo|s, e v2e0rle8 )s
in more severe storm surges, Wlimamufeldwjttth®rl 7gont r i |

respect to the future of Extratropi W&CPstorms (ET
indicates small increases in mean winter wind spe
magnitude of change uncertain(MdMaetd G6fmailder eUREP V&
Factsheet:. SNonemshek688) multdphel mddelh t heebKeEP
Gl obal &mpsembdte an eastward extension of the Nor
increase in winter storm numbers and intensity

nei ghboumrs ngea eddé mr ease
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Scotland winter mean temperature compared to 1981-2000
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Figure 1. Adaption Scotland: Predicted Winter Temperature Changes(Adaption
Scotland, 2021)

Scotland winter precipitation relative to 1981-2000, Scotland winter precipitation relative to 1981-2000,
low emissions scenario high emissions scenario
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Figure 2: Adaption Scotland: Predicted Winter Rainfall Changesunder different
Emission Scenarios(Adaption Scotland, 2021)

According to Adaptieosn aScrod d walntd @fr ogleicmatooeaschang
experien(tFd gWaremegRiteHwent er s, with nBoyr e 0i5mMt,ense r a
under a | ow emissions scenari o, average Wwinters ¢
degree war mer . By 2080, under a high emissions sc
around 19% wetter and 2.7 degofeBcwhomerandcEpddol
(CEH) (rkeagy,rtCr ooks, Dav,i es, p &t eRretyinalr di, n 2r0eldlge i n
peak for di fferent emi ssion scenarios for the 20
average increase in peak flow for the ten main ri
20% for | ow24&Wors sin@di, urhOe®il $%s if on, h asgele ngadnii sossi o n
(Kay, Crooks, Davi &I mi& aRdwnand,e 2ahxli)i pated rise
is Ilikely to |l ead to mor eVNiftrhe guwemtecrtoad fplrog dkicntgd
ri se, Adaption Scotland esti maRieg®r e&amdeo @i §m ar o
emi ssion( Ad@ptaromsS.cotl and, 2021)
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Median projected sea level change by 2100 Median projected sea level change by 2100
for low emissions compared to 1981-2000 for high emissions compared to 1981-2000

Sea level
change (m)
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Figure 3: Adaption Scotland: PredictedSea Level Rise under Different Emission
Scenarios,(Adaption Scotland, 2021)

I n terms of flood rell®&8t7@®d aadn dedl et necdeasth & rzbaert dwse e r
accounted for 50% of al kr edias &gt edresat&asd 4S5 %Woodi rd
UNDRROSs 2025 Gl Repld UNDRRs s Bt 9 di ng remains the
economically damaging hazard, with current annual
388 billion, i ncluding USD Trmde.sle Hiolslsiedssm airne ipmrforj aes
rise significantly due to cl iima®@ebiclhlaingre, by eda6b0D
depending on emissi onemicsesniaan oRCP8UnEd ep atthhwa yhi gihn f
I

osses from riverine flooding alone could increas

With the clear l ink between rising sea | evels ¢
effective flood management and adaptation strate
strategies are cruci al for miti qactrierag et Hen rfil vlod a
events. As we consider the vital strategies for
recognize the role of stakeholders in implementin
stakehol ders to ensuorneo md af estuys,t ari ensaibliile ncye ,t harnodi gé
outcomes and as such, deci sions must be made reg
effective strategy i mplementation. For these deci
for the Issweli adfedr iwsikKk ha each event to be quantifie
associated with a hazardous event such as a coast.
hazard occurrence P(Hz), the probabP(iD|jiHzy) of d ame
(denoted as fifragilityo or fAvulnerabilityodo), and

R = P(Hz) T P(D|Hz) T C Eq ]

The commonly applied formula introduced here er
assessment, combining hazard probability, vul ner
compr ehenslitvef omeltormisc .t hat the overall under standi
particular scenario wil!/ be enhanced through i mpr
component s, the development of robust early warni
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tool s ar e essenti al for ti mely and effective e
vul nerability and mitigating potenti al i mpacts. F
capabl e of accur atHealiyt Ipreudfi fcitd ingntt hlee deéh ztairmde can
mitigation -watagenmemytenmeasur es. can be taken, W
vul nerPa(bD|ldretdy or co@Tkekqueomp&mdlnjd lofbe referenced
throughout the thesis, when relevant to specific
Modern risk models integrate physical, economi c
exposure and potenti al d &@Pmd d eag dac rSpsesxn.ceéir f f e&r elnutd €
Because c¢climate projections, storm behaviour, anc
uncertaidtypaoal ygisia prephbdcdposhitcfmetecads s wi t
di stributions, enabling st alkaettolcdabsres o uot cpolneens . acr
These 1integr atwad,e unoderitsaiartey t herefore essentia
response.

Accurately forecasting coast al flood events (pa
ultiple challenges such as |l ocal variability, a
ality and as sHamikleast(izdam &il s s w8 geec kadan2 0e2t3 ) a |

r wave runup. A major step forward in this disci
vel opment of computational fluid dynamics (CFD)
mput ati onal power eaddhydrfddy reaamiyc mBogpdlistsocah
uettich, Jr, Wesnewi hkhkco&pSBchetfuoempl E992redbac
e interplay between storm surge, wave action, a
edictions of flood hazards. The i mprovements 1in
ese moflesset oandnaccommodate finer spatial and t
d sperct fic forecasting.

Over the same time period, uncertainty analysi
arameter s, model physics inadequacies and i nit
ncertainty, among others. Uncertaimtsyedmatshods i n
ither statistical met hods or ens epmbol cee snseotrhso,d s .
estimate uncertainty by analysing past model resi
and observed values) undeari ntttye raedd emptsi druttulrat um
These met hquaa,teigdriecshs iaosn, vary in complexity and f
representi f@oeheert aumby oso, .SaHmusdmbl|l e& nCd deles, a2r0
created by combining different model runs, each 1
model structur e, par ameter s, and forcing dat a, t
' imited knowl edge ofnipcioatiki{tBe®nsegar dmenbe ns,0, o1Saimu
& Cl oke., T2h0el 9¢vol ution of uncertainty analysis,
forecasting, has benefited greatly from advances
l earning techniques. These innovationisngnabl e mor
of complex data sets.

One of the drawbacks of condlicdehgtwynmedeéhi nhy

m
q
f
d
c
(
t
p
t
a

> O T OO o o o c

® < T

that these models are definitionally complex and
fidelity model s often simul ate imd ri emper aplhysi c:
resolutions, requiring extensive computational re

conducting multiple simulations to explore a rang
parameters or boundaryveloynwdbibhbmemsng cand bex pe i

Additionally, the interdepthdehtcttgs mbdeWwsemrmamaraim
uncertainty, making it difficult to(iStsoka&tse and qL
et al ., TBR®@21ncorporation of stochasworcl del ement s,
variability, further complicates the process by i
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a result, generating reliable probabilistic outco
task, often requiring significant computational e
To overcome this challenge, i nnovawhiveh approach
uses simplified models to repl idccaatne stihgen iofuitcpaunttsl yo
reduce computational cost s. These Isaiarrmigmmg e mode
algorithms | i ke Gaussian processes or neural net wi
When combined with probabilistic methods such as
rigorous uncertainty quanhobdcatfi an fheresti matimo
updating beliefs based on observed data. This int
all ows for efficient and scalabl e anAllysoifs wher e
these modelling optio@GlkamtBer Tdd esyc usasleldd i aal sdoe plh éh U ¢
devel op efficient and accurate empirical predicti
subtle correlatiomnsneafmdogdnémwaticmgt sealboften outp
phydaeased models and statistical met hods. Moreover,
used to enhance the acc(bboy GOhoyauwmef &c &Klai gnedel®
astronomic tide height and/or(Bmphabe &hE€alkwimpdaa
202f4d0r coastal water | evels.

The fortuitous convergence of machi ne l earning
capabil ipgriecwsi,siinghmodel | i ng, and uncertainty ane
opportunity to addrreeslsattende rcihsak sl einmgteenmasti effileodo dby a
This forms the central focus of this thesis: dev
t hrough hydrol ogi cal and hydrodynami c syst ems u
di ssertation examines two key apmldiaddtoino rhsa:z afralrse c
and evaluating the vulnerability of road networ ks
Given the I|limitations of conventional fl ood moc
i mted adbpmtsieadn saffr Mgawer md d eraskii high Iy eesail s
ositions i tself within the context of i ncreasi
mphasi zes a dual i nnovation: i n maximising the
odel s, and the explicit quanteirftiadattiyont hoafouigrmp uth
oupling of artifici 8ayrsuirmraUmeebhoadmasy ( ANNS) anud:
at apply machin€hbp#)entAgsswpekfpceakbhys a unif
at jointly addresses predictive accuracy and th
certainties. Furthermore, the resemaséedintroduc
cert airnitgyi nagn dmnet amodel s to address dvaun nerabil ity
ea with previously I imited empirical devel opmen
at ealtdatmet hodeloodyl wintvh r ormaeént al and i nfra:
tablishing its practical relevance and contri bu
n t hissurwoorgka,t er enfoedresl Iticngt he devel opment of comp
proximations that efnmudleatiet yt hneo dbeelhsa,v isouucrh oafs hkirgihg

('D""QJCC""""OB('D'O_
w - - 5 O T T

ap

used to derive fragility curves Poobadhmiflriassttirauct u
approaclkesemployed to move beyond deterministic f
possible outcomes, thereby capturing the inherent
Central to this Bfaryaeense tamp kveh isc bt hfea aiislei todt e model se
uncertainty by updad spgcibfeil ¢ @if sy bais@damnAdapgtai ve

Selection (BMS) process enhanced with Monte Carl o
guanti fy predi catlisoon aicnctoeurntal Sorbumodel structur e,
observational uncertainty, enabling more robust f
The rest of the thesis is laid out as foll ows:

t hat covers the meteorological drivers behind t|
component s, pl uvi al fl ood ri sk sctoinmpgo,newnrcse r trmaaicnhtiyr
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analysis and finally a summary of the I|iterature
the probabilistic processes that comprise the two
Bayesian mo d e | selection al garionhnfsorfecrastsiumge am
conditional probability processes for relating ex
Chapter 4 is an adapted version of a journal pap
Early Warning System: adhMdshinge Moeaa eniCrag | Ap Brag e s |
Selection Algorithmo that is currently wunder revi
Research and Ri sk Assessment. I't describes the de
based storm suegeahdr étcastaippdi madi on in the Firth
adapted paper titled fARobust Localised Coast al I
Approacho that ha€ohstal sEbhmi.heledidhegs cirbdrensalt he de
and i mptemeandbf an uncertainty based surface wave

its function as part of an uncertainty based coas
6 is an adapted Scottish Roads ReskaRolmdBoard f u
Fragility to Extreme Precipitationodo, which wil!l f
describes the production of fragility curves rela
the intensity of precepstandoprobibbgl! ktygt hgomegt a
overarching concl-@siamn a@af dChaptesri ®n 3 of t he res
recommendations for future research.
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Chapter 2
Literature Revi ew

The literature for this thesis consists of six
i ChapterFiXstly, there i s an overview of t he me
hydrodynamic and hydrol ogical hazards, providing
nature and drivers of these hazards.bSkecbwndly, th
and consequences of coastal inundation along with
t hem. Thirdly thererids auvdeecrmbptiioy eahdtlcenbanga
flooding along with the modelling options availab
met amodeling options that are available for forec

section ooertaiesw afh uncertainties and uncertaint.
|l iterature review conclusion that encapsul ates th
identifies existing gaps, and undretrrsiclbouteisomg ptoad t u
the field of study.

2-1 . Met eor ol ogi cal Drivers

Hydr ol ogi cal and hydrodynamic hazards, al ong wi
consequences, pose significant risks to communitd.i
climate change and extr eme wdatnherf &Vvenths .drPrdiyomram
and hydrol ogi cal hazards that are relevant to t
understanding of the systems that drive them. Th
i nputs used i n thheapried@d sprdescbi bed i n

21 . 1. Boundary Layer Meteorology

Hydr odynami c and hydrol ogi cal hazards are driv
involving the transfer of energy, matter, and mo
exchanges in energy, matter and momentyum originat
boundary | ayer (PBL), the region bet(wseteunl It,he | owe
1988)Dramatic short distance surface changes in s
di stance changes i n( Rohhel ipr& pLeif, hie2e0s20lgye st ha OPBbf t h
is known as the surface boundary | ayer (SBL) or P
by the Earth's surface and plays a critical rol e |
bet ween the supHearce. aWidt Hihre tatenoSBL, t hese exchang
height at any specific moment, meaning that the r
does not vary with altitude. However, this does n
hi gtéayyami c, changing significantly from minute to
surface conditions |ike temperature and wind.

Two key features of boundary | ayers, including t
exchanges of energy, matter, and momentum occur
Momentum exchanges, in particulaini,c laveudasionifi
affecting WGandr avtetl 5et®292) although the rate of cl
humi di ty, and fluid velocity remains consistent i
variations in these properties occur within the b
bot htisagda and tempor al fluctuations, meaning that
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but also across different | ocations within the | a
surface roughness, and thermal conditions, all of
climate ne@Rollhie &ulifacz2021)

Model Il ing at mospheric moti on i s conventionally
mo ment um, energy and moisture. These are the Rey
wind speed changes and accounting foranaddvecti on,
the Coriolis effect; the Thermodynamic Energy equ
kinetic energy of air mol ecul es driving | arge <
Conservation Equati on whi ch describes Adeection.
continuity Equation describing changes in air d e
Equation of State for an I deal Gas, which Ilinks p
uni fying constrai oHof oont BeHaKbmer BQqaB) weasher mo
are usually parameterised by solar radiation, ae
cloud and surface absorption and reflection, cond

heat flux and r aiandss uwefldc easr ouogphongersasp.hyThese mod
increasingly sophirsetsioclautteido, n |deavtear aagnidn gc ohmpguht at i o n e
these dynamic interactions over vast areas.

2-1. 2. Wi nds and Pressure Gradient

Wind is a key component of weather, acting as a
substances, as wel | as moment um. Wind arises froi
which are wultimately caused by thkheuBegualhédeat:i
at mosphere works as a dynamic system, redistribut
an energy surplus, to the pol(eRso,hl whi&hLiex p2ed2le)n
At mospheric circulation, and thus wind speed anc
according to Newton's Second Law: the pressure (¢
centripetal acceleration, and gtrtaevrintsy,. cTchnetsrei bf uotricn

to the dynamic movement of air across the planet.
Winds are driven by the pressure gradient force,
causes air to move from areas of high pressure tc
weat her patterns to shift acr oessdesfpaeccet eadn dd utei nheo. t

Coriolis effect, a consequence of Earthdés rotati
deflected to the right, while in the Southern He
strength of this defbpetdoamandepandsude. bbbt hcwiaod
surface slows the winds, reducing the impact of

acceleration plays a role in curved wind fl ows,
accelerationl atfecmesvements. These forces togethe

and nature of wind flow at various scal es.
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Figure 4: Balanced Coriolis force and pressure force causing Geostrophic flow with wind
direction parallel to isobars. Pressure force (black arrows) tangential to isobars (dots)
with units of millibar, wind direction (blue arrows) and Coriolis force (red arrows).

When the pressure gradient Hiogdcred hedr €vuli bl ng eafif

fl ow moves parallel to the isobars (lines of <con
directly from high to | ow préSaurattThil®9Ryplknown
of flow is most commonly observed in the upper a;
from the Earth's surface is mini mal

Near the surface, friction slows the wind, di s
gradient and Coriolis forcesal @emsvemphis DFowi axd|
the jet stream and also governs ocean currents.

When the pressure gradient force and Coriolis ef
in wind flow that is exp(RBomleid &ylLWeraROPpksal a
centripetal acceleration is | ess thamn gtuhree pressur
5 when the centripetal acceleration is greater tf}

cyclonFcg@t ew,

HETEH
090 1

995 %

Aty
1

Figure 5: Cyclonic flow around a low pressure centre in the northern hemisphere
showing pressure force (black arrows) tangential to isobars (dots) with units of millibar,
wind direction (blue arrows) and Coriolis force (red arrows).

In the Northern Hemisphere, winds around anticyoc
follow a clockwise flow. This flow is classified
those of geostrophic flow. Thi® hBBappemgerbedhamsd ht
pressure gradient force to maintain the curved, c
contrast, winds around cyclones and troughs (ar eas
and if the pressure tgheadfilemw Beoccmeé s lss whgedamsntgreadp h
than geostrophic winds. Here, the Coriolis force I
to sustain the counterclockwise curve, which is a
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1040 %,

1035

Figure 6: Anti-cyclonic flow around a high pressure centre in the northern hemisphere
showing pressure force (black arrows) tangential to isobars (dots) with units of millibar,
wind direction (blue arrows) and Coriolis force (red arrows).

For cycl oneotsdeftimedf marscitnhge rate of generation
enedigycreases markedly with intensity, from about
12 cm]/ sj in stronger ones, with dangmuym tviaeé ues
medi an kinetic energy over tH&AkmperofetiCméitapmpges
Semenov., Q@y0c2ldgnes tend to reach theiri3maxi mum i nt e

hours after formation, and as their depth increas
al | rise, though wind speed growt hs sflooowsowf oar t he
similar gener al trend, but the increases are mor ¢
cm]/ s|j (maxi mum about 3.2 cm|J/sj) and kinetic ene
cyclones. However, for anawtchy ctl emd st, 0 splzaet eaanud ewva m
beyond certain depths these quantities may even
symmetric |life cycle, with maxima often reached
rather than in a sharp early peak.

Rat her than isolated, circular systems, real at
shaped -dyallearResosbryd wlaartetsegg st wenetander s in the et
FiguareRi dgpseébiugh areas) form equatorward of wav:i
air rises, increasing the 1f{peieghBturef apreasyuif®rgnumpfo:
of wave troughs, where cold polraer sairf asiesks Thesw
undul ating Rossby waves play a <cruci al role in v

bet ween the tropics and pol es.
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Figaurdnteraction of jet stream and Rossby wave.
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21. 3. Sea Atmosphere I nteractions

The oceands | arge heat capacity Il ets it store a
surface MmMarabogayerto tBeomtmobspheviec BBL the he:
at mospher dat moospbeean coupling strongbybsshapes cl
shortwave solar radiation and emits |l ongwave radi
sesaur face temperature (SST) modul ates atmospheric
conditions and vigorous upwaedtthebhtul eatabl bkesdo!
|l ayers suppress vertical niRoihdg &&n dWif,ad2dsrlr)d®s i zo
acting on the mixed dlaaysgwihragrle & esh €€kmafnl cw rirre nwisi c |
weakens and damadspwodhcedepa hnet Ekman transport 9
in the Northern Hemi spHhHegr da n(dlegpfetn diemtt lod 3 dwet HMert m)i

mi xi(®Pgice, Weller, &hbi€Cowdbilec s, bhd&h)}e | inks the
wi nd fiel-dcetaon ucpopnevrer gence/ di vergence, thereby |
downwel l ing that shape warm/cool pools and, in tul
show t hdirsi veipodt tr aman b e -tsrtarpopnegd ywistuhrifna ctehe upper f
meters, emphadiazieng dlreepw hmiaxield ksteraa teixfcihcaantgieo ra nado rt thre
efficiency of wind forcing.

A key part of ocean <circulation and climate va
specifically Rossby waves and Knmedwiimg waaveess. tRwasts b
propagate westward across ocean blassnsoduae amwmdt he
changes in Earth's vor thecfifteyctwi.t hUnllaitkiet uadtemo(skpnhoew n
waves, which move relatively quickly, oceanic RoO:s
months to years to cross s@aosemnhabashei ghheardwh
of the thermocline, which influences the distribu
climate phenomen-&o wstultehr nasOskli | Naf o0 on (ENSO) , wh e
thermocline dept bcpdatarmmo sap lterug Kiadgne &l dekng n2 00 2)

Kel vin waves, on Mbei oghewaveandhaar erfhast al ong

along coast(aMangoBnddmiP®dREB) Rossby waves, which pro
Kelvin waves move eastward with speeds much f ast

triggered by changes in wind stress, particularly
El Ni fo eventwi nuesa keelnleodw tdoawrewel | i ng Kel vin waves
deepening the thermocline in the eastern Pacific
alters atmospheric convection and wind patterns,
condadisti Kelvin waves can also travel al ong coast]|
downwel ling processes.

The Wal ker Circulation is iatkhegplteomponeher adt it
driving the trade winds that help generate and mo
nor mal stat e, strong easterly tradeswi nhte push
equatori al Paci fic, causing upwelling in the east
west, balanced by eastward return flow aloft. Ch
weakening during EI Ni fo ,evemnitggerailngr KedMi midn swawe
modi fying the propagation of Rossby waves, ther el

surface tempef&imré& &iIismtr2B0Ri) on
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Neutral Conditions
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Fig&reChanges in atmospheric circulation over th
heat distribution in the ocean is shown with in
I'l'lTustration by NOAA
Toget her, Rossby waves and Kel v-& hmowsapvheesr ea c t a s
interactions, with Rossby waves contributing to t1
enabling rapid adjustments to wind]|lstemeses tdired pr e
depth of the thermocline, regul ate oceanic heat
maj or climate phenomena | i ke ENSO. The dynamic
atmosphere highlights the o6ceowamatdecricicabteol and

bal ance.
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Figure 9: A large cyclonic storm front approaching the United Kingdom on May 7, 2019.
The image was acquired by the Visible Infrared Imaging Radiometer Suite (VIIRS) on
the Suomi NPP satellite. NASA Earth Observatory by Kasha Patel

2-1. 4. Precipitation

Under unstable conditions, ri sing air cools wunt
where the temperature matches the dew point or fr
wi t h a relative humi dity of 1s0a0t%.o0 nk u rftrheeerz i m@q | ic
deposition of water vapor into |l iquid or i ce, f
condensation and freezing nuclei, tiny solid part
mol ecules to attach. @0 rec e tgrheetri olnesv ed fs tolweese | muind
( Rohl i & LGgas2t0a2ll)zones exhibit sharp gradients i
variations in c¢cloud cover, pollution, and airborn

Af t er a cloud has formed and grows, it has the
occurs through two primary -meahesn¢cemse phecéss stw
domi nates in clouds with tempegreat uwmad = rabdawe | fertee #
faster than smaller ones due to differences in t
collide and merge with smaller dropl et s, eventua
cloud's buoyant foroe®sandafaslbl ka®wnaias. thkei § war m
relatively inefficient, as droplets often avoid c

The second mechaBesgé€EiradehseWegenerss, also calll
phase process", which occurs in cl Rbhldorkt ai ni ng
Li, .20RHi)s process is most active in clouds where
cirrus, altostratus, and cumul oni mbus c¢louds. Al t|
at subfreezing temperatures ( aisn stulpies cprod ceas driog |
| ower saturation vapor pressure near ice compared
di fference causes water vapor to deposit direct]l
snowfl akes. As vapenrHbdgpespescool eddbedioplets evap
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the water vapor. This cycle of evaporation and defg
|l arge enough to fall as snow. I f the air beneath
melt into rain, or if congllieetoner fluneeznianeg,r dihry
Gl obal precipitation pactatl eer nsi racrud asihaped y by ems
at mosphere i nteisaaticoonnst,r aanhd. | @&hdmatol ogically,

precipitation totals occur near the bnsertropical
and midlatitude stor mptrrescslg,e whilltes @llEtrcompaalath

& BiasuttiSea0hd4a)ly, tropical rainfall shifts nor
mi dl atitude precipitation maxima align with winte
Regional wvariability is strongly influenced by g
only mean rainfall but also extremes. A global an

i mpacts are often asymmetric, mliy home mMENS @ gp loanse r
(Sun, Renard, Thyer, FWeasterxaamp&d eLared, N2 Olb5)t ends t
winter precipitation in southwestern North Americ
to South Africa in summerel 8uaht vart adrimest ysathecd
10Wear r etruarim fpaelrli cedvent s, and must be considered

Precipitation variability is also projected to i
show thameameapoe@ail pi tati ©5n% vKarii aobvielri tlya nrdi,s ewsi tbhy t4h
relative increases in the | TR endengoars st e Knungd,i
Lehner, Deser, .& TShainsd eirnscorng,as2e0 1l7i)nks the risk of
drought risk, as heightened variability expands t

Extreme pr ecddeftiante d ns teavteinsttsi cally (e. g. , exceed
by fixeddpgdhgesthajlars soci et al ri sks through fl oodi
damage. Their impacts are ampdirfegidonsn, demd etl lye yp o
trigger cascading hazards when coMmBi medowi eh ot he
al .,. 2022)

Observed trends show increases in the intensity
even where average precipitation has dieclined. Th
Cl apeyron relationshi p;howltdd rmeyb v agetanedasspehse rbiyc ~nTo% skt
However, actual changes also depend on circulatio
Moi sture convergence through atmospheric rivers,
plays a critical role in triggering extremes.

Future projections indicate that extreme precip
particul-anptytudehagt tropical areas with abundant

to continue to modulate the timisgmandegievres ity
experiencing disproportionf&tue,i Repaatrd ,f Thhmeone WEHBH
Lang,. 20d®mpoundsngheficesi smmultaneous coastal fl ood]i
stormarug gexpected to become more common, further
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22. Coast al Overtopping

Overtopping hazard refers to the |likelihood of
protection structure, potentially causing | oss o
projected rise in overtopping by apdtamatiifcecy tim
increase in the frequency and severity of these e
coastal defences and e(melrmgam, yetr eslp.o,nsz20Zxla)pabil it

Figure 10: Saltcoats, UK. 11th Nov, 2022. Winds with speeds up to 60 mph caused high
tides and sea waves of 10 metres and more lashed the coast at Saltcoats, Ayrshire,
Scotland, UK causing Scotrail to cancel trains on the coast line after 1.00pm. Credit:
Findlay/Al amy

2-2. 1. Coast al Overtopping Hazard and Modell ir

The factors that affect the volume of overtoppi:
hydrodynamic el emrdmgtud e§he praas enmmme dtheii yht that the
Hmax is the still water | evel ( SWL) depth d, and
comprises the astrotniodmalc rteisdied uHsal athrd atnhde snoont he ma
can be expressed as:

Mote A+ T» o Eq 2
The structural factors argeFsamauctube Geekofhic, &
der Meeand 19 §8Wadlslosmnd2GPe=)i fic consideration for
outside the scope of this thesis. As such this se
hazard prediction. The | inear, additive equation
addi tsitvenati on of the highest potenti al water | e
components and doesn't inherently restrict the co
world dynamics. Modelling the procegsesatveat | ead
r uunp , and interaction with <coastal def ences, req.!
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These processes are highly sensitive to changes
validation of model s particularly challenging. Ao
structures further compl i catueesntpriendliacntdi ofnlso oodfi nogv.e

FigbteSchematic showing constituent el ements of

To effectively address these compOWWLtIi es, i nno
model have been introduded.2llPev sl capdevda nlxcye dStovlkeead o
forecasting system is specifically designed for t

higkesolution Delft 3D hydrodynamic model at a 1 Kk
The model outputseamreshprecdysdeddtymraoni gh emuati ons

| ocastpieocni f i c coast al profiles and def ence char
performance, the model achieved a 100% success r a
during winte% o2welr8a lajnSda cakne 8 0cegfThal hyd2@2d ¥y nhami c mod
runs in 2.5 hours wusing 8 cores with parallel cor
take 16 minutes on a single core. The authors i

including thk modeliad MéDerl @tpsaed obuartopping equa
and beach profiles and geometri es. However, due tc
of each error source, the individual i mpact of eac

As atreswobust confidence bounds for each forecas
could not be established.

StockddrRrog®Béeaslent s a total water | evel and coast @
that explores the complexities of nearshore uncer
framework relies on wave characteriGtamsddmrom t he

West huysen,anat salr.ge T®IrFI)casts from the Extratropi
Forecast SygqtFamakbSThOFES)Feyen, Ai kman, Van der Wes!/
and the National Hurri canrSeur@ent(emoddded Pr &b ad ialhins t i
2008)The authors assert t hat in their model , t he
componentuwndadeaerestwmedd dueethibmengal nggatmhieam efforts co
the U.S. (EBEasetk@oast edtoweelv.e,r ,2020h3)s cl aim shoul d be

it may not hold true for regions |l acking similar/|
of the consEd4Bmrernotr 't eRenise riennc evi d d urbee drestec rfi derdd .i n
foll owing sub sections, along with an overview of

uncertainties.
22.1.1. Astronomic Tide
Astronomic tides are the periodic rise and f al

gravitational interactions between Earth, the Moo
generates a bulge in Earth's ocemdsbwhge¢ hieosimsleof
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the opposite side due to the centri-Mougml force f
bar yc(ePatrrkeer , Si2@WI7f)aneousl y, the Sun's gravitation
effects, either enhadwheg themSdori Moepriandg Ende
reducing them during neap tides, when the Sun and
These tidal movements occur predictably based on
with variations influenced by factors |like Earth'
| ocal coastal topography.

Astronomic tide is most often predicted using he
based on the observation that the tide at any
ver al sinusoi dal component s, @aphawiet h Thes e own
mponent s, known as tidal constituemarskerc,orrespo
Q7)For exampl e, the M2 constituent, which has a
presents the principal l unar semidiurnal tide,
mi di urnal tide with a period o Hi2sthoruircsal Btyi de
t a, the characteristics of each tidal constitue
eated by summing the contributions of al | sig
nstituent correspondnsonmeon an,s ptelcdifri cc amhkirmend ne fcfae
e observed tide at any | ocation. The accuracy o
curacy of the constituents included in the mode
ecise prendideti bettes thetures the complexity of
model s were traditionally fit with Fourier analys
ti meseries. More recently harmoni¢cZlaammadg ysYisn, s ap
Wang, & Hu, 2017)

Nonhar monic models, such as time and height diff
or mean cycle analysis are used for tidal predi ct
(Parker, WRIOIOZ)t hese models are | ess accurate than
data, making them more suitable for certain stati

Errors in tide predictions often stem from the
met hods, particularly when dea( RPargk enwri ,tGh@fishc)o mpl et
or irregularities in the dat a, shorter time serieé
reduce the accuracy of traditional har moni c pr e
predictions can be done thrcasdi@hi@algmarwi hi |l Wangor &
Hu, 20Ka) man filtering is an opti mal recursive e
i naccurate and uncertain observations to estimate
applicable fédrhAbabaktart e Mahmiudal Tang, Hussaini, &

T 9 0 O Qv - NO OO —
- 0 T 0 T 9 ® DD OO0 0D w’w

2-2. 1. 2t.i dNowoln Resi dual

No-hi dal resi dual refers to the component of coa
subtracting the effects of tidal forces. It desc
at mospheric effects and t heFeémiBwrwmlxiea nocf, tetdeals.u,r
2019)Storm surges ar e atbindoarlmarl e scihdaunagle sc ai uns etdh eb yn oinn

The behaviour of storms is influenced by oceanic
the d@aalge dynamical response of( Cthred t@me a&&n Stcc | atxmo
1996)Their behaviour is responsible for pressure a
surges, parltatciult addéy. i RKelmiidn waves, on the other F

that can rapidly propagatensebblUevel) tbanbgesi at en
reach of EWamngn Burgekkel vin Waves, 2002)

The field of storm surge modelling and forecas:c
devel opmefnitd eolfi thyi grhumer i cal model s providing detai
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processes to generate accurate é&ndflrani édibs e Iitar
Kennedy, & .SnmAdrh,s rogle3)f orecasting, an extensive
Kaj baf a(ndo2BDgnmoiupi ng existing hydrodynamic model
fideli tlyaspehdy smadcdel s, often with a sulbldsetlantyi al co
model s with an associated drop in accuracy but wi
toré¢oasting applications. CommopChéemghanmd@a) ity mo
ADCI RCuettich, Westerinisj ggi fSchredtf natt ed©99@n has

recent years to | andfall |l ocation, where a | arge
to a large error (KobBmuo geet eNaulgnetr i a8 8 jwetaitdrer  pr e c
models have become more popular in recent years f
back that storm intensity is often underpredictec
stroKkghno, et Salo.r,m 20ulrgy)es are characterised by hi
the | argest source of unce¢(Maintyi emopr@di cit €lnlgo s

& D' Al pa.os, 2014)

Some studies have explored the nature of the un
prediction methods suc(hTaaysl osruy r gler irsehs, p olhdsoeh ,f ubBnicltsikc
2015)with particular attention given Med t& e | ead

Lionell.o, Mg2cOeln6a)r i o storm surge forecasts are bec
considering the variability in various parameters
(Kohno, et al ., 2018)

The overall uncertainty ifnacetterdm dFurogre ap rneodd ecltl
perspective, errors arise from simplifying assump
bat hymetric effects, and initialrocoddngi esrnmd.r mAdc
characteristics such as intensity, track, and spe
carry their own wuncertainties that propagate to
variability in atmosplser icongrrd osudree teon di nwiemrd ad me e
the meteorological conditions that drive storm s
bet ween the effects of combined random errors and
and in sur e enoRdesliso,, Reoswiel | , Ci al dmeu,ndDash,at& Wes't
surge model bias can play a dominant role in dist

22. 1. 3up Run

Wave-uppumefers to the phenomenon where waves tra

higulater 1| ine, driven by factors |ike wave height),
is the distance or height thadr wawast ale asthr fwhee, tc
influenced by the type of waves, the slope of the

or seawall s. Run up can BewendonSseRdugph 2 dSwash he sum
refers to the movement of water onto the beach a

water moves up the beach and a backwash as it fl o
a cruci al role in sedimentheranspor haadongsthéaesh
el evation of the mean water | evel at the coast di
when breaking waves push water shorewar d, rai sin

conditions and caog, |lesapde ctioalcloyasduwarli fd osoedvienr e weat bt
component is primarily generdadeepitnt ye gtrtad edr, a pihearste i
averaged momentum fl &8kbkat wotbun abewwaegese $Shebhl an

sur f zowmes Asswiapate energy through breaking, t h
bal anced by an increase in mean water | evel at t
anal ytical s eelruwteirorsg ¢flcars , twiag/delmmol w ,t h2a0t2 3wave st eepn
and nonlinearity significantly influence the mag
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st
co
el
br
al
t h
co
e X

esses, thereby modifying setup potential. This
ditions, -wberedhwaghWhes|l-sehgaterhdigei onossress g
vating coast al water |l evdlloodndg ekazar dat i May
aking can substantially influence the overtopp
er{upgchanacteristi dspiThéngypepl daagbegtakong sur
spati al di stribuppiong adids antagrmg € su,d ea md tohreerrd fo
sidered in hbAztbomanmnss&s SmeOwtegltlop,pi 2@2 401 umes
ibit strong correlations with incident wave ty
processes such as shoaling and wave reflection. T
structure toe and enotdirmyt nt dores fedrf etca i vlee moenf enc e,
overtopping rates and inland flooding potenti al
Run up is a critical parameter in coastal engin
action inland and the potenti al for flooding, ero
model s such as (tSteo cSk doocrk,d otho Immoadre,l Howd si &e&al | enge
wave height, wave period and beach sl ope, mor e
nonlinear interactions between waves and the beac
di ssipati on, an(dd as wsaislhv ag s cdolcloa,t i.@anTshé € e , m&d Kl i n,
require more complex parameter s, such as the wa\
variations, and detailed beach prof-wbebkd which ¢
conditions that influenceompinexiluwt ial dotihnttrhedd o
and the application of the model s. For a thorougl
(2020) . Typically, runup formulas for irregul ar
measures, such absy t2h%e orfugniyhpg._ewacveeesd e d

To avoid implying sibBmp2)el liitn e asr naodideiotaisvtihtyy t(hea.tg .
interactions are intrinsically nonlinear and can
watleervel distribution. Laboratory and theory for |
t hat nodhduanrethiyfiihaegydbr eaki ng par ametleorcitttyatv asd alnecse
runp vadlieaamwes t wel otont gl isneati stics essentially wu
runp displacefp®eni ssanketi ©$s denkul ova,. Pelinovsk
Extremes fol-it pwe al Rayfl@ei gharrowband forcing, t he
becomeGauwmsosni an, and positive tails are enhanced
Crucially, the mean sea | evelimaé¢arihteyupHwavwed i et r i
so any given tide or surge | evel rides on a highe
suggest, increasing exceedance probabilities and
overtopped. These erfdrelcitrse aaraésehcaolnlsoev®r ¢ n t( wlii tch pr e
coincidence -wf mrxagwemes rium | inear vsf.iedadnlinear
forcing) and are confirmed expeupmantadt ythode ok
the incideah beeubdedndiagnostically for flood ri s
t owalleerv el frameworklepehdemeabetdswaahest ati stics.
Typical sources of wuncertainty for wave runup ar
characteristics, simplifying assumptions in model
errors i n( Ruattheydmme ¢Tyogrrrneust h, . & Thwel eémn,hex i) randomne
waves introduces intrinsic uncertainty, |l eading t
across dissipative, i nt er riRdlit & teamF, r edlyoairrmeustfhl ,e c& i v e
Puleo, 2m22heir total water | evel and coast al c h:
al(.20p®pited that static representation of coastae
uncertainty in empir(iSdalc krdibomuy.p epgarad met €r0i2s3gt i on

- O O3S ® —*d® d® S5 T

2-2. 1. 4-waWiersd
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Since deep water wave characteristics are a maj

model s, it is essential to account for both the
associated uncertainty.

Surface waves are waves that travel along the i
typically between water and air, and are primari/l
surface. As wind blows over abte, wateati ndg tirpamlsé &
grow into | arger waves as the wind continues to ¢
waves are influenced by factors such as wind spee
wind bl ows, known as fetch.

As waves approach the shore, their behaviour c
seafl oor and the eff éUSACETf. B8AO Bvparxi reqitveat esrh ad d ptw
they begin shoaling, where waves sl ow down as t he
speed |l eads to a decrease in wavelength while th¢
Additional ly, r ef rfaecrteinotn poacrctusr sofbeax awaee déficount e
causing the wavefront to bend. When waves steepen
wave bregkheiyndbexome unstable and break. This wvalu
is site=spieg8ddmmonly used as an initial estimate
(USACE,. 2MWI3t)i pl e studies find breaker indi ces tc
incident wave steepness. A comprehensive |ist of
1 of the Coasta(UEMQE,ne20Wergt omapn wmayl can comprom
effectiveness of these structures and | ead to si

consequences.
Similar to surgewafver enmcoadsetlilnign,g shuarsf alteenef i tt ed

devel opmed#iit deffi thyy gmumeri cal model s and from i mpr
efficiencysouMacney aonpde ncommer ci al numermgal tool s &
waves (e.g. see TROmMdBY andebDwad &idi sheview), with t
being GSBWNI j , Hol t huigmde nWANB AR| sf200r1 99 &3 r shor e

applications and WAVEWAToQHnalnl, | S2fear®) defe-pt lwat &rt p h
based numeri cal wave models are defined by mult
component i nput dat a, typically concerning the b

wind speed and directiamgtansg C€bagacseai sempepnata
currents) .

Calibrating surface wave models is a challenging
that provide accurate simulation of storm and wayv
the number of source terms, theevaparamettosmulaadi
spati al variability of the significance of t hese
established and broadly agreed methodol ogy has b
validati on, and it is aomment oneshalkl inbldet hé ngio ¢

parameters ananarhreonr unseet hao dt rtioali denti fy the best
par ameMeenrusg o p.al , 2015)

For forecasting, the quality of wind fields that
predi ¢cBi ®tmnemger sen, . eDi faffer,em2d0e2s2)i n wind input, f
ECMWF' s5(ERR.AS C. ,C.c,an20%kA)d to notable discrepancie
resolution | ocallmwindHprddug¢twwgngf o®babegyveWas & Gr e:
2018)Addi ti onal significant sour ces-curfremmncertain
interactions as well as the spatial and tempor al
based on structured and unstruct ursedbemensgh enso,r ewi t h
suited to coast al regions due to their i mproved
bathymetry. Unstructured grids also provide more
better suited to repr essuarfta ctelfCdvamrecs@d@tymiolna toifngt i d
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satellite altimeter data into wave (Bodaeles can he
Gregersen,. ebataal .a,ss2Znk2)ati on is particularly wusef
introduces uncertainty due to the Ilimitations of
observations. For a comprehensive reeti ew of wa v

Gregerséeno.ep) as|l

22. 2. Coastal Overtopping Vulnerability and N
Overtopping vulnerabilities depend on structural
structure permeability) and the cond$matxuent par t s
(KooshehSh&hiednad Cartwright, Toikl mapon, v&l manalsieln
of coastal defences to overtopping is their desig
with specific design parameters that have been de
growing impacts ofs cdeanalercbhanged shehiacreased
intensity of extreme weather events, the origina
freqgueéeretriryei ra, Cardona, J.ia Santos, & Tened-ri o,
Anot her vulnerability |ies in the physical Struc
structures may suffer from materi al degradati on

structur al fatigue, making themmmor eevems csenmpatlilbl e
overtopping events can weaken the foundation or

undermining the structure's stability. I n areas w
of overtopping can r dduwlptsei mfc rtahcek sd,e ffernaccet wsryess ,e np,
areas exposed to flooding and erosion. Additional
winds and extreme waves wil/ accelerate the rate
(Ferreira, Cardona, J: i dulSmet @alsi | i&t femedelk i ong 22
extreme weather events, which are expected to inc
based approaches, researchers can evaluate how st
action intercawdr ttoop peixmage ewwlanter abi | i ty. Met hods | i |
and stochastic models allow for pr(Kmalsihleihgt i ¢ e s
Et erpchdahi di, Cartwright, .Tomlinson, & van Gent, 20
Vul nerability of individual structures can be as
defences, especially in the event of an extreme e\
i nspections, structur al t estearnghi |Hyd/r oadrnyanlayms ics . mo
process ensures the defence system remains functi
Mul tiple indexes are used to quantify vulnerabil
(CVI) which considers environmental and physical

areas, and geomdrHmhmo Idq g ied aVaullf.reeartzaxliedgi ty can be as:
regional or gl obal scale by tools like the Dynam

(DI MAi nkel & KAGANT,: DdleNvfeS oping a method and a tc
interactive vulner.abbDIl VAyi nntssgrsatmeant ¢ o 20t0a81) dat al
natur al subsystem knowl edge, and a graphical i nt e
i mpact$teoklsease and storm surges on n-atural and
making onptatasbal madaur es.

22. 3. Coastal Overtopping Consequences and Mc

The consequences of overdaplpimg, cwint thei mervea i mg

consequences on coast al communities and economi es
burdens. One i mmedi at e -liympnagc tc oiass & rald e @afv lecadsd pmeg d o f
wat er can flood residential, commerci al, and ind
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di spl acement of communities, and | oss of l'ivelih
Portugal, about 30% of the region is at moderat e
overtopping arfdefrredodiang Caveamptina, J. iRl caditmng, & T
of agricultural |l and can also reduce crop yields
communities. Overtopping can overwhelm drainage
supplies with saltwater, compromising | ocal water

The scoinomic impacts include substanti al proper
onomi ¢ (Botuimai,t iFersan-oi s, SchrTahimse& dVerheke,ongO0(
rticularlyyepéhdenht tbocakms, where the aestheti
ertopping can deter visitors, cutting deeply int
i nfrastuchicasurremadls udbdiidesextensive, requiring
t billions, of dollars in repairs and wupgrades
sociated with managing these risks are not | ust
Atge rcnroneomi ¢ i mpacts include decreased property v
surance premiums, and the potenti al relocation
ese shifts can | ead to a decrealsed wiatxh btalse f o
creased need for emergency services, ri sk mana
eat es a <challenging economic cycle that can b
vestment and planning.

Environment al consequences are equally signific
transport | arge amounts of sediment, pollutants,
and water quality. Wetl ands, wh iacyh baec ti nausn drad teuwdr a l
with saltwater, |l eading to habitat |l oss and affe
accelerate in areas where overtopping causes scou
beaches and natur al daimtei osry stt @ misn It ehmd grreoavs .d eT Ipirso
educes the effectiveness of natur al and built de
ulnerability to future overtopping events. Soci a
ocoastal iesmmOwietrt opping can result in the displa
omes, often requiring emergency evacuations. Vul
hil dr eni,ncaonnde lcoonmmuni ti es, are disproportionatel
capacity to relocate or recover. The economic c
communities face expenses related to infrastructu
public services. Prol onged di scatpitdmnrse ttwo rtkrsa ncsgro
affect daily | ife and hinder emergency response e
repeated flooding, displacement, andbé&ingncial st
of affected communities.

The maxi mum overtopping volume from individual w
than the mean discharge, maki ng p e dkeosotsrhieahn, and Vv ¢
Et easshdahi di , Cartwright, .ToNmdtihosdosn,f o& veacno nGeemitc a 1210
human | ife in the context of c8astédithApnalygsesesnt
coastal defence measures, include the Human Capit
( Bouma, Fran-oi s, SchiTdrm, H& m¥a&r bCeakpe ,t a2 0 OMe)t hod e«
economic value of a |ife based on potential futur
which considers the financi al i mpact on others. T
to determind vhawamsclriendvill ing to pay to reduce
assessing monetary value from individual preferen

DESYCO employs -ariweeghtaednmuysis and integrates
soci oeconomic scenari os, of fering -iamaduecdd ective
vul nerabilities Cantdtaeconeefldacea20t¥e)y there is
Vul nerability I ndex (fdVlia)n afgam,h diGy egtoary, mdHrad de melry

- 0o T 4 7T rrr® 5 00T O
5 - 3 3OO0 W oo < oo
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Lewis,. 2I0hlel )SoVI focuses on socioeconomic factor:
popul ation density.

Hi nkell 208431 mates that, absi@am®t3 adndiotfi g alb ad d anetac
selaevel rise coufldd 6% aodf btyh e2 1w0oOr Itdob sO .p2o pul ati on be

with expected annii%.l3% ocsfs eg(l HilEeMle) GDHe t § a8 h 2014)
magnitudes motivate widespread adaptation. I n ter
bel ow todagdswade@r | eveél2lOnatr irlelaicdenmUBSBRebrnsa hi gh

pat hway by 21f00eqgquseoncwenvdrotwoppivegychargeadamages
Met hodol ogically, EAL is computed by-liewtedgrati ng
probabil ity dEF# «itOr,iObOult ieovne hdta mavgietahr @dperpetshent ed by a
function in which rosglarey 0%t dfatsesupnpd éd duasssadhiad n
render the translation from surge depth and excee

replicable. Adaptation strategy emerges as the dc
rai sing iddikreggs svaa hl evel and affluence reduces i mpe
magnitude relative to no upgrade, though it entai

on the ordex ifl IUSKHLI2bel2,1 0.8t MMoadel,| e2d0 1140sses ar e
sensitive to the protection strategy than to dif
topographic input s, and t he l'iterature cautions
catastrophic conseqépneleys twhe nc aretf exatceisn fawhi ch o)
becomes most consequenti al
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2-3 . Pl uvi al FIl ooding

Pl uvi al flooding odeuatsi owmenai mt@hlseovaehwheéel ms 1
systems, stormwater infrastructure, or i mper meabl
urban areas. Unli ke fluvial floomdcogstahi thoodaeismu
(which results from storm surges), pluvial floodi |
rivers or coastlines. Road infrastructure is part
reliance on eff eacntdi vied sdrcaiinagceals yrsotleemsi n transport
economic activity

23. 1. Pl uvi al FIl ood Hazard and Modelling

The hazard of pluvi al flooding is driven pri mar
becoming more frequent and i ftKayseCrookbBe DHvdes,
Reynard, WhGehl)heavy rainfaldl occurs over a short
systems, such as gutters, storm drains, and cul ve
precipitation has been researched daxdrteinssn vely wi't
frequency (DDBFyr attrieoqmaerenysi { ¥ DF) curves. A DDF ¢
expected height of rainfalWNVMe$ovi an gljhw2 @d2uz)artd toino n
refers to the | ength of ti me that the rainfall (
probability of the rainfall event occurring in a
that falls during dhien emielnlti, metympe< apéry mMmewars.urleDF ¢
a variety of applications, including designing d
DDF and | DF curves are available or can be easil
hazar ds csatni nadtseod ,bebuet this often requires the de
transform the information on the precipitation i

height and velocity.

I n their comprehensive r gWiledwhapapceare,ri Skeejruwlienf a
predicti o®scalsei,antdeanmtlsdi ive problem that bl ends stati
prediction (NWPgar namdgg nhavdhi naeppr oaches, of ten f us

nowcasting in operati @amnsg .onRBé&viinewsuidd egu nmehnet UWKh aMe t
Of fdidceep | oyl esalorsty st ems s(uMent aGf fNICMRODL km Resol ut
Composite Rainfall Data from &ahendgeitde OfdlicmalNi anr |
mesoscale NWP, reflecting the need to couple extr
t héé6 Oh wi ndow. Forecast skildl is strongly conditi
finer horizont al ghiaths | gepeondl Ideteaitsent her pt ocal
equitabl e( $thejewnlte s&oRP&kkaper202Mpance can vary by r
whil e skildl typically degrades with |l ead time as
detection and critical success index fall. Addi t
performance: wat eci pviatpaobul r derived from global na
enhances nowcasting in coast al and emomnihagi nous

met hods wirtohc essisgmagl st eps such as wavelet transfo
and enmeibli € a¢ mode dec-mmpsagsu arieo ne rrreodru caen dr onbeta n  ak
error and better capture extremes. Critically for
forecasts with adequate | ead ti me afrleoomdandatory
forecasting and -mbatomonplogitcanhaby ftyedm® already i
weat her prediction a#dsee mgip moavmiedeisn gh gt Heor p Isthwiral
fluvial forcings thasurcge drd coaeognd temd dwiilnsihnidtmitd e
compofulnodod frafméewet kscod,gJr, Westerink, & Scheff ne
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Hi ndcasting rainfall wusing interpolation of poin
by filling in gaps between observed data points t
a | arger area. This is domehbwsakpligimg,i ntherepclea
weighting, or spline interpolation, which estimat
on the spatial relationships and patterns of nea
investigated thebazoimpamias bembteitewleni nterpol ation
Thei ssen polygons and | DW and geostatistical i nte
concl usi on -diesn stihtayt nfeotrwolroks of rain gauges, Krigin
for dai layn,d naonnntulfal®Gy o vaa enrftadali 2,00DH&1) nt er pol ated r a
data creates a continuous spatial field, all owi |
predictive models and understand past weather dyn
is particularly wusefauli oinn naertenoss kvgi,t hp rsopva rdsi en go bas emc

accurate historical record of rainfall distributi
Kriging, also known as Gaussian process regressi
interpol at{(Bhat tabhaqglbheesy ®r0el 9Ysed to predict the
field at unobserved | ocations based on observatio
assumes that the random field being modelled is a

procedstha relationships between the values of th
described by a covar i gnmBde tftuancchtaird heeco, 5 e260el®a)Y & 0 g 0 g M:
is a plot of the variance of the difference bet we
bet ween them. The semivariogram provides infor ma
variable being studi edlegrseuec ho fass piattsi arl a ndgeep eanrdce nt ks
providing a measure of uncertainty based on the k
from the variogram and the spatial configuration
|l ocati on.

Poi nt measurements from gauges can be combined w

satellite retrievals and atmospheric reanal yses,
topography, or climatol ogy) . T h eisreg htehtreereo glernead s
families :ofi{iniedgilhmd dsorrecti on, which builds a prio
(e. g., satellite or reanal ysi s) and i-ncrementall
minimising criterion; nfotmapbbati ovhi whthraaksl iga
primary variable and folds in radar/satellitelre
regression fkrra ngel wiogr, k sk r(icga n g wi t h external dri ft

geographicallynweightledpt egraéssnad chi ng, which f i
mini mising solution across sourcerssi(tBaymati ami mg.,d e
variational met hods) . Ef fective mer ging mu st al
di fferensésnchl|l end ddiidsettrl d gout esncaeamd ai nty al ongsi
rainfall field; accuracy gains are most pronounce

2-3. 2. Pl uvi al FIl ood Vul nerability and Model |l i

FIl ooding can affect infrastructure in various w
bridges, and buildings, as wel |l as disruptions toc
di fficult to quantify the overbayl |t hceosE®r 0 pAe asni gn
Commi ssion through the devdeal noapgnee nft u nocft i @ineb aflor f I'm

typol ogies of i(Hfuri &zs tnrguac,t uDee Moele,t sTéh e Szsdwadzyy k z
concl uded tlh8a% obfetfweoeord 4 nfrastructure damage was
areas being more affected than rural areas. The
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urban areas mean does not allow rainwater to infi
the surface.

In addition to direct physical damage, flooding
interruptions, |l oss of productivity, and increase
often more challenging to anetasphlrysiamal gdieamdddsg. chr
of these have been specifically carried out in a
Scot( ®wWhndter, et Qailte 0ApHisingly, there is a ge
describing the fragility (or vulnerability) of ro

Empirical fragility curves derive from observed

maki ng tdreinvednataand pot enitwioall ldy pree ff log antaince . o fHowe a le
met hod requires a subst-astiualldn diamsatta nocfe sr ewh earbd et,
data is incomplete or unavailabl e, numeri cal met |
systems and interactions. Though, they are highly
a detailed understandsaoghiodt iphatsed ad o pp wtcaetsisersa lan
them r-esbanskeve. A comprehensive comparison of em
and vulnerability met {dhd aiss ogi Weregmy | @dlog s o Peatr i
By comparison, expert judgmelnitmiotfddrsceanasmids ear
can integrate holistic knowledge. However, it h e
making results susceptible to thiefrsiom@lddmage sstaatde
compared to the other two methods. An example of
to multiple hazard transport frag(Argyrbdbodi spads
Kayni a, Mi touli s, & Winter, 2019)

An empirical flood depth/disruption curve for r
et al. by fitting a relationshi gpb(ePdrweegenno Itahteo ,dept |
Ford, Wil ki nson, &hiDawsehat i2drs’rHi p was fit t o de
combination on of experiment al study, road safet
relationship was then incorporating this into e
esti mat esdwded | dewlday s .

Fragility analysis is an important tool for anal
to failure or damage under di fferent conditions.
frequently employed to establfiixch dtalma glei K elviel o dd s@
the intensity of the hazard that triggers the di
evaluating and mitigating the risk of road damage
for i nfrastructamwde epnhearngne nncgy, rdeesspogms,e strategi es.
broadly classified into three main categories, de
t hem: empirical, numeri cal, expert judgment, or ¢
2-3. 3. Pl uvi al FIl ood Consequences and Model |l ir

For r-@édaiinfeahlflood risk, multiple datasets can be
and economic |l oss in ways that are directly wuse
precipitation from atmospheric rearal ywietsh (f or (
subnational economic accounts tédgesaiemnt eohalws di
more HAwet days, - ntadsdrdafyfeedcaty xgtrroewnteh . Using a pan
regions over fedudrecdescadcktgy,e sdsdi soenss isnh otwh et hmau mhbienrc ro f
days and in extreme daily rainfall measurably red
effectsncomei ghonomi es and idewiedence st lhatd tmraanud la:
hydrometeorologicalecopnoni ti arfskoé gty e nLaeevserr ana n n, &
Wenz, .202n2)t he | olsesvedi deemal g@gaenatt i on links obser v
probabilistic event attribwiidendrionghtetdoblsesdale
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with the Afraction of attributable risko for eac
ant hropogenic influence (attributable cost = FAR
20027017 decadeup tnmeirsgibnogt tyoirel ds abeutr eNZ$h40fmilli
flood damages and roughly NzZ$800 mi-dddoed of drou
climate change, while explicitly noting that insu
excluding uninsured ass@Bsampd ehdalrpra2pRO0Buct he!
t wo strands ar e coenpd ron@Nt pranel s eguahny s if y how s

distribution of daily rai rmflalslcodienfirse scso ngzrea wt hs,p ewl
extreme events into atherbtuthebhl proondeanytrasnséer
for coast al and inladdegiush-ongt edgidebogcombi dat hi gv
observed | osses and coherreamltevadritr i dadn omi d¢ oe Wgiedem
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24. Machine Learning Based Forecasting

Machine |l earning models offer significant advan
model ling due to their pr efiinceiaern crye liant i @asthu rpisng N
l earning models excel at patter n orleocgoigcnailt i somd whi
hydrodynamic hazards with high accuracy and grea
alongside traditional methods. The following subs
| earning models specificalltgsdéeestoipledd fion e epet
sections. At #Ifablded aofs usmmatriyomf2 all the strength
each of the common machine | earning modelling opt

224. 1. Coastal Overtopping Hazard

El b{(2923Xpl ores various machine | earning techni c
networks and support vector machines to predict
strudtEumes.y, TRO28)udy utilises the Eur Otop dat aba
performance using statistical features, where t he
showed highly accurate results. Sensitévity analy:
of each predictive variable and the op-timal valid
oneut validation met hoe aslliidgahttiloyn.out per f or med cr o:

den Bi eman, van Gent(,20pn¢gsean ean aBoagaadd model
XGBoost, for predicting (mdan ®WaemaoayvyewvhapfEeng, di&s
Boogaard, ThG®Z1l)i mproved t he model ' s accuracy t
hyperparameter tuning, and adding new physical mo
model demonstrated significant error reduction co
and eanpifroarcmul as, especially with normally incide

Habi b(20gaAdvi des a systematic review of machine
the prediction of wave overdeofpegnidredsi dh a ro®dStud rl ii srtaing
& Salauddi mhe2022) ew highlighted decision trees
popul ar met hods and ¢ ompbaaseedd tphreescei cmha coisn ewi It eha ren

model s. It noted that whil e machine | earning mod
prednseti they require further refinement, especi @
configurations of coastal structures.

2-2 . 4. 1. Astronomic Ti de

Sever al tidal prediction studies have demonstr a
prediction model s with mac hi n(e20l19d mriirrogl ume s hadol
combined tidal forecasting model t hat integrates
I ntegrated Muypipog tAWerca g -B¥ )lLeisus,i oGu o yAoRul ,MA& Kai g€
2019)Thi s model enhances tidal -psedocomoocabhctactaoy
al ongsi de traditional astronomi cal influences, €
influences on tidal |l evel s. Howevessi hige amddels de
computationally intensivei mevhagpl imagt2i0@2ms).t Kdis ats
integrat-eadasepdhymodsl s and machine | earning techni
net wor ks a@BeiX,GBHasxuan, T®hiLd ainmgt e Rro2t38éd appr oacht
detailed physical modelling and adaptive machine
predictions of water l evels influenced by both u
Similar to thel2Wolr9k hef mbdel es abmpl exity and rel ]|
extensive data sets could pose operational chall e
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processes.(2B@@menstal at-edgea meutthhtadgusing Variatio
Decomposition combined(Bianhh IS8EM,néuwr alLhingt &o Plasa,

approach focuses on decomposing tidal data into s
accurate predictions. I n gener al there is great
prediction capabilities albeliittywiahd i ocmpasadi odre

resources.
2-2 . 4. 2t.i dNewoln Resi dual

Di fferent types of machine | earning processes ha
et (210p7esents a comprehensive study on the enhan
using a hybrid approach that integrates Artifici.
hydrodynaimphiFc emadel Mawdsl ey, Fuj iThamaut& ohAshidtolars,
the specific challenges of predicting extreme st
|l ocated in estuarine areas such as I mmingham in
served by exi-sturgg medaetbmaidruelide spati al resol uti
configured to simulate tidal surge by Il earning fr
surge at di stant tide gauges, wi nd and at mosphe
astronorniFac &Incthi, deMawds | ey, Fuj iTyhda ma ,a p& r Adcahcuht had n ,0 wX
the prediction of flood extent and damage potent
comparable or bettesutfbenmbbtel UKetseprent of eobrleyctafsdes s h
(6 to 24 hours ahebBd)woChavOoOCNNs§pnaleNereaurahl net w
process image data and can be used to analyse sat ¢
as wel |l as to extract features that can be used a
( MLP) INeNwertavor ks are feedforward neur al net wor ks t
by analysing various meteorological variables, su
temperature. Recurrent Neur al Net wordkast a;, RNNs) ar
maki ng tshweint emdelflor weat her for-gemise¢($dadlantaans, ks t hat
Heryadi, Abdurahman, & Suparta, 2018)

Tiggel ov(e2n0 2&ktp | alres t he use of four architectur e
( ANN, CNN, LSTM, and Convolutional LISeTwWe |l t o predi

variability based on (DicgadgelaotvneoriBpéd2nmbil)elc® ndvietr ieor
constructed using gl obal tide statiloant idtautdae sa.nd s h
The LSTM model generally outperformed the other m
i mproved performance, ttahtoiuognh twinteh iTnhcer esa sueddy cf conupnud
|l earning models could be useful for predicting ex

2-2. 4. 3up Run

I n the study( 20,2 3Burcaopnmpatehalnsi ve analysis of nit

|l earning methods is employed to predict wave run
par ameDRuwrrasp.,, R 3paper notes the |limitations of 1
to capture the complexities of t he -ldianteaasre t and
model s. I't highlights the i mportance, offealtegrati
wave period, and foreshore beach sl ope, which si gl
research underscores the potenti al of machine | ea
structures and the managemehheoheceastaly bpbfskanag
selection and model complexity to improve predict

Naei ni ad0XSmiat &«d ucebsnfaorpnheydsi maschi ne | earning n
efficientl ydepenudaearnte swWNMaemeriun& pSnadahkiyr a@pdpach
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combines the computational efficiency of the XBea
accuracy of its Nonhydrostatic (XBNH) mode UuUsSi ng
net work (cGAN). This method enhanceosr atthhengmodel ' s

physiacssed knowledge from XBSB, showcasing its pote
ri sk assessment and management by providing a rob
wave runup dynamics.

Kim andO0Reggus on the interpretability of machi ne
predictive accuracy of models such as XGBoost and
traditional empiric@Ki mo& mug e@Tsh €i®r2 4fjwi anvdei nrgusn uipn d i c

whil e machine |l earning model s, particularly XGBocgc
they also face challenges when applied to data ou
the influence odpd axndrwave ket depredsslon predicti
the wuse of interpretable machine | earning to wun
predictions.

A common theme across these studies is the enh
l earning models over traditional empirical met hod
significance of incorporating adwnarecédgcommetr &t i o

is also a shared emphasis on the need for under s
l earning model s and sel ecting appropriate featu

applicability. Furt her Aoarsee,d twhodl kil mtaecdiri antei olne acfni p
techniques, as exemplified in the study by Saviz
in coast al engineering research to blend traditi ol

for better predictitan &omad amalmagement of coas

2-2. 4. 4-waWiersd

Huang et al . (2022) explores the use of Convol ut
wave prediction, employing his{éduiaogl Wind, actdewa
Zhang, & .LiTh,j s2822)dy highlights the CNNO&6s capabil
within the dat a, which significantly enhances pr e
The adaptability of the model acrosti lditfy erment co
operational settings, boasting superior comput at
traditional SWAN simul ations.

YegaBakhtiary et al . (2023 mpomparé MmMmeehedsi ova d
Decision Tree (DT) models, particularly focusing ¢
predi(cteigeBra&ktht i ar vy, EyvazOghl i, .Shlatbialkihgiyng &wiArhd I
speed and altimeter data from satellites to train
based model signi fiempntrliyxadbutmed mfoadrsms Themir obustn
model over | arge spatialviaall & eanptoirarn fsaral eav eanagkre

Zhang et al. (2023) introduces an innovative ap
significant wave height by incorporating the mem

Regr essi(oZznhamogdelet Tl s, m202®)Yd | everages the residt
winds to significantly enhance prediction accurac

considering the directional and tempor al aspects
the memsnt site, to refine prediction model s.

Across these studies, several common themes emer
data to bolster predictive accuracy and the adva
traditional met hods. These approaacrhelse-xo,f frean r obu:
linear relationships inherent in meteorological d
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and computational efficiency. The distinction bet
al so evident, with eaclpetcypeé csdmoviemgsdi intgi maledsco

2-4 . 2. Pl uvi al FIl ood Hazard

Machi ne l earning processes are also commonly 8
Forecasting future pluviaimef oetwidimerg datant ® parcde €
i mmi nent flood(20B&kesertha® eupeadvi sed | earning mc
precipitable water vapor from the Gl obal Navigat
parameters to forecast rainfall accurately and pr
Similar iny, alaf nsac(ROt2tkrpulnoprfe t he potenti al of a de
generative adversarial net wo rtki,me" fi looaogdg@A N, " whi c
translation from rainfall data to flood inundatic

suitable fortemsly warning sys

Further emnhamecicnagp arbevblghadam28B8fipakeoduce a hybrid
machine | earning model that not onbagsedefdicdd ur b
spreading model but i mé sdati acdrpor aMaexe, r @eammlhanci n
accuracy and responsi-Arinseasst( 2822pnwhi lomm, uBandrnern ag
LST-Mased networks to fseareiceasstdataa,nfparldv iursg nef fte omei
multivariate data and providing accurate hourly
potenti al fl ood events.

On the other hand, hindcasting involves analysin
for better accuracy i n f(u2tOué 8§ nipolriefcya stthsi.s Beaopupdreovai cl
utilizing the Kriging with-rExtoémunaleanDarliayi nifaKEDY em
based on radar and rain gauge data merging. Thi s
precipitation estail maftoers,unwheircsht aammrde ngr lmacnid model | i
events that could Il ead to flash fl oods. By provi
enhanced estimates i mprove the calibration of mod
These studies collectively underscore the import
mpl oying advanced machine | earning techniques to
orecasting and hindcasting moddeslass.t eBry rbeasl paonncsien gwi!
he -tteornng requirements of planning and risk manage
obust strategy to manage both i mmediate and f uf
orecasting and hindcagtaddr-teishmer amgplhiodat ogmn®sbunto
nsure that | essons |l earned from past events signi
The distinction between forecasting and hindca
ompl ementary rol es. Forecasting app#toaeches are d
r mnewmilme data to address ongoingd oresurdni niemt W €
|l oodi ng. These models are valued for their speed
eeds and advanced machine | earning techniques
mergency scenari os. Hi ndcaisngngi stmermainevhal | dat 4ot a
and calibrate predictive model s. This process no
reflectwoeldfcoerditions but also supports plannini
past flood evenltes .outhd esmeé sf drhet ldeesplIlrawi al fl ood v
Chapter 6 of this thesis.
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2-5 . Uncertainty Analysis

In the realm of wuncertainty analysis, uncertain
al eatory a(nManegpi sette ndhliceuantc2zetr #9)i nt y, al so known as
stochastic uncertainty, encompasses the natur al \Y
systems. This type of uncertainty cannot be reduc
managed throughateengh anhdabegi es. Epi stemic unce
arises from incomplete knowledge or understanding
uncertainty is reducible as more information be
acqui snihtainccre,d enodel | ing techniques, or broader sci

Al eatory uncertainty in hydrodynamic and hydrol c
exampl e, in riverine systems, it could encon
owmel t patterns, or the occurrémnke ocfuddapredi c
mospheric depressions. I n coast al engineering,
orm frequkecéekesyrioses.se8uch uncertainties are
struction of flood defleraceiser sdcdamFheyl eveprses ea
ontrollable aspects of nature that engineers m
inst a wide range of natur al conditions and ev
S
e

-

ervative deodiagpn Ipritneci pliesk, apsessment, and c¢
rtainty is often referred to as Type A uncert

I nternational Organi zation for Standardi zat.
atbyi | 1 o be reduced through further data <coll ect
presents the randomness or inherent variability
e amount of data collected.

Epi stemic uncertainty, also considered Type B un
uncertainty, and uncertainties due to | imitati ons:t
Data uncertainty arises fr om cionlalceccutriaocni eme tihno ddsat
processing techniques. Mo d e | uncertainty stems f
mat hematical formulations used in wave prediction
t he compl ex dynami cs of vy mariliye o@nviimadhdanpwmatse oph
representations. Uncertainties due to natural cli
model uncertainty, involve the changes in climate
hi storical deatda cdre da dhegquratreleyntpmodel s. Unl i ke al e
uncertainties are reducible as i mprovements in te:¢
all ow for better data collection and more accur at

n
C
a
n
C
e

-~ =S TS Cc 009 Cc 0o nm
> M® >3 33 DO 0K o O " 5 o

25. 1. Uncertainties in Machine Learning

Within the modelling blocks that drive modern h
uncertainty stems from data (noise, missing dat a,
an par@makeus,) Mosl eh,. & nRatmee anont &x0t2 49 f neur a
un rtainties can also arise from the complexiti
di ussed in detail the challenges of hyperpar ame
pr l ems withandd memei 6hghi tcyo st of evaluating dif
hy rpan ¥met&kerksong, Th2820)ads to variations in pe
ac racy, introducing uncertainty in selecting th
di ussed various solutions, shaleads mesihomgsBawadi
evolutgonatyvwmal for hyperparameter optimization. F
emphasize that uncertainty meEdmplces sihewdla) deretev al
and t hlagardreengr i ¢ techniques e. g. dr of d wetn, ensembl

nu O T O unvw o ao
> T O cCc O oTo o
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outperform naive ficonfidenced methods such as sof

overconfident, especially wundéFaldost,ri Mosl eh, s&i
Ramezani, 2024)

Kingston et al. (2008) used Bayesian model selec
that it was an objective method for accurately s
model when used in conjunctiofKiwnhght ohe Baiyes, a&
Lambert, AZ@08) onally, despite sharing the same ar
can produce different models due to the random in
(Oparanji, Sheu, Bankhedd, sAdsetaidrs, t& PRatrdlaltii,onx01
and output accuracy, introducing uncertainty in s,
mitigated by using optimized wei ght initializa
reproducibility. mbésdedlsl yar emutlrtaipidied AINN searching
( Ki m, Pan, &G ndawea,d §HABETI)on tests are commonly wuse
performi(nfgogl ANN et whered&@90D1t8He ot her ANNs are di sc.
approach does not <consider the potenti al noi se a|
ANN' s performance on unseen dat a, and it does no
process pimgdawelopti mal model . Oparaniji et al . (2
averaging algorithm to provide an averaged predi
net work weighted given its |ikelihood of being coc
tihs approach is more accurate than that obtained
across the network set provides an estimate of th
model |l ing approach. Generally, Baygsiamscauesfeaanc
processes, Bayesian neural nets) are well establi:

hypot heses i nto (pH¢eldliecrtmeviee ru néc eWateagi enmtayn , 2021)

2-52. Uncertainties in Forecasting
Naturally, uncéretaainntny ifrmrmaabtneg can be <cl ass:s
aleatoric. Epi stemic (model) wuncertainty arising

and aleatoric (dat a/ measur ement) Cmedi baient y ar
operational systems must retur fWaaubl ptedicti 2618]

I n hydrodynafnorce caansdt fsleaaad ngs, ri gorous treat mer
proceeds via Bayesian inference: prior beliefs ab
wi t h observations using l i keli hovoddof uerati ons t h

heteroscedastic, -Gawtsg®P@amhel atoed Nagheétndmiis & Pal m
S often fol lcchvmaedh bMonMer kCaaw | o0 t o sampl e the p o

i

uncertainty to predictive distributions of stage
cautions that adopting -esi mpt i assoambhbsass aposti @dieq
estimates and understate predictive spread. An al
skewness and heavy tails improve realism and yi e
deci-mdloinng under ri sk.

For the purposes of this thesis, we wi || use tt
represent two critical sources of wuncertainty 1in
the error that arises fromittdheddsdamiitad itome M ar itehlei
key phenomena, such as surge heights in storm sur
from sparse or biased dataset s, measur ement i nacc
complexity of phhysitaebt presessed.i hfa model do no
readrl d variability, the model's predictive power
forecast error stems from the wuncertainty in wea
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model s that rely on meteorological conditions. Si
model s that approximate atmospheric dynamics, t he
initial conditions, model assumpysbams. aAd tbeech
errors propagate through predictive model s, they

downstream predictions.

2-6 . Literature Review Conclusions

This literature review has provided a solid fou
met eorol ogi cal processes, hydrodynami c and hydi
vul nerabilities and consequences, ande the applic
synthesis of prior work wunderscores the critical
climate change. Throughout, advancedeaumengcal mo
met hods deployed to reduce c¢dmputoavtei qpmreeldibcuri dveen s&
A consistent theme ii$i deriecasmodaelcer sarngygl ehtogh
without substantial computationaliSrdevelropsa Agai
coast al i nundati on dxpleicaisttliy gg U a mtmefwioer sk ktchtalh epi ¢
uncertainty.

The forecasting framewor k advances established
efficiency with calibrated uncertai-htdel Buyrogate
hydrodynamic models and produce-v lreeeda dcastosn. i nter
Postweiohted averaging and Monte Carl o propagat.i
modetiructure uncertainty, addomrdist ingn pealsidatind n ¢

compar@@®@inhit$u, Chu, Zhang, & Song, Machine Learn|i
Review(Zh023Yang,( %u R&nLi 20®Be)pe©R2d¢nt error correl
is handl ed explawartd ys asmpal icnogd, aeraidappceev fi agmanud ¢ i wh e |

atmospheric errors are serially correlated. Coll e
alternative hfoi doeotiht yp uwoerlkyf lhoiwgs and deterministic
I n parall el t he speci fic vul nerabilities ass
hydrodynamic hazards have been examined, with emyp
coast al defences and road networksli Aygapdemn the
extreme precipitation is identifiedgwaClapter 6
treat ment .

The vulnerability anaJegrsagdamegesh dreygpamde miegifomag
assumptions by c ebnassterdu cftrianggi luintcye rrtealianttiyons hi ps t ai
Empirical observations are fuskldewalt hi rstue m oigtayt,e amr
uncertainty is propagated to yield calibrated pro
the intensity range. The framework distinguishes
and cover ageo)r marnuda creotdye | ( f ragi |l ity function choice)
are both sharp amakiegiabhedbongdsesoi si onaddresses
road fragility wunder extreme precipitation and

war nanndg response.
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Chapter 3

Probabilistic Processes

The centr al idea of this thesis is to develop |
through hydrological and hydrodynamic model s. On e
this thesis is the development of ad Mons e Carlo
application to surge and coastal i nundation fore
met hods is central to the two journal papers asso
is the development of wunaerltadiimtgy rimaasde difsmragitli iotny
extreme precipitation. The methodology for this ¢
Research Board technical report.

Accurate forecasting of hydrol ogi cal and coasta
numer i c@®dli toutegwt s es a quantifiable understanding
This is especially critical whenmeprueadieattiadod md yf é end
hazard term directly influences downstream deci si
ri sk equation introduced in Chapter 1, this sect
0(0q , the probabiling. oTo tahded rheaszsa rtdhiosc,c uwer ii mpl e me
model ling framework built upon Bayesian Model Sel

principled approach to uncertainty quantification
outcomes elayheg omasnimngle deterministic outputs. |
an Adaptive Bayesian Model Selection (ABMS) metho

using Monte Carlo simulations to incorporate al
faditates not only more reliable surge forecast:.i
intervals critical for early warning systems.

31 . Bayesian Model Sel ection Al gorithms
Bayesian model selection (BMS) algorithms such a
are powerful tools for evaluating the |likelihoo
algorithms offer several advant ages, opart itcw@aldarli i
in the context of probamakiimsg i cndmrdel h¢ @gt ainndt yd
traditional model selection methods that rely sol
consider the full ©probaebtierist,y ldeiasdtirn go uttoi oan noofr emocdo
assessment of model uncertainty. They quantify u
posterior probabilities that indicate the relati\
relying on-oklriecjiter deaicsiepmns . This probabilistic fr
i ntegration of uncertainty i nmakisngbspqoeaes s epr.ed
Additionally, Bayesian model selection facilitat
wei ghtedhbapedbabitity of different models being
accurate forecasting. Furthermor e, Bayesian metho
or noi sy, as they systematically wupdate beliefs
justification for model selection is wel/l made i n
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31.1. Adaptive Bayesian Model Selection Al gor

Traditional Bayesian averaging met hodol ogi es f
(Salighehdar, Ye, Liexplomet th& Blsembmdr day261an n
techniques based on approximating the posterior

identify the 6bestd network in the set or to averas
the setersThisomifhis methodol ogy in that the net
assumed fixed, and the ANN is trained multiple ti
net wor ks. By so doing, the posteriornpbebability
thought of as the degree of belief that its given

set quantifies the | eve(lOmpdr amjcier t@hedy BdEnKHMhead,o
Patell.i, 2017)

During the training of a neural network model fo
most | ikely be optimised to | ocal mi ni ma meaning
at the global opti mal i s |imiwied. aHsnag, ei met evaod k

group of networks is used to make predictions wi:
degrees for different parts of the target range.
posterior probabilbilitcyal poalatedt asi dgnpiropat he

likely to be correct. The process then uses the
prediction interval and adjustment factor that fo
The Bayesian model selection process wuses the
probability points to identify the best trained n
uses the variance of all theamd eaddijcusdtomen tt of aateart

form the robust prediction.

A set of M neuba(lk=nlet2woér,k M)odeelasch with a differ
over aOdadita,sewhere x represents the feature vecto
the target vector reduce to the scabDar value of t
oho Bhohy Bhoho i s defined with the same structure o
unseen feature Oviectemerabeh okspbwse ng Bayesao
theory, the empirical -metswerrk opr ediabtagednl ritelsgp d rog e t
eval uatlOosaat acan be expressed as:

- | raoghg Bl ghe
”_J.h'lsﬂ'.o={=l = #l. i Eq 3
Two+m
wheG@ehd) denotes the prior probability (i.e. assul
evidenciemodBlOt e denotes the | ikelihood term (i.e.
sampl e dat anegtiwoernk tphree dkitcht@ d irse ¢ hen ®e)i dearcde, whi ct

be expressed as:

1

F rac+s | rwo 4 Bl Vg Eq 4
E

Since the ANNs only differ for the seed number
di fference in terms of the individual ANN credibi
assigned to the OWariloMs RmFetwamhWs uei tearget value
evaluation dat as et -canvilieh whiet cenr@asponding predi
I't i s assumed otlHatwst lae nerr rnamarl di stribygtion with 2z
i .-e.0m, 8To support this assumption, it is desirahb
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bias along the length of thecdnrnrigetestainmgat ed hfer om

maxi mum | ikelihood estimat(iKlneifrobawumi & dklpeinm,en20 bl
G - tm Eq 3]
Wheyeepresents the intrinsicOyamnminalbialsistuyneisn tthlae
the model structure is appropriate and that al |
l' i kelihood function for true target response y gi
lll
Llg

Het eroscedastic variance can also be wused by ¢
di fferent magnitudes of prediction by splitting t
range. | BEgflhgpsadapéeéed so that al | pariasnet ers bec:¢
replaced by ,gkth bin variance

Denothiasgthe prediction of the network with the h
given the evaluation data, i.e.:

> 'H“|'THEI' "'Hélfv‘llsn-.():i:. . h /8 Rl qu]

the Bayesian averagedeppedbsstedons:
A

Ujov Fghgsrgo+ig Eqg
|

The second term is a wé&idgemtoad nad jtuhset ndei nftf efraecntceer |
net wor k wr,e aman beest met work response

g ‘B ‘» Eq9
The variance of the robust response is then eval
Te4ov By g gSrac+i @ +ov Eq1D
The main idea presented here is that the i mpor
proportional to the quality of the prediction whi
val ues. The wupper and | ower boug')dsFibof),the, e. g.,

compl ete the robust prediction:

T:{:-H-Dv $ov 8 T '+4ov Eqll

SYiov Yo 8 T $4ov Eqlp
As stated above, the posterior probability of e
degree of belief that its given prediction is oOtr
t he en(sGpmabrlaenj i, Sheu, Bankhe@ali sApapen, w&kl Patef ki
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ensemble variance as network uncertainty. Unlike
derive posterior probabilities directly from the
utilises evaluation data indppeadkenéendumens tthieatt r
probabilities reflect the model 6s performance on
representation of uncertainty in real operationa
all ows for the integrty, ofi oéd. biondaddcepuatueg ef arantclerr.
i ncompl et e coverage of features across al | phys
uncertainty. Relying solely on one type of uncert
prediction wuntcoerntaarirnotwe r |peraeddincgt i on i ntervals thar
real time applications. By taking this alternatiywv
network uncertainty from distinct sources, the as
when combining these uncertainties. By assuming t

net wor k ueEnqcledr[t ai nty,

Tetpov By Flgvgsrac+i @ +4ov Eq1D
is adjusted to include the &feature uncertainty f
] > »e
Te+pov Bg Fghgractd g 440y T8 EqlB
In thi®rmpdebents the error variance of the trai
training data. This error is assessed in percent.

feature error at the extremes wheercehatlhe ndgatnag itso s
preddictdi cates the strength of relationship betwe

wheni s | ower, it suggests a stronger and more pr
features and the output targets. This indicates t
training data and is capabl e eft sadawreat elny tpree d ing:
it receives. In practical ter ms, the assumption

captured by theOtrdao@ms$ ngoterronfbuédmoen the random
prediction eyfaor® .captured by

31. 2. Monte Carl o Bayesian Averaging Al gorith

While the ABMS method is used to quantify the ep

model s, it does not account for the forecast wunce
to include the effect of this eduamgpr cmadchuncMantaa r
Carl o sampling is a powerful tool for simul ati on
systems and propagating aleatoric uncertainty fr
number of realisations othéenpesppasamefernrdeamadde
investigation, this approach can provide accur at €

guantities.
The number of Monte Carl o samples wused varies

presendbiffigbatweadecomputati onal cost and the st
t idnlaaregger sample sizes generalleyuyrel dgrmater rel
mput ational resources. To optimize efficiency wi

n be evaluated in batch by the ANN in a single f
mputation time by avatdiomg.r Meemargdusaeagwoskail es
e number of samples and features, making the me
recasting systems.

T 0O 00 0 =
O T 0O O unw o
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is trained on reanalysis data and run wusing f ol

uncertainty in the forecast to be propagated to t
error between the reanalysistdbheamapdefdorectaht da
domain as theThieanabydionedadtya normal i sing the |IF
multiplying them with the principal component coe

reanalysis value obWhpthe bBéhexpresssd asarthbl eum
forecast@®g vamidatal @ ero meaty :f orecast error

SH Tl rmtt b0 Eqlp

The expectgddyddar WWd expressed in terms of the
bi ased Ofgr ecasadj usted with |remgdiessi on coefficien

Flhm  2OF b Al >mdt v Eqlb

Since the expected value of an unbiased forecas
are neces®@rilcyane pgwalEtgilthfiare dt hew bi ased forecast w
regression coefficients:

L 2,05 it £ M, Eqlp
Hen@@& can be expressed in terms of the forecast
through the model via Monte Carlo sampling. This

a set of erfrofrmhdiBshtmhi Botrd,onss obtained. N Monte C
sampl es are produced wi tahe xjptrhe sMoendt easCar | o f eatur e

.»5 ..... o E q 1 Y

wheireol | ects the feature specific realisations f
sampleenerates a response:

g dge-N-B HiBH EqlB

A Bayesian aver agagad preedied¢teironn ned f &€g.each sampl
[7]a nElg 8. Tlhe MCBA aver ageids prleemncttaloean as the expect
W pacross N Monte Carlo sampl es:

4

COft+ T 4o Eqlp

The variance of theoMCB#A tbbonsevakspbaedeas:

4 1

Tty 7 Flavmrac+l cm s Eq2p
:m

Si mi [Egrl Bthow can be expanded to ibnacsl:ude feature
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Tlofi+ T I g™ m rac+d @ op4+ @ Ea21
: g

Hence the feature, network and forecast uncert a
i nteThealupper and il85we rp rbeoduincdt ioofn tihnt er val :

gt ot B T odts Eq2P

ot ofbt 8 T lodhs Eq2s
31. 3. Time Dependent Uncertainties
I n the event where the forecasting model has a |
case with wind waves where the height of a wave i s
of the wave, the error strmpouakl muandbepatdjaktedr
errors. Hence the val udycoafn tbhee ekx phr efsesaetdu rien atte rtmi

correspondii ngppf onusdc agt regr ¢ ainfdpwictohre fd 9 £d eina tse d
zero mean +f@amdom error

e FCT il B g O Eq2}
I n addition to the shifting lag structure, consi
tructur e. It is shown in Chapter 5, t hat there
uccessive |l ead times of t he isnadmeegp emaelatincree sf.or He ra

andomly generated variable may not be adequate f
orrelate the randomly generated forecast error s
el ationships between thmeedepesdbdbrt dpsicnecbpal byo
mat Ei x

- 0 - 0 on

o=|=bﬁ E %naﬁrt“
€ E é Eq25b
boegits £ oty
| f covarifaingepomaitrixe definite then it can be
decomposition as the product of a | ower triangul ar
1 Eq2b
A ma®réansisting of columns of i ttdlegpte nfdelnltdw gen
a given dmstrwbubiaero mean and unit standard de
column for each principal component k at timestep
F-m= #_FIFEHFBFI‘_‘KX h Eq27
Thi s error matri X i s conve®Ot etdhrioeagla matrmriex at e
mul tiplication of Otthe Cholesky matrix and
Mo s> - Eq28
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Whe®e have zero mean and standard deviations equa
oft,whil st exfisckaittuirneg and tempos alHeaarer, eltaitei dmor etcral
inputs can be transformed to the range suitable t
ti me dependent forecast error to be used by the M
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32 . Uncertainty Based Fragility Curves

Having established a method for qui@d, fying the

the next step in risk estimation is to assess ho
di sruption. IEQ1 He hiisskoegeastpiomns to the conditio
or disruption ¢JgHz)en whiec hh arzeaprded @&tsn t diep vard meed ab
through fragility curves. The following section a
a probabtcl method for -waonesd rfurcaginlgi tuwceutwaent ywhi c
|l ikeli hood of system failure as a function of haz
|l evel ). The approach combines eaenppiimigcdlo olepersainit
uncertainty in the intensity measur e, and applie
kriging, to estimate spatial variability where di |
a structured assessmemti sfuhoder val mamagd | ef ae styrse me
completing the | ink between hazard forecasting an
ri sk framework.

The process for developing a fragility curve foc
structure to failure, involves analysing the stat
I and the performance of thecammehplabether gri oupe
bins, and the conditional probability of failure
of failures in that bin by the total number of e
engineeringptobdéstitheofhéailure of a system or
of conditions or events. It is also known as the
probabi lpietryf ocorfmannocne. | n reliabilityoresigdereedi ng, a2
to have failed if it is unable to perform its in
criterion for failure. The probability is a rule
event, with zero being nmgom oharncada no ccchuarnrgeen cod amncd L
probability ofo0fCailure is denoted as

EL“E

IF 4

Eaq2?®

Wheods the numbed isf tfhaei Inwrmbs ra mnd observations.

of an event of given inmtGomsity x occurring is den
4,

FE o o Eq3d
Wheteis the number of events with a given intens
failure is calculated by considering the probabi
conditional probability of ©®@Ola,yeisgidesncrai boedr t a
mat hemat( Rwabil ystasi,n, 2017)

L e

Fast kﬁt—:— Eq3]

Wheméd O wis the intersection between failure e

intensity x:

b, ke Eq3P
r J ]
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Wheteg is the number of fai EgqRB3@gnBwgh3ePnnt o= x. Subs
Eg3land el ibmyinalt d s g

L LT
° Eq3
s T q3B
When this formula is applied to discretised inte
the conditional probabFl gbyeof failure can be pro
1
5,08
E
2]
206f
=%
TE +
S04r +  t
; ]
= + +
© 02 R
+ +
+
; ¥
. o+ T
0 + i I I I I I I I
[[) [l [2 [3 [-1 [5 lfa [’.-' [8 lf} [l[) [ll
Intensity

Figure 12: Conditional probabilities for arbitrary intensity measure with regularly
spaced intensities showing upper and lower limit of £20%.

It is likely that the true intensity measure val
To this end it is necessary to obtain an estimate
uncertainty on the esti macemp MoatieoiCal | toeeakenhgues
simulate and analyse complex systems or processes
extracting random samples from a probability dist
of the system bwd nwgalmoeal edfl eidnt elrhsei ttyr measure | can
of expected val@@andteresotymegaeasurer

L pk e fa Eq3p|
With the Monte Carl o method, n random samples ar
each point and applied to the |l ocation and ti mest

©Wis then treated in turn and t hteh cMonndtie i @anrallo pr o
sampl; wby modErfrydamlg Referencd osource not found.

A _a
q °
Fabs o 7 °— Eq35 |
bhop e
With the expected value of the colnMdrntieenal prob
Carl o samples equal to the mean:
rhasse o & Fabe e Ea3p
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And variance:

TEMHss . o gk e plash . e Easy

By generating a | arge number of random sampl es,
comprehensive picture of the possible outcomes o
distribution of probability val ue,s a bcoounf itcheen ceex p e
interval <can bsec odreef iwiietdh buyp p9e5r% aznd | ower bound:

O mmm phass, o ¢ TEEIT. Ea3p

b5 _ e
e O b W||—=|$I3F ° 8 '|T=|='H'=|.$ F Eq39)

By wutilising the upper and | ower l'imits of the
measure, an empirical step plot can be constructe
for the given intensit yFinpelaBseuErxea, mpa ne eexmapmprliec ails fsrhe
curSel.ecting a specifi-axiiantaelnlsowy fvarl utehal detge 1t rhien
probability interval, whil e -@#hio®ospngviadegs obapeéd i ¢
l ower |l imits of intensity.

Empirical Fragility Curve

=] =) =)

= = =

e = o0
T T T

Conditional Probability of
Failure

—_
hel
)

5 10 15 20
Intensity Measure

Figure 13: Example empirical fragility curve.

Additionally, gi ven t hat an estimate may be d e
conceding that the distribution to which these in
(Box) is construtitedfoFosevtaibalttibenmt buantcitvi eo ndsi d tsr if
through the wupper and | owergllde Frodartyhiwalpuweosc eass 9
necessary to establish a theoretical maxi mum r ai-r
exampl e sipawmmed etrwacumul ative distributions (norm
and extreme value) swere fitted to the poi
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Distribution Fit

5
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=
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Intensity Measure

Figure 14: Example distribution fit to dummy empirical conditional probability values.

From this, a probFapbgbLbeby baking dbé&i madi hum pr ol

the I ower | imit and the minimum probabilities of
shape of the distribution is wunknown, a probabil
presentedniormrdbee possi ble shape of the fragilit

which can only be truly known through the acqui si
Probability Box

=
0

Conditional Probability of
Failure

5 10 15 20
Intensity Measure

Figure 15: Example probability box for dummy distribution fits.
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3-3. Error metrics

Various metrics should be employed to form a co

model 6s performance. Theeq 4R22[ dat eiremi nreesprlecw nwved | |
predictions align with the S observations by exp
variance compared to the total variance. To compu

as the observations,cst hoef nrooromal meaerd wquarmredmedrrtio
descr ibbgeddL, [bgnd mean absol ute Eqdfdrar(eMAoEr)t, e ns puesce df .i
RMSE assigns a | arger weight to |l arger errors, wh
Additionally, th&gBBigs, coerpreseadeds bmodel | ed ti
frequently exh{batksgsTehdea isbcpathhieas i n&Egx ( SI1 ), re|

[4h is a normalized measure of error that provides
the accuracy of a numéMeoalssiEmpdhbigDilBaant h@amd RMSE
correlation coefficient (CC) which is a measur e
relationship between observed and predicted value
predictions match the actual dat a.
B-" q 1_5
JJ=E__"_ Eq4p
1~
i -
=| B « I‘-h Eq4p
BY « «
M o .
” ‘B: G Eq4B
po Bl e e Eq4d
B‘”‘- «
BY cﬂ-:-ic_ﬁ «

In each casdegngtiesahtdhoebsier vati on and robust pr e
respect Usredl rr e amle mean value of the observations
di ssertation, the above metrics are used to give
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Chapter 4
Surge Forecasting under

This chapter details the application of the ABI
forecasting problem. It is a reworking of journal
Early Warning System: A Machine Learadelb Approach
Selection Algorithmdo submitted as part of this
Environment al Research and Ri sk Assessment.

Within the risk framework introdhie epglr omalCihlaiptt yer
that surge conditions capabl @&iscf cemitviang t oo agtedli
early warning and downs$fanda-ima tgihastktdiensgsi, map ri ojne ¢ tlend

increases in the intensity of the most severe ext
water l evel s, so sharpening P(Hz) directly i mpro:
across coastal commuaotaies and critical infrastr
Chapter 2 highlighted why surge forecasting 1is
atmosphere (track, timing, intensity), hydrodynam
mor phol ogy-o# bagretn ssytsatteems (e. g., ABE€lI R@ndfacté khadg:
in compl ex easgctemanii s .apMulotaiches help, but bias and
and surge models can distort forecast probabiliti
Chapter 3 therefore developed a probabilistic M
fi xaedc hitecture ANNs is trained and combined wusin

(ABMS) so that predictions are wei @lptisd elmy cposter
(model) uncertainty. We -itrhpwnt prwmpagratt &i ratl ye avtioa i & N
Bayesian Averaging (MCBA) | ayer that samples debi
t heir error t hrough-dé¢ pe rsdueregltea tggaaendsi citni ofner; e ctaisnte e
preserved usiwag ec csvaanpilamge (Chol esky), yielding ca
across |l ead times. Together these el ements provid
attribution oand efactruercea s tn ewmooerrkt,ai nt y.

I n this chapter we apply that framework to a UK

and operational forecasts for evalwuation to demor
undert irmealcondi ti ons. The resa)l tt hast ac adre fheen sii rbtl eeg r
with vulnerability and consequence models from CFt
warning, response, and planning.
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4-1. RobustasANIN Surge Forecasting System

An increase in the intensity and frequency of st
the intensity of storm sur gleEsma nwheilc, h RcOalorgi it b one t
war mer oceans are providing more energy to fuel t

and unpr(ddPiCcCt,abSlpeeci al Report on the Ocean and Cry
2019)n order to enabl e otiakghdlidbenr sd etcd sti ke , o petairr
systems must account for these uncertainties in t
The robbasedNNurge forecasting sydtgdapme( RSFS) scl
describing the stepshoiurv oMevad ch eirh dboa revseanstgient dpeaa gRH

predicti@omoc€Bsei pgeand input uncertainty evaluat.i
written in Python as modul alro nfgu AboltoimotnMse nfoary eas e
(LSTM) model ensemble is presented in this chapte
The early warning system utilises a Bayesian Mo
probabilistic weights totHeffempertdi tETMe mpdef oer im
i nherent uncertainty. The early warning system
uncertainty.

The steps required for ANN Set prediction, mo d e |

producing the robust surge hesgbti pnedi Thi ®nappro:
not only enhances the robust newisdeosf as uprgeb ahbeiilgihstt
framework that quantifies uncerta-imakynhgoffering m

4-1. 1. Il nput Selection

An i mportant issue in developing surrogate model
of the relevant set of input variables, and the cl
inherent to these. A carefmpli thoifbe mbédeéehki hgppt ot
reduce the computational burden, making it more ef
it can help to identify the most i mportant vari a
interpretabl ei moideHtss ainmdt dettherunder |l ying system.

The behaviour of storms is influenced by Rossby
tsgeal e dynamical r east proonsspeh ec fi cCheolneak a ®8nSohl ax,
96)Their behaviour is responsible for pressure a
rges, par-tatciuvtl wmdéy. i Kelmvidn waves, on the other F
at can rapidly propagatensebbluevey rtbanbesi at en
ach of (Waonmgn Bur,gekel vin Wavesframewmprk, we cons
l ocity components in the eastward and northward
ferred to as U110 and V10 respectively, and mean
id. Addit iVolnOa !l layn,d tthhee WlrOe,ssur e di fference at tl
current surge | evel, are included in the anal

The selected predictors mirror whats iforavail abl
training; I FS for forecasting) and target the mec
gradientd4 ewaald Wwiomwds modul at ed by b anriocesl i ni ¢ Ros
(Sabatino, Murray, Hi | Grsi, d Epad i-WMSlwP &kd Heaihfhon tls )
(U10, V10) capdalue ef ahei hgrgeer a 1000 km footprint
c
v
S

I
1
s
t
r
v
r
g
t

> - ® ® O T S ©O©Q

D

ompress and decorrelate these fields to keep ti
ariancoP. (lsoc¢c ®&@Immi nusnadi mum) , |l ocal uio/vio, and t
urge | evel a dds ptehcei fii mmesdiiganthel ,f oseietdea dt f o To e t2Me r |,
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bal ances physical relevance, data availability,
pipeline.

On fisiudrege i nteraction. Where dependence bet ween
tide height (and phase) shoulTdh ®regpar homentded oexpl
Environment, Fod®dE&mRHA)Rewmalc!| Aifdfeadi rtshat tide is ind
the Firt(hDEOFRAC!] y280€0 5s)uch, tide was omitted here wi
thereforisutgeatoupdebhgngensitenclude it where tes
omit where independence hol ds.

Robust Surge Forecasting System Preprocess inputs to model specifications
reshape weather 4 Centre data to zero
Initialise New Surge | forecastto2D mean and
Forecast array multiply grided
variables by
principal component
. Extract local loading matrix
Gather inputs et it N e
‘ 'd ™
Collect wind and pressure Extract desired
input data from ECMWF Bias correction | «—] principal components
" Integrated Forecasting — \. J
System #
N _/ n
- 2 Concatenate Normalise array
Collect current monitoring variables to features to zero
— station in-situ non-tidal — .Sﬂ‘iSf}.’ mOdfﬂ el ?nd unit
residual approximation input dimension paralicy
Surge forecast using Istm network set and MCBA algorithm
Generate Monte
Carlo samples
Calculate best network Estimate posterior from feature
and adjustment factor likelihood for Make r:le.t“.{ork specific forecast
for each Monte Carlo each sample given ;et p{lc 1ct101ns uncertainty
Sample each network SEEEEITH distribution
Calculate variance
across all Monte
Make Generate MCBA Combine network and Carlo samples and
MCBA prediction forecast uncertainty networks based on
prediction Interval with feature uncertainty MCBA prediction
Forecasted Surge Timeseries Output \
! i - Time Lower MCBA Upper
Bound Prediction Bound
M%A N +77c-01  74lc01  101c00
t 4.83 e-01 7.53 e-01 1.02 e+00
13 5.09 ¢-01 7.66 e-01 1.02 e+00
Date and Time
\ Graphic Output Numeric Output )
Figure 16: Operational schematic of robust surge forecasting system
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On |l ocal bat hymetry. The Clyde is bathymetrica
influences surge transf erimet idoens i gena rwseh oexep | olint tthhi
hi storical gauge surges already emledd elcdad ale monpgh
response without ingesting static bathymetric gri
but I imits portability: transferring to new sites
would benefit from(eddi.ng dstpathi,c sdced dr ispltoopres, coa
traininsg tae nmuoldteil t hat conditions on morphol ogy.

Machine | earning studies based on observational
situ data and thettackuonédl dagesand wkhht are suit:
l earni ngQim,de$ws, Chu, Zhang, & Song, A review of ¢
storm sur ge .prTohbil se mss s w2ed 2c39dgn be overcome by using
have increased tempor al awsdtsapameiasiuremeat age Themg
area over which the inputs arETicoponelidwease,d,2 ®21)0f
|l arger input area can i mprove surge height predic:
demand for model training and run ti me.

The early warning surge system is ‘trained on r
prediction on forecast data. More specifically, f
are not introduced to the mopdpdrst wWruirtiyn gt a¢ rfaiimd nmat

bet ween the surge response and the O6trued wind a
(weatloeefaiss ehaoacterised through comparison of

concurrent reanaluygies pdatdactThean, itlkee the model 0
wind speed and pressure forecasts, whilst account
error. Through this methodology the uncertainty i
tmet wor k uvammddernat aliret wocestaimaty the final uncert a
height prediction.

I n this framewor k, reanal ysis dabawfoh mbdel de

devel oped early warning system -Rlange nWeat hEeur op e ¢
Forecasts (ECMWF) op-Bf@3 so00Gails ftalDe Cfaisft sh &dRIAt i on

ECMWF atmospheric reanal ysi s of t he gl obal cl in
met eorol ogi cal variables on a gl obal 30km grid. T
The operational forecatsdgr atreed mRaaree dags tt ihreg E€MIMFe th
is a global numeri cal model supported by a sophi si
the I'ikely evol&CMWR, o2024F weat her
41, 1. 1. l nput Di mension Reducti on

l nput grids for surge models can cover extensi v

model |l ing optidemendemsi danr i RibMe 3, ( ssbé cBectinonmpl y
i nput arrays with |l arge numbercsamfbaeairmeduded susilmg
principal component analysis (PCA). PCA is a mat
di mensionality of |l arge data sets by extracting

variability of the datasfRCAyhapphbeend wiodedley parmud
interpret | arge, spat(iRelulsyc he x tAd nseiyv.e &c IHienwd tt es ochgt &
PCA is based on space transformation where the
onto a new coordinate system represented by a sei
maxi mum variance of the data in @achnstubheprqbent

represented in this new coordinate system using

preserve the most significant features of the o
representation of the data t htaitonc apTthuer egr itnhcei pmad
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components that explain the desired variability
i nsufficient amount Afsevcaorndabadvaryt aage odfi sRGA died .
components are independent of one another, and th
useful since hirehllucxesornrhel adtiesd idhatta veness of dat .
i mpede ANN model training and r éMahs&a3a@aldemodel s th
& Hoyl e A 20Wwd&)si de to PCA is that principal comp

constructs that represent variance in the data an
explanati on, meaning that ther g Reaursclhe Assegs &i
Hewitson, 2005)

The number of principal components -dfof be sel ect
bet ween computational demand and preserved input
normalised by subtracting the meami rmaitde dd owdalde ng ¢k
i ssues with ANN training. The outputs of principe
components (also referred as the score), t he amo.l
component (used to det er nalnec onnpeo ndeenstisr)e da nndu ntbheer po
component coefficients (used to transform the ing
and back).

41, 1. 2. l nput Uncertainty Characterisation

As mentionefd.ln Sketeanl 4y warning surge system i

and run wusing forecast dat a. This is to allow th
propagated to the surge predetcweem tume emrd analtysi I«
and forecast data, the I FS data must be mapped tc
outlined -2.n2.Sethiiooni 4 done by normalising the | FS
them with the prineingal foompdreenrte acncad fyfsiics dat a.

val ue k‘ohrbritrhoeipal||-';|oo‘mpbneneen>¢pressed in terms of bi

| pm- »qiwivd h anFebryr oap BEb ¢ Bthéyg 1 B [

g g9t em- >at+om £ g Eq4b |

Hen#e.;qcan be expressed in terms of the original
propagated through the model with Monte Carl o sam
I'n this framewor k5wer dor nex pimiodiet 5E.RAl ntshheead, we
operational Atrutho for trabnpngnmammpamamt | FBRCY or e ¢
space before prediction. | FS e iERAlso adien gn omanrtarliixs e
so that each I FS -PCcauntgerspawitt;h d tlsi rE€Ré&Ar bi as cor
bet ween concurb emQs | (FhSe radh AWOEIRAG -bysehasre e ede dual s

whose distributionaiaseahdghetiecowicelbdlseaci acrmoss
are samwlieed) (Rainl propagated through the network
bet ween | F5S aarned glbReMt i fi ed and chrrépde S @onmtwatridogn w
error relativempltocithley galger besd during training ¢

mapping and in the feature/ network components of
Because the system isysarthbdiad ERA(ERAH. , increasi
speed error at hi gh (pampnd,i | @rsa mcvieanitnhoev ,Atdea nGa
Silva Djiamay2Db2gak into the trained relationship,
our -ERrAi ven tests and is one reason why feature
interval width for the full seriesantwifbor foreca:
extremes under | FS -efrorrocri nngo d eAl f ¢gd .ltgo.r,é afdi@tipteisidge nE R A
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scatterometer/ buoy data and sampling that error s
l eft as future work.
Met eor ol ogi cal resoluti®n adnd 30ekrm@s.enEA s venes

hourly gl obal fields on a ~3urkKmcger ipd.e shturtehigs ardd
and narrow wind maximajasspcantiedawbbHapgrohbwkl gt

smoot hed, reducing the amplitude of Il ocal forcing
this firepresentation erroro is handled implicitly
Firstly, by tr ai rS n(gs ot hdeivysy eBlRe@r kmi emaERA i s absol
into the | earned mapping and appears as feature
projecting | FS #f50rPeCc assptasc ei mtnadb islengpBhR Amgwitchle i a de

heteroscedastlieadd, ergaovy model (logistic by PC and
and npohdyesli cs differences from forecast to predict
explain why most i ntervalutwvaibdteh tion ftelae uffr @l lanslern
uncertainty, while forecast uncertainty becomes d
I't cannot be -5clfailmey rtehsaadl vEeRSAsthéemwshdi heahseeges
in UK extratropical stor ms; and smoothing is unav

resi duabvendge for rare extremes.
41. 2. ANN Model Architecture

A Bidirectional Long Short Term Memory (LSTM)

forecasting framewor k. Details about2. LATM struct
Bi directional LSTM is a configuration of LSTM whe
backward direction, effectively learning from seq
future datdaretThis®sndpalbcessing provides a more coO
sequence, enhancing performancerien atnaslad twherae dtah
point is important.

As concluded in Chapter -T2&sm IMetmeorrayt u(rLeS TrMe) v ineew,w oLl

are the mo st suitabl e cl ass forande st egmmpdd &lm b e
dependencies in surge response to evbadving meteo
efficient fmasddutrdrygetgaugkccordingly, this chapte
ensemble, -wgtuhtfaohl dgatael s -2.r olvin dberdi d fn, AlpPEeMd i «ku @
a recurrent cel |l wi t h i npurtmdtoirgret f batwp athd g anti & $ ¢
vani ghiamMg ent i ssues; the bidirectional configurat
(witwhinfow) future context to improve seqguence rep

Alternative deep architecturesRNNsg.or coaivatl ed i o
designs explorsdrge Mecehtudise®Yy mare not benchmar

architecture search | ies out siuteurter ewasrck pien oS e d thiia
4-4 . We note that comparative avenues and broader |
which readers are referred for context.

I n this framework a Bidirectional LSTM networ k
variable pringipadbmcomporcempaut ati onal gri d. Thi s
addi tional i nput s, including the pressure differ
maxi mum pressu¥}e sihag heeldlomas nt he U110 and V10 win
target %qc4@miﬁonn,#+.All i nputs are normalised to ha
standard deviation. Theyr awiendowbogmpapni agr®wné& st lae -
prediction hour and the prediction hour. Given th

the ipuesv 24 hours are consideredhalmnigomweéd st .hel i
addi,thencurrent and previous 24 hours surge heigh:
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is a dependency between surge height and tide, it
(Williams, Horsburgh, WThliisamepdeé& EigafZTeéure20k6)rh
Given the |l arge number of trainable parameters i

by a dropout | aye Dr wiploduytuar co.afpd decyo paufpe i ght e .
bet wleaeynpr ey eanltlée mrgoah s fersmnc hr opo u sti lgy@imigg h't s .
Thdsecor t bnecaitdehptrse v eanlttlhnee g rfanocsm n v etr ghseaghear get s

(Lab&ahehi&nvajl axQel,Dhitt e atl 5§ ev etaheesdikegnel , bias and
activity regularizes reducedofofveirii varngnaedarmd ol
during the training process especially for predi

contains 100 nodes.

Il nput
met eor ol ogprciancivmali, addddghloGea nt s
& omnd surge.

v

Bi direlcSTWhal (
return_sequences =| True

v

FIl atten

Dens$® (

v

Dropout (|

v

OQut put
PredictHd surge
Dengd (

Figure 17: Architecture of LSTM based surge forecasting network.
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4-2. Model Application

I n this section, the for €casstianpgp|nioedde Iwidehs ctrhieb eB
Mo d el Sel ection allgolr.i tahnmds 3d.els.c2r.iFbhagnddhivmafl 3i Clay ceed f o
basin in southwest Spobhanto TbhHstatoantutadea mpha
bathymetry and exposure to AfSdlatimo,geMermady,d Hie
Speirs, &.H&Maotdre,|] 22O E@) cti ons are compared to Mildl

to validate the model using ERA5 inputs. The mode
inputs and its operational perfor maAklk- pseassesse
processing tool s, model building tools and operat

Coast al ForecdMasdcdomalTdol Dox4)
42, 1 CasekFisrttudyof Cl yde

The Firth of Clyde Basin was ident( BEPA, by the S

2016 a vulnerable coast al area in Scotland. Al on
the A78 trunk road connects the ferry port of Str:
road |link is critical for itlrlaadge anwi tclo nemmentdeargcy sg
and is prone to annual road closures due to over:
early warning surge forecasting system to inform
occurrence of exXtremaetswrageas nwgi tth meuffor them to t
i mpact mitiBgaglb®ed | astranhes the area of interest
net work and relevant | ocations.
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Figure 18 map of the UK (on the left) and case study location (on the right) of the Firth
of Clyde showing Millport (triangle), Stranraer (circle), Glasgow (square) and trunk
road network (white). The A77 and A78 link have been specifically highlighted.
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The Transport Resear c(hMilLlanbeo,r ag ®x g mi(nTeRA ) & & jegoeo r t
events for Millport between 1995 and 2013 stated
the flood potential value (FPV) exceeded 5.3m Cha
as:

1l as 2 Ea47¥
whefei s the astrof0ni ctaHe dddrer asiddual (storm su
formul ati on was based on the assumptions that the
a storm are at | east as high as the storm surge
breaking e&ti gttBseh osmsort he Char't Datum tidal height
Mill port for the years 1980 to 2019. I'n this plo
0.75m) is established as the minimum surge height

the bBkghhrieshol d.

15t ’
ERRS
5 0.5
.g
) 07
=11}
=]
7 0.5 .
1+ '.':' - :E :f’hl-F.lnf.-
- L L - S l-.'
1.5

0 1 2 3 -
Tidal Height [m]

* not likely to flood
likely to flood
""" FPV =53m

FigugePl ot of tidal height over the Chart Dat um
1980 to 2019 showing flood potential value (FPV)
WhiHE®d4Ji[s an adequate approxi mation to establish
more comprehensive wave heighPulalnhanoyvet halpbp,i n30 ®

explicitly consider the water | evel, wave charact
along with their associated uncertainty. The prop
and detailed overtoppingthiramewssdériatitde. next Ch

4-2. 2 . Mo d el Definition

Thcaseudy uses a 1000 km footprint around the t:
of Clyde asi gf2Wewino irreduce operating computationa
resolution of the domain reduck®0Wwikm hastlandkegrnee
resol ut4iOoOn ,k nP Obas 0.5 degree resolution and < 200
Locatiaond ietheast are removed as they do not affe
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| ocations over water in the domain. Considering n
speed components, this gener ad edatl880WRas nphttasi f eod |
the years 1980 to 2020.

................

La t I'tu de

Sp° N

In° % G .
20 “ﬁ' IO-‘ er E)

Longitude

Figure 20: Map of the UK computational domain centred around the Firth of Clyde,
ERA-5 variable locations (blue), and 200 km, 400 km and 1000 km boundary (red).

I f 49 timestepouftshe prewewont sth®dec ast24at 1 hour
are used toehomakepreeadcihct2idon, this increases the nul
i nputs at 49 timesteps). Thi st ilneeasd se stpoe cu rarhd nya gsei an
multiple networks needs to be trained for the ABM
reducing the dimensionabirtel atethkRepropluemdand wh
overfitting, theiincpphs aoempodsnkenechbeaadal ysipr The ¢
of variation explained forFitdh2et @ri nci pal componen
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Figure 21: Plots of PCA component number against the cumulative sum of variation
explained by the first principal components.

Selecting the desired numbeff ofietppweearci paé «wanptitoin

preserved input information and the amount of CcC ol
running the model. 18 principaluroceo mnvpaoneantti sont hweetr e
used in this case study.

I n addition to the 18 principal components, 3 | ¢
di fference between the mean sea | evel pressure at
domain, U110 and V10. Th&°Lladd & tutdaenn gbfd utshee.s e vari ab

No-hi dal resi dual data was obtained for Millport
Oceanographic Data Centre Nation@BODG,dal9&thd Sea
2023)For this series, any values missing or deemed
from the anal ysis.

Hence the 18 principal component s, 3 |l ocal wvari a
make the total number of features 22. The inputs
a 49 hour window, 24 hours aitther asi2dle hofurt i@ergrcea:
one hour resolution. To preserve thed4d9 npue shape

padded with zeros.
240000 inputs were divided for training, validat

split was made chronologically to ensure independ
do not align precisely with ¢g¢apsyiemartshepllinhli pgr t1 9
ti meseries. Due to the |l ow frequenextofmextreme
events, the target distribution is highly i mbalan
time normalised sWl2euhkegybteahbhuesbaneedegi stered
0.1 is wused, with counts between 1 (for the most
common residual val ue, ~0 m) . 1000 values are se
height: When st lye elaitercaedbratn 1000, 1000 values are
bin count is |l ess than 1000, the values are repea:
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dat aset prevent s -tthiree altiegnh nfgr esquuregrec yh,eingohnt s f r om do
process.

The Adam algorithm was selected for net work tra
with |l arge numbers ofKipagaae & eBAsd dadt@ilospaalrisye, diatt a s

i mpl emented and computationally efNMAKEgent . The | o
40 . Net works were continuously trained with wvari
with an absolute bias of l ess than 0.1m for wval.
architect&iglLsb&anhi net work was trained with a | e
early stopping criteria of 3 epochs was applied t
model training epoch took approximately 90 second
25 egpotcch train before early stopping criteria was
evaluated in 0.25m bins across the full target ra
The posterior probabilities of the unseen data

(GMM) fitted to the posteri ouSIiEnfgtt[@e6.40000 point
An examplsdet wortkh&is@yy2Teheen sium ge hei ght targets wer
10 equally populated bins to ensure a reasonabl e
model

0.40 1
0.35 1
0.30 1
= 0.25 1
= 0.20
0.15 1
0.101
0.05 1
0.00 T - T .

Figure 22. Gaussian Mixture Model for the prediction from the first neural network. X
is surge height normalised by subtracting the mean and dividing by the standard
deviation [dimensionless], f(x) is probability density.

4-2. 3. ABMS Val i datlimputws t h ERA

A comparison between 40000 obdeuvapredsctiomst ht

Mill port has been used to validate the ABMS surge
for each of these trRiiggk@Hlomet wer kgl areaspewaf i nal
Figa4er the most extreme values, i.e. surge > 0.7
for both the full range and the extreme values, d
able to describe the surge |l evel with a good degr
The benefits of using the ABMS algorithm are app
ABMS averaged prediction outperforms every indivi
(i . e. highé&stCw,al uewerf ovalRues for MAE and SI and
Similarly, for extreme predictions the ABMS aver a
network in the set across all/l metrics, except for

valbuye 0. 02m but with hhutghee vfaulilabsidriiteys drmd thlhoa e x't
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best individual network result for each metric is
Tab2 e
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Figure 23: Box plots of network set performance compared with ABMS result for the
full test data set.
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Figure 24: Box plots of network set performance compared with ABMS result for the
extreme surge observations in test data set.
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24 Hour Lead Time Surge PredictionMethod Metric Comparison

BestNetworkwithin the Set ABMS
Metric | Units ExtremeSurge Full seri ExtremeSurge
' ull series
Full series (> 0.75m) (> 0.75m
R? - 0.898 0478 0.913 0.609
MAE m 0.05 0.11 0.05 0.10
RMSE m 0.07 0.14 0.06 0.13
BIAS m 0.00 0.01 0.00 0.03
Sl - 0.327 0.135 0.294 0.12
CcC - 0.949 0.739 0.958 0.791

Table 2: 24 hour forecast metric comparison of ABMS averaged prediction and best net
prediction within the set.

The incfreacer DammRhows t hat the ABMS method enhan
of observed variation explained by the model, c¢omj
the set, both for the full data set and for extr
that the ABMS cdumgpes fhave a stronger relationship
any individual mogeEdwiwsht het per theauma nfcoer eocfa stthe 2

surge height for Mi |l |l port using the ABMS model , :
predictions and the obseRivgedd estunreg eh ihgehi gdhetn sciatny bree
track line of y=x which aligns with the bias metr
extreme values.

The drop in R] and the slightly higher MAE/ RMSE
ing a diffébenhh tioger eoexrévdl ilaute 1t dxeulstamfer otne st
nditioning the metmagnmi tound ea esvneanltirs) s(estVi rtagie fl>amr0g. e7
wer sampl es, the wvariance of the Atrutho in t
oportionally 1l arger, so R] degrades even when |
crease relative to the 68l bnsar®psd{wWahbhbéest ent
chani sms dominate: fir-bal amxitm@mdser iam@ trmRraienidreg
exert weaker constraints on the network and infl a
selection reduces, but caamrneod weiltimi ;niant gl, e trho delvar
boxl ots). Second, driver representativeness and pl
ERA5 (~30 km) smooths sharp pressure gradients an
for édrcedsyai s resi-dtaal edamedhbaevgroscedastic, so errt
extremes,; moreover, smal | ti mi ngoyyodudrs es csorairreg pena
during peaks. These effects raisdieecoi ohat baage
(cf. Fig. 20). In short, the | owewaRubefeubertr eme
itédebfity, reduced variance, and gréaberasensitiwv
change in evaluat i orne mpecerrti -sbda ti hey Bfi valdi i v X véd tg Mmiwe s .

3T to c
® > S ® o w
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Figure 25: ABMS Predicted Surge Height Against Observed for Millport.

To evaluate the contribution of different errors
considered: a singf eatnwertevou kA BW 3t ehée nistgsmbd wn excl udi
feature HogthgndiAMBMS ensembheurecEgd@nglahient y
robust predictions (expected value with 95% predi
i Fi gRBFe g2z el g28 espectively.
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95% Prediction Interval

e Observations
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” *  ABMS Averaged Prediction
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Figure 26: Single ANN predictions includingfeature uncertaintyfor 400 largest
predictions sorted by descending magnitude.
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Figure 27: ABMS predictions excludingfeature uncertaintyapplied for 400 largest
predictions sorted by descending magnitude.
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Figure 28: ABMS predictions including feature uncertaintyfor 400 largest predictions
sorted by descending magnitude.

I n each case, the predictions run through the ceE&€
l ow bias WebXeiTlhhed piemcent age of observations tha
prediction intervals for both theTdhdldTmheries and
ABMS with feature Ringkgdiantngryv glr eids cte®sn dErratic
model omitting FiegatYuer A ©sn eandtyaipmtedi cti on interval
and reliable measures of wuncertainty across diff e
that the | evel of wvariability in the data or mode

24 Hour Leadtime Surge PredictionMethod Interval Comparison

Percentage of Values in 999%ediction | Average Width of 95%redictioninterval [m]

Interval [%]

Single Model ABMS ABMS Single Model ABMS ABMS
Error Type Inc.feature Exc.feature Inc.feature| Inc.feature Exc.feature Inc.feature

uncertainty  uncertainty uncertainty | uncertainty  uncertainty  uncertainty

Full Series 92.6 64.1 97.3 0.25 0.11 0.28
Extreme

Surge 76.2 68.7 92.9 0.35 0.28 0.48
(> 0.75m)

Table 3: Prediction interval results and average width for three test cases.

Tabldexpl ores the effect that different errors ha

The single model case with feature uncertainty fa
for the full series, while f aMS ipnrge dli8c.t8 % ns heoxrctl ufdoir
feature uncertainty falls 30.9% and 26.3% short o
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surges. This means that for theehwow&rknseruvaiontyg
alone is not sufficient to build a usable predic
feature uncertainty meets the desired 95% of obse
and falls 2.1% short for extrdme eswmges.t aComyartior
single network with feature uncertainty, the bigg
There are sever al factors that would contribute
model architecture do not adequately describe the
uncertainty, and this is mortehesiignncirfeiacsaendt MAOEr aenxdt r
for extreme predicti onki gc2mgih rg@id ewiEtxh rtelme fswirilg ese
are inherently rare and thus underrepresented in

ability of machine | earning algorithms to disce
Additionally, extreme sluerxgeat naorsep hiem fi Ic u eanncde do cheya n
phenomena that can vary greatly in intensity and

model accurately. Mor eover, since the models are

the target spatéei $i mbhatransedf bERAS. ERAS5 wind
Atl antic Ocean tend to increafamwpwdosh Grathcspeedov
de Camargo, & da Buldtvlae Diharse, 28&2H) model s si ze a
subopti mal for capturing the intricate patterns

compr omi se bet ween mo d el si ze and computati onal
comprehensi veudpt wenssheyondsthe scope of this inv
The i mprovement in prediction interval for extr
ABMS with feature uncertainty method compared to
indicates that there is signiBidchrtliIsyetgrfeat erxtwval
predictionsxthamef @redonti ons. This aligns with
availability for extreme surges and the complexit
earl i er. It highlighthssembé e bemefmatcshi o Ueiangi ag
incorpetrwderk wrwveer taaisntnyyl e model that does not, p
forecasting extreme meaitrvgersk Wrgc @ritsaeiurbtsyddesanbt epr
a robust basis for constructing a reliable predic
feature uncertainty, it becomes sufficiently robu
The i mproved prediction interval of the ABMS |
ncertainty, alongside the <cl ear i mprovements in
emonstFagkprd ppaaealdab2 emake a very strong case for
he ABMS met hod for surge prediction compared to
specially when faced with data constraints. The |
ncertaintyangeoebf thet fRUMbgl2Wees i s shown in

c O *+ Qo cC

95% Prediction Interval
Observations
10 e ABMS Averaged Prediction -

0 5000 10000 15000 20000 25000 30000 35000 40000

Prediction Number Sorted by Descending Magnitude
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Figure 29: ABMS predictions including model error applied for all 40000 test
predictions sorted by descending magnitude.

Errors appear {barregseird wanld ewe rriefsii cdautailon because th
densely concmnFirgadtbeed BEedare-b aOlbda mci ng during trainin
verification pairs clustewi ag osadrismal di gerso garatl i
penalises small phase offsets and moderate amplit
near zero. ofMeiasnquaf éaeéresoroand-cwivédemrgeapprpdaentveun
evewmitse peak (maxi mum) compaTa b2oencso.v efrhaeg e asthtoerrtnf als

are |l argest when input wvariability is not represeil
without feature uncertainty: 1T30.9% for the full

uncertainty sources plesadeadul(sei nglcer madet y: T2
extremes; ABMS pl us f eat utraer guentc efrotra itnhtey :f ua plp rsoexrii ne
for extremes) . Sever al mechani sms dri ve t hese
representati venfebssat t~+3a0 nkinm gr eusscelsutEERon and operat.i
into the ERAmMppnentipphce. At this scale sharp pl
wind jets within extratropical cyclones are parti.
generakesupegei;asence IdRSYERAS5 -tasl ddaheadahetbeasygedes
so hourly errors grow towar d-i fmpatcur &€ oenxdti t @ menss , a nwch
necessitates wider interwalverfagre reehtermre rMfeesa teamads tl e a
uncertainty i s -ponmictetsesd.n gS eacnodn ds,p aptriea | footprint: [
principal components over a ~1000 km domain with

for synoptic driwmwessosscahbatdampendhasulmatter for

making -wiese deators | oamaxliamugerertrlhas. evédnt d, t i mi
mi smat ch: hourly verification is sensitive to sma

gauge respons-mxi mhewr e@ampav e s bsnesn sairtei viee sasn dp htayspei c a
yield | ower apparent error . -bywesi dnalerprewvaemphasi

datyday skill near zero and highlights where addit
t heai It. I n ERA5 tests, combining feature and net.\
interval s; under operational forciCmag )| oaddiamg for
adjust ment i s deci sive for extremes whil e l eavi
consistent WMiOt hanki ¢glharbdiss e48p elBkkemtet ri ¢cs can be adc
wor Kk, but are not the focus here.

4-2. 4 . Robust surge forecasting system validat
To validate the surge prediction in realistic si

obtained for thBPepembed 28868ar yo208@0otrlee aMECBA al gc
uncermasnhtpe quantified and any pbssiembeeli as bet
Therefore, the data for 2020 was used to quantify
by comparing thémmae@aasiunrsetmenmthse ERA t heorsame perio
wind speed and directi o/l Owecroempoomrewmne rst. e dI hierrteca f W 0

and pressure inputs were transformed to the same ¢
by applying the |l oading matrix f-5odatheePCAThesee:
transformed iopmabki wede Tdhememove the potenti al

model was applied to the principal cofHponents of

componelkgl¥é4-E€igqiy [ This process is shown for the fir
Fi gBbe
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The unbiased error histograms follow a | ogistic
component bias corFeggeewethohehvbsengtaml 6nindica
errors are more frequent compared to those in a
forecast error varies with the magnitude of the |
centre to bottuhr ee nrdasn goef. tThhei sf erael ati onship i s demon

fidt standard dRrivg@G&td Asarssshlownernmors are assessed
di stributed bins that span the range of each feat
guarantee that the errors applied within each bir
cal culdatiendcoarmpor at ed .25 oManhtee pGaerdlioctd eompsl es ar e
prediction.
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Figure 30: Bias correction for IFS Variable Principal Component 1 before (blue) and
after (black) correction.
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Figure 31: Forecast error histogram and logistic distribution fit for first principal
component.
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Figure 32 Logistic fit standard deviations (left y-axis) and means (right yaxis) for 10
equally populated bins along the range of the first principal component.

Two cases are evalteadaedr dhearde NBSBIiSretay U h e
uncer.t afort ycl arity, the MCBA method ficsrddcdaestdevel op
unceramdnsg a comparison of the twofmeedbasdts will

uncertainhg final prediction interval. | FS foreca
The years selected here |ie outside the training
results of these TakMMesa ThHher vakreme ecbrdatdaiavail ab
surges is low and the spread of predictions is hi
such the ?wvall el dtoeed thhis range is not meaningful

tabl e.

Tabbmetrics indicate strong metrics show a str.
predictions and in situ observations. The mini mal
the two methods are expected, as therpmrtiimaary di st
of unbiased forecast error. This effect of this d
Tabil e

24 Hour Lead Time Operational SurgePrediction Method Metric Comparison
ABMS MCBA
Metric Units . ExtremeSurge ExtremeSurge
Full series Full series
(> 0.75m) (> 0.75m)
R? - 0.882 - 0.878
MAE m 0.05 0.10 0.06 0.10
RMSE m 0.07 0.13 0.07 0.12
BIAS m -0.02 0.04 -0.02 0.03
Sl - 0.332 0.148 0.337 0.146
cc - 0.943 0.170 0.942 0.173

Table 4: 24 Hour Surge Prediction comparison for the results 20223 of the MCBA and
ABMS algorithm with feature uncertainty .
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24 Hour Lead Time Operational Prediction Interval Comparison

Percentage of Values in 95Ptediction Average Width of 95%rediction
Interval [%] Interval [m]

ABMS MCBA ABMS MCBA
Error Type Inc. feature Inc. feature Inc. feature Inc. feature
uncertainty uncertainty uncertainty uncertainty

Full Series 95.6 96.6 0.29 0.30

ExtremeSurge
> 0.75m) 90.5 94.6 0.46 0.48

Table 5: Prediction interval results and average width comparison for ABMS with
feature uncertainty and MCBA with feature uncertainty.

The prediction intervals for both methods
i es. Since this holds true for both the
prediction ufeat uak niuy aneed iwsoer skt Yurnooma rt tha i
ecast pdmgdarntgaiantsynal | er role. This may be
example, the simplification inherent in

oduced as forecasting error i s nien swtoe &d

o ® o " C

extreme surge events, whereas the MCBA

e
h
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e
n
n
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e
0
rror appears to -bekusnegessarentsor itows s
a

r

r
e
r
r
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t
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r
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r
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t
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T WO PO hC T —h —h

dictions for exFEir@drkewiutrig etsh earfelr isikhddvenr ii ens
Four uncertainty configurations are =evalu

cover
ABMS 3
nty
due t
princ

cing complex patterns to simplatteot msbeuring

embed:

raadntpywtentially explaining variation bet wee
casting errors might eereabedsoneti aebhblgebienpu
Fper opcrees si ng . However, the ABMS method falls sh

met hoo
i gni fi

isfactory prediction intervals for extreme sur

s howi
ated:

uncertainty), feature only (simdleemtAINN WIiAIBIMSf eat t

with feature uncertafaawpifrreracdst i (MCBAt wot

k f ea

uncertainty). Net work spread adowner avpaes amutshad |l fey |

eature uncertaiontyoluai gel-xeomidea s dsolindsn t§ffdullll &

arget for the full -csoevreireasg eantdo c~u2t. 1« tirne nEeR

0w = — = n

mean predictions bmdas warsd edre cd gé rveet ifoomrale xItFh S

teadier interval widths. Finally, introduci

eries and ?d6Wwtemvealsremee erratic and failed to

2. 4 %)

eft theotvairledumder-18. 8%tf eCaotmbrieniwiga nfeBMSD rrRet t he

AuSn dteer
ng fo
forci

tail shortfall from ~4.5% (ABMS) to ~0.4%, with t

I n shortertaatmaoyedunees most interval width
and explicit forecast wuncertainty is needed
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Figure 33: 2021-:2023 24 hour lead time surge predictions. Predictions made using
MCBA algorithm with feature uncertainty and IFS forecasts showing 400 largest
predictions sorted by descending magnitude.
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Figure 34: 2021-2023 24 hour lead time surge predictions. Predictions made using
MCBA algorithm with feature uncertaintyand IFS forecasts showing all predictions
sorted by descending magnitude.

The MCBA with fleapdrwerde cun oerr ti amitretrywaFsguhat typica

33l lustrates that values |ying outside the predi
centi metres. The efficacy of t he model ensembl e
satisfactory. This supports the ddncliweaitonf otrhat

characterfiogierm@assumngeertainty
Figsdows the MCBA with feature wuncertainty is

good agreement with observed data from Millport
density regions ytx)f awhi theal dgnsi wl.tChZ nn bfeo(rb itahse me't
full range and 0. 03m fToarbd eexTthree m@C vfad ru etsh irse ctoirmdes dp

0.942 with a RMSE of 0. 07m.
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Figure 35: Validation of the MCBA with feature uncertainty: Millport for 2021 -23.

For comparison, t-hrer gNer Srhd-d NIEMOr avideees f orecast s
hour s, covering the period from 2020 to 2024, wit
from 2021 to 2023 was specificallky anabpsedated M
into a compagi tvealtuker deor RMSE and CC, with each m
its |l ength . hokior ftohe chatsesd mhekelphNBESICE achieves a
and an RMSE of 0.09 metersforCempsatiang vied gmewdek ML
better CC and | oweur RMBBdf 06i met $§ oRPdcasts. The M
u
(
t
c

ncertainty method offers a robust prediction int
from dat a, modelctaimdkdf aoroedaud satr)l .y , I talil owdtnrgu f or st
o the model as network design, data availability
an then be reflected in both the accuracy and th
A stri oelri ke keeompari son of prediction intervals i
product is deterministic i rerowr snetupcandcevneébl,
RMSE), whereas the RSFS (MCBA widt h9 5f% aitnutreer vuan cse.r t
Operationad?2y) ,(2RMRAS intervals have a -typical Wi
nomi nal coverage on the ftudill sehadretsf, alalndt o ed.ce ¢
points (versus ~4.5 poimitttedheinnfABMS)astTinT eirn di
mo st interval wi dt+n edtewoirvke sunfcreormt afi matyur evhi | e ex
uncertainty is crucial to calibrate extremes.

RSFS del-demarsd oinntervals i n seconds per predi
configuration here does not. Consequentl vy, we CcoO
out perfor mégé6 MT SaLtF Mitl IOport) and report RSFS calibi
benchmark would construct empirical NTHHeF interva

and magnitude iIZ02Aa3setshewecoml@®&rle coverage and wi di
The narrower lextir2e0M@eB80 rreddgegetbnred@lPlsed stor mi

shrunken modeThatunpertadntiywmcked the | argest surg
ERA5/ gauge 82r0c2h0i)v ea n(dl 9t 8likee 210y §ioy exaisrti ng. I nterv
remai ns dctoynpsiicsatle mti d tnho ndi On.&e8r fimglsine@awver age, and ticg
cal i brtant iMOB Avi( ext reme shortfall ~0.4% vs ~4.5% fo

intervals widen as expected acdidc aAtBIMSg erxd a ceinree sssh of
|l arger events.
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42. 5. Application of the surge forecasting sy

The robust surge forecasting system uses the MCI
operational capability of the -modell eadshome bwvurg
height predict!iOcrt o blet™oaeembie he2 @72 ‘anmnd! "d8t ween 18
September 20RIBgB@GeMihgdWnerienspecti vely. Shown here a

2hour forecasts. In practise 24 predictions are m
hour s. The RSFS expected value (EV) prediction t
prediction tiinmee rpveali oidss bnoetahni ngf ul and usable. The
to obtain one prediction is in #heneormpderdicfti Leaasan
2.0 T T T
95% Prediction Interval
'g' L51 +  Observations
— = EV Surge Prediction
E 1.0 1 =
=) +
'S s SR AN PN A
T RTINS
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Figure 36: 24 Hour RSFS 24hour predictions for the week spanning 27/10/2022 to
04/11/2022.
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Figure 37: 24 Hour RSFS 24hour predictions for the week spanning 18/09/2023 to
25/09/2023.
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4-3. Limitation and potenti al i mprovements

While the purpose of the chapter was to demonstr
surge height predictions, sever al i mprovements tc
analysis on the architecture seyembyoheati tbeaANN
i mprovement in the individual model s within the
prediction accuracy. Additionally, since the MCB,

di ffering architectures that susef tdief fsearneent i nspiuzte
architectures to capture specific surge patterns
averaged prediction. The predicative capability
increasing the input grtihli Peyadana 4thedy.i me nlsa roghesr u
would better capture the atmospheric processes t}
conducted to evaluate the amount of uncertainty

selected principal component s.

These changes directly impact the computational
the model |, but it mi ght of fer the opportunity fo
medi-ruamge | FS f orecawdekesx,t eamndd wipe dme ttheadd |l oyg b e
extended to accommodate this prediction | ength al
propagation of wuncertainty since an extension of
on the reliability ohtehestaitmgspheai of fdbucthegr M«
investigate the spatial and tempor al dependenci es
their i mpact on surge predictions. I n addition, s
of ma x i mupne ewi nodr sl and f all | ocation can be easi/|l
framework to improve the prediction capability of
be applied t o exbiassteidn gmondeeursalorn eetmsoernkb|l e model s t
i ntps.
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44, Sur ge Fuonrdeecra sUni@egntcdiusti vy ns

This chapter has illustrated thédodeveluomgment al
forecasting machine |l earning based model. This bu
More specifically, Adaptive Bayesd ainmpyoavwd drel ect
predictions than can be achieved with a single ni
reliable prediction interval t hat considers both
Thereafter a Monte Carlo ipnmnoledeaer e hdraed dseteth o ht e
uncerdmitniey surge prediction ihmtuer v &lad Thenerses umlotds
attribute and forecast uncertainties are crucial

interval s, particularly for extreme surges.

The robust surge forecasting system has been s
Mill port within the Clyde basin in Scotland. Oper
model application using weather forteltatstt tpg ovi ded
proposed approach is able to perform robust sur
approximately of 48 c¢cm wide which is both meaning:

of fers a straightforward and uesftf escttoirvne swaryg et omocdoer
Around the UK, the National Ti dal and Sea Level

model with good spati al coverage. However, this n
that this approach addr bss edendoé -bracsrerdh engpocdpempss. i a s i
Given tHhadndE&RIAFS are gl obal datasets, this method«¢

any |l ocation using historical surge height ti mese:l
mo st of itntee i soasottl covered by tide gauges, reanal
alternative. This framework can be readily modifi

introduced by wusing surge reanalysis datasets.
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Chapter 5
Surface Wave and Coast al
Forecasting under Uncert ¢

This chapter details the application of the MCB/

i nundation forecasting probl em. I't is -a reworking
Based Coast al |l nundation For ecasno nsgu bwmittht eEdx palsi c i
part of this PhD work to the journal of Coast al E
Within the risk framework introdhieepgr émalCihlaiptt yer
t hat still water l evel pluel waadt efteat sawi tb r e
credible early warning andadd wlht&igthuedaem sreitstki negsst,i nal
most severe extratropical storms can expose coast
P(Hz) directly improves decisions that | imit disr
infrastructure. I ni st ho mercahtaipotnearl,| yi-sdoeafdiiatda do nt hr ou
threshold on total (tide + surge + waves), consi st

|l ater for the Firth of Clyde case study.
Chapter 2 highlighted why wave and inundation fc

data are sparse or outdated; waves integrate wind
transformattponieperddraon | ocal -madepbhbdiogy, wamidl e hy
power ful, can be computationally odmarkd mdyi nigt and s

di fficult to communicate uncertainty at the caden
motivate a terfadn scp arnen tu,mddeadtlaaoinmtsyi dter epaotimea  pr edi ct |
Chapter 3 therefore developed a probabilistic Ml
surge to waves and inundation. We couple the Robu
RobustWawWiendForecasting System (RWFS)oraencdasptropagat
uncertainty wvdepeMGRAtrTiomeecastr el ati ons are pres
covardwmarce (Chol esky) sampler, yielding calibrated
Nearshore transformation (Wfpsthtepr thle@aorpy)odamce an t
varying inundation indicator with uncertainty.

I n this chapter we apply t he framewor k to t he
characteristics against CMEMS and an Il rvine waver.i
Ciara (Feb 2020h Ittedanmiee neakrcseterdaatnec e2 df oorpeecraastti so nraell at i
threshol d.

51 . l nundati on Forecasting Framewor k

The inundation framework has been designed to el
and easily accessible weather forecasts. The fral
considered for all i nputs and mondetbsBoanflopeopsagat
Al'l ppoeessing tool s, mo d e | building tool s, and 1

Bayesian Coastal Fore¢MacidogaTadgl Bayegiitanr €Cpasittad
Tool box, Th@24) owchart fofFigBBe process is detaile
The overarching inundhAbuonwfndmawdr prteaslkes eaf dd
makes an averaged prediction with uncertainty for
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forecasting(Mpstdema( BSFSubal dwi,t h& cPoantseildleir,a t2 002n5 )g i
the dependency of surge heightdadnreisdg,uathempecappgt
is added to tsue ot ipdalvipmree dai cStiiolnl Water Level (sSw
predictions with uncertainty are made using a rol
(detailed 2n33ubesdcthensbrface wave characteristi
wave charnactuesriing | i near wave theory. These transf
to a runup model to givVve,vai trhe aursderrteairnunyup Tphreed
uncertainty and SWL uncertainty are then added i
forecast. The constituent parts ofsetchii ®nfsramewor k

51. 1. Astronomic Ti de

Ti dal ti me series are generated in this model t |
tide chart maxima and minima. The accuracy of thi:
invol ved. For |l ocations not scocvaeenr ebde bayp ptliidead icfh atrt
a nearby tide recording station, or a global tida
gl obal ti d(adt amondeerl,s Tekte eauln.c,e r2t0alidn)t i es must be asse

in each case.
51. 2. Surge Forecasting

The Robust Surge Forecasting System (RSFS) (Cha
Monte Carl o Bayesian Averaging algorithm (MCBA)

artificial neur al net works (ANN). Thesg networ ks
(LSTM) networks designed to capture tempor al depe
and backwards. The MCBA algorithm is a methodol ogy
types of uncertainty: f eat urwei tuhn cfeerattauirnet ys e Itehcet iuor
the probl em; network uncertainty, the wuncertainty
and training process of a neural network; and for

surge forecast by Mdbrt eve@athleo diomelcatsiton uses r a
estimate the range of probable outcomes for a sy
sample represents a credible variant of the meteo
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Initialise New

Tidal predictions Inundation Forecast
Gather tidal
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charts
System - N
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e N >
Pi . . Nearshore wave . \. J
lecewise 51r}u501d > transformation v
interpolation é . h
L ) \ v Preprocessing to
model
Generate Monte specifications
> Carlo samples of ~ gy
runup inputs given . N
Forecasted tide > dependency LSTM quel set
timeseries with predictions
. . J
uncertainty /—*—\ T
py-wave-runup ]
runup predictions [ MCBA algorithm ]
for all Monte Carlo
Robust Surge samples using i
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empirical run up Forecasted deep water
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e timeseries with
IFS wind and & .
. uncertainty
pressure mputs
N v 4 Forecasted wave runup
timeseries with
Preprocessing to uncertainty
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J
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( D Robust Inundation Forecast
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L P ) > | Calculate height of maximum water level with uncertainty
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' )
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\. >y
l ( v
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Figure 38 Flowchart of coastal inundation framework.

51. 3. Swarvfeaderecasting

As wave growth is dependent on wind speed, wi nd
observer sees on the coast wildl have been forced
path to its origin. I n order tg Bubiwgtaepwawve, t ht
wind velocity profile at all points along the tra
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However, this is wavepratheécalt domatsiuvd alcere i s t
maxi mumcarroeslisati on between the waves at the targe
secondary, distant | oceatoiranre.s althhes nltd gnea td erhaaxyi mmhne nc
time series is most strongly corFrielBfitdeadf twi t h anot
with maximally correlated ranges indicated by dot
target. For a 0O hr wave prediction, al/| i nputs ar
the same target | ocatioasethwe wvhéumaxwmall poec asmhi
strucigBfecentre). Here the 12 hr prediction inpu

and forecasts.

Figure 39: relative lag structure for shifting forecast lead times.

If the 36 hr prediction is desirable, the | ags

correlated | ag str uctFurged §aenidg hatl ). i Thhoeu tpsr caprcer tfioare co
and forecast is dependent on the maxi mal Cross <c¢c
required | ead time of the wave forecast.

51.3.1. I nput Selection and Dimension Reductd.i
As the wave height is influenced by winds over t
to consider a wide area for the prediction of su
burden during runti me, t he wi ndmpiompewmntts aanrad ysii mp |
(PCA) . PCA operates by transforming a dataset int
transformation, where each orthogonal axis in thi
in the dat a, di mensi on sbyt hdeg noernisg ioma | Tdha tsa sperto ctecs sl
with fewer components while stildl retaining the
provides a more compact form of the dat a, emphasi
mo st informativentpsri acepaletabmedn whil e those c
variability are discarded. Anot her benef it of PC
independent, eliminating correlations among input
represenitmaptrioovne santdhe training and generalization o
model s. A gener al Il'imitation of PCA is that the |
i nput types may not have physically interpretahb
understanding of {(IReuscaAnsfAbt mgd &Bedld uiiess crp,s e2 0 Y
the inputs are wind components and have the same
therefored alngdo sion hrmaxye a physical meaning.

51. 3. 2. l nput Uncertainty Characterisation
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As mentioned.Iln Bkheteanl ¥y warning surge system i

and run wusing forecast dat a. This is to allow th
propagated to the surge predétcweem tume emeanaltysi I
and forecast data, the I FS data must be mapped tc

outlined -2.n2.Sethiioni # done by normalising the |FS
them with the prineingal foompdree nrte amad fyfsiics dat a.
value of the kth| garciamcibpeale xcpormepsosneednti n ter ms of

I em- »mswid h a@EnfQetryr oap EH Y H-EQ LT [
51. 3. 3. Rdblasetd AMdN e Forecasting System

The robbassedANMave forecasting sysRiegdd® eRWFS) schen
describes the st epshoiurv oMivnedd filoro eaccoarsvt egrbtioif nagc @244 wav
height, mean wave period and -prre@ane swsaivneg danrde citn pun
uncertainty evaluation descrillmaed falhavwe oarse fwri tetaes
operation. The MCBA algbr2thmhis meétvleoaddlIno gth aips e
further by considering time dependent -uncertaint.i
1. 3.
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Robust Wave Forecasting System Preprocess inputs to model specifications

. N

—> Centre data to zero

reshape weather

Initialise New Wave =~ forecast to 2D i
Forccast array [mean an
multiply grided
variables by
Extract local principal component
. xtract loca
Gather inputs variables N . /
J
7 ( )
Extract desired
o I Bias correction «—| principal components
Collect wind input data - J
from ECMWF Integrated | | v
- Forecasting System .
Concatenate Normalise array
variables to features to zero
satisfy model mean and unit
input dimension variance
P \ J
Wave characteristic forecast using Istm network set and
MCBA algorithm
Generate Monte
Calculate best Estimate posterior T — Carlo samples
network and likelihood for each axe networ
T s — e fi h set predictions from feature
adjustment factor sample for eac for all specific forecast
for each Monte output given each ]
samples uncertainty
Carlo Sample network
I »(  Calculate variance
X across all Monte
Make Generate MCBA Combine network and Carlo samples for
MCBA prediction forecast uncertainty each output and
prediction Interval with feature uncertainty networks bas'c:d. o
MCBA prediction
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Figure 40: Schematic of the proposed robust wave forecasting system
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The MCBA method (Macwonkhs$dbyetexploiti2rD4) he va
predictions made by a set of ANNs that have al/l b
al(2017)n this ewsembliertltaswimdg model s have t he ¢
Figdilie The model architectwhertypger ms Mbmdr ye ¢ tLiSdm

LSTM networks are a type of recurrent neur al nei
sequence prediction tasks, such as taeagnethlheries fo
standard LSTM architecture by allowing the networ
past and future contexts in the input sequence. A
di fferent branches of the madel medal uabi desr eagei
make each set of predictions. Due to the | arge nu
dense | ayer is added after the Bidirectional LST
randomly disconneetwaesubageref weegbnhsihg all ne
simultaneously optimizing their weights. tf repre
nfeat indicates the number of features. The optim
of wavles miordet he ensemble is out with the scope of
her e.
Il nput
wind principal components and | ocal U110
[t 5 eJan

.

Bidirectional (LS
return_sequences

s

Dropout (0.

.

FI atten

! ! !

Dense ( Dense ( Dense (
Output OQutput Out put
H5 Tm Dm

(t) (tr) (t)
Figure 41: Wind -wave characteristic forecasting LSTM network architecture.

51. 4. Near shore Transformati on

Near shore wave transformations are done using | i
the speed at which waves propagate through a body
estimated for both the initial teamd waeal emgtdéd | o
approxi mati on:
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E i Eq4B
Given that the model #Dutpautcsonnveearnsiwmveispermaidoed,u
approximasign From here an estimate is made as to
t he cl| assTiafbbloeat i ons i n
Water Depth Classification Boundary Ratios
Deep 0.5 Length/Depth
Transitional 0. 0! Length/Depth <0.5
Shallow Length/Depth <0.05

Table 6: Water depth classification for Airy wave theory and associated threshold
wavelength to water depth ratios.

The wavelength is then iterated over wusing the de
formul a unt il a wave l ength sol ution reaches CC
classification. The formula for wavelength in tra

"H

=) i| 'HT-i? Eq4)

Based on these classificatgand, tthasiwavenakl watey
calcul:ated by

n o a5y

He 7
_— Eas
Group velocity refers to the velocity at which er

wave packet, rather than the velocity of the indi
it describes how quickly the mhapse tohr emgl!| @ pme dif
u

The group vel ofgsatnyd itnr adneseijp avoaataghri wamn eby :
Ne i H- EqS5P
—"H
He e — ‘—Eg'. Eab
Ne - "HAh q53
"lii—i?
And shoaling coefficient KS is the square root of
being | eft and the region being entered. For deep
L Eq5}
N¢ iy
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The refraction codﬁdéstehbe$ohowamechwahesdirecti
is altered when they pass from one depth to anott
speeds in the two depths by:

"Hi "l

UL Eq5
Eh T ash

wheR anRlare the angles of the wave relative to the

Si nfrcies k®owmr,an be calculated using Snells | aw:
i A Eq5 5
il A q

Near shore swazwen hdiegqmhtbe expressed as the product
7. refractilpandoxetdalciilgmtcoefficient

51. 5.-upRun

Run up estimations ar e dwarvreeu nlslpenagnatnh e Bpeyutzheonn, p&a c
Gol dstei nRgvedBOQp i s a Python module that contains
wave runup models including Stockdon et al. This
and flexibility to the wuser in skbéeectpagtiaoadlafi du
requirements.

52. Robust Wave Forecasting System for Firth

Thi sssesathi on describes the i mplementation of t h
(RWFS) of the inundati é&n tmodele dutritihned iCld ySlec thiams
the Firth of ClyFdgddpatThe medseshows validated in 1C¢
Il rvine agaitmstwaaerioder buoy data for a 3 month d:

real wave data in the region, the wawve <charact el
Eur opean NoffWahv eWweBhy sSihed Reanal ysis of the E. U. C
Infor nEMEMB)The target | ocation of this model is ¢
|l ocation where the I rvine waverider buoy is depl o
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Figure 42 Model domain showing the Firth of Clyde basin in the Southwest coast of
Scotland. Significant locations include Millport (white square), Irvine Wave Rider Buoy
(purple circle), CMEMS reanalysis grid target cell (purple triangle), Saltcoats Harbour

(white circle) and Ardrossan Harbour (white triangle).

52 . 1. Mo d el Domai n

For hydrodynamic models, it is common to use rec¢
fidelity model driven by historical observations
met eorol ogi cal i nput s, as thiss tawd Smemr smegntesa.t efThe ov
size of the input ar ea, also known as the "footpl
predictions. However, | arger input areas usually
training and run t ifrmeet.c hT oo nc awat vuer eh etihgeh tesf faetc tt hoifs |
boundary is drawn from the north entry between No
southern boundary between Southe&sg4Be€Ehiasd and S
boundary defines the area over which the wind is
target |l ocation.
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Figure 43: Map showing 1006km fetch boundary to the north (blue dash) and south
(red dash). The 6éspokesd indicate the fetch | engt
north and south entry point.

From here the fetch directions are calcul ated
boundary to the fetch boundary, stopping at the f
bound by these fetch | engt hFi gcdodnesHu ttuhtee SRWHS iisnpt
trained on ERAS5CS3rSe an2abl RyAshi sr edaantaal ysi s data has a |
grid of 0.25 degrees but to manage the computati ol
t hat overarching inundation forecasting framewor
processing powen, of hpoi@ssel within the fetch area
hi gher concentration of points nearer the target
fetch boundaries. Areas within 250 km of the Fi
reol ution. AbB6Askwmi bhi bha56irth of Clyde are desc
Areas beyond 500km are entered with 1 deg resol uti
ERA5 wind data is stored as 10nn seasUlwaradn danvdl On.or t
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Figure 44: Map showing ERAS grid input locations corresponding to the fetch area in

Figure 43.
To establish the | agoassbatabed(di shupseak tnossect
wind magnitude at each point of the grid and Hs
northward wind components. , U andma\nn ¢ sigec tainvde | y
directions for all grid locations. Th4e8 cross corr
hours to + 48 hours. The hour at which the cross
Hs i s maxi mal i s-c o heedlredgi iasf cpaed acku l cartesds f or every

grid. An examplléoatobgotudiegamewihtolwnt h-em | ag of pe
cross coflNelhatuiren at

0.74 T . . . :

0.72

=
-

0.68 %

Cross-correlation
L
i
£
=
>
5
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Figure 45: Lag against crosscorrelation for wind magnitude events pointing towards the
target location and Hs at the location.
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The | ag ofcopeakactrossis extracted-ofder every |
polynomi al surface is fitted to the points wusing
continuous |l ag structure. The secamd nogr deratp dlhyen o
majority of the |l ag variation is described by the
given in Appendix C. The cohitputre pl ot of this pro

New | ags are calculated by evalwuating the surfa

input grid and rounded to the nearest whole numbe
For each time step the respectUlvOoe alnadg VW1loOr wihhed Hs
component. This creates an input set for each Hs,
that is maximally correlated with the target valu
information of eachwhirli gt | micaitmiosni n@ the campget at

Latitude

-30 -25 -20 -15 -10 -5
Longitude
-50 <40 -30 20 -10 0

Lag at Maximum Cross Correlation [Hours]

Figure 46: Surface fit to lags of maximum correlation.
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Figure 47. Cumulative percentage of wind variable variation explained by principal

components.
Thereafterdj ushed | &0 and V10 values have PCA a|
components that describes 9h%ref ctohe esppudi mgrita
principal component s. The cumul ati ve sum of var
component sFig4aB&édown in
I n addition to these principal components, the U1l
cel |l next to the target | ocation are included as
tot al number of features 44, HPRAS tdhet ay eaamrds CAMBMS
2022. The CMEMS data was interpolated from three
with the input resolution of ERAS5. From the CMEMS
wave period Tm and meanrwegwastdidredhieon nDmi altedast
comprises data from Jan 1980 to Dec 2019 with th
10cm. This resulted in 1.85 1105 observations in
training and val iearavatoino nasn df o. 5tlelsOt4i noghs The feat
normalised and -meshapkddiwhg hwianddorw t o produce a
descriThbMein
Dimension Description Total Breakdown
1 Observations ~ 1.85x10° 1.65<1(° Trainingand Validation 2.5x10* Testing
2 Timesteps 37 -12to +24 hour forecast in 1hr steps
3 Variables 47 44 features: 42 principal componentical, Viocal

3 targetsHs, T, Dm

Table 7: Training and testing design matrix: dimensions and descriptions.
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52 . 2. Mo d el Design and Training

The architeckhiugrdeivedse puscad dt da nt rain 8 networ ks, ut
of the previously described training and validat:i
out put variables that must remain unbiased across
theudutmust be unbiased for variable values when t
above 1.5 meters(KThgmAdamBalsge@®@itdlprd for network
given i ts suitability for probl ems wi t h | arge r
Additionally, it is easily implemented and comput
the minimisation of fkbeomsanl bbsormbaéi sed target
been trained for 100 eoclEarWytBtappbeagni sgenabeé e
overfitting with a patience value of 5. Section
architectsurae sptraobdluec eout put and the agreement for
forecast and observed wave characteristics are ve

size and optimal architecture requireatfeurther inv
stage. The feature error for each network is reco
52.3. Time Dependent Forecasting Errors

The model was ori gibnawilnyd tdaatian,e dwhuislien go pEeRrAat i o n ¢
driven by ECMWF | FS forecasts. TlBcel ftjakrge.c a s t uncer
[ywi t h ERA5 and I FS data for the year 2020. Ther ec
for 2021 and 2022.

I FS Forecast and nowcast windspeed data is downl
AP( Vi sual Crasstimg,| eOZBipddeThownnidnspeed and di
values are converted into U and V wind component
components are bias corrected, nor mali sed, concat
ERAS5 training dat ae alnodadinumligt icpoeifefdi chentdh of t he
component s. The desired number of principal compc
scaled to match the range of ERA5 values. This pr
with respecdg Itag tdter evtod-sve nd-BsBr bpbeduch shédt each
ti meds inputs comprise the desired proportion of
the | ag of-comaxiemalti omoss positive thewwihe speed
if it is |l ess than or equal to zero, nowcast data
0O to 24 hour lead ti me. Each input Fseg#a8eées nor mal.
illustrates the change inheurobhondrafidaddt denei atf o!
The increased scatotuer | elagdetvend iphotthdédiydhl i ghts t h
introduced with increased | ead ti me.
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Figure 48 Visual-crossing 0 hour lead time first principal component (left), 24 hour lead
time first principal component (right) for 2020.

To understand the i mpact of time dependent errol
the errors are independent, and 2) when the error
bet ween principal component s. Theeséeésondhadassaer ti
significant portion of the error exhibits tempor a
on initial conditions or past data that are inher
propagat e over ti me, utmey pcaemi ¢dthifdue.nceé eadibrsgq
correlations. Additionally, spatial correlations
forecasts areriroatericonoretragi on can affect nei ght
given t huactt ua el agg sitntposed on the input grid, each
spati otemporal di mension which wil!/ necessarily ¢
principal component foll owsFagtoegistic distributi

250
I

200+ /—\

Count

100 -

0 . ? L !
08 06 -04 -02 0 0.2 04 06 08

Normalised Error

[ IHistogram of PC1 Forecast Errors
= Logistic Distribution mu: 0.001, sigma: 0.0781

Figure 49: Forecast error histogram and logistic distribution fit for first principal
component.

The temporal correlations of these errors are shown ifrigure 50. As the lead time
increases, the proportion of forecast that contributes to the prediction increases and by
extension the contribution to each principal component increases. This can be seen
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through the colour gradation in Figure 50 as adjacent 3 hour timesteps become more
correlated as the lead time increases.

Lead Time

0 3 6 9 12 15 18 21 24
Lead Time

Figure 50071 24 hour lead time error correlation for 1st principal component for 2020 in
3 hour timesteps. The colour bar describes Pearsons correlation coefficient

1
1
) 0.8
3
0.6
4
s 0.4
6 0.2
;
0
8
9 0.2
10
.04
1 2 3 4 5 6 7 8 9 10

Principal Component

Principal Component

FigbhEeror correlation for all features for O hour
in 2020. The colour bar describes Pearsons correl
Figbhtsdhows the correlations between errors of diff
l ead ti me. It demonstrates a range of moder ate n
principal component errors. A covarti aemrcreornsatr i x |
across the year Bp20s Addmal It ovalues(ierm cell s i
to make the matrix positive definite. Thereafter,

set of correlated eEqadhEgZzhh be generated using
52.4. Time Dependent MCBA Wave Model Validati.i

The MCBA algorithm is applied to the I FS forecas
tested against CMEMS data for the same time peri
error cases for the 22m depth |ltoriadiFglyeuirien | r vi ne
42 250 Mote Carl o samples are used for the forecac
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Figure 52: Significant wave height prediction against CMEMS test set for time
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Figure 53: Significant wave height prediction against CMEMS test set for time
dependent errors, with local U10 (left) and local V10 error (right). Normalised error is
ERA local wind minus VC local wind.
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attributed to the Monte Carlo sample size of 250
responses should converge to the same values. The
observations inside the confhiidse nicse viinstuearlvliayl eaxnpdl ot
the ranked significant wayvFe glbelieght robust predict

Ecorr Ei nd

Metric Ful | SeriHs > 1.5m Ful | Ser Hs > 1.5

R2-] [ 0.809 - 0.812 -

MAE [ m] 0.137 0.217 0.136 0.2014

RMSE [ m] 0.185 0.289 0.1814 0.269

Bi as [ m] -0. 046 0.146 -0.060 0.113

SI-] [ 0.239 0.148 0.235 0.138

CC-| 0.918 0.521 0.922 0.544

Il nside 95. 6 93.6 86. 3 88. 7

Confidence

Boundary SO0. 73 1.08 0.51 0.79

Table 8: Metric results for MCBA significant wave height averaged prediction for

CMEMS test set.

j; 95% Prediction Interval :j 95% Prcdilction Im.crval

) e Observations R *  Observations

30 *  MCBA Averaged Prediction 0 \\ *  MCBA Averaged Prediction
2 CIEE e VPO N7 gy

L5 . . - dm

Prcdicl?on Nli;:;lel"\b:IOI'lC(;(%y Dt::;;:c11d;(;‘1’g Mz;znim(;t’ l;rediczl?on NS:nberlgjoneciO{;y Dé:cend;r;lg l\/I;igﬂnitu:i[:;J
Figure 54: significant wave height robust prediction sorted from highest to lowest for
highest 400 observations for time dependent errors (left) and independent errors (right).

't i s d@ligédd d&fartotmot considering the correlation
an under estimate of the prediction interval si ze
of the desired 95% of observations f5m. t@Gr full s
the other hand, the time dependent error predicti
and 1.4% short for values over 1. 5m. Many of the
interval and would |likargebenwmbbkernof hd&donheeflCaal C
sel ected. I n both cases the predictions run throu

in the | ow bias.
54 . 4. 2. Mean Wave Period

The-hd4r mean wave period KiTgngbdDhercasits ar goaithc
agreement bet ween the forecasted and observed Tn

dependent errors (left) and independent errors (r
for time dependent erroreré6CCEC=01822andespdepend
prediction metTdahOlse are recorded in
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Figure 55: Mean wave period prediction against CMEMS test set for time dependent

errors (left) and independent errors (right).

As for the prediction of the wave height, the o
bet ween forecasted and observed mean wave period
errors in the | ocal Teb9seé ofwsr enma ssti.g nSif miclaanrt tdd fH<,r
MAE , RMSE, S Bias or CC between the two error
attributed to Monte Carlo sample size. Again, sim
t he percent agensofdeo btsheer vparteidoincst i on and the boundar
structure prediction interval captures 96. 1% of
and the cases where the accompanying Hs measur eme
eor structure falls short of the desired 95% of ¢
Hs time <correlated error structures are requirec
uncertainty. This is visuallybegplpredichi bhse sh0
i FRi gbB e

Ecorr Eind

Metric Ful l Se Hs > .EFull SeHs > 1.

R2-] [ 0.819 0.817 0.813 0.811

MAE [ s] 0.257 0.258 0.263 0.2614

RMSE [s] 0.341 0.341 0.346 0.347

Bias [s] -0.0914 -0.0914 -0.127 -0.127

S [ 0.110 0.110 0.1009 0.1009

CC- [ 0.918 0.917 0.922 0.921

I nsi de

Confiden 96.1 96. 1 84. 6 84. 6

Boundary 1.5 1.5 0.93 0.93
Table 9: Metric results for MCBA mean wave period averaged prediction for CMEMS

test set.
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