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Abstract

Floods arethe most frequent and damaging natural hazard globady.
adequately prepare for flosd is essential to know wie they will occur and what
their impacts will beThis can be done bgeveloping a flood modeTraditionally,
these modelbave been local in scalemited to areas with the necessary expertise
and data to develop #ood model. However, he last decade has sedme
proliferation of several global flood models, which use global datasets and
automated approaches noap flood hazard globally. When cbimed with global
datasets of exposure and vulnerability, they can be used to assess global flood risk.
The development of these global flood risk datasetsks gpotentialparadign shift
in flood risk analysisf r om t he tr adi t i otogldbal datasdts h o c 0
which can beused to assess flood rigkywhere in the worldDespite this, hese
global flood riskdatasets still need significaevaluationto understand the limits of
their effectiveapplication

This thesidurthers theevaluaton andexplores the potential applicatianof
global flood risk datasetsThe current state ofjlobal flood risk modelling is
reviewed, highlightinghe different modelsheir history, structure, and application.
The models are then collectively validated foe first time against observed flood
eventsdemonstrating the skill of soomeodels ad identifying model characteristics
which influenceperformanceThe impactof river sizethresholdsa key difference
identified between the modelsre quantified by calculatinglood exposureto
different sized rivers globallyBoth thechosernriver sizethresholds and the global
population maps used to calculate exposure are found to have a sgrifipact
on flood exposure estimateShe use of globaflood risk data isthen explored
nationallyas global datasets bazard, exposure, and vulnerabilise evaluated for
flood risk management in five countrié¥hile someglobaldatasets are fourtd be
of potential use, there is still significant uncertaintytleir national flood risk
estimatesand potential issueare identifiedrelated to thecapacitythere isto use

themnationdly.
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Introduction

In the first two decades of the 2tentury, over 1.6 billion people were
affected by floods(CRED and UNDRR, 2020)A global problem has elicited
solutionsat a similar scaleandseveralglobal datasetof flood hazardexposure
and vulnerability have been develope€rhis thesisevaluates and exples the
applicability of these global flood risk datasels. this introductory chapter, the
novelwork of this thesis is placed into contewith respect tahe existingliterature.
The chapter begins with an introduction to flooding in a more general sense,
covering both historical and future flooding. It then reviewsw floods are
modelledat increasing spatial scaleésocus is then turned to global flood models
reviewing existing efforts at globalflood model evaluatiorand intercomparison
The approacheso calculate global floodisk are then reviewed, covering both
exposure and vulnerabilityrhe chapter concludesith a discussion of global data

applied nationallyand the ch&¢nges this presents.

1.1 Flooding

There arethree key natural mechanismsf flooding fluvial, pluvial and
coastal Fluvial flooding occurswhen a river overflows its banksnormally as a
result of rainfall or snowmelh the river catchmentrequently flooded areadong
the river are known adloodplains These areasre ecologicaly importart, but
development withirthemrisks both floodplain degradation and human exposure to
potentially catastrophic floodingTockner and Stanford, 2002, Opperman et al.,
2009). Pluvial floodingis rainfall induced floodinghot associated with anyvar.
This disconnect betweedloodd and 6 s 0 umakes dluvial flooding difficult to
predictand prepare fo(Houston et al., 2011)he effecs of pluvial flooding are
disproportionallyfelt in urban areas, where impesus surfacesand inadequate
drainage systemsften exacerbateflooding (Rosenzweig et al., 2018Coastal
floodingis caused bgtorms with intenswviind speedswherea combination othigh
tidesandextreme winddrives seavater oo theshore(Woodruff et al., 2013)The

severity of coastal floadg is directly correlatedo sealevel rise(Nicholls et al.,
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1999, Church et al., 2006)here is a growing body of literatuvehich recognizes
theimportance of the interaction of thedd#ferent mechanismsluring flood events
(Wahl et al., 2015, Ward et al., 2018, Eilander et al., 2020, Bates et al., 2h24¢
6compoun ddan okem serease the magnoie of experenced impacts
(Zscheischler et al., 2018Yhe work in this thesis is primarily concerned with

fluvial flooding.
1.1.1 Historical Flooding

Throughout history, there has been a tendency for setttenb@rformin
flood-prone areag¢Di Baldassarre et al., 2013floodplainsprovide fertile soil for
agriculture(Crawford et al., 1998)while rivers are important sources of fresh water
(Kummu et al.,, 2011)and act as navigation routes that facilitate economic
development through trad@rasul, 2015, Fang and Jawitz, 2Q1Rjvers have
influencal historichuman migration pattern€ampos et al., 2006, Bertuzzo et al.,
2007) and settlementshave been shown ttllow fractal river patterns globally
(Fang et al., 2018)Currentglobal estimatessuggest thabver one billion people
reside withinfloodplains(Di Baldassarre et al., 2013, Rentschler and Salhab, 2020)

Continental and global studies examining historical trend¥ood impacts
have shown increases in batbhonomic and human exposure to floodogr the
past 50 to 150 year®ills, 2005, Barredo, 2007, Paprotny et al., 2018, Jonkman,
2005) At the same time, there is evidence of increased adaptation to floods reflected
in declining global vulnerability(Jongman et al.,, 2015, Tanoue et al.,, 2016,
Formetta and Feyen, 201%lood adaptation measures can dard (dikes and
levees)or Gsoftd (early warning systems, lange planningand insurance).Hard
flood adaptation measurese often the mostosteffective solutionsfor high-risk
areas (Jongman, 2018)However, the implementation ofsuch measures can
counterintuitivelyincrease flood riska phenomenork nown as the Ol evee
(White, 1942) The levee effectis experienced whera physical measure is
constructedhatreduce the frequency of floodingOver timethis reduceghe public
perception ofrisk and encouragescreasedeconomicdevelopmentand settlement
within the protected rea increasng the number of assets and people exposed to
potentially devastatinglow-probability flood events (Ludy and Kondolf, 2012)
HurricaneKatrinain 2005is an example of such a rare ateVastating eventyhere

constructedeveeswere overtoppedesulting in the deaths of over 1,000 people and

e
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economic damagem the hundreds of bions for the state of LouisianaUSA
(Hoople, 2013)

There is a plethora ofvidence and research that points to demographic
changes as one of the key drivers logtorical increases in floo@gxposure
(Changnon et al., 2000, Pielke et al., 2005, Di Baldassarre et al., 2010, Bouwer,
2011, Tellman et al., 2021)essclear is thehistoricalimpact of climate change on
flood exposurelargely due to the differeqgrocessesriving river flooding(Bloschl
et al., 2017) Extreme rainfallhas increasedvith warming global temperatures
(Westra et al., 2013, Asadieh and Krakauer, 20bb} thishas not rsulted in
increased extreme floogSharma et al., 2018)vancic and Shaw (2015how that
extreme precipitation is not a good proxy for extremer dischargaef watershed
soil moisture is notlsoaccounted forAs such, historical trends in extreme flsod
are less obvious thamends in precipitationFor exampleHodgkins et al. (2017)
found tha any significant trends itNorth American and Europan extreme floods
were a result othancewhile Slater et al. (2021fpundboth increase and decreases
in extreme flood probabilityglobally. Najibi and Devineni (2018found global
increases in both extreme flood frequency and duration, bsé tverattributed to
climate variability rather than climate waing. Linking historical flooding toa
warming climate idifficult due topoor qualityhistoricalrecorddata(Wilby et al.,
2017) and by short windows of observationwhich are often smaller than the
timescale of climatic variabilityHall et al., 2014)Beyondobserving the historical
trends of extremesheére are a growing number ofstudiesdedicated to extreme
event attributionywhereresearchers try tdetermine the causal relationship between
a warming climate an@ singleextreme even{Marjanac et al., 2017)This is
typically done byrunningtwo climate model simulation©newhich simulateghe
historical climatein the Anthropoceneand another whictsimulates ahistorical
climate without humamfluence. By comparing thextremeeventin questionunder
the two scenariosthe likelihood thatit was made more extreme due to climate
change can be calculaté8wain et al., 2020)An attribution study byWehner and
Sampson (2021fpund thatthirteen billion dollars ofdamagecaused by Hurricane
Harvey to the city ofHouston, Texascould be attributed to global warming.
Similarly, the devastatingfloods that affectedvesern Europe in the summer of
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2021 were found byo be betweerl.2 and 9 times more likely to occur due to

climate changéKreienkamp et al., 2021)
1.1.2 Future Flooding

There isan ugentneed to understankdow flooding and its impacts, will
change in the futurd-uture changes in flood risk will be driven by batianges in
the global climate and changes iglobal demographis The Intergovernmental
Panel on Climate Change (IPCC) was established in B@@Bhas releasesix
assessmenteportsevery five to six yeargollating the latestscience orclimate
change(IPCC, 2021) With eachiteration of thelPCC report, the global outloadn
climate change becomes bleakbr.the most recent reporhew climate mocdels
predict greater increases in global surface tempergompared to previous
models)andincreasedrequency and severity @xtreme eventgfecipitation,heat,
and drought)(MassonDelmotte et al., 2021)The report presentsesults from
simulations ofvarious emission scenarigsanging from very low to very high
greenhouse ga€sHG) emission¥ run through the latestimate modeldrom the
Coupled Model Intercomparison Project Phase 6 (@Yl(Byring et al., 2016)in a
moderate emissions scenartbe climate models predict that the °C5wvarming
limit set in theParis agreemerfy NFCCC, 2015Wwill be passetiefore 2040 and by
2100global temperaturewill rise to between 2.3C and 4.2C above prendustrial
levels(Tollefson, 2021)

The new CMIP6 climate models were ugedroject futureglobal changes
in fluvial flooding by Hirabayashi et al. (2021)lhe study extendedsimilar work
done usinghe previousgenerationCMIP5) of climate moded (Hirabayashi et al.,
2013) and ained to compare thduture flood projectionsunder a high emission
scenaridrom both studiesThefuture floodprojectionsbetween the two generations
of climate modelsvere found to be largely similapbpoth interms ofmagnitude and
regionality. Flood frequencyincreasd in large parts of AsiaAfrica, and South
America; and decreased large parts oEurope, North Americagentral Asia and
southern South AmericéHirabayashi et al., 2021Regional variations in future
flood risk are a common themea a number of global studiet)sing climate
predictions from the CMIP3nodel catalogueArnell and Gosling (2016jound
similar regionaldirectional trends in flood frequen@s Hirabayashi et al. (2021)

Seven different climate models were usedAltfyeri et al. (2017)to estimatduture
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flood exposure and damageasder different warming scenarios. The stedtinates

the largest increases in floeaposure and damaged! occur in Asia, the US, and
Europe;some countries in Africa anBastern Europavill experience decreases
while statistically insignificant changesill occur in a numbeof countries globally.

The future flood risk projections outlined iilfieri et al. (2017) considered

exposure to be statin time, but there is a large body of worghowing the

implications of demographic and so@oonomicchange on future flood risk.

By combining models of soci@conomic growth and climate change,
Winsemius et al. (2016)vere able to diffeentiate the impacts of demographic
change and climate change on future flood risk. Thegurid that without
interventions, global damagas a result of both soeeconomic and climate change
may increase by up to a factor of 50 by 2100 southeast Asia, where future
flooding studies are unanimousn climate changgs | mpact on incr
frequency(Hirabayashi et al., 2008jirabayashi et al., 2013, Dankers et al., 2014,
Arnell and Gosling, 2016, Alfieri et al., 2017, Hirabayashi et al., 20&)y bund
that socieeconomic change will have a larger impact (by several orders of
magnitude)on future flood risk(Winsemius et al., 2016)Similarly, Kam et al.
(2021)found thatthe risk offuture global flood displacement wasther increased
when socieeconomic change wansidered alongsédclimate changeA number
of studies have showthat population growth is expected to occur in areas of flood
risk. When exploring historical and future trendseixposureto floods, Jongman et
al. (2012b)found thatthe global gross domestic produdEDP) exposedo flooding
in 2050 would be roughly triple thadf 201Q They also found thapopulation
growth in flood zoes was larger than total population growdimilardy, in nearly
half (57) of the 119 countriesxaminedby Tellman et al. (2021flood exposurdoy
2030 was projected to increase at a greater tlad® population growthThis is a
trend seen at the national level tdding et al. (2018joundthat populatiorgrowth
in the USwould result in large increases exposure by 210@nd, interestingly,
exposurancreases were greaterlow returnperiod (higher frequency) flood zones

thanhigh return period (low frequency) flood zones

| t 6 s it to@ddress dheincertainty associated withstemating future
flooding and its impactsThese estimates are based on models and projeati@ens,

with epistemic uncertaintiedlthough each iterationf the IPCC report brings with
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it a narrowing of the urertainty boundsglikely temperature range@asreduced from
1.54.5°C in IPCC5to 2.54°C in IPCCH (Arias et al., 2021)rainfall is still
coarsely represented in the modéidditionally, the fluvial response to rainfals
covered in e previous sections not straightforward Sharma et al., 2018nd this
is reflectedin the differencesbetweenthe results oktudies of futureiver flooding
(Hirabayashi et al., 2021, Arnell and Gosling, 2016, Alfieri et al., 20%imilarly,
future populatiorestimatesare inherently unceamin as they are reliant on accurate
data and projectionsof fertility, mortality, and international migratiogDESA,
2019) As the models and sciencentinue tamprove,onewould expecto observe
a convergence irstimates of future flooding and its impadiegardlessit is well
establishedhat flood risk will increasen the future for more of the world than it

wonot

1.2 Modelling Floods

Our knowledge of floodindhas developed significantly over the ldstif-
century due in no small part to th@ntinueddevelopmentf simulation techniques
and datasetthat allow us to model flooding in greater detail higherspeed, and

over alargerspatial domain.
1.2.1 Model Structure

Flooding can be modelled to varying degrees of compleiitodels can
represent inundation in eithene, two, or three dimension¥hree dimensional
flood modelsare typically limitedto smaller scales and represgstienomena
unimportant to floodplain flow dynamic§leng et al., 2017pand are therefore
beyond the scope of this thesBoth ore and two dimensional met$ solvesome
formulation of the shallow water equations (also known as the -Bamdnt
equations) In onedimensional modelsflow is assumedinidirectionalalong the
river channelbnd theonedimensionakhallowwater equations are solved@bss
sectons perpendicular to the river chagin (Brunner, 1995, Md Ali et al., @L5)
Thesemodelsare typically computationally efficientand can be rurover large
spatial scalesTwo-dimensional flood modelsolve thetwo-dimensional shallow
water equationacrosgwo-dimensional space represented either by a grid or a mesh
(Neelz and Pender, 2009)hesemodels are more computationally complex than

onedimensional models and have runtimes several orders of magnitude (bimger
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et al., 2006) Both onedimensional and twdimensionalmodel types can be
coupled intolD/2D models tocapitalize on their respective advantagesthese
coupled modelswhich aremore computationally efficient than twbmensional
models, channel flow is represented in edenension and floodplain flow is
represented in twdimensions(Bates et al., 2005, Vozinaki et al., 201Using a
coupled approaclalso allows for explicit represatation of channels below the

resolution of the twalimensional griqNeal et al., 2012a)

In orderto improve runtime®r increase the spatial domain of the analysis,
simplifications are often made to the shallow water equafidnster et al., 2007)
Ordered in increasing levels of complexitize kkinematic simplificationconsiders
only the friction and gravity termsf the shdbw water equations; thdiffusive
simplification considerghe pressure, friction, and gravity terr{iRonce et al., 1978)
and the inertial simplificatiooonsiders the local acceleration, pressure, friction, and
gravity termgBates et al., 2010The choice okhallowwatersimplification isoften
made considering the context of the modelling staalyl whether thechosen
simplification scheme wouldlead to an erroneous outpufhe kinematic
simplificationis useful for modding slow rising flood waves, whemgave velocity
is determinedby friction and gravity(Ponce et al., 1978, Neal et al., 201ZE)e
diffusive simplification is necessary to simulate backwater effeats! produces
better results in areas of low reliedmpared with the kinematic approa@dhigg et
al.,, 2009, Neal teal., 2012a, Bates et al., 2013)o representmomentum
conservation,he inertial simplificatioris neededandit has been shown to be more
computationally efficient than the diffusive simplificatii®ates et al., 2010, Neal et
al., 2012b) The implementation of théull shallow water equationis necessary to
model supecritical flows such asn mountainous rivers or durirdambreaksNeal
et al., 2012b, Neelz and Pender, 2013, de Almeida and Bates, 2013)

Modelling approaches h at donot consider t he
colloquially referred to as zerdimensional modelgPender, 2006)are often
applied in datasparse regionsand as initial scoping studies due to theéaw
computational deman(Di Baldassarre et al., 2020Jhey can be either volume
spreading model¢Lhomme et al., 2008pr geomorphic (terrain based models
(Nobre et al.,, 2016, Samela et al., 2017b, Nardi et all920These zero

dimensionalmodelsproduce credible resulia well-defined floodplains however
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care should be taken when enpreting results across complex topographies and

where the representation of momentum conservaionportant(Teng et al., 2017)
1.2.2 Modelling across spatial scales

Flood models are developed for, and appliedlifferent scalesThe scale of
applicationnormally determines the inputapproach,and intended usef a model.
Below, modelpplication has been split intive different scales, ranging from local
to global. These are not definitivelassifications and there will be considerable

overlapof mocel inputs, approaches, and usesoss scales
1.2.2.1Local scale

Local scale models are typically confinedasmall river reach.They are
custom buil by technical experfsiormally toaid thedesignof flood defences or to
carry out detailed flood risk assessmentslémal development and infrastructure
(SEPA, 2017) These models requidetaileddata as inpytas outlined irMason et
al. (2010) The elevation data used tigpically the best availablenprmally Light
DetectingAnd Ranging (LiDAR)data). The bathymetry of the chann@ollected
throughsurveyedchannel cross sectishandhydraulidy relevant structures (flood
defences, bridgegulverts, etd. are explicitly represented.ocal scale models are
run using thefull formulation of the shallowwvater equationswith boundary
conditioninformation(discharge and stagkatg from local gauging station§&auge
data is also used for model calibratiaf the friction parameters) and validation.
Where observational data is available, it too is used for model valiq&otmumann
et al., 2009)

1.2.2.2Catchmentscale

Catchmat scale models share a number of similarities with local scale
models, over a slightly larger spatial domdhre river catchmeniThey are typically
usedfor options appraisand planningrather tharto inform designSEPA, 2017)

The models are often fully hydrodynamaolving the full shabbw-water equations)
and incorporate surveyed river cross sectioftse representation ofydradicly
relevant structures is less explicit thamcal scale models and often some
hydrological assumptions are mag¢ankin et al., 2016)Catchment scale models

are run for a number of different plausible scenatesg regionally available
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rainfall data ad hydrological models to simulate the catchment respfidaakin et
al., 2017)

1.2.2.3National scale

National scale flood maps are used to raise awareness of flosdipgprt
flood risk management, and ioform insurancgde Moel et al., 2009)There are
two distinctive approaches teational scaleléod modelling. The first, involves
combiningindividual catchment scalflood maps intom &6 agg!| oatienalat e d 6
flood map. This approach has been used in the yKthe Environment Agency
(EA), fortheir6 f | ood ma p (BnwonnmeptlAgency, 20i&r@in the US
by the Federal Emergency Managemédency (FEMA), for the maps that
underpin their National Flood Insurance Progr@NFIP) (Federal Emergency
Planning Agency, 2019 he othernational approacimvolves modellingflooding
for the country in itentirety. This approach benefits froenmnsistent methodology
and overcomes the pitfallof data gapsand outdated mapsghat plaguethe
agdomerated approackHorn and Brown, 2017, Wing et al., 2017Mo model
flooding for an entire countryhowever,certain sacrificeshave to be madavith
regards to detail ankdydrod/namic representatiofde Moel et al., 2015)The river
channel is assumed to be rectangular, flood defences are only sometimes represented
(either explicitly or implicitly), and a simplifiedzersion of the shallow water
eqguations is used to simulate flooding in order to make the model computationally
viable. National level flood models have been developedhe UK (Hall et al.,
2003, Hall et al., 2005, Bradbrook et al., 2085 inthe US(Wing etal., 2017,
Bates et al., 2021)

1.2.2.4Transboundary and continental scale

Often large river basins that span multiple countries rapelelledin their
entirety. Examples of this include the RhitlECPR, 2019) the Elbe(IKSE, 2016)
and the Danub@CPDR, 2015) Efforts have also been made to model flooding at
the continental scategpredaminantly inregions where the necessary data is available
such afurope(Dankers and Feyen, 2009, Alfieri et al., 2014 US(Wing et al.,
2017,Bates et al., 2021and AustraligSchumann et al., 2016Ylodels at this cale
have to make further simplifications to their frameworks to allow for data and

computational limitations. The models are often coarser in resolution and make
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simplifications to thehydrodynamic simulations even sedar as being zero
dimensional (seeugeri et al. (2010jor Europe andlafarzadegan et al. (201&)d
Samela et al. (2017&)r the US). These continental scale modelstysesally used

to assess both present daydduture risks(Feyen et al., 2012, Rojas et al., 2013,
Alfieri et al., 2015, Alfieri et al., @18b, Wing et al., 2018nd to evaluate potential
adaptation measurédongmaret al., 2014, Johnson et al., 2020pntinental scale
modelsare also used extensively by the insurance industry, however their modelling
approaches and outputs are proprie(dBA, 2019, JBA, 2021)

1.2.2.5Global scale

The proliferation of the necessary datasets for flood modelling at the global
scale(Farr et al., 2007, Lehner et,a2008, Scussolini et al., 2016, Yamazaki et al.,
2017, Yamazaki et al., 2018@nd the formulation of efficient hydrodynamic codes
(Bates and De Roo, 2000, Bates et al., 2010, Dottori and Todini, 2011, Yamazaki et
al., 2013)has led to the development of a number of different global flood models
(GFMs) over the last decaderamazaki et al., 2011, Pappenberger et al., 2012,
Winsemius et al., 2013, Ward et al., 2013, Rudari et al., 2015, Sampson et al., 2015,
Dottori et al., 2016)In their seminal papeGampson et al. (201%entified six key
challenges that must be addred to model flooding globally: accurate global terrain
datg extreme flow generatiorgccurateglobal hydrographydatg representation of
flood defences, computationally efficient hydrodynamics, and an automated
framework. These were challenges faced Wygeoups developing global flood
models andthe different solutions tthe challengs proposed byachmodel group

led to the development of a number of very diffel@giMs (Bates et al., 2018)

The global scale of the models, their widaging applicability, and their
potential to fill datagaps in previously unmodelled regions has seenGhMs
implemented across a number of different sectors and use tasemodels have
been used tsimulae theimpactsof climate changen flooding(Alfieri et al., 2017,

Dottori et al., 2018, Winsemius et al., 2016, Hirabayashi et al., 2@Pdyaluaé the
effectiveness of flooghrotection investment@Vard et al., 2017)to assess business
risks(Ward et al., 2020bYo inform (re)insuranc@Ning et al., 2020h)andto aid in

disaster responsg&merton et al., 2020Despite their faranging use, thenodels

still have their limitswh i ch of t en ar e nuder(Wardeetal. 205 d by

To appropriately use these models, prospective users need some understanding of

t

he
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their formulation and limitations. At present, this would require users to disseminate
and compare a number of different model description papers. There is a need for a
comprelensive, combined,literature review of all GFMs covering their
development, structure, use casag]limitations. Such a literature review could be

the reference point for prospective users of the diffe@itls and help to inform

them of the most apprapte model to use and the extent to which the outputs of the
model can be relied upon.

1.3 Global Flood Model Intercomparison

To better understand the strengths, weaknesses, similarities, and
dissimilarities of theGFMs intercomparison is needed. Model ntmparison
projects have been central to the climate modelling community for years, with the
semidecadal CMIP organized by the IPCC and various other IPCC endorsed model
intercomp@risonprojects(Meehl et al., 2005)The Global Flood Partnership (GFP),

a voluntary organizationthat brings togetheracademics, research instegt
companies, and practitioners in the field of global flood riskgazed the need for
a similar, GFM intercomparison proje@@e Groeve et al., 2015, Alfieri et al.,
2018a)

1.3.1 Comparing model outputs

In the first global flood model intercomparison project (GFMIR)gg et al.
(2016)compared the output of six different GFlsrosshe African continentThe
study found significant differences between the models; continental agreement
between the modelled flood extents ranged betweet030 In a subsequent study,
Aerts et al. (202Q)compared the output of the same six GFMs, along tmth
addiional proprietary insurance models in Chirend found similar levels of
disagreement agrigg et al. (2016)found in Africa. Both studiesposit GFM
characteristics and elements in the modelling chain that contribute towards
disagreement. These include extreme flow generation, hydrodynamic representation,
output resolutionand river network representation. The stsdere limited in the
definitive conclusions they could make as the models were being evaluated on the
intercomparison of their outputs alone. Bdthgg et al. (2016)and Aerts et al.

(2020) called for future work to includehe comparison of elements of the internal
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model chaid to evaluate the quality of individual model compongatsd for the
incomoration of validation into intercomparison studieso that the comparative

performance of GFMsouldbe assessed.
1.3.2 Comparative model validation

Model validation is an important part of model development. A key issue
facing GFM developers is a lack of global validation data. This means that GFMs
have had limited validation; and where the models have been validated has been
largely regulated by datavailability. To compound this, each GFM developer has
validated their model in different ways, in different locations, and using different
data: making it impossible to compare model performaHoeh and Trigg (2019)
provided a detdied summary of the different approaches, datasets, and locations
used by the GFMs for validation. GFM validation can be split into three distinct
approaches. The firstpproachis the validation of flood extent§&SFM outputsare
compared either to sateditlerived footprintof historic flood event§Yamazaki et
al.,, 2011, Winsemius et al., 2013, Rudari et al., 2015, Dottori et al., 2016, aing
al., 2021, Yamazaki et al., 201@) to existing modelled flood magBappenberger
et d.,, 2012, Sampson et al., 2015, Wing et al., 200f)e second validation
approach is the comparison of modelled extreme flows with observed discharge
(Yamazaki et al., 2011, Dottori et al., 20Bdari et al., 2015)The thirdapproach
is the comparison of modelled and observed water surface ele{dtomazaki et
al., 2012, Yamazaki et al., 2014, Wing et al., 2021)

There is little geographical overlap between the GFM validation locations.

Only Sampson et al. (2015nd Dottori et al. (2016)explicitty compare the
performance otheir GFMs with oneanotherin the Severn and Thames basin
England. In the remaining regions of overlgiferences ineither the validation
dataor metricsrender theresults incomparable. For example, bd¢insemius et al.
(2013) and Dottori et al. (2016)use observational data from the Dartmouth Flood
Observatory (DFO}Brakenridge and Anderson, 20a6)validate their modelsver
much of soutkeast Asia. Howevenyhile Dottori et al. (2016)use fit metrics to
evaluate the performance of their modtive to the observed extenWinsemius

et al. (2013)only perform a visualalidation. The lack of consistentomparable
validationresultswith which to compare all the GFMzesents a significant gap in

our understanding dhe modelsin order for the GFMs to be usedosteffectively,
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a modelneed to be chosen byrospective userwith an understaniohg of their

comparative performanaelative to the other available modelkhis can only be
achieved through comparative validatidrhe resuk of a comparative validation
would also benefit model developdrg identifying wheretheir chosen modelling

approaches do (and do not) work well.
1.3.3 Comparing model structure

There are limits to the conclusions that can be draim studies which
only compare GFM outputgTrigg et al., 2016, Aerts et al., 2020BFMs are
modelling chainseach link in themodelling chain introducasncertainty which can
only be quantified byexaminingthe internal elements of the modeloch and
Trigg (2019)proposd a framework for GFMvalidation and intercomparison that
employs standardized model inputs and test conditiomkich would allowfor a
more direct comp&on of model designThe framework is promisindyut requires
buy-in and cooperation across the different modelling growps;h has so far been

lacking.

A number of studies have begunindependentlyook atthe different stages
of the globaimodelling dainto try and quantify thenfluenceof different modelling
inputs and approaches ancertainty.The focus of several recent studies has been
on the uncertaintpf extreme flow generation in GFMghou et al., 2020, Mester et
al., 2021, Devitt et al., 2021)n Zhou et al. (202Q)the authorgxplorethe effect of
different variables, fitting distributions, and hydrological modets extreme flow
uncertaintyand find that the choice of hydrological modgethe biggest contributor
to uncertaintyln a subsequent related studjester et al. (20213lso explord the
use of different hydrological mods| but nclude multiple climate forcingsand
foundthat both inputswere equally importanto model performanceDevitt et al.
(2021) took this one step further by compariige extreme flows generated by
hydrological modelsand those generatedsing aregionalized flood frequency
approach a key difference between the GFMentified inTrigg et al. (2016)No
single approach was found to be the best glol§jBlbvitt et al., 2021)Extreme flow
generation harbours significant uncertainty in the GFModelling chain but
accurate terrain datas the greatest limit oncontinued GFM development
(Schumann, 2014Currently all GFMs use terrain data derivfeain the20-year old
Shuttle Radar and Topography Mission (SRT{®arr et al., 2007)The impact of
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using different terrain dataseten model accuracy was explorég Archer et al.
(2018)who comparedhydrodynamic simulations usirtgyo digital elevation models
(DEMSs) used extensivelyy the GFMs (Farr et al., 2007, Yamazaki et al., 20hAg
a new generationof DEM (Rizzoli et al., 2017)Differences inmodelperformane
were substantial for the two comngrused DEMs while the new DEM needed
significant preprocessing to produacurate resultdimiting its potential uptake at
the global scaléArcher et al., 2018)The impact of patial resolutionon global
flood model performancehasalso beenassessedleischmann et al. (2019pund
the resolution of the input DEM to be importamtmodel performance, whilateo
et al. (2017)found model performance improved with finer spatial resolutir

only if the model was sufficient in its physical representation of flow connectivity.

A key GFM assumption, which has -&8r gone unassessed, isnodel
boundary delintation Each GFM has a different pdefinedriver sizethreshold
(normally expressed as upstream drainage area or Strahler stream betder)
whicht hey won ot ngmhbhese threshdide aoften determinedby the
spatialresolution andaccuracy of the model inpu{®ottori et al., 2016)put they
vary significantly (by several orders of magnitude) across the GBMb.Trigg et
al. (2016)and Aerts et al. (2020note the impact that theshfferent river size
thresholdamay have had othe GFM flood exents, butareunable to quantify their
influence on model disagreementFurther work should explore thenpact of
boundary delimitationon GFM outputs, following aceteris paribusapproach
employed by a number ttie studies referenced in this sectidime results of such a
study would have implications beyomgrthering modeintercomparisorwork and
helpinform GFM enduserson the appropriatselection of theimodel

1.4 Global Flood Risk

Risk is definedin the Sendai lamework for Disaster RisReductionasthe
product of hazard, exposure, and vulnerabi(yNISDR, 2015) In a flooding
context, hazardefers tothe modelled (or observed) flooW), exposureis the
gquantification of who (or what) is expedto the hazard, and vulnerability the
susceptibility ofthe exposure texperiencdoss.Flood risk assessments are vital for
understanding the impacts of floodiagdfor implementing disaster risk reduction

measure§Ward et al., 2020a)The preceding sections hadetailed theglobal
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datasets available for flood hazarlGFMs) a number ofglobal datasets and
approaches havealso been developed and applied to assess exposure and

vulnerability.
1.4.1 Exposure

Flood exposure can refer to any number of things affebteé hazard.
Infrastructure, assetbuildings, andpeople can all be exposed to floodfie most
common quantification of exposure is the number of people exp®at@d on
human populations is plentifdnd has been collected for millenni&ecords of
censusef Chinadate back t®,000 BC duringhe Xia dynastyfDurand, 1960)In
the lastthree decadeghe value of gdded population data has been realized and
efforts have been made transformpopulationdatacollected at theensus tract ta
regularly spacedrid (Clarke and Rhind, 1992, Tobler et al., 1997, Liverman et al.,
1998) Gridded population datasetspresent a significamtevelopmentn the study
of flood exposute, harmonizingdata typesflood model outputs are griddedhd
allowing for easy integration and analysis in gesphical information systems
(GIS).

Several different global population datasets have been devetmeedhe
last three decadesrying in complexity, approach, anéhtended usélLeyk et al.,
2019) In their simplest form, gridded population datasetsply distributecensus
population totals evenly acrosgyaddedareaequivalent to theize and dimensions
of thecensus tracfDoxseyWhitfield et al., 2015)A number of population datasets
use ancillary datasets as proxies of human presence tohwefge distribution of
census population totals acragsdded spaceCommon ancillary datasets include
satellite imagery of human settlemenénd cover dataoads, topography, climate,
protected areas, and water bodjesyk et al., 2019) Thedegree of complexityo
which these ancillary datasets are used to weight population distribution varies
significantly. Satellie imagery of human settlemerte frequently used in ikdion
tobinariiycl assi fy gridded cel | swhdhscensupdaaul at e
thendistributed evenly across populated céBsilk et al., 2006, Freire et al., 2016,
Tiecke, 2017) More complex approachesse multiple ancillary datasetsnd
statistical techniques to dynamically weight the distribution of population across the
grid (Klein Goldewijk et al., 2010, Stevens et al., 20IH)e different approaches

and ancillary datasets emplayby the different global population datasets result in
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global population maps with substantial differencesThese datasets are
approximations ofthe global human population distributiodhere is no single

Obest & appr omakeshassamptibnthat doathhbenefit andhinder the

accuracy othefinal population product in different ways. #seful example of this

is the difference between constrained and unconstrained population dditesetet

al., 2018, Stevens et al., 2020hesetwo approaches address a major quandary in

global population mapping the accurateaepresentation of rural populatiods in

very different ways.Constrained population datasetsstribute census data only

across satellite identified settlements (hepopulation distributions6 const r ai ned 6
by the settlements)while unconstrainegopulaton datasetwill distribute some

census data acr o3 unganstrained apfroadperate® undear e a s .

the assumption that not all settlemecds be identifiedn the satellite imagergnd
cedesthainaccount i ng f or t hheosme undgopulatedscelld wilk et t 1 e ment
be misallocaed as populatedWorldPop, n.d.) Conversely, the constrained

approach assumdbe accuracy ofsatellite identifiedrural settlementsat risk of
underrepresentingiral populationsin the end,tiis up to the userof these datasets

to decidewhich approaches and assptions bestlign with their intended use

(Leyk et al., 2019)

The use of these global population datasets is widespresaadies of global
flood exposure However, in many studiesnly one global population dataset is
used,with little to no consideration dfow the chosepopulationdataset contributes
towards theuncertainty of the estimated flood expos@dengman et gl 2012b,
Ward et al., 2013, Arnell and Gosling, 2016, Trigg et al., 2016, Willner et al., 2018,
Eilander et al., 2020, Gu et al., 202Rgcenly, somestudies have begun to address
population data as a source of uncertainty in global flood exposure estimates.
Dottori et al. (2018)dedicate a section of their Supplementary Material to the
discussion ofvarious sources of uncert&yn in their modelling framework,
population data being one of thefihis uncertainty was specifically quantified by
Smith et al. (2019)who comparecdational flood exposure estimatesalculated
using three global population datasets 18 developing countriemand found
significant differencedetweenthe exposure estimate$he Smith et al. (2019)
study has promptedubsequenglobal flood exposure studies tationalze their
choice ofpopulation datgRentschler and Salhab, 2020, Dryden et al., 2@21)

evento use multiplepopulation datasets in their analyg¢igellman et al., 2021,
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Lindersson et al., 2021yWhat is currently still lacking from the literature is ady
which comparesexposure estimates at the global scalee existing studies
comparingglobal population datasets for flood exposure are geographicallietim
constrained byeither the availability of datagSmith et al., 2019, Tellman et al.,
2021) or the motive of the study(Lindersson et al., 2021furthermore, these
studies haveonly looked at a smalhumber of populations datasetsther two
(Tellman et al., 20219r three(Smith et al., 2019, Lindersson et al., 20219 fully
understand the implications of using different global population dat@msesdculate
flood exposure, the entire catalogue of populatitata hat has been used in

previous studies of global flood exposure needs to be compared.
1.4.2 Vulnerability

Vulnerability is a complex andmultifaceted concept both in how it is
defined andhow it is measuredBirkmann et al. (2006)jdentified 25 different
definitions of vulnerability. For the sake of brevitythe United NationsOffice for
Disaster Risk Reduction (UNDRRJefinition of vulnerabilityis used as it aligns
most closely with thesubjectof this thesis théi conditions determined by physical,
social, economic, ancnvironmental factors or processes wihimcrease the
susceptibility of an individual, a communjtassets, or system to the impacts of
h a z aNDRR, 2017)

Vulnerability changes with the scale of the analysfs. vulnerability
assessment at the local or regional scale will have diffeagns and require
different data than a vulnerability @sment at the national or global sqake Moel
et al., 2015)In their review of globaflood risk assessmentg/ard et al. (2020a)
found that while all studie®f global flood risk consideredflood hazard and
exposure, only some considered vulnerabiltylnerability at the global scaleas
been assessed through humansocial physica] and economiclens. Human
vulnerability to flooding has been assessed by kathgman et al. (2015nd
Tanoue et al. (2016Both studiesusel historicaldata onannualflood fatalitiesand
compaed these to modelled annual flood exposUige mortality ratio (fatalities
divided by modelled exposurgjas used as an indicator of human vulnerability to
flooding. Jongman et al. (201%pund decliningglobal river flood vulnerability from
19802010, whileTanoue et al. (2016pund less linear global trendser a longer

time period 19602013). Humansocial vulnerabilityis frequently assessed at
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smaller scales through a vulnerability ind&dhich isconstructed by considering a
number of different indicatoéseach contributing to a final measuref flood
vulnerability (Moreira et al., 2021)Vulnerability indices at the globacale have
been fairly limited.In developing a more general glolei$aster risk indexeduzzi
et al. (2009)evelop a flood vulnerability index based thinee indicators: recorded
fatalities, GDP, andoeople living in floodplainsA more detailed globaflood
vulnerability index, baséd on 48 indicators, wasleveloped byOkazawa et al.
(2011) The most commoapproachto measuring vulnerability at the global scale is
through direct physical damagesjsing what are known as ims&ty-damage
functions. These intensitglamagefunctionsrelate some aspect of flood intensity
(depth, velocity, durationjo a degree of damageausedto the object at risk.
Intensitydamage functions can be derived émoplly (using historical flood
damage data or expert judgement) or analyticéigsed onengineering design
criteria) (van Westen, 2014Yhese functiongre typically developed at the national
level (e.g. the MultiColouredManual in the UK(PenningRowsell et al., 20133and
HAZUS-MH in the US (Scawthorn et al., 200%6)making it difficult to assess
damages at larger scales. This issue was addresdddifigga et al. (2017yvho
collecied and normalizd intensitydamage functions frontountries acrossix
different continents t@roduce a comprehensive and consistgobal database of
depthdamagefunctions. Current global studiewhich assess vulnerability through
direct physicalamages do so using either thgizinga et al. (2017ylobal database
of depthidamage functiongAlfieri et al., 2017, Dottori et al., 2018, Ward et al.,
2020b)or by applying natinaly derived intensitydamage functiomglobally (Ward

et al., 2013, Winsemius et al., 2016, Ward et al., 206 7w global studies have
also begun to addressilinerability from an economic perspectiwesing economic
models to assess both the direct and indirect economic loss@ger flooding
(Dottori et al., 2018, Willner et al., 2018)

While studies have begun mompare global approaches to model flood
hazard and exposure (as outlined in the previous sectionshe sofar have
compared global approaches to measuring vulnerab#itydies omparng and
evaluatng national scale approaches for calculating direct physical danteges
been fairly extensiveSgnificant differencehavebeennoted bothin the different
methodologiesapplied(Meyer and Messner, 2005, Merz et al., 2010b, Jongman et

al., 2012a)andin the damagenodel outputs; owing to uncertaintiesdinding the
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spatial allocatn of assets, the pricing of assets, andcthestruction of intensity
damage functiongde Moel and Aerts, 2011, Jongman et al., 2012a, Wing et al.,
2020a) Global approaches to calculate vulnerabilieserve the samkevel of
scrutiny, asthe same uncertainties identified in national sciEmage modslare
often inflated at the global scajedue tocoarserdata,wider-ranging assumptions,

andlessdetailed validation.

1.6 Global Data UsedNationally

Global flood risk datehas the ptential tobe useful at national scale®
inform flood risk management decisiorihese decisions, which vahistorically
been ralnt onthe availability ofnational datdde Moel et al., 2009are nowbeing
made i-mo @rd@ t @farnmet byglobad datasets of flood rigkvard et al.,
2015) It has also been shown thhetglobalflood modelling frameworkgan ingest
detailedlocal data (where availabl&) producelood maps which are comparable to
existingnational level mapéwing et al., 2017, Bates et al., 202A)question often
posedwhen working across different scales is: what level of detail is necessary?
Apel et al. (2009}ried to answerthis for a flood evenbn theriver Mulde in the
town of Eilenberg,Germany;a scale which would be commensurébe just below)
the level requiredo assess nationibod risk. In comparinghree hydraulic models
and three vulnerabilitynethodsof increasing comlexity to referenceflood maps
and damage data\pel et al. (2009)ound that both the@moderaté complexity
hydraulicmodelandvulnerability approach produdehe best resultd his moderate
complexity hydraulic modelfollows a similar approach and makes the same
assumptions as many of the glblllmod models(Bates and De Roo, 200@)
demonstratingtheir potential applicability at these scaleé global hydrological
model,similar to thosevhich force many of the GFMavas shown bysusyev et al.
(2016) to producecomparableresultsto a localscale hydrological model in the
Rhine river basin.In a similar crossscale comparisorfleischmann et al. (2019)
compare local, regional, and global approaches to modelling flood hazatiein
Itajai-Acu basin in Braziland bund that many global model components (reach
length, cross sections, DEM resolutipfimit their local relevanceThese studies
have demonstratedboth the potential angbossible limits of global data used

nationally.However, the studies have glpically looked atone modelling pproach
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(at differing degrees of complexjtyPreviousntercomparison work has shown that
the GFMsuse very different approachés each poterlly relevantin different
contexts(Trigg et al., 2016, Aerts et al.,, 2020)o properlyassess the national
credibility of global flood modelsall existing modelling approacheshould be
compared Furthermore, this comparison should involveglobal datasets
encompassing all components of flood risk (hazard, exposure, and vulnerability)

something that has dar been lackingn thesecrossscale comparisons.

Further toevaluatinghow these global datasets actually perform & th
national level isunderstanding how they can, and should, be usachational flood
risk management contexdepending on the country in questiorationalflood risk
managementiffers in itsapproachimplementation, andbjectives (Morrison et al.,
2018) Where, howand ifdata is used to inform decision makiwwgl depend on the
national flood risk management structamed determine thalegree to which global
datacouldbe used teompkment the proces3.here has beenshift in approacho
flood risk management froomaassumption of stationaritg a realization that future
changes in climate andemographicsieed to be accounted f(lilly et al., 2008,
Merz et al., 2010a, Biesbroek et al., 2010, Jonkman and Dawson, 2012, Browder et
al., 2021) It would presuppose thathese global datasets, which have beesdus
extensively in academic studies of futdlteod risk, could benefit non-stationary
nationalflood risk management. Howevepestions still remain abotlte accuracy
of global data at tree scale® and whether this dataas the potential tbe misused
(Venot et al., 2021)To properlyevaluate global flood risk data for use nationally
crossdisciplinary approach needs to be takémeir applicahlity at these scales is
equallydependent otthe accuracy of the globalataas it is onthe nationalcontext

in which they would be used.

1.7 ThesisAims and Objectives

The aim of this thesis iso further the evaluatiorof global flood risk
datasetsDespite their widespread ugéere has been limiteidtercomparisorand
evaluationof these dataseteamperingheir effectiveandinformedimplementation
by endusers.In developingand building upon ma intercomparisorframework of
global flood risk data, this thesiwill address gaps in our current understandihg

global flood risk informing users about the applicabilitgf global dataand
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identifying future directionsfor global dataset developmento achieve this aim,

four main objectives have been identified:

1 Reviewand summarizéhe existingglobal flood modeliteratureincluding
their history, developmentethodologies, usend futuredirections.

1 Develop and tdsa framework for global flood model validation
intercomparison.

1 Develop a methodologipr exploring the differences in global flood model
river network sizeandapply this methodologyto quantify the impactshat
both river network size and choiceglbbal population dathaveon global
and national flood exposure estimates.

1 Develop and apply ra intercomparison framework for assessing the
suitability ofglobal flood risk data (hazard, exposure, and vulnerabiidy)
use at the national scalevhile also consideringthe national flood risk
management conteit each country

1.8 Thesis Structure

The remainder of this thesis will be structured as followsChapter 2, a
literature review of global flood models will be presented. Titésature review will
cover the history and development of the modetifferent model structures and
approaches, their widanging applicationexisting model intercomparison woyk
and future research directions. Thisview will be the first to consolidatéhe
literature on all existing global flood models. I€hapter 3, six different global
flood models will be validated against satellite observed flood evientbree
hydraulically diverse regions in Nigeria and Mozambidtigs work will introduce
a frameworkfor global flood model validation intercomparisoproduéng and
publishing open validation datafor future use. InChapter 4, the issue of river
network size in global flood models will be addressed. A modipendent
geomorphological flood map will be developadd used to calculate global and
national flood exposurasing three different global population datasets. Thiskwor
will quantify the impact ofboth thechoice of global flood model (in terms over
network size) and the choice of global population dataset on flood exposure

estimatesin Chapter 5, the use of globatlata for national flood risk management
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in Colomba, England, Ethiopia, India, and Malaysia will &esessedn total, 16
different global datsetsencompassing hazard, exposure, and vulneralitybe
compared fouseat thenational scaleThis work will also reviewthe national flood

risk managemedmpproaches in each country aasbsesshe suitability of the global
datasetsised nationallyvithin this contextln Chapter 6, the work in the preceding
four chapters will be discussed within the context of the wider global flood risk
literature the key findings will be identifiedand opportunities for further research

will be discussed.
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Global Flood Models

2.1 Abstract

Flooding is the most damaging natural hazard, both economically and by
population affected. Flood models are important tools for evaluating the risks
associated with flooding. Historically, the modelling domain has been limited in
scale; however, advancements in computing power and global datasets have led to
the developmenbf global flood models (GFMs). This global modelling capability
has benefited scientific studies of exposure and climate change impact, the insurance
industry, and intergovernmental disaster risk reduction efforts. Global flood
modelling has now progressedyond its infancy to a point where coordinated and
targeted model development can take place based on collective studies. This chapter
provides a detailed summary of the current global flood modelling ctatiairs. It
begins with a summary of the tosy and challenges of GFM development. This is
followed by a review of current GFMs and their structures, applications, and
credibility. A section is also dedicated to describing global flood modelling in the
context of the insurance catastrophe modeipgortant GFM category that is less
visible due to their proprietary nature. The chapter concludes by looking to the
future and highlighting how GFMs need to improve and the new datasets and

methods that could contribute to their continued development.

2.2 Introduction

Global flood model (GFM) initiatives have developed rapidly over the past
decade and have matured from research experiments into usable tools that are
reshaping our understanding of global flood rfg%ard et al., 2015)This chapter
explores how GFMs have become a recent reality and why they are important. It
will also look at the different types of GFM, the differences between a GFM and
more traditional flood modelling and look at some examplé®w GFMs are being

used, including the crossr/ers with insurance catastrophe models. It will finish with
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a look at current GFM credibility and where GFMs might develop in the future. The
focus in this chapter will be mainly on models used to derivelflazard globally,
rather than those used for flood forecasting; which is a related use and many of the
models discussed are used for both purposes.

While flooding is often experienced firsand as a local impact and has
traditionally been tackled at thelevant local catchment or reach scale, there is a
growing understanding that many flood events are connected to, or driven by, short
and long term global weather systeff@an et al.,, 2015, Hagos et al., 2018)
addition, due to our increasingly interconnected global community, flood events in
all parts of the globera now having significant economic and social impacts in all
parts of the world(Trigg et al., 2013) Together with the extra challenge of
addressing the effects of climate change, which are felt globally, these drivers have
led to a need for assessments of flood risk at a global scale. This global need has
become evident on several fronts; scientific studies to simulate the impact effects of
general circulatiormodelling insurance catastrophmeodelling to understand risk
and exposurgBates et al., 2018)and intergovernmental efforts in disastekr
reduction (UNISDR, 2005, UNISDR, 2009, UNISDR, 2011, UNISDR, 2013,
UNISDR, 2015b) This collectve challenge has resulted in the formation of the
Global Flood Partnership (GERyhich brings together organizations involved in all
these fronts. The overall objective of tl&FP is the development of flood
observational and modelling infrastructure, deaging on existing initiatives for
better predicting and managing flood disaster impacts and flood risk gl¢bBaly
Groeve et al., 2015)

2.2.1 The Challenges and History of GFM Development

Despite the growing need for a better understanding of global flood risk, it
was not immediately evident how this could be achieved and what a resulting GFM
would look like. Any GFM needs to be able pwovide realistic and reliable
estimates of flood hazard for a range of probabilities (return periods). For estimates
of risk exposure, at a bare minimum, flood extent is required, and ideally flood
depth is also needed to estimate risk from vulnerabiliyese outputs need to be at
a sufficient resolution to be commensurate with global exposure databetls are

also an active research field.
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Traditional flood risk modelling has filled these needs at a local .scale
However, these require significarhaunts of high resolution data and computation
resources, as well as technical expertise to build and run the models ZTBble
Scaling this approach up to a global level seemed almost an impossible challenge
and therefore a different approach was reglirThus, multiple parallel initiatives
emerged from different sectors, leading to a rich diversity of GFMs approaches,
which we detail in the next section. However, despite the initial variety, there were
several common primary challenges to surmountfiodevelopergSampson et al.,
2015)and there is therefore a common development timeline as data and methods

became available (Figu&l).

The challenges fawg developers fall into the following five categories:
terrain data, channel location and size, river discharge, computational efficiency, and
automation. The first challenge facing developers was the availability of global data
with which to build the mdels. Flood models require information about the
topography of the terrain that controls flooding. It was not until the advent and
adoption of Shuttle Radar Topography Mission (SRTM) digital elevation data
(hereafter DEM), that data of sufficient resolatiand quality was available with a
near global coverage. The second challenge, correctly identifying channel location
and size, is inherently linked to the first; as the channel is derived from the DEM.
The HydroSHEDS hydrography dataset, developed using $RTM DEM, is
essential to modelling flooding globally. The third challenge was to derive extreme
flood flows at multiple locations for every river on earth, with limitediggd data.
There are two distinct approaches to solving river discharge in GFMs,
regionalization growth curve methods using data from the Global Runoff Data
Center (GRDC) databag&mith et al., 2015and land surface modelling of flows
from global drculation models (GCMs). The latter approach, which enables the
models to produce nowcasts, forecasts, and futueeligtions also introduces
additional uncertainties into the modelling framework. Precipitation, a major source
of uncertainty in GCMs, often dominates the uncertainty of flood simulations in
GCM-driven models(Chen et al., 2014)The fourth challenge was to be able to
computatimally model the hydraulics of the flood flows in the rivers and on the
floodplains with sufficient speed to undertake this for all rivers, for multiple

probability scenarios. This was achieved through simplification of the hydraulics
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Table 2.1 Charactastics of Global Flood Models Relative to Traditional Local
Flood Models
Characteristic | Global flood model Local flood model
Digital Coverage is key, needs to be globi Best available, typically
elevation model| Potentially can be composite from | threedimensional laser
(DEM) different sources budifficulties in scanning (LiDAR)
merging different data sources
seamlessly
Geographical | Global Typically tens of
coverage kilometres
Floodplain Limited equation base, sacrificing | Typically full shallow
hydraulics accuracy for geed, knowing that | water

errors due to neglecting, e.g.,
advection terms are small compare
to errors from lower quality DEM.
Also related to resolution, as largel
model cells make some terms less
significant (seHunter et al. (2007)

Channel Sometimes ignored completely; Full representation in two
hydraulics allowance for channel capacity mal dimensional or as en
by, e.g., removing bankfull dimensional submodel

discharge from flow estimate; or | from bespoke
simple representation in DEM or | topographical survey
submodel grid

Outputs Typically extent only, vertical error{ Extentdepthvelocity-
in DEM can prevent usefdepth duration
prediction
Hydrology Regional growtkcurve methods or | Led by hydrologist,
largescale landsurfacerunoff making best use of local
modelling data
Build and run | Fully automated Manual. Requiring
process experienced modellers
Hardware Supercomputer, cluster, and cloud| Desktop computer
Flood sources | Mostly only fluvial, some now Fluvial, coastal, surface

include coastal and surface water | water; sometimes dam
break, groundwater,
natural flood
management,rban
drainage systems

Resolution 1 km to ~ 90m for two-dimensional | ~5 m or less
models. 550 km and postprocess
downscaling for onelimensional

models
Catchment size| All large rivers. Smallest scale Down to ~1 km for
dependent on modale., 565000 fluvial, smaller
km? catchment size catchments in surface
water models
Dynamics Steady state or partially dynamic, | Fully dynamic

but increasingly fully dynamic
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and the development of rapid parallel computational algoritfBates et al., 2010)

and subgrid modelling approaches to solve mudtiale hydrodynamic process in
rivers and floodplaingYamazaki et al., 2011, Neal et al., 2012, Wu et al., 20ds})

well as with the help of edinuous computation speed improvements. The final, not
insignificant, challenge for developers was to put these data and methods into an
automatic functional framework that allowed specific hazard and forecasting outputs
to be generated as required and fiormat and resolution that was useable.

It should also be noted here that there have been parallel efforts to develop
regional flood model approaches that share similar scale challenges with GFMs but
may have access to better regional data. For exartipgeUnited Kingdom has
undertaken national risk assessments using simple none hydraulic methods, due to
computational cogiHall et al., 2003)bu later used twalimensional diffusive wave
hydraulic modelgBradbrook et al., 2004, Bradbrook et al., 2008) the United
States, the recent focus has been on the dynamic, unsteady river routing methods for
guastreattime, everdbased flood extemhapping(Adams, D16).

Once a GFM is functioning, there may be a number of other secondary
follow on challenges that require development, depending upon the use intended.
Many of these are active research areas in themselves and specific approaches are
outlined in themodel detail section. For example, most current GFMs do not include
infrastructure that may locally affect flood hazard, e.g. bridges, dams,d&fedces
and urban drainage networks. They often do not yet include other, maybe only
locally important, sorces of flood hazard other than fluvial (river source), such as

pluvial, coastal or groundwater.

The GFM community has succeeded in overcoming these primary challenges
and in developing a range of usable flood models. The rest of the chapter focuses on
describing the models and their uses in more detail, while also looking at their
testing and how developers are addressing the secondary challenges that will

ultimately improve their credibility and usability.
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Release of the first Inertial formulation of Sub-grid modelling Formation and first ever JRC model
continental scale the shallow water approach developed | meeting of the Global Flood | released.®
model, the European equations developed that allows river Partnership (GFP) in .
. Global flood protection
Flood Alert System that allow large scale channels below the | Reading, UK.
" ) X . ' database (FLOPROS)
(EFAS) model. flood scale simulations model resolution to Nature paper calling for 20
8 o released.
to be carried out at a be represented. more accurate digital
much lower elevation models (DEMs)
) SWOT
Release of the global, | CoMputational cost.® Ej!‘?’;?o“e‘ for flood modelling.t* First model mission.
SRTM based, ) DRIVE model released, intercomparison
hydrography dataset which forms the core study done in
HydroSHEDS.3 of the new Global Africa.2t NASA DEM.
Flood Monitoring g
2008 2010 2012 2014 System (GFMS). 3016 2018 Z
*I*I-i x Iqlxlh -v*i
=z 2009 2011 2013 2015 2017
P Regional flood - First validation
g8 Release oflhe CaMa- GLOFRIS model ; egiona (|)'0d Release of the high intercomparison
& Flood river routln§ released 1011 requenC\‘/ apr""eﬁ accuracy MER'; of GFMs in
(2006) SRTM DEM model. globally. DEM. Nigeria and
released.? Flooding in Thz}ilar!d 314 International CIMA-UNEP modil First large scale Mozambique 24
(2004) First CAT model causes $50 lbllllon in Workshop on Global released. validation of a GFM
for China & Vietnam.? damages. Trigger for | Flood Monitoring and Nature paper done for the Key
) ) development of Modelling. highlighting the conterminous
(2000) First grid-based global insurance CAT . 21 ® Dataset
30 flood model.! el Nature paper using usefulness and USA. '
I o - moaets. CaMa-Flood to predict | limitations of GFMS.17 Science
= future cllmater:LrT(og Eathom model . gllz(:?
] ’ released.'®

Figure 2.1 Timeline of global flood model (E8V) development highlighting key
data set releases, scientific meetiraggl publications, model releases and
testing, and flood events.

1, Bates and De Roo (20002, Hall (2014) 3, Rodriguez et al. (20064,
Thielen et al. (2008)5, Lehner et al. (2008)6, Bates et al. (2010)7,
Yamazaki et al. (20118, Neal et al. (2012)9, Pappenberger et al. (2012),
Winsemius et al. (201311, Ward et al. (2013)12, Hirabayashi et al. (2013)
13, Schumann et al. (2014}4, Wu ¢« al. (2014) 15, Smith et al. (2015)16,
Rudari et al. (201%)17, Ward et al. (2015)18, Sampson et al. (2015}9,
Dottori et al. (2016)20, Scussolini et al. (2016P1, Trigg et al. (2016)22,
Yamazaki et al. (201723,Wing et al. (2017)24,Bernhofen et al. (2018)

2.3 Types of GFM and SpecificExamples

The palpable benefit of being able to model flood hazard anywhere in the
world meant that as soon as the necessary inputs for a GFM became available, a
number of different groups began developing models simultaneously. Flood
modelling on such a large scale had never been undertaken before and brought with
it challenges that had not previously been encountered. Each model developer
approached these new clealtjes differently, resulting in a broad selection of GFMs

with varying model structures.

This section will begin by highlighting the key differences in model
configuration of six well known GFMs, for which there is extensive documentation.
These models include -Uokyo (previously called CaMHBIT), a research model
from the University of Tokyo(Yamazaki et al., 2011)Centro Internazionalén
Monitoraggio Ambientale and United Nations Environment Progr@iMA -
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UNEP), a model developed for the 20Umited Nations International Strategy for
Disaster ReductiofUNISDR) Global Assessment Report (GARudari et al.
(2015); ECMWEF, a model developed by the European Centre for Me&ange
Weather Forecast@®appenberger &tl., 2012) GLOFRIS, a model developed by
Deltares(Winsemius et al., 2013JRC, a model developed by the Joint Research
Centre in Italy(Dottori et al., 2016) and Fathom (previously called SSBN), a
commercial model that arose out of research from the University of Bristol
(Sampson et al., 2015)

Categorizing GFMs based on their characteristics is not a straightforward
task. A previous study grouped the models into two types by extreme flow method:
cascade model types and gauged flow data tifyagy et al., 2016)A schematic of
these two model groups is shown in Figur@. ZT'his section will elaborate on
additional model differences by looking at five different aspects: scale
characteristics, model forcing, probability estimation methods, calibration, and
hydraulic methods. Before highlighting the differences between théelsoit
should be noted that there are also many common underlying datasets, in particular,
the HydroSHEDS global hydrography data@ethner et al., 2008nd the SRTM
DEM from which it is derivedRodriguez et al., 2006)This section concludes by
describing other global hydrology models that may also develop into Girkhe i
future or add to process improvements in GFNise GFMs used for insurance
purposes are describsgparatelypartly due to the lack of published information,

but also due to the very specific risk framework within which they are used.
2.3.1 Scale haracteristic

The scale of GFMs can refer to a number of things: the minimum threshold
size of rivers that are represented, the resolution at which the calculations are carried
out, or the resolution of the actual flood hazard output. The question ef iscal
something that needs to consider both the accuracy and comprehensiveness of the

flood hazard output alongside the computational efficiency of the model.

Communicating the scale of river representation in GFMs is typically done
in terms of upstream t@&hment area. The threshold river size considered by the
models varies significantly, from ~3am? (Fathom Global) to ~5008m? (JRC).

The GFM output is contingent on the input datasets, and often, global datasets are
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not resolved to a level where the sieat rivers can be easily representétie
coarse (~500@m?) upstream area threshaddf t h e J Bo@iéssas amesultefl
using ERAInterim climatology, where the coarse global resolution cannot
accurately represent very local precipitatiDottori et al., 2016)

Operating at a coarse resolution is not a detriment to these global motels b
rather a necessity. Many of the models run their computations at a coarser scale and
then downscale these results to the output resolution. The process of downscaling
makes modelling at such large scales more computationally «Bhakes et al.,

2018) The Fathom model, however, no longer downscales and runs all calculations
explicitly at either 30 m or 90 m resolution (depending on the DEM available). This
shows how far GFMs have come in only a matter of yé8esnpson et al., 2015)

The principle, however, remains the same; global models cannot be run at

6engineeringo 39ne,ewrifthe dadaovkere dvailable.s ( <

The scale of GFMs is likgl the characteristic that will see the most
improvement over the coming years. As computational capacity improves through
faster processors and parallelization, so too global datasets will see advancements in
terms of accuracy and resolution; making itgbke to accurately model the flood

hazard of even the smallest streams at some point.
2.3.2 Model Forcing

Global flood modelscan be most easily categorized by their method for
generating extreme flood flows. Models are either forced by climate reesndhta
or by global gauge data. The two methods for forecasting extreme flows differ
significantly. See Figure.2 for a useful visualization of this model categorization
and the different stages in analysis that occur as a result of beginning with an

extreme flow methodology.

Those models forced by climate data combine a climate reanalysisedata
with a land surface model to predict extreme flows. Climate reanalysis datasets
contain measurements of global climate data that are collected and staaed at
constant time step (ofter® h) over an extended period {80 years for the GFMs
in question)Dee et al., 2016)Theserainfall data, along with other relevant climate
data, are input into a land surface matiat simulates the lansurface response to
the climate forcing(Pappenberger et al., 2018hd outputs the seltant rainfall

discharge and volume.
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The GFMs not forced by climate data are forced instead by regionalized
analysis of global gauge data. The premise for these models is that the discharges
measured in welmonitored catchments can be transferred tanamtored
catchments that share similar characteristics. The GFMs use data from sources like
the Global Runoff Data Centre (GRDC), which collects discharge data from 9500
stations globally. Catchments are then categorized based on their KGpjan
climate classification(Kottek et al., 2006)and their rainfall characteristic3.he
behaviourof similarly characterized gaugedtchments is used to derivegauged
catchment flowsso that extreme flows can then be calculated for all global
catchment¢Smith et al., 2015, Rudari et al., 2015)

Cascade model type Gauged flow data model type
[U-Tokyo, GLOFRIS, ECMWF, JRC] [Fathom, CIMA-UNEP]

Climate reanalysis Global gauged flow
data data

Regional flow

Land surface model .
frequency analysis

Continuous river flow Flood flow
routing magnitude

Flood frequency Flood flow routing,
analysis rivers & floodplain

Downscaling or
calculate flood
extents and depths

Calculate flood
extents & depths

Figure 2.2 A simplified schematic of the two main model structures used by the six
different global flood models

Source:Trigg et al. (2016)
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2.3.3 Probability Estimate Methods

In order for GFMs to model flooding of a specific return period, some form
of flood probability estimation needs to take place. All the models ap@iynabel
distribution (Generalized Extreme Value distribution Typt their forcing data to
estimate the return period magnitude. The models differ, however, in the flood

component that is output as a result of this probability estimation.

The JRC, Fatbm, and CIMAUNEP modelsreturn probability discharges.
These discharges are then used as input for a hydraulic model, which simulates the
flood extent and depth in the catchment for the given return period $§ampson et
al., 2015, Rudari et al., 2015, Dottori et al., 20IBhe ECMWF and UTokyo
modelsreturn probability flood depths, derived from the Gumbel frequency analysis
of river water storage, which is calculated by pasgimg climate forcing data
through a river routing scheme. These probability flood depths are calculated for
each river cell and are used to determine whether the surrounding cells are flooded
or not (Yamazaki et al., 2011, Pappenberger et al., 20I2¢ GLOFRIS model
operateunder a similar 6flooded cell & probabildi
instead of flood depth to determine the probability of cell inunddifgard et al.,

2013, Winsemius et al., 2013)

2.3.4 Calibration

A major difference between GFMs and reaciale flood models is the level
to which they are calibrated. Reastale flood models are often calibrated agaa
multitude of different measurements and observations from historical flood gvents
these include: gauge flow records, gauge water level measurements, flood depth,
flood extent, and flood frequendjHuxley and Ryan, 2016)Data availability in
addition to the scale and global applicability of GEMinits the feasibility of
conventional flood model calibration. Variables traditionally derived at a regional
scale through calibration, SsuaQqlareateer f 1 ow roug
calculated bsed on a relationship with streamflgW/u et al., 2017}o account for
the relationship between roughness and flooded vegei@mong et al., 2012pr
determined based on basin characteristRgdari et al., 2015)previous studies
(Dottori et al., 2016)or even kept constant in the global dom@famazaki et al.,
2011, Winsemius et al., 2013)
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Many of the GFM input dataets have undertakesome form of correction.
The forcing datasets for almost all of the models have received bias correction and
the underlying SRTMased(Rodriguez et al., 2006pased HydroSHEDS DEM
(Lehner et al., 2008)as in some cases received vegetation canopy and urban bias
correction(Yamazaki et al., 2012, Sampson et al., 2015, Dottori et al., 2818
correcting the underlying DEM is of vital importance, as these areas of vegetation
and high urban concentration see consistent elevation overestimation. This incorrect
terrain representation, in turn, naturally affects the accuracy of the modelled flood

extent.
2.3.5 Hydraulic Method

Central to each GFM is a hydraulic model that simulates, to varying degrees
of complexity, the physics of fluid flow. To operate globalligese models often
need to make assumptions about flow physics that simplify the governing equations,
thereby considerably reducing computation time. Information about thep seft
each model, including the most up to date hydraulic method is provid€dbie
2.2.

The CIMA-UNEP modelis the only GFM that operates in edenension,
sol vi ng Ma n n(R.D at degularepqginisaatongaheentrelineof the river
channelRudari et al., 2015)

0 %\fl?l“_Y (2.1)

whereQ is the channel flow [E T}, Ris the hydraulic radius [L]Sis the channel

slope [L/L], A is channel crossectional flow area [, andn i s Manning?o
roughness coefficienfT[ LY. Onedimensional flow representation is the simplest

form of flood modelling, but while it is computationally efficient, it can falsely
represent connectivity in floodplains and cannot model the floodplain flow well
unless it is parallel to the main river chan(iééelz and Pender, 200owever on

the large scales of global flood models it appears to perform reasonably well
consideing its limitations(Bernhofen et al., 2018)
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The remaiing flood models all operate in two dimensions, solving some
simplified form of the shallowvater equations, as the computational cost of running
the full solvers would make modelling unfeasible with such large domains. The full
onedimensional shallow wat equations for momentum and continuity are given in

equationsZ.2) and R.3), respectively, below:

16 1.0 10 @b

T Ted Ut ae vis @2
T—? TL T (2.3)
Tow ! o

whereQ is the flow in thex direction [L® T}, Ais the crosssectional flow area [,

h is the water depth [L]z is the bed elevation [L]g is the acceleration due to

gravity [L T2, ni s Manningés r ou gfinReistee hgdmeid f i ci
radius [L],tis time [T], and x is the distance in the x Cartesian direction [L].

Channel flow is calculated in the tvebmensional models using kinematic
wave, diffusive wave, or inertial simplifications of the shalaater equations. The
kinematic wave simplification, used ihea GLOFRIS model, assumes that local and
convective acceleration (the first and secosmunsof equation 2) are negligible
and simplifies the water slope terterfn three in equation 2) to consider only bed
gradient ) and not water depth). It retairs the frictionslope term term four in
equation 2). The diffusive wave simplification differs from the kinematic wave
simplification in that it includes water depth) (n the watesslope term. This allows
backwater effects to be simulated in modelst thapply the diffusive wave
simplification. The inertial simplification to the shalNewater equations is an
adapted form of the diffusive wave simplification that incorporates local
accelerationtérmone in equation.2) into the formulatior(Bates et al., 2010 he
remaining models have eithapdated their models to {Dokyo and ECMWE,) or
have always employed (Fathom and JR&LClorm of the inertial simplifications for

their hydraulic simulations.

Out of channel, or floodplain flow, in the GFMs is modelled in two
dimensions; and while mosiblve some simplified form of the tadimensional
shallov-water equationsthe GLOFRIS modetepresents out of bank floodplain

flow using a simple watdevel/volume relationship. Although floodplain flow in
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the GLOFRIS model is technically modelled in taw dimensions, the volume

distribution approach does not represent conservation of momentum. This approach

is often r ef etwordendnsidna decfapseuda omits any
in two dimensiongEvans et al., 2007, Neelz and Pender, 2008¢ remaining

models solve floodplain flow using the tvdimensional shallowvater equations,

which take the same general form as the-dingensional equations but in two

directions, an@pplythe same simplifications as outlined abémeone dimension

Some of the models are also able to incorporate features below the model
grid resolution into the simulation. This subgrid representation can either explicitly
include channels as in the Fath@and JRC GFMs, or incorporate subgrid scale
topography through parameterizatidfamazaki et al., 2011as in the ECMWF and
U-Tokyo GFMs. The ability to model subgrid processes is important in a global
flood modelling context, as it allows simulations to run abarse, computationally
efficient, resolution while still capturing the relevant floodplain connectivity and

inundation dynamics.
2.3.6 Other Relevant Models

Another field that is starting to impact the GFM scene is that of global
hydrology modelgSchellekens et al., 201 Avhich have the potential, if tuned to
high flow regimes, to represent flood regimes.

One examplef a global modelling framework that is similar to the models
described so far is the Dominant River TraeRwguting Integrated with VIC
Environment (DRIVE) mode(Wu et al., 2014) The DRIVE model applies the
kinematic wave or diffusion wave equatiobsth to dominant rivers at grid level
and tributaries at subgrid level. The DRIVE model is the core component of the
Global Flood Monitoring System (GFMSThe GFMS is aNational Aeronautics
and Space AdministrationNASA) funded experimental system using reale
Tropical RainfallMeasuring MissiofTRMM) Multi-satellite Precipitation Analysis
(TMPA) and Global Precipitation Measurement (GPM) Integrated MatellitE
Retrievalsfor GPM (IMERG) precipitation maps as input to the DRIVE modéle
DRIVE model runs ora quasiglobal (50 °No0 °S) grid for hydrological runoff and
routing simulations. Flood detection and intensity estimates are based on 15 years of
retrospective modeluns with TMPA input, with flood thresholds derived for each

grid location using surface water storage statistics. The GFMS flood forecast range

f
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is 5 days, and the DRIVE model also includes a routine for determining ferecast

based inundation extent at 1km.

The Model for Scale Adaptive River Transpdit@SART) is also an example of a
global hydrology model that has the potential to model floods and has been used to
study surface water dynamics of the Amazon bg&ino et al., 2017) The
MOSART was developed as a scalable framework for representing and studying
riverine dynamics of water, energy, and biogeochemistry cycles across local,
regiona) and global scales from an integrated hurgarth system @rspectivelLi et

al., 2013, Li et al., 2015)The MOSART receives runoff inputs from the land
component of an Eartlystem model or a land surface model, routes the runoff
across hillslope into tributary channels (within each spatial unit such as a
latitude/longitudegrid or subwatershed) then thrdugver networks which connect

all spatial units within a study domain. The kinematic wave method is used for the
routing of runoff over hillslopes and in the channels with relatively steep
topography, anda diffusion wave method is used for the channelsh wlat

topography or those prone to inundat{too et al., 2017)

Finally, it is worth mentioning the risk modelling framework developed by
Arnell and Gosling (2016)These authors assessed global river flood risk under
climate change (floogirone population and flood damage) using a global
hydrological modelvith climate scenarioderived from 21 climate models, together
with projections of future population. Flood hazard was calculated considering

change in the flood frequency and magnitude.

2.4 Application of GFMs

Global flood models are multifaceted: they have applications in many
different fields related to research, planning, insurance, commercial use and
emergency support. Here we present a description of some of their main

applications, which are also summarized in T&de
2.4.1 Flood Hazard Mapping

Many areas of the globe still lack reliable spatial information about the
location and extent of flood prone areas; this absence has been one of the main

drivers behind the development of GFMs. The main advantage of using GFM



Chapter 2
52 Global Flood Models

characterize flood hazard is that resulting estimates are derived in a consistent way,
using input datasets of the same accuracy and with the same modelling framework.
This consistent approach provides a more realistic picture of exp®Surg et al.,

2018) Flood hazard evaluation is typically undertaken by deriving inundation maps
for a range of return periods, although some GFMs calculate hazard from continuous
climatological or meteorological information. These maps can be produced either
for research(Pappenberger et al., 2012, Ward et al., 2013, Sampson et al., 2015,
Dottori et al., 2016pr commercial purposes, and some models are used for both
(Sampson et al., 2015)

Table 23 Different Possible Applications of Global Flood Models witef&enced

Examples
Category Model References
Flood Hazard| ECMWF Pappenberger et al. (2012)
Mapping JRC Dottori et al. (2016)
GLOFRIS Ward et al. (2013)

Fathom (SSBN)| Sampson et al. (2015)

Flood risk CIMA-UNEP UNISDR (2015a)

analysis GLOFRIS Ward et al. (2013)Winsemius et al. (2026
(climate JRC Alfieri et al. (2017)
change) U-Tokyo Yamazaki et al. (2011 Hirabayashi et al.
(2013) Tanoue et al. (2016pottori et al.
(2018)
Fathom Sampson et al. (2015)
CAT models
Flood GFMS Wu et al. (2014)
forecasting | GIoFAS Alfieri et al. (2013)

Adapted fromAlfieri et al. (2018)

Global flood models are now also being used at a national scale,
incorpaating more accurate local data into their framework. Fathawerecently
released a hited Statesmodel that uses national.& Geological Survey (USGS)
elevation data along with other national datasets to produce flood hazard output at
30 m resolution(Wing et al.,, 2017) They used the same @pach in Belize,
incorporating local data into their model to produce national flood hazard maps
(http://www.charim.ne)/(Ward et al., 2015, Trigg et al., 2017)

2.4.2 Flood Risk Analysis

A further step in the use of GFMs is using the flood hazard maps as an
intermediate step to produce flood risk estimates at a global scale. Typically, risk is

expressed considering expected annual economic losses and expected annual
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number of peo@ potentially affecteqUNISDR, 2015a) These analyses can focus

on current risk, how risk has changed historically, and how risk may change as a
result of future climate and socioeconomic change. Risk estimates characterizing
present 8k conditions often do so at country level. The CHMAEP model was

used to predict average annual losses at national level for the GAR 2015 report
(Rudari et al., 2015) Similarly, GLOFRIS is integrated into an online tool,
AQUEDUCT (http://floods.wri.org/) which allows endusers to easily interact with

flood hazard maps and assess impacts such as urban damage, affected GDP, and

affected population at country scale.

Historical datasets can be incorporated into flood risi&lyesis to evaluate
changes in vulnerability and risk over time. Databases such as the History Database
of the Global Environment (HYDE) provide gridded time series of population and
land use changes. Combining these time series with flood hazard mapé reve

historical trends in flood risk exposui®ongman et al., 2012, Tanoue et al., 2016)

Those models forced by climate data (as outlined is¢icdon 2.3.2benefit
from the fact that future climate scenarios can be easily simulated withinatthe!
framework. Studies investigating future flood risk also incorporate socioeconomic
and demographic changes into their analyses as these are seen as equally
contributory to future risk. The JRC, GLOFRIS, dvl'okyo models have all been
integral to hidp impact research studies predicting future flood risk under various
climatic, demographic, and socioeconomic projecti@dsabayashi et al., 2013,
Winsemius et al., 2016, fdri et al., 2017, Dottori et al., 2018)

The flexible, semiautomatic framework of GFMs also lends them useful to
flood management scenario modelling. The models can be run under different
defencescenarios and coupled with exposure datasets to provide -derefit

analysis of various managemechemegWard et al.2017)
2.4.3 Flood Forecasting

Given the computatial burden of deriving inundation maps, GFMs are
currently not applied for redime flood forecasting. The GFMS is a flood
forecasting model that shares a similar framework to GFMs. However, instead of
being forced by historical climate or gauge datasifarced instead by retime

satellitebased precipitation dat@Vu etal., 2014) The previously described global



Chapter 2
54 Global Flood Models

flood hazard models can qudsrecast flooding by producingnd using static
inundation maps as reference scenarios to evaluate potentiapfiooe areas and

flood impacts according to forecasite GFM modelling frameworks are already
automated and built for speed, in the future we will likely see these fratkewsed

in forecasting over large scales. This potential use presents one the most promising

GFM development areas in the near future.
2.4.4 Insurance Exposure

A key application for GFMs is in modelling insurance exposure. Some of the
GFMs we have coved already, sucthose developed biyathom, are being used to
inform insurance companies about the exposure of their portfolio. The bulk of this
insurance exposure analysis is undertaken within specialized insurance catastrophe
model frameworks. The comnugal nature of these models means that there is little
published literature about their development and structure. The next section provides
a summary of the <current Apublicd state of
examples of GFMs.

2.5 Insurance Catastrophe Models

The insurance and reinsurance industry started considering natural
catastropheQAT) models in the late 1980s at a time when modelling companies
first appeared. The use &fAT models by property (re)insurers has grown since
then. They are nowoenmonly used for portfolio management (eaccumulation
control, analysis of the key risk drivers) and risk transfer ,(stgucturing and
pricing of risk transfer through reinsurance or alternative solutions). Property
(re)insurers are also expected bggulators to use cat models in their risk

management processes.

The CAT models are designed to quantify the financial impact of
catastrophic scenarios for the risk carrier. Both the frequency and the severity of the
scenario (also called fAnevent 0GATmodels esti mat ed
is that they adopt differe financial perspectives for the loss computation: economic
losses but also insured losses or reinsured losses, depending on the interest of the

risk carrier. The structure &AT models can be described in four main modules:
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1. The hazard module: this iseltore of cat models and it contains information
specific to the peril.

2. The exposure module: all relevant information from the (re)insurance
portfolio is captured. This includes the location of the properties; but also the
occupancy, building typend sums insured.

3. The wvulnerability module: hazard intensities are translated into potential
damages based on the local hazard, the physical characteristics of the
properties at risk and the values insured by coverage lfeilgling, content
or businessnterryption). Vulnerability functions are one of the main sources
of uncertainty in flood risk model@etin et al., 2018)pecause of the large
variabilities in damages. Vulnerability functions are therefore typically
described with an uncertainty distribution around the mean damages.

4. The financial module: insured and reirsdifosses are computed based on
the (re)insurance terms and conditions. All &T model vendors have
developed their proprietalAT modelling platforms that include a financial
module. Model users run the set of stochastic events on their portfolio of
policies andobtainfrom the platform the list of losses for different financial
perspectives and by stochastic event. Inghst few years, a new initiative
largely driven by the (re)insurance industry has developed an open source
loss modelling platform:OASIS (httpst/oasisimf.org/) Loss Modelling
Framework (LMF). The main objectives of the OASIS initiative are to
improve risk assessment through more models by providing the modelling
platform, more transparencgnd innovation.

There are three main categories of companies devel@piigmodels: the
modelling companies that license their products to insurers, reinsurers and
reinsurance brokers; the reinsurance brokers that provideGAd&irmodels as part
of their service to theiclients (insurance companies) or license them; and some

large insurance and reinsurance companies that use their cat models internally.

Flood events in &CAT model stochastic event set are defined as flood
footprints. The local hazard intensity of thdeetprints is generally the flood depth.
Other indicators are usually not modelled. Three main components are necessary to
build those stochastic footprints: flood hazard maps, stochastic precipitation and

discharge scenarios, and floddfenceinformation The final footprints run in the
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CAT models are a combination of these three components. The flood hazard maps
are used to translate the precipitation and discharge scenarios into flood footprints

by taking into account the local float®fencesystems.
25.1 Flood Hazard Mapping

The objective with flood hazard mapping in the context of financial loss
assessment is to have comprehensive and detailed flood hazard maps for different
return periods, typically six return periods between 20 years and 1008. year
However, the challenges when mapping flood hazard are the resolution required and
the spatial coverage. In fact, local topography conditions can significantly influence
the damages sustained in the properties. Furthermore, it is estimated that around
30% of the National Flood Insurance Program (NFIP) claims in the United States
are located outside of the H§6ar flood zonegWojtkiewicz et al.,, 2013)A
standard flood mapping strategy has been wdopo overcome these two

difficulties.

Detailed topographylatasets areone of the main drivers for accurate flood
mapping(Bhuyian and Kalyanapu, 2018)he nationally complete digital elevation
data range imesolution from &m (e.g, in the Lhited Kingdom) or 10m (e.g, in the
United Stateg to 90m in other countries (e.,gn Asia). The resolution of the digital
elevation data ishowever limited by the availability and cost of higlesolution
topographydata at very large scales, and by the run time cost of the hydraulic
model. Developers ofGFMs will often vary the digital elevation data used from

country to country depending on the quality of data available at a national level.

The flows are propagatealong the river networkn order to obtainthe
extent and depth of the floodirtyy using hydraulic models solving the shallow
water equations. Different modelling solutions have been choserdimensional
hydraulic modelstwo-dimensionalhydraulic modés, or a combination ofboth

types ofhydraulic model.

The flood frequency analysis approach is often applied to derive design
discharges at all river locations for a set of return periods. Alternative techniques can
also be used because of the globalescd some of the modelling. The rationale
behind those alternative approaches is to make use of precipitation data as they are
common and more comprehensive than dischdaggn some parts of the world.
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The analysis of historical insurance claims diaten floods shows that a
significant proportion of those claims come from outside of the large river
floodplains. Consequently, both fluvial flooding and surface water flooding are
modelled, and the fluvial flood maps cover the large and the small rikersnd) a

few squareilometres

Some companies have developed global flood hazard map products based on
the specifications and approaches described above. Those companies use approaches
that they can apply anywhere, paralleling the GFMs described inefteof the

chapter.
2.5.2 Stochastic Precipitation and Discharge Scenarios

Realistic scenarios reproducing dependences across catchments are
important to properly assess potential financial impacts for a (re)insurance company.
These scenarios can bevdmped at the country or at the regional level and cover

several countries.

The stochastic scenarios need to include both precipitation and river
discharges in order for the CAT model to estimate claim amounts from both flood
types. Precipitation modatlg is the first component of the modelling chain for the
stochastic scenarios in most of the models. In countries where tropical cyclones are
present, precipitation is modelled as tropical cyclone induced andropmoal

cyclone induced. This requiresealistic catalogue of tropical cyclones tracks.

Temperature modelling is usually carried out along with precipitation to
account for snow accumulation and snow melt in the runoff generation process for
relevant regions. The precipitation and temperatumeilations then drive rainfall
runoff models to compute river discharges at all river locations. The precipitation,
temperature and hydrological modelling can be done on a continuous bass or

event based.

A key parameter for the evaluation of finariciasses under reinsurance
contracts is the definition of an event. It is often found in reinsurance contracts that a
natural event has a physical definition, for instance that a flood event must come
from a single weather system, but also has a maximuattidno. This maximum
duration is called the hours clayssdcurrent practice in the ited Statesis for

this to bel68 h; clauses of 504 h are also common in Europe. However, those
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clauses are not necessarily standard and can differ fromooiiact to another even

for the same territory. This means that if the travel time of the flood wave along a
river system is long enough, flooding can happen more than 168 h apart at two
different locations. In that case, the flood claims would be coresio®s belonging

to two different events. The hours clause can have an impact on the payment by the
reinsurer to the insurer after an event depending on the details of the reinsurance
contract. The hours clause is often taken into account in the defioftibie events

of the stochastic event set. Some models provide the flexibility to the cat model

users to define their own relevant hours clause.
2.5.3 Flood Defences

Flood defence systems can have a significant impact on flooding. Developers
of CAT modds collect flood defence information from authorities and incorporate
them into their models. However, this information is often incomplete and
assumptions need to be made for places where no information existsnor is
available. Flooddefencedata is aother significant source of uncertainty in flood
risk modelgMetin et al., 2018)

2.6 GFM Credibility

2.6.1 The Importance of Model Credibility

Since the beginnings of the development and use of numerical models, there

has always been an acknowledgment that models need to be applied carefully, lest

their limitationsl ead wusers astray. As the famous quote

model s are wrong, but some are useful o. Thi

be argued that it is even more pertinent, as in reality GFMs consist of a chain of
models. Addressing aspts of model error and uncertainty has become a specific,

and important, research field in thpast few decade¢Beven and Freer, 2001,

Beven, 2006, Chatfield, 20Q6pespite model uncertaintyeing a complex area of

study in its own right, at its core has been the traditional process of model
calibration and validation. Calibration is the tuning of model parameters to ensure

model outputs match realorld observations as closely as is reasgnplacticable.
Validation is the testing of a calibrated

how well they match noeoalibration events. In essence, calibration and validation

S
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allow us to test the models to see how useful they are, and theyriantegral part

of the scientific process K| e me G, 1986)

Given that the ambitious aim of GFMs is to provide a quantification of flood
hazard for all rivers through the application of a single consistent methodology, and
that their outputs areeing used by an increasing range of practitiofM#ard et al.,

2015) ensuring they are fit for purpose is crucial. The very different scale and
ambition of GFMs, as well as the difference of approach to toaditi flood
modelling, makes testing them a particularly challenging process, and therefore this

is still a developing, but very important, research field.

As the improvements in data resolution and increasing computation abilities
enable GFMsto movetawnr ds ever higher resolutions,
expectations to increase in line with this. This expectation is particularly prevalent
where there is an existing lack of natiosahle or reachscale flood hazard
information with which to comgre. The expectation can lead to an unrealistic view
that a GFM can replace engineermigade hydraulic modelling methods and data
and be applied to purposes for which they were never intended, for example to

identify risks to individual properties.

After the initial excitement of being able to generate and use flood risk
analysis at a global scale for the first time fades, users are beginning to demand
more information about how good the models are in particular geographical
locations or for particular yrposes. Model developers are very aware of the
importance of communicating the limitations of their models and are therefore also
keen to gain constructive feedback from users in order to focus future efforts to
improve the models. This usdeveloper dilbgue has long been a regular topic at
GFP annual meetings and led directly to the first moltdel intercomparison
(Trigg et al., 2016)and collective validation exercig8ernhofen et al., 2018pr
GFMs.

2.6.2 Existing Model Testing

Itisult i mately the model devel operbés re
ensure they are fit for purpose, particularly where their results have been made
openly accessible. There are plenty of studies showing that developers do take this
responsibility seriosly (Yamazaki et al., 2011, Yamazaki et al., 2012, Pappenberger
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et al., 2012, Winsemius et al., 2013, Yamazaki et al., 2013, Yamazaki et al., 2014b,
Wu et al., 2014, Rudari et al.025, Sampson et al., 2015, Dottori et al., 2016, Wing
et al.,, 2017) although not all to the same extent, possibly due to resource

limitations, data availabilityand/or project funding cycle challenges.

Model outpus typically consist of flood extents and depths for multiple
probabilities (or return periods). While methods of remote sensing of flooding have
advanced significantlf{Schumann and Neal, 2021) is not possible to observe the
full range of event probabilities for all rivers and therefore definitively validate all
models for all locations, ahése events will not necessarily have occurred in the
limited time we have been observing the whole globe. Add to this the fact that the
larger the river system scale, the less likely the same probability event will occur
everywhere, ensuring a definitiaalibration and validation for GFMs will remain

elusive.

Due to the scale and complexity of GFMs and commensurate observational
data challenges, GFMs do not necessarily have a full calibration of all components.
Their hyperdistributed form, with multiplgparameters and components ensure that
model equifinality(Beven and Freer, 2001, Beven, 20@6a serious challenge for
any attempt at overall model calibration. However, developers often undertake a
form of calibration and validation for subcomponents of the model, where
observations are available. An example of this would be the testing of extreme flows
for regionalized flow methodéSmith et al., 2015pr bias corrections for models
that rely on precipitation inpuiiuffman et al., 2009)Where the GFM framework
is sufficiently flexible to allow adjustment to locally availalwatasets, some GFMs
have been applied at raational scale, such the Fathom model in Belize, where
locally gauged rainfall and river flows were used to further regionalize the global
method(Ward et al., 2015)

Hoch and Trigg (2019provide a metastudy summary of GFM validations
performed to date. They show that there have been a wide iramgkdation (also
referred to adenchmarking) dataets used, maybe partly as a result of what data
were available at the time of model development. Most GFMs are validated against
some inundation extent in some basins, and only a few compare simulated discharge

and water surface elevation with observations. The specific river systems used for



Chapter 2
Global Flood Models 61

model valdation differ between models as well as the number of studies

documenting the model development over t{figure 2.3\Hoch and Trigg, 2019)

So we can see th@&FMshave been validated for a range of case studies and
mod el par ameters. The fact t hat ad | mo
identical settings may, from a model developers perspective, lahd tmnclusion
that the model performmwell. However, it may also lead to the erroneous
assumption that all models perform equally welbch and Trigg, 2019)That this
is not the case has been shown by grouped model intercomparison and validation
studieq(Trigg et al., 2016, Bernhofen et al., 2018)

2.6.3 Collective Testing

Trigg et al. (2016)performed the first intercomparison of GFMs and
demonstrated that when six GFMs were compared with each other over the
Continent of Africa, they only showed a-80% agreement in flood extent (Figure
2.4). So even at continental scales, there are signtficifferences in hazard
magnitude and spatial pattern between models, notably in deltas, aridfsgmi
zones and wetlanddrigg et al., 2016)Bernhofen et al. (2018)arried out the first
group model validation against the same observed data for two major flood events in
Africa. The flood events used were the floods of 2007 oz&inbique and of 2012
in Nigeria. These events were chosen as they were recenstaigedisasters with
good observational validation data and of a scale where GFMs should perform
reasonably wel(Bernhofen et al., 2018)The critical success index of individual
models ranged from 0.45 to 0.7 and the percentage of flood captured ranged from
52% to 97%. While this demonstrated a similar spread of nped&@rmanceo that
seen inTrigg et al. (2016)encouragingly it shoed that the best individual models
have amacceptable level of performance for these large rivers and demonstiate

importance of group validation.
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Validation Regions

] Multiple GFMs
] Fathom

[ u-Tokyo ol
[ ecMwF ’ ’

JRC f }7
[ CIMA-UNEP
"] GLOFRIS @m - 5

Global Flood Model

Validation Type JRC Fathom GLOFRIS U-Tokyo @ ECMWF CIMA-UNEP
Discharge V1 x x V56,7, x o
Extent vl V23 v v'5,6 V9 V10
Water Surface Level x x x V638 x x

Figure 23 Map depicting the regions where each global flood model (GFM)
validation model output against extents. Table summarizing the validation
methods of each GFM

Regions depicted in purple are locations where multiple GFMs validated, all
other colours refer tepecific GFMs. (Note tlokyo has no unique validation
locations).Table adapted froriloch and Trigg (2019)

1, Dottori et al. (206); 2, Sampson et al. (20158, Wing et al. (2017)4,
Winsemius et al. (2013p, Yamazaki et al(2012) 6, Yamazaki et al. (2013)
7, Yamazaki et al. (20118, Yamazaki et al. (201429, Pappenberger et al.
(2012) 10,Rudari et al. (2015)

It is encouraging to see this growing body of reports and publications
recording the development and testing of GFMs, both individually and collectively,
showing a growig maturity of the subject. However, there is a notable lack of
record regarding one particularly important subgroup of GRlEt of the global
CAT model for insurance purposes. Proprietary modelling methods with associated
intellectual property rights,sawell as a unique application framework, make it
difficult for these model groups to engage in this process in a fully open way.
Nonetheless, given their important application worldwide they must not be excluded

from the process and no doubt benefit fribv@ open studies reported here.
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Figure 24 Global flood model agreement scores across Africa

(a) Aggregated flood results for six models for #1100 year return period
fluvial flood hazard for the African continent. Colour scale indicates how
many models predict flooding. (b) Detail for the lower Nile. (c) Detail for the
lower Niger, showing areas of strong agreenfaatrow confined floodplains

at the confluence of the Benue and Niger rivers) and areas of disagreement in
the Niger coastal deit

Source:Trigg et al. (2016)

Individual model validation procedures do not contribute to a better
understandig why GFMs differ locally in their simulated inundation extent. The
work of Trigg et al. (2016jpndBernhofen et al. (2018jemonstrates the value of a
collective approach, but needs to be extended and undertaken routinely rather than

on an adhoc basis. What is really needed is more insight in the relative performance
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of GFMs that is, with identical boundary conditions and for the same set of
validation data sets. It is only then that clearer conclusions can be drawn as to why
results may diér between GFMs and where theatespotential for improvement

lies.

Up to now, GFMs have seen a rapid increase in number, their application,
and acceptanc@Vard et al., 2015)However, to further extend tltessemination of
GFMs and their products, the testing of GFMs should become more standaadized
is already the case in other Earth science fields such as climate research. Model
inte-comparison projects (MIPs) are a commuigsed way to compare models
and their products with standardized objective functions and data sets, for instance,
the Coupled Model Intecomparison Project (CMIP) or the Int8ectoral Impact
Model Intercomparison Project (ISVIIP) (Warszawski et al., 2014)Similar to
these MIPs for general circulation models, establishing a MIP for GFMs should be a
next development gpe With such a Global Flood Model Inteomparison Project
(GFMIP) the uncertainties associated with model inputs, rfindelcascade,
parameterizationand so forth could be reduced and, consequently, the overall
acceptance of models and their results Wdikely increase. That this is timely is
shown by recent efforts benchmarking GFMs glob@liygg et al., 2016, Bernhofen
et al.,, 2018)or individual compoants such as DEM(Hawker et al., 2018)
numerical routing schmee (Hoch et al., 2017a, Hoch et al., 2017b, Zhao et al., 2017)
or grid design ang@ropertiegSavage et al., 2016, Hoch et al., 20B)sides, strong
learning moments would be created which could additionally contribute to
improvements of GFMsHoch and Trigg (2019xall for just such a project and
outline how this may be achieved through a shared intercomparison framework,

common forcing datand validation data.

2.7 The Future of GFMs

Now that GFMs have most desfratingiheirel v #dAarriv
value, what is the next stage in their development? While many GFMs derive from
scientific research projects to push the bounds of what is possible, these have
ultimately translated into operational tools and this drives the interest noving
the models. Users also naturally begin to expect more of GFMs as their utility is

demonstrated. Future steps will depend on where priorities lie for model
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development groups and users and how these priorities align, wiFRtaking a

central roé in this dialogue. Flood is also not a standalone hazard and @klIs

have a role as a subcomponent in integrated risk frameworks such as the upcoming
UNISDR Global Risk Assessment Framewoi®RAF) (Elsworth, 2018) Global

flood modelswill certainly be around for the coming decades and development is
likely to focus on three specific areas of improveméntdatasets, (ii) processes
representatiorand (iii) testing.

2.7.1 Improvements in Data Sets for Model Build and Testing

Advances inGFMs will be possible through future releases of higher
resolution and more accurate datts: whether through entirely new dagts or
improvements to existing ones. Elevation data, in particular, strongly influences the
performance of GFMs, as it is a repentation of the terrain that controls flooding
(Schumann, 2014)For example, the most anticipated rkdure DEM release is
the NASADEM Global Elevation Mael (Crippen et al., 2016)Here, NASA will
reprocess the entire SRTM dataset, which is used in all GFMs, and use new
algorithms and ancillary data to produce a freely available global DEM atn~30
resolution. Other DEMs, such as those produced by thedHiliate TanDEMX
mission, are able to resolve at up to riglobally (Krieger et al., 2007)However,
the commercial nature of the mission restricts the availability of the higher
resolution datasets to paying customers and curtails their use in open GFMs. The
trend is towards higher resolution DEM datts and this will translate into better
GFMs.

Derived from DEMSs, hydrography datasets are a key component within
GFMs, as they represent the river networkob@l flood modelhydrography is in
urgent need of updiag as all models still use the decade old HydroSHEDS dataset
(Lehner et al., 2008While HydroSHEDS has been patrticulaityportant in GFMs
due to its structured data properties, it suffers from significant irregularities in flat
terrains and urban areasghich affect the accurate location of river channels. Future
hydrography datasets should incorporate accurate vector whaa from
observational sources, for example Sentinel 2 or OpenStreetMap, to compliment the
traditional DEMderived river delineation.
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A future mission likely to have a major impact on GFMs is the NASA
Surface Water and Ocean Topography (SWOT) mis¢iaurand et al., 2010)
Scheduled for launch in 2021 and lasting three years, the SWOT mission will
globally monitor Ear h6s sur face water. Datand rel ated t
discharge of rivers will be invaluable from a hydraulic modelling testing
perspective, while topographical ocean details should also improve the climate

models that force many of the GFMs.

The meaurement of river discharge using satellites is an emerging field of
research that will benefit from the SWOT mission and could be incorporated into
GFMs in the future. The Dartmouth Flood Observatory (DFO) already runs an
experimental product called theiver and Reservoir Watch that estimates river
discharge using satellite microwave seng@sakenridge et al., 2016)Although
still an experimental product, its relevance to GFMs is evident: remotely sensed

river flows could become another method of model forcing as well as for validation.

Datasets used to measure flood expesare equally as important as those
ingested within the actual models. Traditionally, flood exposure has been measured
using gridded datasets such as WorldPop, which represents population density
within a 100m x 100m cell. Recently, a High Resolutiont8ement Layer (HRSL)
was released by Facebook in collaboration with the Center for International Earth
Science Information Network (CIESIN) at Columbia University. The HRSL uses
high-resolution (~0.5m) commercial satellite data to identify individualtkeat cells
at ~30m resolution. Available in 22 countries, the HRSL can provide a more
accurate picture of exposed population and should, in theory, result in better flood
exposure estimates when used in tandem with GFMs. The limited global coverage of
the HRSL warrants mentioning the Global Human Settlement Layer (GHSL), which
relies on technology similar to that of the HRSL and has global coverage; though it

is only available at 250 m resolutigResaresi et al., 2013)

Future GFM development will not only rely on new data,dis on existing
data that has been adapted in a way that makes it more accessible fand fit
pur pose. An example of one of these fiproduct
developed by Cloud to Streéhbttps://www.cloudtostreet.ai/ Satellite imagesf
historical flood events are vital for validating GFM output. The DFO has been the

main source for this historical data. However, although the DFO maintains a
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catalogue of around 5000 flood events dating back to 1985, only around 5% of the
events have @ mapped and the mapping methodology for these events has not

al ways been consistent. The Gl obal FIl oo
events to map over 3,000 events since 2001 using a consistent algorithm and
integrating it all within the Google Ba Engine (GEE) frameworKrellman et al.,

2021) This consistent methodology as well as the accessibility provided by GEE
opens the door to far more extensive future GFM validation studies.

2.7.2 Improvements in Processes Representation

In tanden with improved datasets for model build and testing, there is also a
push to improve physical process representation within GFMs. Often this is through
adding processes through subgrid representation, for example with improved river
channel geometrfNeal et al., 2015)Further development in this area will rely on a
combination of improved methods and bathymetry data, which are notoriously
difficult to find. Another area which has seen mypement is in representation of
river hydrography, such as the addition of bifurcating river char(Yaelmazaki et
al., 2014b) shown to be particularly important for flood mapping in delta regions
(Trigg et al., 2016) Further developments in improving river hydrography are
expected in the near future as this is an active researctioaraanumber of GFP

groups.

One particular current weakness of GFMs is in urban areas, where
understanding flood exposure is particularly important. For example, the STRM
DEM has not yet been corrected for urban areas to the same level as for vegetation
(Baugh et al., 2013)lthough some model groups do a simple correction based on
GDP (Sampson et al., 2015)arge urban areas also benefit from surface water
drainage systemsvhich are not represented at all in GFMs. Urban areas can also
benefit from flood defencesand some models represent these through simple
assumptions relating standardsdeffencelinked with GDP(Sampson et al., 2015)
However, there are notabééforts to build an open database of glotbelenceghat

will be important in future GFM§Scussolini et al., 2016)

As other global modelling efforts begin to overlap with GFMs, there are
possibilities to exploreampound flood events, which often occur together, such as

coastal(Vousdoukas et al., 201@nd fluvial flood hazard. These additional hazard
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components may either be included as an explicit model component sucthas wit
pluvi al r i sk (Sampsdnattalh 20&E)r snay®E ddmbined later in a

general flood risk assessment framework.
2.7.3 Improved Model Testing

Thorough model testing and validation is key to guarantee model accuracy
and as a basis for wider acceptance with end users. Currently, GFMs are validated
and tested individually for different basins, with different data, and different
objective functionsWhile this yields an estimate of how accurate a model performs
in representing one or more specific flood events, it does not provide insight in its

relative performance compared to other GRMsch and Trigg, 2019)

Hence, there is much potential advancing GFMs by more thorough and
streamlined validation procedures. Also needed for better testing is the integration of
up-to-date observations of flood events. With remote sensing technology becoming
more advanced and improved methods to accoantufcertainties with such
remotely sensed imagery, the overall accuracy of model testing will improve. This
would not only require efforts from the GFM community, but also wider
collaboration with adjacent fields such as data processing, cloud comparnihg,

remote sensing, to provide the required cyberinfrastructure.

One possible approach might be a vibalsed platform created to facilitate a
standardized validation of GFMs. By means of the platform, the external model
properties i(e., boundary conditios and forcing data) could be provided from a
central location ensuring all models are applied under comparable settings. Model
results could also be uploaded to the platform where validation with observed data
(which could be updated regularly) and benctvimg with other model output

would be performed in an automated manner.

Regardless of the way model testing will evolve, improvement is necessary.
By subjecting GFMs to stricter guidelines, all involved can benefit: the wider
community, through mutual &ning moments, communication, and transparent
scientific discourse; the developers, as they would learn where their model excels
and where adjustmesare required; and the enbers, as uncertainties surrounding
flood maps would be reduced and quantifiddading to more actionable
applications of GFMs.
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Chapter 3
A first collective validation of global fluvial flood models for major

floods in Nigeria and Mozambique

3.1 Abstract

Global flood models (GFMs) are becoming increasingly important for
disaster risk management internationallyowéver, these models have had little
validation against observed flood events, making it difficult to compare model
performance. In this paper, we introduce the first collective validation of multiple
GFMs against the same events and we amahow differet model structures
influence performance. We identify three hydraulically diverse regions in Africa
with recent large scale flood events: Lokoja, Nigeria; Idah, Nigeria; and Chemba,
Mozambique. We then evaluate the flood extent output provided by six GFMs
against satellite observations of historical flood extents in these regionerifida
succesdndex of individual models across the three regions ranges from 0.45 to 0.7
and the percentage of flood captured ranges from 52% to 97%. Site specific
condiions influence performance as the models score better in the confined
fl oodpl ain of Lokoja but score poorly
hydrodynamic models are shown to perform favourably. The models forced by
gauged flow data show a greatevdeof return period accuracy compared to those
forced by climate reanalysis data. Using the results of our analysis, we create and
validate a threenodel ensemble to investigate the usefulness of ensemble modelling
in a flood hazard context. We find thesemble model performs similarly to the best
individual and aggregated models. In the three study regions, we found no
correlation between performance and the spatial resolution of the models. The best
individual models show an acceptable level of perforweaor these large rivers.

3.1 Introduction

Flooding is the most frequent and the most damaging of natural disasters
globally (Berz et al., 2001)From 19952015, floods affected 2.3 billion people,
killing 157,000 (Wallemacq et al., 2015)Fluvial (river) flooding is the most
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common type of flood event and withver halfof t he wor |l d6s pop!
within 3 km of a freshwater bodyt hastruly global implicationgKummu et al.,

2011) Flood impacts will continue to increase in severity, as the population exposed
to fluvial flooding is expected to rise by 31% over the next 30 years. Certain
vulnerable regions, such as Sthharan Africa, are predicted to see an increase in
exposed pogation by as much as 104fdongman et al., 2012%iven currenCO;
emission trends,Igbal temperatures could rise by up to 4° C by 2(®8erwood et

al., 2014) To put this into a fluvial flooding context, a temperature rise of 4° C
could result in 70% of the globabpulation experiencing a 500% increase in flood

risk (Alfieri et al., 2017) Increased population exposure, coupled with the increased
frequency and severity of floodingneans that reducing the risks assedatvith
flooding is of vital importance to the United Nations Office for Disaster Risk
Reduction (UNIRR) as outlined in their global assessment rep@uislISDR,

2015a) Reducing disaster vulnerability is a key target in goal 11 of the United
Nationds Sust ai na lfUnieed Naiens,e2016)anth spedific riGko a | s
reduction targets, to be met by 2030, were introduced in the Sendai Framework for
Disaster Risk Reductiofy NISDR, 2015b)

Flood models are an integral tool for managing and reducing the risks
associated with flooding. In the past decade, increased computing power and
precision of remote sensing data sets has led to the developmglobalf flood
models (GFM) (Wood et al., 2011)These models are being developed by a number
of different groups that include consultanci@dichel, 2018) research groups
(Dottori et al., 2016) intergovernmental orgardtions (Rudari et al., 2015,
Pappenberger et al., 2012academia(Yamazaki et al., 2011)and academic
affiliated companiegSampson et al., 2015, Ward et al., 201GfFMs are being
actively used for disaster risk management: providing flood hazard maps in data
scarce countrewhere there is little local or national information about flood risk
(Ward et al., 2015)They are also being used extensively in research: for evaluating
the benefits of flood protection investments globgWard et al., 2017gand to
determine changes in future flood risk due to ctanehanggHirabayashi et al.,
2013, Winsemiusgt al., 2016, Alfieri et al., 2017)
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Despite their extensive applicability, each flood model has only had limited,

internal, validation against either observed events, existing regional models, or
reported fatalities and financial lossg&mazaki et al., 2011, Pappenberger et al.,
2012, Ward et al., 2013, Winsemius et aD13, Sampson et al., 2015, Rudari et al.,
2015, Dottori et al., 2016, Ward et al., 201The Global Flood Partnership (GFP)

(https://gfp.jrc.ec.europa.gy/a cooperation framework between developers and

users of global flood tools, made the comparison of GFMs a rega@waly at their
annual meeting in 2014(De Groeve et al., 2015)The resulting GM
Intercomparison Project (GFMIP) was the first study tmpare the flood hazard
output of six GFMs on the continent of Africa. Research from the GFMIP showed
there was wide variation in the flood hazard output of the six GHWgg et al.,
2016b) The GFMIP identified the need for collective validation of the GFMs

against observed flood extents.

This study is a continuation to the GFMIP, using its outputs and original
GFM modeloutput data to validate against observed flood events and expand on the
testing of collective model output. It is the first study to validate multiple GFMs
under the same framework and against the same observed events, allowing model
performance to be edgsicompared. This study should help identify which GFMs
perform best and how different model structures influence performance. The results
should also provide furthemsight into the reasons fomodel disagreement
originally identified in the GFMIRHoch et al., 2017)

The collective validation presented in this paper expands the rigorous GFM
comparison begun in the GFMIP. As the models are improved and are used more
extensively for disaster risk reduction, the need to compare modelrrparfce
becomes increasingly apparent. The results of a rigorous comparison provide both
users and model developers with information pertinent to the potential applicability
of GFMs.

In this study, we identify regions with recent, large scale flood tewsith
good observational validation data. We then develop a validation framework under
which we test the output of six GFMs and the aggregated output of the GFMIP. We
aim to answer which models perform best and identify the most important model
charactestics affecting GFM performance. We also investigate whether an

ensemble of the best individual GFMs improves the predicted flood extent.
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3.3 Data and Methodology

3.3.1 Models

The six GFMs compared in the GFMIP and in this study are the Catchment
BasedMacro-scale Floodplain (CaM&lood) model(Yamazaki et al., 2011)the
Centro Internazionale in Monitoraggio Ambientale and United Nations Environment
Program (CIMAUNEP) model(Rudari et al.,, 2015)the European Centre for
MediumRange Weather Forecasts (ECMWPappenberger et al., 201@jodel,
the Global Flood Risk with Image Scenarios (GLOFRIS) m@déhsemius et al.,
2013, Ward et al., 2013}he Joint Research Centre (JRC) maod®bttori et al.,
2016) and the SSBN model (noknown as Fathom Global Ltd(yampson et al.,
2015) GFM output was provided for this study by each of the six developers in the
form of flood extent maps. Thmodels use different techniques to predict flood
extent and depth for a given return period flow. These range in complexity from 1D
hydraulic modelling (CIMAUNEP) and simple 2D flood +eistribution methods
(GLOFRIS) to more complex 2D (ECMWF and Ca®mod) and 2D
hydrodynamic models (JRC and SSBN). GFM forcing can be split into cascade
model type (CaMdlood, GLOFRIS, ECMWF, JRC) and gauged flow model type
(SSBN, CIMA-UNEP) (Trigg et al., 2016b)Cascade models use climate reanalysis
data over 40 years to determine the probability that a cell is flooded. Gauged flow
models use a growth curve to determine extreme flow. This 8dtvein input into a
hydraulic model that predicts the flood extent for a given return period flow. Model
output resolutions at the equator vary between ~90 m (SSBN, @€IMEP), ~540
m (CaMaFlood ECMWF), and ~900 m (GLOFRIS, JRC). All the GFMs use the
Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM) as their
input DEM. Further information regarding model setup and the differences in model
forcing and computational engine can be found\ppendix A2. The aggregated
fluvial flood exten (Figure3.1(d)), an output of the GFMIP that shows the level of
agreement in flood extent between all six models, was also validated in this study to
assess the potential for using multiple model combinations for flood extent
prediction(Trigg et al., 2016a, Trigg et al., 2016b)
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3.3.2 Case Study

Three hydraulically varied regions in Africa were chosen for validation: two
in Nigeria and one irMozambique (Figured.1). Nigeria and Mozambique were
identified in the GFMIP as coums with high exposure to floodin@rigg et al,
2016b) An important factor in the choice of study regions was the size ofviie
All the reaches contained rivers sufficiently large that thleyuld be accurately
represented in the GFMs regardless of the magalial resolution. Validating
model performance onvers narrower than the resolution of the coarsest GFM
would pioduce unfair resultsin addition to this,delta regions wer@avoided for
analysis to prevent issues associated with the demarcation of fluvial and coastal
flooding, the latter of which is not currently represented in the GFMs, although
recently CaMaFlood was coupled with the results of a Global Tide and Surge
Model (Muis et al., 2016jo simulate the influence of tide and surge on river levels
(Ikeuchi et al., 2017)

The first regon in Nigeria, referred to in this study as Lokoja, is at the
confluence of the Niger and Benue rivers. It is a region with narrow, confined
floodplains. The second region in Nigeria, located south of Lokoja between the
cities of Idah and Onitsha, is refed to as Idah in this study. The Idah region is
relatively flat and contains an extensive floodplain that has a number of smaller
channels and streams. Downstream of the Idah floodplain is a tectonic constricted
outlet. Located in central Mozambique, tfieal analysis region is referred to as
Chemba and is situated in the lower Zambezi basin, upstream of the Tdwdta.
Zambezi River in the Chemba region can be classified as anabraficturg than

one channelvith a very wide valley floor trougfDavies et al., 2000)

The flood events used as the benchmark validation datasets were the floods
of 2007 in Mozambique and of 2012 in Nigeria. These events were chosen as they
were recent largecale disasters with good observational validation data. Torrential
rain betwea December 2006 and February 2007, coupled with the landfall of
Cyclone Favio in February 2007, caused flooding in Mozambique that affected more
than 130,000 peoplRana, 2007) The 2012 flooding in Nigeria was even more
devastating;affecting almost four million people(The Federal Government of
Nigeria, 2013) The floods in Nigeria were caused by heavy rainfall between July
and October 2012.
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Figure 3.1 Global flood model validation study regions and data.

(a) Location of study regions in Africa. (bpkojaand Idah study regions with
MODIS imagery of 2012 floodindBrakenridge, N.D.) (c) Chemba study
region with MODIS imagery of 2007 floodin@rakenridge, N.D.)(d) Global

flood model aggregated fluvial flood extent output (25 year return period) for
each region where the cell colour represents the number of models that predict
it will flood in the corresponding ce(llrigg et al., 2016a)

3.3.3 Data

Flood imagery of both events was taken from the Dartmouth Flood
Observatory (DFO) archive(Brakenridge, N.D.) The DFO uses Moderate
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Resolution Image Spectroradiometer (MODIS) imagery to capture flood events

globally, and stores them online in an ogpsatess archive. Vegetation bias was
determined to have a negligible effect on the MODIS flood imagery in the three
study regiongNigro et al., 2014) The Chemba region is dominated by shrubbery
and grasslands, and any woodland is spétEeS, 2014)and although there are
forests in both regions in Nigeria, these have not dettafigraffected the observed
MODIS flood imagery. For the 2012 event in Nigeria, 45 days of imagery
(September 15 October 29) were downloaded from the DFO archive and merged
into one flood extent. Using over six weeks of data ensured that the entire event
(maximum extent) was captured. The flood extent for the 2007 event in
Mozambique was taken from a flood map image on the DFO welbsigeprocess

of georeferencing the image for analysis is outline8ippendix A1l.

Both flood events hadvery approximatly, estimated return periods of
around50 yeardBBC News, 2007, Reuters, 201dhe GFMIP compared the flood
extent outputs of siketurn periods: 25, 100, 250, 500, and 1000 years. Not all of the
individual GFMs had a 50 year return period output. Therefore, to ensure that the
validation results best represent the skill of the models, two return periods were
tested in the individuanalysis: 25 and 100 years. For the aggregated analysis, only
a 25year return period was used. The return periods mentioned in this study, both
reported and modelled, should be interpreted with an understanding of their
associated uncertainties. Botheves 6 50 year fl ood return per.i
news reports with no indication of how the value was calcul@B&€ News, 2007,
Reuters, 2012)Individual GFM return periods will not be consistent with one
another due to the different approaches eadaksték determine a given return period
flood extent. Depending on the GFM model type, the climate model used, or the

gauge data used, each GFM will have different estimated return period extents.

All the datasets used for validation in this study are open access, with the
thought that the regions and events studied can be used for future GFM validation.
The datasets are available from Research Data Leeds for academic research and

education purpos€sttps:/doi.org/10.5518/3)0

3.3.4 Analysis

The analysis in this study was done in QGIS (v2.18). Individual GFM

outputs were converted from extents with pixels indicating depth of flooding to
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binary (wet/dry) water masks representing only flood extent. No specific flood depth
threshold was used, gnthe wet/dry threshold of each individual GFM output. The
modelled and observed extents were then overlapped in each of the study regions.
The MODIS flood imagery used in this study was obtained in ~250 m resolution. In
order to preserve the detail of thHaghest resolution models, and because
comparison needs to be carried out at the same spatial resolution, the MODIS
imagery and all GFM outputs that were not previously of ~90 m resolution were
resampled using the nearest neighbour method to ~90 m resolBecause the
datasets are binary, false accuracy errors associated with resampling to a higher
resolution are not introduced. This is because interpolation between binary pixels
during resampling does not result in new values (as is the case wheplmegamn
continuous value dataset). Resampling may have introduced geospatial overlap
errors, however, these errors occur regardless of the resolution resampled to and
they are unlikely to have affected the validation results. The degree of overlap
betweerthe modelled flood extents and the observed DFO extents was calculated in
terms of the number of pixels that showed model agreement, overprediction, and
underprediction. Maps visualizing this overlap were produced (Figid)e Bhe
numerical data from thescalculations was then used to calculate performance
scores. The aggregated GFM output (FigBrEd) was extracted in six different
model agreement levels. The extents ranged from largest to smallest: from any
model agreement ( O1ldel mgedraents6 nodpls ageey). Ehohh  a |
of the six model agreement levels was converted to a binary water mask and

underwent the same analysis as the individual GFMs.

The performance metrics used in the analysis of the flood models are commonly
used in floodmodel assessments and for forecast verification in the atmospheric
scienceqWilks, 2006) The scores were also used by a number of GFM providers
for their own irhouse validatiorfWilks, 2006, Alfieri et al., 2014, Sampson et al.,
2015, Ddtori et al., 2016, Wing et al., 2017)he three performance scores were
chosen as their results represent the most important aspects of model performance:
model fit, model bias, antthe proportion of total flood captured. The first, and most
comprehensive, score is th&” score or the Critical Success Index (C&Milks,

2006)
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whereO . 'O is the intersection of th modelled and observed flood extent, or
number of correct forecasts, affd® "O is the union of modelled and observed
extent. The CSI ranges from 1 (best) to O (worst). The CSI has been shown to
favourably bias larger flood&Stephens et al., 2014However, because the floods
compared in this study have a similar return period and because model pecrman
is being compared within the same flood, CSI was deemed appropriate. The second
score, theit rate (HR)(Wilks, 2006) measures the proportion of the observed flood
that was captured by the model:
‘00
0

oY (3.2)
where O is the total observed flood extent. The HR ranges from 1 (entire flood
captured) to 0. The third score is the Bias sqWks, 2006) which measures
whether a forecast is biased towards usptediction or oveprediction:

0

0RO —o ©o P

(3.3)

where"O is the total modelled flood extent. A Bias score of Qdatks an unbiased
model. Positive and negative bias scores indicate bias towards overprediction and

underprediction respectively.

Although there are a number of other forecast verification scores that could
have been used, the thrperformance scores chosen for this study were deemed
appropriate because they do not consider the dry area in the validation regions.
Performance scores such as the Pierce skill score, false alarm rates atichtF
account for dry area in their formulaee not desirable in situations where correct
6nod forecasts dominate the analysis, as wou

regions in this stud{Stephens et al., 2014)

The variation in flood hazard output between the GFMs identified in the
GFMIP (Trigg et al., 2016bYaises the question of whethem ansemblemodel
performs better than gnndividual flood model. Multiple model combinations have
been used egnsively in the atmospheric sciengeshe form of model ensembles
(Leith, 1974, Ehrendorfer, 1997, Gneiting and Raftery, 2005, Demeritt et al., 2007,
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Siqueira et al., 2016, Schellekens et al., 20Tfi¢ ensemblenodel proposed in this
studyis a simple composite of the best performing individual models. In theory, this
ensemble shouldeducethe uncertainty associated witksing anyindividual model.
Using a combination of the best performing individual models should reduce
uncertainty as usgimultiple models with different modelling methods would negate
any errors associated with a single modelling methothe best performing
individual models to include in the ensemble are determined by the following
Ensemble Score (ES):

OY 0L QI WOIFE20 U QI @ QR (34)

In order to have one common ensemble model output, the average of the 25
year return period performance scores across the regions was used to determine the
ES. A Bias adjustment factor of 0.2 was addedhw® ES to penalise for any
significant bias towards overprediction or underprediction. The value of 0.2 was
chosen as it was large enough to penalize for bias, but small enough that the CSI
remained the most important score in the ES. The bias adjustmetmt feduces the
likelihood that any GFM that is heavily biased towards over or under prediction is
included in the ensemble model. Excessive overprediction is especially detrimental
to the ensemble model as the resulting flood footprint would be domibsgt¢he
model that tends towards overprediction. The number of individual models to
include in the ensemble model was decided based on the performance scores of the

different model agreement levels in the aggregated model validation.

Once the best indidual models to include in the ensemble model had been
determined, the ensemble model was created in QGIS by combining the flood
extents of the individual models into one, binary, ensemble flood extent. The
ensemble extent was then validated using the samathodology as for the

individual and aggregated models.

3.4 Results and Discussion

3.4.1 Individual Models

The performance scores are represented graphicaliygure 3.2 and the

GFMs are arranged from left to right in order of resolution from coatedmest.
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The results indicate that there is a significant variation between the GFMs ability in

modelling the flood events in each region. The average CSI of the GFMs range
from 0.45 (GLOFRIS) to 0.70 (JRC) for a 25 year flow. To put these scores into
context, CSI scores from other flood validation literature, in different validation
regions, range from 0-3.9 (Sampson et al., 2015, Dottori et al., 2016, Wing et al.,
2017) with >0.7 considered good and < 0.5 poor.

Lokoja stands out as the region in which almost all of the models perform
best. The higher CSI scores in Lokoja are likely a refleatidn t he r egi onds nar
confined floodplain, and the relative simplicity miodellingthe flood where extent
is not sensitive to flood discharge magnitude. The increased complexity in flood
modellingin flat extensive floodplains such as the one in Idareikected in the
lower CSI scores for the region. The overlap of the observednadelledextents
(Figure 33) illustrates the varied success of the GFMsmatdelling floodplain

inundation in Idah.

GLOFRIS, which uses a simple flood volume distributiovethod for
modellinginundation, had the lowest average CSI score across the three regions and
showed very large regions of underprediction in Idah. The other 2D models, which
have a more hydrodynamic flood modelling scheme scored better across the three
regions. This could be due to a more accurate representation of the physics of
floodplain flow or a better characterization of the river floodplain. This is evident in
Idah, where CaMdrlood, SSBN, and JRC performed better, possibly due to the
greater conectivity modelled within the floodplain by their native sgihd models.
Although implementing similar schemes, the subtleties of their 2D model structures
differ. This could explain why the JRC model had higher performance scores across
the three regiond he benefits f CIMAUNE P 6 s s i mpdedion adpiaclt r 0 s s
to modelling floodplains proved successful at modelling much of the central
floodplain missed by GFMs as the 1D section implicitly connects low areas along
the crosssection. However, this caalso lead to overprediction if the 1D approach

models inundation in low lying floodplain areas with no connectivity to the channel.
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Figure 3.2 Individual global flood model (GFM) critical success index (CSl), Bias,
and hit rate (HRperformance scores when compared against observed events
in Lokoja, Idah, and Chemba.

Results shown for 25 and 100 year return period GFM output.

The GFM with one of the highest CSI scores in Chemba is ECMWF,
whereas the GFM with the lowest CSI scoreGhemba is CaM#&lood. This
highlights the importance of input flow in GFM performance: Ceftaod and
ECMWEF share the same core hydrodynamic model, but differ in their flow
generation model. The performance of CaMaod also significantly improves as
the modelled return period is increased from 25 years to 100 years. This suggests
that the input flow was the limiting factor affecting the performance scores of the 25
year output. Apart from ECMWEF, increasing the return period from 25 years to 100
years genally increased the CSI scores of the GFMs. Increasing the GFM return
period resulted in averaged CSI percentage increases of 14% (GLOFRIS), 0.1%
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(JRC), 5% (CIMAUNEP), 19% (CaMdlood), and 15% (SSBN). These findings
show that in these three study are@&,OFRIS, CaMaFlood and SSBN are
sensitive to input flow. However, the level of return period sensitivity could be

exaggerated by the fact that these three models all showed higher bias towards
underprediction at the 25 year return period than the rasieainodels. Increasing

the return period of an underpredicting and an unbiased flood model would likely
result in a comparatively greater proportion of additional flooding being captured by
the underpredicting model at the higher return period, thus padina larger
increase in CSI. JRC continues to perform the best of all the models at either return
period when averaged across the three regions. The variation in input flow is
reflected in the HR and BIAS scores of the GFMs. Averaged across all three
regons, ECMWF captures almost all the flooding, with an HR of 0.96 for a 25 year
flood. However, it is the GFM that showed the largest bias in either direction: 0.44
for the 25 year return period and 0.49 for the 100 year return period. These results
suggestthat ECMWEF is significantly overestimating input flow at both return

periods.

The differences in model forcing (climate reanalysis data vs. gauged
discharge data) is apparent in the bias scores of the GFMs.-OINEZP and SSBN,
both based on gauged disaa data, show an average bias towards underprediction
at the 25 year return period and an average bias towards overprediction at the 100
year return period. This suggests that both gauge forced models are doing a good job
at estimating the reported 50 yeaturn period of the observed flooding. Three of
the four models forced by climate reanalysis data show bias in only one direction at
both return periods, suggesting that the climate forced models have greater difficulty
predicting a representative ratuperiod. This could be due to the fact that the
validation regions are in the tropics and reanalysis datasets have been found to
poorly represent precipitation in the tropi@eck et al., 2017)However, caution
should be taken before drawimggneral conclusions because input flow is not the
only parameter influencing floodplain extent (for instance, poorly represented

floodplain connectivity might cause a systematic estimation bias on flood extent).
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Figure 3.3 Overlap of individual globallood model extent for return period flows
of 25 and 100 years and MODIS observed flood extent for Lokoja, Idah, and
Chemba

The improved connectivity offered by higher spatial resolution GFMs is
evident in the Idah floodplain (Figure 3.3). CIMANEP and SBN, both with
outputs of 90 m resolution at the equator, are able to model some of the smaller
channels within the floodplain (either implicitly or explicitly). Despite the improved
connectivity representation, there is no discernible correlation between
performance scores and GFM spatial resolution, indicating that the models still need
further improvements in capturing river/floodplain connectivity. At present, there is
currently no weldeveloped method to represent channel bifurcation in 1D fluvial
models. A better representation of bifurcation would improve the performance of
both 1D and 2D subrid models in areas of high bifurcation, such as floodplains
(Mateo et al., 2017)
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The comparative usefulness of GFMs and regional flood models is a point of
contention in flood modelling literatur@VorldBank, 2014, Ward et al., 2015)

Thomas (20173dleveloped a regional flood model for southern Nigeria and validated

it against the 2012 floods. The model incorporaiedal bathymetric and
hydrographic data. When compared with MODIS data of the flood event, the
regi onal model 6s CSI scores were 0.73 and O.
Comparison with the best GFM performance scores show that JRC andRizdda
outperform the regional model in Lokoja with CSls of 0.78 and 0.75, respectively.
The case for the GFMs is even stronger in Idah as five GFMs outperform the
regional model: JRC, SSBN, CaNfdood, ECMWF and CIMAUNEP with CSI

scores of 0.70, 0.65, 0.58, 0.68d 0.58 respectively. Comparison of performance
scores between the studies should be approached with some caution as the analysis
areas inthe Thomas (2017%tudy varied slightly compared with the ones used in this
study. However, in the cases shown here, the performance of GFMs is comparable
to, or in some cases better than, the performance locally calibrated regional

model.
3.4.2 Aggregated Model

The performance scores of the different levels of model agreement for the 25
year return period aggregated model (Figure 3.4d)ows t hat the CSI peak
and O3 model a sultsearespamd with thehresidte of theeindividual
model validation: two or three models consistently outperform the rest. A hit rate of
0.36 at 6 model agreement shows that all six models are correctly capturing at least
36% of the observed flood evenihe bias trends steadily from overprediction to
underprediction as the model agreement level increases. The least bias in either
direction occursa®®3 and O4 model agreement, this is |
opposite bias of the individual modedeown in Figure3.2 balanced one another

out.
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Figure 3.4 Aggregated and ensemble model performance scores.

(a) Critical success index (CSI), hit rate (HR), and Bias scores averaged across
all three study regions for the six different levels aijgregated model
agreement for a 25 year return period flogo) The three best performing
individual global flood model§GFM) that are includeth the ensemble model

as determined by the ensemble score. (c) CSI scores for the ensendlele

the best pdorming individual GFM (JRC), and the best performing
aggregated model agreement le@2(Model Agreement) for a 25 year return
period flood.

3.4.3 Ensemble Model

The aggregated model validation found that@i® a 18 chodél agreement
groups hadhe highest CSI scores. As a result, thenber of models chosen to
include in the ensemble model was three. The individual models included in the
ensemble model, chosen using E® were JRC, CIMAUNEP, and SSBN (Figure
34(b)). The validation performancscores of the ensemble model are compared
(Figure 3.4(c)) with the best performing models from the individual and aggregate
group: J2RGdelagrakmedt. The results show that there is little difference
between the CSI scores of the ensemble mad&,C , 2 madel Ggreement.
Furthermore, the JRC GFM scores higher than the ensemble model in Lokoja and
Idah. The aim of an ensemble model is to reduce the uncertainty associated with
using a single model. For an ensemble model to perform better tdemdual
models, the individual models that make up the ensemble model need to compensate
for the uncertainty in the other models either through different input data or different

modelling methods. Judging from the results of the analysis, it seems that th
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combination of individual models did not improve the results as a whole. If

anything, they added to the uncertainty in the form of increased overprediction,
which resulted in the reduced CSI scores. Although the ensemble model did not
outperform the besindividual model, it did score comparably well. There are
situations where this ensemble approach could be of use. For example, in regions
where it is not possible to validate flood models to determine the best individual
model, the use of a multiple mdamsemble could reduce the uncertainty associated
with using only one model, whilst not significantly reducing the flood extent

prediction accuracy.
3.4.4 Observational Data

It is imprudentto discuss our validation finding&ithout making some
reference to the observational data used and the inherent uncertainty that is
associated with flood observation mapping. This study used extents from the DFO
archive, which is currently the most extensive global flood database. Howevkr,
is being done to develop a global database of historic flood events in Google Earth
Engine (GEE)Tellman et al., 2017, Tellman et al., 2018he DFO flood extents
used in this study and the equivalent extents from the new GEE global database
(Tellman et al., 2018 ere analysed to examine the agreement between the two data
sources. The results of the analysis show that there2tsdi®agreement in Lokoja
(CSI 0.88), 11% disagreement in Idah (CSI 0.89), and 63% disagreement in Chemba
(CSI 0.37) between the observed flood extents from the two data sources. The bias
scores are also always in the direction of the DFO extents (Lokifa ldah 0.01,
and Chemba 1.32) indicating that the DFO extents are larger. Figures showing the
observational agreement and disagreement are includeppendix A3. This
observational disagreement between data sources highlights an underlying problem
with flood mapping. Satellite imagery, both optical and radar, faces issues with
observational bias. Optical imagery is affected by cloud cover and radar imagery is
affected by vegetation. Data sources differ in the methods they use to reduce the
effects of sich observational bias. As a result, flood maps for the same event can
differ if they are obtained from different sources. Neither source captures all of the
flooding; each misses different parts. The task faced by the end user when
confronted with the urertainty associated with two disagreeing datasets is to decide

which most closely represents the actual event. Even then, the chosen extent is used
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under the assumption that it is entirely correct. If these observational uncertainties
could be incorporateihto flood maps, it would allow for a measure of confidence to
be calculated relating to the accuracy of the observations and as a result, the

accuracy of the validation findings.

3.5 Conclusions

This paper has outlined the first validation intercongzaribetween GFMs.
Validation of the individual models against observed events in Nigeria and
Mozambique showed that there is a significant variation in GFM performance, with
average CSI scores ranging from 0.45 to 0.7. Site specific conditions played an
important role in model performance. The GFMs scored well in Lokoja, where flood
extents were restricted by a confined floodplain. Conversely, the models showed
less skill in Idah, a flat extensive floodplain with complex morphology. The
underlying hydraulic models showed varied success in modelling floodplain
inundation. CIMAUNE P 6 s 1D approach was able to
connectivity within the Idah floodplain. Generally however, the connectivity
provided by 2D models was evident in both the peméoice scores and the
inundation maps. 2D hydrodynamic models showed significantly more skill at
predicting inundation than 2D volume redistribution methods. Input flow was
identified as a crucial factor imodelinga representative flood inundation extent
and increasing the return period of the GFMs resulted in significant improvements
for half of the GFMs. The GFMs forced by gauged data showed better return period
accuracy than those forced by climate reanalysis data. This was attributed to the
poor reanalsis representation of precipitation in the tropics. Spatial resolution,
although showing some improvement in floodplain connectivity, did not obviously

improve model performance.

Comparison of the GFMs with a regional flood model developed for Nigeria
showed that some of the GFMs outperformed the regional maddaiough
validation, the three best models were identified and combined into a composite
model. The validation of the composite model, showed that it performed similarly,
but not better thathe lest individual GFM.
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3.6 Outlook

This study has demonstrated the usefulness of a collective GFM validation
procedure. The comparisons and conclusions that can be drawn from the common
validation data cannot be made using the individual internal GFM tialiddata
that has been available thus far. The focus area of this study has been limited to
three regions in Africa and has looked only at flood extéite GFMs tested in this
study have a multitude of uses beyond only flood extent mapping. Theseeinclud
but are not limited to: flood forecasting, estimating future impacts, and real time
disaster response. Going further, a more extensive validation procedure that
incorporates a comparison of flow veloc{§reibich et al., 2009)inundateddepth ,
and flood durationDang et al., 2011yvould allow more conclusions to be drawn
about both the performance and different uses of the models. The validation also
needs to be extended across different climates and continents. To da this
catalogue of appropriate validation regions needs to be developed and the
observational data used for validation needs to be shared openly. Future studies
should also incorporate more GFMs such as insurance catastrophe models to
encourage the knowledgtransfer between research and industry. Incorporating
advanced methods of model output validation and applying them across more

regions would allow for a truly global validation comparison study of GFMs.
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Chapter 4

Global flood exposure from different sizedrivers

4.1 Abstract

There is now a wealth of data to calculate global flerdosure. Available
datasets differ in detail and representation of both global population distribution and
global flood hazard. Previous studies of global flood risk have used datasets
interchangeably without addressing the impacts using different datamdt have
on exposure estimates. By calculating flood exposure to different sized rivers using
a modelindependent geomorphologicaer flood susceptibility map (RFSM), we
show that limits placed on the size of river represented in global flood nredeals
in global flood exposure estimates that differ by greater than a factor of 2. The
choice of population dataset is found to be equally important and can have enormous
impacts on national flood exposure estimatestdgate, highresolution populatin
dataarevital for accurately representing exposure to smaller rivers and will be key
in improving the global flood risk picture. Our results inform the appropriate

application of these datasets and where further development and research is needed.

4.2 Introduction

River floods are amongst the most frequent and damaging natural disasters
globally (CRED and UNDRR, 2020) Considerable effort has gone into
understanding global river flooding over the last decade, and a number of global
flood models (GFMs) have been developed concurrgitmazaki et al., 2011,
Pappenberger etl., 2012, Winsemius et al., 2013, Rudari et al., 2015, Sampson et
al., 2015, Dottori et al., 2016cJhe usefulness of these GFMs was initially limited
to coarse scale flood risk assessmé@htard et al., 2015)largely due to globadcale
data limitations. However, the incorporatiocof higher accuracy terrain data,
available at the national level, has shown that their modelling frameworks are also

suited to identifying more localized risk when utilising local d@téng et al.,
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2017) Previous studies comparing GFMs have shown there is disagreement
between the global flood exter(fBrigg et al., 2016b, Bernhofen et al., 2018b, Aerts

et al,, 2020) This disagreement between GFMs stems from differandel
structures and method®ne key difference between the models, which has not yet
been explored, is the size of their river networks. The models have different river
size thresholds at which they simulate fluvial events. These thresholds detdrenine t
size andnumber of rivers represented in GFMwhich can differ by several orders

of magnitude The size of a model ds river networ k i
and resolution of the model input datasets such as the underlying digital elevation
model (DEM) and climatologyDottori et al., 2016cas well as the computational
efficiency of the model, as the introduction of smaller rivers exponentially increases
the modelled domainChosen thresholds also influence estimates of global flood
exposure, as larger river networks result in higher simulated flood volumes and
potential exposw. The effect that GFM river network size has on flood exposure
estimates has not yet been quantified at the global s&sleemotesensing (RS)
technologies continue to advance, so will the granularity at which rivers can be
represented globally. Smalleivers, previously unrepresented in coarse global
datasets, will be able to be studied and modelled at large scales; potentially
reframing current global flood exposure estimat@sited work has been dedicated

to the investigation of the human interactiwith rivers of different siz€Kummu et

al., 2011) Understanding this interaction globally, particularly with respect to river
flooding, will inform us about the completeness of current global flood exposure

studies and identify where further study and developmemteeded.

A comprehensive understanding of flood risk requires information about the
hazard, what or who is exposed, and their vulnerability. Exposure could include
damages (both direct and indirect), exposed gross domestic product (GDP), exposed
assetsand most commonly: exposed peofiléard et al., 2020)Identifying flood
exposed populations usually involves intersecting a flood hazard map with a
population map. The methods and inputs used to produce population datasets differ,
and so does their intended udesyk et al., 2019)Recently released population
maps, which utilize commercial RS data and are an order of magnitude more
resolved than existing population datag@iecke, 2017are already being used for
disaster preparedness and respofiBacebook, 2019) However, our current

understanding of global flood exposure is based on exigjlabal population
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datasets, and these datasets have been used interchangeably in global studies
(Tanoue et al., 2016, Jongman et al., 2012, Dottori et al., 2018)ittle comment

about their relative merit. The credibility of existing globabfioexposure estimates

in light of new, more detailed, population data and the implications of their
interchangeable use in studies of global flood exposure needs to be explored.
recent study bySmith et al. (2019) reported large disagreement between flood
exposure estimates calculated in 18 developing countries using three different
populdion datasets. The identification of population data as one of the chief sources
of uncertainty in global flood exposure studies warrants further investigation at the
global scaleUnderstanding how both new and existing population datasets differ in
their resulting exposure estimates, both regionally and within the hierarchy of the

river network, can inform users about the most appropriate population dataset to use.

To explicitly explore the impact of river network size on global flood
exposure estimatesy e use a geomor phol ogi cal me a
susceptibility, which is independent from current GFMs and the additional
uncertainties their different model structures bring. Fluvial processes contribute to
the evolution of a landscape over time.eTérosional action of flowing water has
shaped the terrain of drainage basins to reflect the historical flow of water through
them. Geomorphological approaches to mapping river flood susceptibility rely on
the concept that the cumulative hydrogeomorphiecebf past flood events, evident
in topography dat a, is indicative of a 1
flood mapping have been applied over a number of scales: from (Idexali et al.,

2006, Nobre et al., 2016, Dodov and Foufe@korgiou, 2006) to national
(Jafarzadegan et al., 2018, Samela et al., 2@d7egionalLugeri et al., 2010and
global (Nardi et al., 2019) The computational efficiency of geomorphic flood
mapping, coupled with its reliance on only terrain data as input, make it useful for a
o0 f i r sdlobal szalekabalysisntended to inform futre development of higher

accuracy hydrological flood mappiriDi Baldassarre et al., 2020)

OQur geomor phol ogi cal approach to map
herein referred to as the River Flood Susceptibility Map (RFSM) is based on new
topography data(Yamazaki et al., 2017)which incorporate crowdsourced
information to better represetite locations of rivers and streaif¥samazaki et al.,

2019) Validation of our calibrated methodology (outlined in detaiRppendix B



Chapter 4
102 Global flood exposure from ffierent sized rivers

shows that the RFSM better replicates GFM hazaagdain Africa than an existing
global geomorphological approadNardi et al., 2019) We also show that the
RFSM performs similarly to the best GFNIBottori et al., 2016¢, Sampson et al.,
2015, Yamazakiet al., 2011)when validated against historical flood events
(Bernhofen et al., 2018b)The RFSM allows us to easitliscretizethe floodmap

into different river sizes (independently of GFMs). We investigate the human
interface with these different size rivers u
High Resolution Settlement Layer (HRSL), (1-ascond, ~30 m resolution at the
equatoy (Tiecke, 2017which is currently only available in 168 countries globally,
and two population datasets used extensively in previous studies of global flood risk:
the Global Human Settlement Population (GPISP) (9 arcsecond, ~250 m
resolution at the equatafffreire et al., 2015, Schiavina, 20E)d WorldPop (3 arc
second, ~90 m resolution at the equaf®tevens et al., 2015, Lloyd et al., 2019)

We present a global picture of flood exposure to different size rivers, both in the
present day, and how it has changedrawne past 40 years. We then compare the
flood exposure calculated using different population layers, exploring the
implications this has on national level flood exposure estimates and examine the
impactthat river sizehas on any disagreement. Finallye address the size of rivers
represented in GFMs specifically and investigate how their chosen river network
size impacts both global and national flood exposure estimates and what

implications this has for previously published global flood risk assessment

4.3 Methods

4.3.1 Mapping River Flood Susceptibility

We use a geomorphological approach to mapping river flood susceptibility,
which is independent from the global flood models (GFMs). Previous GFM
comparison studies found that multiple aspects oflehcstructure contributed
towards disagreemerffirigg et al., 2016b, Bernhofen et al., 2018b, Aerts et al.,
2020) Using a geomorphological approach, we are able to explore just one aspect of
disagreement: river networgize. This approach allows us to explore all stream
scales as drainage paths can be identified from the terrain alone. It is not influenced
by the structure of the different GFMs and does not have the same computational

restraints as a global hydrodynammwwdel. This approach is different from the
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GFMs in that it does not measure the flood extent for a given return period flood,

but rather a river and surrounding | ocat

There are different approaches to geomorgldodplain mapping. Three
approaches were compared on the Tiber River in Central IltaMdnfreda et al.
(2014) That study found that approaches utilizing morphological descriptors to
delineate floodplains better replicate reference flood extents. The best morphological
descriptor was found to be the relatielevation difference to the nearest channel
(H). In a follow up study,Samela et al. (2017)nvestigated 11 different
morphological descriptors in the Ohio River basin and then tested the best
performing descriptors across the conterminous United States. Whileas
amongst the best four descriptors, it was shown to be highly variable across basins.
The study found that the best moopdgical descriptor was a geomorphic index
which relateHt o a function of the nearest <chan
we use for delineating a ri viegtiaovd | ood
nearesidrainage (HAND) methodology developed Rgbre et al. (2011)We use a
variable H value @Hn), which changes depending on the Strahler stream order
(Strahler, 1957pf the flooded channel (whereis the Strahler stream order). This
geomophic approach, requiring only terrain data as input, is computationally
efficient, and can be easily modified to produce auxiliary data layers.

Our method, referred to as therer flood susceptibility map (RFSM)
(Bernhofen et al., 2021)s illustrated inFigure 4.1landtakesthree gridded datasets
as input: a digital elevation model (DEM), its derived drainage directions, and its
upstream drainage area (UDA). We WMalti Error-Removed Improvederrain
(MERIT) hydro data(Yamazaki et al., 20191 hydrography dataset based on the
error improved SRTM(Shuttle Radar and Topography MissioREM: MERIT
DEM (Yamazaki et al., 2017)MERIT Hydro is an improvement on previously
available global hydrography datassteh as MdroSHEDs(Lehner et al., 2008n
terms of both spatial coverage and its representation of small streams. ltgeidhpro
representation of small streams is enabled by its incorporation of global water body
data and crowdsourced OpenStreetMap river data. This makes it particularly suited
to this study where we are interested in examining the flood susceptibility ofsriver

down to the smallest streams.
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Figure 4.1 |lllustrative example of the method for deriving the river flood

susceptibility map (RFSM)

(a) Userdefined input parameters include the minimum river size and the
maximum relative elevation difference to the nearest draining chamdbr

each Strahler stream order. Dataset inputs include a digital elevation model
(DEM), flow direction grid,and an upstream drainage area grid (represented
on a 12 x 12 krgrid for illustrative purposes). Rivers (as defined by the
minimum river size threshold) are classified into Strahler stream orders. (b)
Each Strahler stream order is processed separaszly the height above
nearest drainage methods, and then the layers are combined. In areas of
overlap the highestrder streams are retained. {@yo outputs are produced: a
map of the drainage are of the nearest flooded river and a map of the Strahler
ordea of the nearest flooded river. See Figure 4.7 for an example of RFSM
output in Bosnia and Herzegovina and GuiBéessau.
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The river network is extracted from the upstream drainage area dataset by
specifying a minimum threshold river size (in units of UDAdentifying the
headwater of a river is no trivial task, with regional and climatic factors playing a
part (Montgomery and Dietrich, 1988, Tarboton et al., 199R)evious work
exploring optimal initiation thresholds for geomorphological floodplain mapping
found that DEMs with a resolution of 1 arc second (~30 m) could use initiation
thresholds less than 10 kKMUDA. In the same study, a 3 arc second (~90 m)
resolution DEM was used with a 100 kDA threshold(Annis et al., 2019) The
MERIT Hydro data we use in this study has a resolubio8 arc seconds (~90 m).

But its incorporation of crowdsourced river data has optimized its representation of
small streams and rivers. As such, we use a globally consistent river initiation
threshold of 10km? UDA for the RFSM. This is a large assumpti@s in some

locations globally there will be no visible channel at this location. However, we
argue that removing areas of potential exposure to avoid overprediction in some
areas goes against the premise of this study, which is to explore and identify
O6mssedd areas of exposur e. The exposur

therefore be interpreted with these limitations in mind.

Once the river network has been extracted, the rivers in the network are
classified based on their Strahler stream ar(fétrahler, 1957)The Strahler stream
order is a dimensionless indicator of the magnitude of the river based on its

hierarchy within the drainage basin.
4.3.1.1Calibrating the River Flood Susceptibility Map

The maximum relative elevation differencetbe nearest draining channel,
Hn (see Figure 4.1(a)), for each Strahler stream ordgriq the only RFSM
parameter requiring calibration. We use a varidhewhich scales with Strahler
stream order, to account for changes ir
Samela et al. (2017the best performing geomorphic index also accounts for

variations in river size by scaling rele

To account forclimatic variabilityi n a r i ver 6 s (Brhitbetd sus
al., 2015) we split the globe into five simplified dppenGeiger climate zones
(Figure 4.2): Tropical, Arid, Temperate, Continental and &olPolar regions are

excluded from our analysis as these regions are dominated by latomait fluvial



Chapter 4
106 Global flood exposure from ffierent sized rivers

processe$Chen et al., 2019)The RFSM has uniquely calibrateti values in each

of the four climate zones. We calibrate tHg values in 19 dferent basins (see
Figure4.2), spanning 5 different continents across all four climate zones considered.
Reference flood maps used for calibration are a mixture of national, continental, and
global flood hazard maps. To maintain consistency across libeatan data, we

use 106year return period flood hazard maps. We use a combination of national,
continental, and global flood hazard maps for calibration in each climate zone. This
is to ensure that there is sufficient calibration data for each Stiadder river, as

only the national flood hazard data captures flooding for-doser rivers. Two
different national flood maps are used for calibration. The first is the National Flood
Hazard Layer (NFHL) produced by the Federal Emergency Management Agency
(FEMA). NFHL dataare used for calibration in North American basins including
Puerto Rico, Lower Gila, Upper Pecos, Lower Mississippi, Alabama, Muskingum,
Rock, and Susquehanna. The second national flood map is the Environment
A g e n c y-gear fldod@p for planningwhich is used for calibrating the RFSM

in the Thames basin in England. The continental flood map for ERxqueéori et

al., 2016b) developed by the Joint Research Centre (JRC) is used to calibrate the
RFSM in the Jucar river basin in Spaine Loire river basin in Francthe Po river

basin in Italy and Switzerlan@nd the Oder river basin in Polan@dermany, and
Czech Republic. A global flood hazard mgpottori et al., 2016a)also developed

by the JRC, isised to calibrate the RFSM in the Central Amazon basin in Brazil; the
Lower Congo basin in the Democratic Republic of Congo and the Republic of
Congo; the Lower Mekong basin in Thailand, Cambodia, Vietham, and Laos; the
Upper Nile basin in Egypt and Sudathe Lower Lena basin in Russia and
Kazakhstan; and the Central Lena basin in Russia. Maps of the reference flood maps
used for calibration are shown kigureB1 in Appendix Band further details about

each calibration basin can be foundraibleB1 in Appendix B
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Figure 4.2 The calibration basins shown on a map of simplifiggppenGeiger
climate zones and the calibrated maximum relative elevation difference to the
nearest draining channédi{) for each Strahler stream order in the four climate
zores considered (polar regions are excluded from the analysis).

The values are calibrated in each climate zone by running thousands of
different combinations oH, in each calibration basin. Optim&l, values are
determined by using three commonly used measure of fit soorgsal success
index (CSI),hit rate (HR), andbias (Wilks, 2006) The Hn values retained are the
ones that result in the best fit scores with respect to the reference flood maps within
each climate zone. Final calibratéll values for each climate zone are shown in
Figure4.2. More detailed information on the calibration of the RFSM can be found

in Appendix B1.

Once Hn values for each order have been assigned, each stream order is
processed separatglyigure4.1(b)), and then merged together. In areas of overlap,
the highest order stream retath® valuesTwo datasets are produced as output: a
map of the flooded riverods wupstream dr ai
Strahler stream order. lllustrations of these two outputs are shdvigure4.1(c).

4.3.1.1Validating the River Flood Susceptibility Map

The RFSM is validated against both existing GFMs and observed flood
events. Validation against GFMs is carried out for the whole African continent using
the 100year return period aggregated outpfitsix GFMs from a previous model
intercomparison studyTrigg et al., 2016a) The six GFMs that make up the
aggregated output include CIMBNEP (Rudari et al., 2015) ECMWF
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(Pappenberger et al., 201 Eathom(Sampson et al., 20156LOFRIS(Winsemius
et al., 2013, Ward et al., 2013RC(Dottori et al., 2016¢)and UTokyo (Yamazaki

et al., 2011)To assess the credity of the RFSM, it is also validated alongside an

existing global geomorphological floodplain m@ardi et al., 2019)For validation

we split the African continent into eight major drainage basins Kgpae B.3 in
Appendix B according to the Hydro8SIN Level 2 classificatiorflLehner and Girill,
2013). The results of the GFM validation show that the RFSM produces credible
flood extents when compared with existing GFM outputs in Africa. The RFSM
correctly captures over 90% of high agreement flood zones (where afiveastt

of six GFMs agree) irsevenof theeightmajor drainage basins in Africa. In the East
African basin, the RFSM captures 87% of this hagiteement flood zone.
Comparing CSI, HR andias scores for the RFSM and the existing global
geomorphological floodplain map, the RFSM scdretter in all the major drainage
basins in Africa except for North Africa (where both maps score poorly due to the
Sahara Desert). The RFSM is also validated against observed flood events in Nigeria
and Mozambique. The 2012 flooding in Nigeria and the7Z@fbds in Mozambique
affected four million people and over one hundred thousand people respectively
(Bernhofen et al., 2018b)alidation data for both these flood events used in a
previous GFM validation comparison diu(Bernhofen et al., 2018a@ye also used

to validate the RFSM. Th&FSM is validated against observed data in three
validation regions: Lokoja, which is a narrow, confined floodplain at the confluence
of Niger and Benue rivers in Nigeria; Idah, which is a flat and extensive floodplain
south of Lokoja; and Chemba, whichan anabranching stretch of the Zambezi river
just upstream of the delta in Mozambique. Validation of the RFSM against observed
data from these historical flood events show that it performs similarly to the best
performing GFMs in each of the three vatida regions. Further detail about the
validation of the RFSM can be foundAppendix B2.

It is important to note the limitations of our methodology and
geomorphological approaches in general. The RFSM does not account for flood
protection measures armhnnot communicate the probability of flooding in any
| ocati on. It consistently represents a ri Vve
surrounding terrain alone. In regions where the floodplain boundaries are less
distinguishable from the terrain, suchfled and lowlying areas, geomorphological

approaches are prone to overprediction as they do not represent mass and
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4.3.2 Measuring Exposure

We investigate the human exposure to river flood susceptibility. Human
exposure is herein defined as the intersection of our fiwed susceptibility map
and a spatially distributed population layer. hopulation datasets are used to
measur e exposur e: Facebookds Hi gh Resol uti
(Facebook and CIESIN, 2016) The European Commission Joint
Global Human Settlement Population (GRSOP)(Schiavina, 2019)and WorldPop
(Stevens et al., 2015)These population datasets all use the same initial input census
data, fromGridded Population of the World5PW) v4 (Center for International
Earth Science Information Networ CIESIN - Columbia University, 2016)but
their methods for allocating the popul ation
HRSL is the only dataset of the three lacking full global coverage (at the time of
writing 168 countries have been mappédd)is also the most recent, with work
ongoing to map the remaining countries. HRSL uses -bigiaresolution
commercial satellite imagery (~ 50 cm resolution) and convolutional neural
networks to detect individual buildings at the country leg€lecke, 2017)
Subnational census data for the year 2018 is then proportionally allocated to the

identified buildings at 1 arc second resolutiorBQ~-m at the equator).

Similarly to the HRSL -POR dataget identiies | og vy, JRC
built-up areas from Landsat imagery and proportionally allocates census data to the
built-up areagFreire et al., 2015)n regions where no settlements can be identified,
but where census data indicates there is a population, the population is evenly
distributed across the census area using areal weiglirege et al., 2016)This
can occur in some rar areas, where small settlements are not captured by the
Landsat imagery. Despite being coarser in spatial resolution at 9 arc seconds (~250
m at the equator), GHBOP provides consistent muiémporal population
estimatesfpr the yearsl975 199Q 2000, and2015)allowing for accurate analyses
over time(Freire et al., 2020)

Unlike the other two population datasets, which evenly spread census data
over identified settlements, WorldPop uses a complex model to disaggregate
population over an arefé_eyk et al., 2019)It uses a random forest model and a
number of ancillary datasets to dynamiigaleight the distribution of census data



Chapter 4
Globalflood exposure frondifferent sizedrivers 111

over a 3 arc second (~90 m at the equator) gridded(Stemens et al., 2015p

produce annual population estimates fr20002020.

Exposure calculations necessitate uniformity between the intersecting
datasets in terms of spatial resolution. As such, the-BE&B layer wasesampled
from 9 arc secondesolutionand the population evenly distributeda@ arc second
resolution gridto allow for analysis with a flood map of the same resolution
Conversely, for the HRSL exposure calculations the RFSM was resampled from 3
arc second to 1 arc second resolution. When comparing the exposure results between
population datasets the epoch useddomparison was 2015. National population
totals for the HRSL and WorldPop datasets for the years 2018 and 2015,
respectively, were scaled relative to GRSP 2015 national population totals.

44 Results and Discussion

4.4.1 Global Exposure toDifferent Sized Rivers from GHSPOP

Rivers were classified intix different sizes, expressed in upstream
drainage area (UDA) (kfjy with the ranges increasing in powers of 10. River
classifications based on UDA, depicted kigure 4.3(b) for Nigeria, wee as
follows: stream (1600 kn¥), small river (1061,000 knf), medium river (1000
10,000 knf), mediumlarge river (10,000000,000 kr), large river (100,000
1,000,000 krf), and huge river (>1,000,000 Rmn

Flood exposure is first calculated using thelSSPOP layer. Globally, we
find 1.94 billion people susceptible to flooding from rivers with a UDA greater than

10 knt. Breaking this down by continent, /
Africads is 203 million, Eugis flendillon, i s 1 (
South Americads is 59 million, and Ocea

exposure by river size, of the total exposed: 18.2% are from streams, 26.4% from
small rivers, 23.7% from medium rivers, 17.2% from medlamge rivers, 81%

from large rivers, and 6.1% from huge rivers. Asia makes up over 75% of the total
global flood exposure, the majority of this amount coming from India and China,
which are by far the two most exposed countries Fsgpare4.3(a)). Roughly half of

| n csiflaod exposure is from streams and small rivers. Comparably, in China, this

figure is closer to a third. This is likely due to the degree of urbanisation in both
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countri es; the percentage of Chinads wurban
(WorldBank, 2018) Urban areas are disproportionately located on large rivers due

to the historical tendency for settlements to form in areas fertile for farming and

convenient for transporiMcCool et al., 2009) As such, a greateproportion of

flood exposure in China comes from larger rivers, whereas in India, a greater

proportion comes from rural exposure to smaller rivers. Rivers classifidtlged

are only found in some countries, but often thegke upa large proportion ofhe

national flood risk. For example, the Brahmaputra in Bangladesh and the Nile in

Egypt and Sudan are responsible for just under half of the national flood exposure in

their respective countries.

To identify countries with the most acute flood riskgpesure was
normalized against total national population (Figdr8(c)). Suriname has the
hi ghest normalized exposure, with 894 people
elevation relief, and its capital city situated on the banks of the Suriname eaer n
its outlet into the Atlantic Ocean, makes Suriname particularly vulnerable to
flooding (WorldBank, 2019) A total of 4 of the top 10 mosiinormallyd exposed
countries are in south or southeast Asia. These include Bangladesh, Cambodia,
Thailand, and Vietnam. Flooding in these countries is severe and annual, normally
occurring each year during the monsoon season. In Europe, the Netherlands has a
high namalized exposure, 738 exposed per 1000. The Netherlands has a long
history of flooding due to its low elevation, flat terrain, and high population density.
It also has the most advanced flood defence systems in the world, designed to
contain river waterdvels with a probability of occurrence once every 1250 years
(Stokkomet al., 2005) Geomorphological approaches to flood mapping, such as the
RFSM, cannot model probabilities of occurrence; and are therefore unable to
represent flood prevention measur€scussolini et al., 2016and distinguish
defended and undefended floodplain zones. Much of the exposed population in the
Netherlands, as well as other countries with flood protection, reside in the defended
area of a floodplain. This does not eliminate their risk of flooding; jukiaes the
probability of it. The severity of a flood event when defences fail can be
catastrophic, resulting in high velocity flows and rapid inundation with little to no

warning.
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The top 50 exposed countries calculated using the WorldPop and HRSL
datasets are detailed kiiguresB.13 andB.14 of Appendix B respectively. We also
compare continental and global flood exposure estimates from different sized rivers
calcuated using GHS?OP and WorldPop iable4.1 1t 6s not possible to
these global results with HRSL calculated exposure, as it does not yet have global
coverage. Globaflood exposure calculated using the WorldPop layer is 2.026
Billion, roughly 83Million larger than the global figure calculated using GPISP.
Differences in exposure between the two datasets are largest in Africa and Asia and
Oceania. We explore the implications of using different population datasets for flood

exposure calculatioria greater detail irsection4.4.30f thischapter

Table 4.1 Comparison of continental and global flood exposure estimates from
different sized rivers calculated with the Global Human Settlement Population
(GP) layer and WorldPopWP).

Exposure is imillions of people.

Africa Americas Asia and Europe Global

Oceania
River
GP WP GP WP GP WP GP WP GP WP
Class

Stream | 33.2 42.1 38.88 38.45 | 260.53 274.69 | 20.65 20.07| 353.26 275.31
Small 41.03 4843 | 36.72 36.13 | 409.21 415.31 | 26.63 26.01| 513.59 525.88
Medium | 39.41 43.45 | 29.84 30.28 | 363.67 384.77 | 26.84 26.72| 459.76 485.22
Medium- | 34.23 3591 | 20.94 20.65 | 260.44 268.13 | 18.64 18.6 | 334.25 343.29

Large

Large 25.36 21.8 11.9 11.9 114.14 126.46 | 11.4 115 | 162.8 171.66
Huge 30.45 30.24 | 2.65 2.74 86.41 92.09 0 0 119.5 125.07
Total 203.68 221.93| 140.93 140.15| 1494.4 1561.45| 104.16 102.9| 1943.17 2026.43

4.42 Exposure Change from 19782015

An advantage of both the GH30OP and WorldPopdatasets is their
population estimates across different time scales, allowing for exposure analysis
over time. WorldPop has annual population maps from 2020 and GHFPOP
has population estimates across four epochs: 1975, 1990, 200Q015. Here,
using GHSPOPG&6s mul titempor al popul ation | ayer s,
over a period of 40 years. Normalized flood exposure estimates were calculated for
the years 1975, 1990, 2000, and 2015. These results are tabul@tdnldB.10 in
Appendix B Pqulation change is calculated by taking the difference between the
normalized exposure estimates for the years considered. Globally, total flood
exposure grew between 1975 and 2015 from 257 people per 1000 to 265 people per

1000. Interestingly, in both Tpical and Arid climates total flood exposure over this
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40-year period grew by 11 people per 10@0it in Temperate and Continental
climates total flood exposure decreased by 4 and 10 people per 1000, respectively.
Developing countries are largely locatedtropical and arid climates, conversely,
developed economies are prevalent in temperate and continental climates. These
findings correspond with previous work donedmngman et al. (2012yvhich found
developing countries had the largest increases in exposure relative to population
growth in the period 1970010. At the continental level, normalized flood exposure
saw the largest increase in Asia, growing by 15 peoplé@@0d from 1975015. It

also grew in South America by 5 people per 1000. In Europe, changes in normalized
exposure over this period were negligible; while in North America, Africa, and
Oceania normalized exposure decreased by 3, 5, and 2 people per 1000,
respectively. Comparing these results with a related stud@dmja et al. (2014)

which usé satellite nightime light intensity to explore changes in river flood
exposure from 1992012, we find similar trends in North America, South America,
Europe, and Asia. Exposure over the period 12085 increased for streams,
mediumlarge, large and ge rivers. There were slight reductions in exposure for

small and medium sized rivers.

Exposure changes at the national level are depicteBigare 44. The
highest increase in overall flood exposure was seen in Nepal and French Guinea. In
both countris, the proportion of exposed population grew by 200 people per 1000 in
the period 1972015.In French Guineathis sudden increase is largely due to the
population growth of Saidtaurentdu-Maroni, a town situated on the banks of the
Maroni river. From 9752015 t he townds popul ation gr
the nationalpopulation growth of 360%In Nepal, one of the top 10 fastest
urbanizing countries in the worl@Bakrania, 2015)the flood exposure growth is a
result of this fast urbanisation in cities such as Kathmandu, which is dissected by
eight diferent rivers. An exposure decrease of 172 people per 1000 was seen in
South Sudan. This is due to the growth of urban areas outside the Sudd swamp in
cities such as Juba, Yei, Yambio, Nzara, and Wao. South Sudan has been hit by
devastating floods in thpast year, which displaced over 800,000 pe¢PIEHA,

2020) Had relative population exposureSouth Sudan grown, rather than shrunk,
the recent flooding could have been even worse.
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Figure 4.4 Countrylevel river flood exposure (population normalized) change from
19752015 calculated using the Global Human Settlement Population layer.

River sze expressed in upstream drainage area (UDA)
4.4.3 Exposure Estimates from Different Population Datasets

Exposure differences arising from the use of different population layers were
calculated for the 168 countries where all three population datasetavailable
(Figure4.5) (seeTableB.11 in Appendix B for a list of the missing countries). In
the countries examined, nor mali zed exposur e
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population) calculated with WorldPop data was the highest (270 exposeddggy 10

followed by GHSPOP (256 exposed per 100ahd

HRSL exposure was the lowest
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Figure 4.5 Flood exposure comparison in 168 ¢

ountries using the High Resolution

Settlement Layer (HRSL), WorldPop layer, and Global Human Settlement

Population (GHSPOP)layer.

(@) Comparison of the total normalized flood exposure between the three

population dataseis all available countries.

figures differ per river size classification.

average normalized exposure (calculated

(b) How the calculated exposure
(c) Counleyel statistics for
as the mean of the three national

exposure estimates) and the sensitivitytloé exposure calculation to the

choice of population datasets (measured

asatieolute range of the three

national exposure estimates). The higher upytagis andx axis a country is,
the greater the average exposure as@hsitvity will be to the choie of

population dataset, spectvely.
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(235 exposed per 1000). These findings correlate with a previous stiiiyiby et
al. (2019)which found WorldPop data overestimated flood exposure compared to

HRSL data in each of the 18 developing countries examined.

Differences in calculated exposure across the river sizes are shéiguie
45(b). Exposure differences were most pronounced for smaller rivers (streams,
small, and medium rivers), while there was almost no exposure difference for the
largest river class (huge). The overall trend across all river sizes consistently shows
that WorldRp estimated the highest exposure, followed by &8, and HRSL

estimatedhe lowesEexposure

The population mapping approaches of the three population layers can go
some way towards explaining the differences in calculated exposuese
correspondig outputs are visualized ifigure 4.6, in which we qualitatively
compare the population distribution of the three outputs with respect to the
settlement distribution, manually identified from higgsolution satellite imagery,
along the LikualeauxHerbesr i v er I n t he Republic of Con ¢
population distribution algorithm dasymetrically redistributes the whole population
across the grid, also in areas where no settlements have been identified. This is done
under the assumption that not &luilt upd areas will be picked up in the satellite
imagery(TReNDS, 202Q) When intersected with a flood extent, such a modelling
approactcan lead to migstimation of flood exposure in rural areas with respect to
the other two population datasets. In the area examiné&igure 4.6, WorldPop
estimates 1167 people exposed, compared with584 and 13789 people exposed
estimated by HRSL and GH3OP, respectively. This is despite WorldPop exposure
covering over 93% of the area examined, which far exceeds-FEB 60s 5 %
exposed area ardosHRISLadseal% Worl|l dPopébs appr ¢
population distribution can lead to underestimation of exposure in small rural
settlements (such as iRigure 4.6) or overestimation of exposure across large
expansive areas of flooding, as will be explored latehis section. Conversely, the
approach implemented by both GIP®P and HRSL (which spread census data
only over identifiedfbuilt upd areas) is more sensitive to omission and commission
errors arising from the classification of settlemdPalaciosLopez et al., 2019)for
example, undetected settlements owtsfe flood extent would result in artificially
higher flood exposure estimates as the underlying census data is only spread across

the identified settlements (aeater proportion of which are now identifiedkasng



Chapter 4
Globalflood exposure frondifferent sizedrivers 119

within the flood extent). Similarly,anmission errors (false positives) are common
in sandy or rocky landscapes and often occur in coastal areas or along riverbanks.
Commission and omission errors can lead to either artificial increases or decreases
in flood exposure estimates, dependinglanlocation of these errors with respect to

the flood extent.

The resolution of the population layers should also be considered: GHS
POPb6s fairly coarse (9 arc second) reso
potential for flooding (or not) falls whin the resolution of a 9 arc second grid cell,

t he settl ement 6s avoidance (or not ) 0 |
represented. This effect can be reduced by upsampling and proportionally
reallocating the population to a grid that matches theutsnolof the flooded data,

as we have done in this study. Similarly, the spatial resolution of the underlying
satellite imagery should be considered. Both @3 and WorldPop identify
settlements using Landsat imagery at 30 m resolution, while HRSL fidenti
settlements using DigitalGlobe imagery at 0.5 m resolution. Previous work by
Tiecke (2017)showed that HRSL was able to identify buildings missed by -GHS

POP, highlighting the importance of higésolution imagery for comprehensive

building classification.

The use of different population datasets had a negligitbdet on exposure
estimates for the huge river class. Large settlements tend to form around rivers of
this size, and on coastlines where rivers of this size drairge urban areas are
easily identifiable from remote sensing data, which means the piopula
distribution (and resulting exposure estimatts) these urban centres show less
variation betweerhe datasetsConversely, nowrban flood exposure estimates to
smaller rivers show greater sensitvity to the choice of population layer. This is
becase the approach to namban population mapping between the three datasets
differs. WorldPop, as mentioned previously, distributes administrééivel census
data across all 3 arsecond pixels in order to mitigate the impacts of potential
omission and ammission errors in the settlement data. This approach leads to some
overestimation in rural populatiofSmith et al., 2019, Wardrop et al., 20186HS
POP, which distributes census data over Landsat identified settlements (and in non
built-up areas distriltes population at the census unit by areal weighting), tends to
underestimate rural populatioriteyk et al., 2019, Liu et al.,, 20200 HRSL 6s wus e
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ultra-hightresolution sattelite imagery has been shown in previous studies to
accuratelyidentify rural settlementgTiecke, 2017, Smith et al., 201However, the

method of proportional allocation used to distribute the census data is relatively
crude. Uncertainties in the underlying census data should also be considered, as the
guality and detail of the data, as well as the frequency at which it is collected, varies
significantly at the national levéLeyk et al., 2019)The three population datasets
compared in this study share the same input census data (GPWv4) and therefore any
associated census uncertainties are a common feature shared across the three

datasets.

17.45°E 17.50°E

0 2  4km ] Flood Extent Population

O
@ Manually Identified Settlements 0.01 5 36

Figure 4.6 Qualitative conparison of settlement distributions on the Likoula aux
Herbes river in the republic of Congo.

The white square in each panel is the-geéined bounding box for which
population totals are calculated. Population pixels in panety (ange from

low popuated pixels (red) to high populated pixels (yellow). (a) River flood
susceptibility map (RFSM) flood extent (blue pixels) along with manually
identified settlements (pink circleBpm high resolution Google Earth satellite
imagery. (b) High Resolution 8kEment Layer (HRSL) population
distribution. A total of 17,581 people exposure. (c) WorldPop population
distribution (resampled to 1 arc second for comparis@njotal of 1,167
people exposed. (d) Global Human Settlement Population {&bIS)
populationdistribution (resampled to 1 arc second for comparison). A total of
13,789 people exposed.

Map data®© Google, Maxar Technologies 2021.

Calculating the general trends of exposure between the population layers is
useful for making broaatonclusions about the suitability of a population layer
Understanding the variations of the data at the country level leads to more actionable
information about the appropriate use of different population layers. We calculate
both the severity of floodinop each country (as the mean of the normalized national
flood exposure estimates calculated with the three population datasets) and the
disagreement between the population exposure estimates in each country (as the

absolute range of the three normalizeational flood exposure estimates). The
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disagreement between the populatiayer exposure estimates for each country
varies significantly figure4.5(c)). In the three countries with the highest exposure
disagreement (Belize, The Republic of Congo, andn&aBissau) WorldPop
estimates of exposure are far greater than either HRSL orREMSestimates. In
Belize, a country with large areas of inundated wetlands, WorldPop estimates
135,000 people exposed, while GI*®P and HRSL estimate 70,000 and 80,000
expcsed, respectively. In the Republic of Congo, a country with large areas of
floodplain, WorldPop estimates 1.3 Million people exposed and -88B and
HRSL estimate 810,000 and 780,000 exposed respectivdyr | d Pop ds met h
distributing the population @& a large area results in significant overestimation
compared with HRSL or GHBOP in these rural inundated areas. This can be seen
in greater detail irFigure 4.7 for GuineaBissau. In Guine®issau, GHSPOP and

HRSL (which estimate exposures of 180,08@d 160,000 respectively) identify
settlements largely situated outside the floodplaifidryd cells in blue).
ComparativelyWo r | d hodelliingapproach an@dssumptions leads far more

fiwetd population cells and an estimate of exposure (480,000) thanedouble that

of the other two population layers. The exposure disagreement in these three
countries is compounded by the relatively large areas of inundation in each country.
The percentage inundated area is 25%, 30%, and 26% for CRisszu, Belize,

and The Republic of Congo, respectively. In comparison, the percentage of
populated area defined by the population layers is less than 5% fofPGRSand
HRSL, but more than 95% for WorldPop in each of the three countries. As exposure
in this study is defed as the intersection of the flooded area and the populated area,
it is understandable that Worl dPopbds ex
area of inundation. This is evident when examining a country with high exposure
disagreement but with eomparatively smaller area of inundation. In Bosnia and
HerzegovinaFigure 4.7), the percentage of flooded area is just 9% and the-GHS
POP layer estimates far greater exposure (1 Million) than either WorldPop (680,000)
or HRSL (610,000). Here, where muchtioe exposure occurs near the banks of the
rivers, the coarse spatial resolution of GHASP is less able to precisely locate
settlements situated just outside the floodplain. As a result, more populated cells are
flagged d6at r i s kdesaubomidRSLlaydr. t o t he hi gher
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Bosnia and Herzegovina Guinea-Bissau
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Figure 4.7 Comparison opopulation datasets and their intersection with the flood
extent in Bosnia and Herzegovina and GuiBé&sau

The top two insets show the river flood susceptibility map (RFSM) sptit int
the different river size categorise for the whole country (top panel) and for a
smaller, more detailed area of both countries (second panel from top). The
remaining insets show the three different population mapd their
intersection with the flood mam the detailed areas of both countries. Blue
cells indicate the population cells are dry (not exposed to flooding), and red
cells indicate the population cells are wet (exposed to flooding).
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These results have shown that the use of different populagiers can lead
to vastly different flood exposure estimates because of inherent differences in their
spatial resolutions, methods used, and assumptions made to produce them. Our
comparative analysis has identified in which countries exposure calculatiens
sensitive to the choice of population layer and shed light on some of the reasons for
exposure disagreement. However, there is a limit to the conclusions that can be
drawn from comparative analyses alone, and there is an urgent gap for more studies

which validate the accuracy of these population layers using gtoutheéd data.

It would be imprudent to definitively recommend one population dataset for
use in flood exposure studies without extensive comparative global validation.
However, previous stues have shown that HRSL performs better than existing
population datasets at mapping reference building footprints, especially in rural
areas(Tiecke, 2017, Smith et al., 2019pur results also point to some of the
benefits of using HRSL. Itssettlement identification method for population
distribution avoids exposure overprediction common in other population data and its
high resolution can better capture the accurate location of settlements. Despite this,
HRSL shouldnot be considered a cdtall dataset for flood exposure. Its high
resolution may limit its use in certain situations due to computational restraints.
Similarly, in studies of flood risk over time population data with multiple temporal
epochs, such as GHZOP or WorldPop, are bettsuited. The results we present in
this section, anéfigure4.5, are intended to inform users of these population datasets
about their appropriate use. In countries with high exposure disagreement, the
choice of population dataset for flood exposure &hbe carefully considered, and

further accuracy assessments of the population layers are recommended.
4.4.4 Relevance to Global Flood Models

The minimum size of river representad GFMs varies(see Tablet.2), with
minimum river size thresholds rangibgtween 56000 knt UDA, three orders of
magnitude. River network size can be limited by the granularity of input data such
as rainfall (Dottori et al., D16c) or by the computational demand of modelling

floods at the global scale.
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Table 4.2 Global flood model river representation

Minimum river size  Globalflood model River sizes modelled (P = partial)

(upstream drainage

area)

50 kn? Fathom(Sampson et al., Stream (P), small, medium,
2015) mediumlarge, large, huge

500 knt ECMWF (Pappenberger et  Small (P), medium, mediwtarge,
al., 2012)and UTokyo large, huge
(Yamazaki et al., 2011)

1000 kn? CIMA-UNEP (Rudari et al., Medium, mediurdarge, large,
2015) huge

5000 kn#t JRC(Dottori et al., 2016¢c)  Medium (P), mediuntarge, large,

huge

Differences in river network size between GFMs undoubtedly lead to
differences in global flood exposure estimates. These differences can be even more
pronounced at the national level, where GFMs have been used to inform disaster risk
managemen{Ward et al., 2015)Flood exposure was calculated for the different
GFM river thresholds using the GHZOP layer. Globally, we found that exposure
estimates between the river threshold which results in the largest riverk €50
km? UDA), and the river threshold which results in the smallest river network
(>5000 knt UDA), differ by over a factor of 2. If the size of the river network was
further increased by reducing the river threshold to 16 WA (below current
GFM representation), the exposed population captured increases by 13%.

At the national level, in countries such as Suriname, The Republic of Congo,
and Egypt, the greatest proportion of flood risk is posed by rivers with a UDA of
5000 km? or greater. In these countries, GFMs could be used interchangeably.
Understanding what size rivers pose a significant flood risk is key to accurately
representing national flood risk. In Benin, for example, the estimated flood exposure
when a 5000 ki UDA threshold is applied is 0.49 million people. When the
threshold is reduced to 1000 krdDA, the estimated exposure increases to 1.8
million people. Some countries do not have large rivers flowing through them, and
the flood risk will result entirelyrbm smaller rivers. Often these are island nations,
such as in Jamaica or Trinidad and Tobago, where all flood risk is from rivers
smaller than UDA 1000 kfn However, in Andorra for example, a landlocked
country, to capture any flood exposure, a 5 kIDA threshold is needed.

To aid national level flood risk practitioners in their choice of GFM, we

calculated the minimum river threshold required to capture a given percentage of the
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| argest ri ver ?dA) vatonak éxposure. SESpOsuré percees
ranging from 106-90% were calculated for each of the three population datasets
used in this study and mapped for each nation, globally. All 27 maps are included in
FiguresB.15-B.17 in Appendix B Figure 4.8, which shows the minimum river
threshold regired to capture at least 50% of possible GM3IP exposure, illustrates
these results. The map shows that while in some countries GFMs could be used
interchangeably, in others, the size of the river network could significantly impact

national flood exposerestimates.

River Threshold

50 km2[_]

500 km?2[ |
1000 km?2[_]
5000 km? [

R e T T4

Figure 4.8 In which countries is the choice of river threshold important?

This map shows the global flood model (GFM) river upstream drainage area
(UDA) threshold required to capture
In dark gree countries the choice diireshold is less important than in orange
countries. Grey areas are-data regions. The map was calculated using the
Global Human Settlement Population (GIROP) layer. See Figures BBEa.7

in Appendix B for maps calculated withe other two global population layers
and for different percentages of total national exposure population.

It is difficult to exhaustively compare global flood exposure estimates from
previous GFM studies as often exposure is expressed differently (e.g. expected
annual exposure (EAE) vs. exposure to a return period flood) and sometimes global
exposure is not ported at all. In the comparable studies, there is significant
variation in global flood exposure estimatesWard et al. (2013ylobal EAE was

calculated at 169 Million. This figure is almost triple the 58 Million calculated by
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Dottori et al. (2018and the 54 Million calculated b4lfieri et al. (2017) In studies
reporting exposure to a 1§@ar flood, Hirabayashi et al. (2013gstimate 847

Million people exposedndJongman et al. (2012stimate 805 Million exposed.

The need for independent model comparison studies was nieigayet al.
(2016b)and Aerts et al. (2020who compared GFM output in Africa and China
respectively. These studies compared the output of multiple GFMs, finding large
disagreement between the modelled flood extents. Both studies also lémged
variations in calculated exposure. However, differences in exposure calculated by
the GFMs were found to be influenced just as much by different model feariag
resolutiors as by differences in river network size. Uncertainty in GFMs needs to be
explored across the model cascade to identify where the models need to improve.
Studies such athat of Zhou et al. (202Q)which explores uncertainty in model
forcing, and this study, which explores uncertainties in river network size, are

important steps in directing future model development.

Granularity ofinput data is the main obstacle to increasing river network size
in GFMs. The terrain data in all these models, which strongly influences their
performance, is derived from the Shuttle Radar and Topography Mission (SRTM), a
mission over two decades dEarr et al., 2007) New, 1 arc second resolutione
m at the equator) global DEMs have recently been released by both the National and
Aeronadics and Space Administration (NASA) and the European Space Agency
(ESA). The ESA DEM is particularly important as its elevation is based on newer
satellite data from TanDEM. A new method for deriving an elevation map from
satellite images has also badveloped by Google, capable of generating DEMs at
1 m resolution(Nevo, 20B). Whether it is terrain or climatology data, new and
improved methods are constantly being developed and better datasets are being
released. There is scope in the near future for increasing river network size in GFMs.
This comes at a computational tosowever; whether its the use of a highe
resolution DEM or the exponential increase in number of rivers to model when the
threshold river size is reduced. Understanding where the representation of smaller
rivers is needed most, namely in areas of legosure, would streamline the future

development of GFMs, targeting improvements in areas where flood risk is highest.
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4.5 Conclusions

This study has presented the first global picture of flood exposure
categorized by different sized rivers. We introed a simple geomorphological
approach to delineating a riveroés-flood
scalerffirst looko studies such as this and importantly, allows an assessment of river
network size independent of global flood model stmatttand computational
limitations. We find that over 75% of the global flood exposure is in Asia, with
China and India making up a significant proportion of this total. Streams (UPA 10
100 kn?) and small rivers (UDA 164000 kn?) are responsible for overali of
Il ndi ads flood risk. At the gl obal scal e
exposure, emphasizing the importance of the incorporation of these smaller rivers
into global flood risk studies. We find that large increases and decreasesdn fl
exposure over the lad0 years are a result of urbanisation, either inside the flood
risk zone or outside of it. The effect that the choice of population dataset had on
exposure calculations differed between countries. Globally, this effect was most
pronounced on smaller rivers, suggesting future studies that incorporate these
smaller rivers should be careful in their choice of population data. Global flood
models, the current tools for examining global flood risk, differ significantly in the
size of heir river networks. We found that the global flood exposure estimates
differed bymorethan a factor of 2 when calculated using the GFM river threshold
that results in the largest river network (UDA >50 Rntompared to the river
threshold that results in the smallest river network (UDA >5000 #mThese

differences were often more pronounced at the national level.

The results of this study are intended to inform both the developers and users
of global river flood models. Consideration of eivnetwork size and how this
relates to exposure is imperative to having a comprehensive picture of flood risk.
Increasing the size of the river network comes with both data and computational
restraints. Doubling the resolution of the models (frorknl to 90 m to 30 m)
requires an order of magnitude increase in computing power -féselution grids
are imperative for representing small streams accurately. This has big implications
for models currently operating at coarse resolution. Modelling smallersrive

requires not only detailed higlesolution data, but also efficient modelling
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structures capable of running at higher resolutions. Understanding where the
representation of small rivers is needed most (areas of high exposure) can focus
future model deglopment. Similarly, accurate flood exposure estimates necessitate
accurate population data. We have shown that the choice of population data used in
exposure calculations can have an enormous impact on flood exposure estimates
and we have identified in Wich countries tis disagreemenis most extremend

have identified some of the reasons for this. Flood risk practitioners should use these
results as guidance about which population layer is best suited for their locality and
use.There is need for furtr research in this area, incorporating more population
data as these layers play such an integral role in flood exposure calculations. In
addition to more comparative analyses, there is also an urgent needeser th
population data to be validated at tjlebal scale with actual data collected on the
ground. Only then can definitive conclusions be drawn about the appropriate use of
different population datasets. The selection of GFMs available to the end user is
large and increasing. However, differenaeshe size of river networksetween the
models can have a significant impact on flood exposure estimates. While available
GFMs could be used interchangeably in some countries, in others, discrepancies in
river network sizeavould lead to vastly differentational flood exposure estimates.

The results of this study should help to inform GFM users about the appropriate

choice of GFM for their country of interest.
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scales

5.1 Abstract

Over the last two decades, several datasets have been developed to assess
flood risk at the global scale. In recent years, some of these datasets have become
detailed enough to be informative at national scalé® use of these datasets
nationally could have enormous bendditin areas lacking existing flood risk
information and allow better flood management decisions and disaster response.
this study, we evaluate the usefulness of global data for assessing flood risk in five
countries: Colombia, Engldn Ethiopia, India, and Malaysia. National flood risk
assessments are carried out for each of the five countries using global datasets and
methodologies. We also conduct interviews with key water experts in each country
to explore what capacity there is wge these global datasets nationally. To assess
national flood risk, we use 6 datasets of global flood hazard, 7 datasets of global
population, and 3 different methods for calculating vulnerability that have been used
in previous global studies of flootsk. We find that the datasets differ substantially
at the national level, and this is reflected in the national flood risk estimates. While
some global datasets could be of significant value for national flood risk
management, others are either not dethdnough, or too outdated to be relevant at
this scale. For the relevant global datasets to be used most effectively for national
flood risk management, a country needs a functioning, institutional framework with

capability to support their use and implemation.

5.2 Introduction

Flooding is a global problem that affects most regions in the world. In the
last twenty years, over 1.65 Billion people were affected by flooQUigdDRR,
2020) while estimated losses as a result of flood eventgemled 1 Trillion US
Dollars over the last forty year@iunichRE) The impacts of flooding can be
reduced through good flood risk management (FRM). For FRM measures to be most
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effective, they need to be implemented in areas of high flood risk, which are
identified through flood risk ssessments. These assessments follow the conceptual
framework that flood risk is a product of hazard (the flooding), exposure (who or
what is exposed to the flooding), and vulnerability (the susceptibility of the exposure
to damagesjUNISDR, 2015)

The objectives and data required for flood ressessments change with the
spatial scale of the analyqgde Moel et al., 2015)At the city or basin scale, flood
risk assessments are carried out using locally calibrated models andhdatasilts
of assessments at this scale are used to inform local flood management strategies
and the design of flood mitigation infrastructure. National scale flood risk
assessments either combine regionally derived flood information into a national
picture of flood risk, such as with the National Flood Insurance Program (NFIP) in
the US(Burby, 2001)and the National Flood Risk Assessment (NaFRA) in the UK
(Environment Agency, 2009pr risk is mapped nationally in its entirdtyall et al.,
2003, Hall et al., 2005)The objectives of national flood risk assessments are to
inform joined up strategic FRM, allowing for prioritized evidef@sed
interventions. They also provide nationally consistent data for planning. For flood
risk assessments at these scales, there is a bias in the evidence base towards contexts
with greater research and monitoring capability. Since the2®@ds, efforts have
been made to assess flood risk at the global scale using globally availalfldadiata
2014, Ward et al., 2020a)Global flood risk assessments are a nmdtional
equivalent of the national approach. International agencies and stakeholders want
consistent data and approaches to make strategic investments at the glebal sca
Early global assessments used simple coarse resolution flood risk data, necessary at
the time to assess flood risk at such large spatial s¢Blidsy et al., 2005,
Hirabayashi et al., 2008)Recent advances in global flood risk data, both in
resolution and accuracy, have expanded their potential usefulness beyond global
studies of flood risk to include more locapplicationsfilling data gaps that had
previously prealded flood risk assessments in data and institutional capability
constrained regions. Some global data now detailed enough to be relevant at
national and catchment scales. This could, in theory, have potential benefits in areas
lacking existing flood risk information and allow better flood management decisions

and disaster response. Whilst the list of glodatasets is large and growing
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(Lindersson et al., 2020not all global datasets are created equally. There is an
urgent need to evaluate available global flood risk datasets for use at the national

scale.

There are two apprches to representing flood hazard globally: either
through remote sensing (RS) of historical flood events or through global flood
models (GFMSs). The two are often considered complimerkdayvker et al., 2020)
as RS data is used to validate the global moddsnhofen et al., 2018, Mester et
al., 2021) GFMs use global datasets, automated methods,impdifed hydraulic
equations to simulate flood hazard globallrigg et al., 202Q) These models,
which began as research experiments, are now being used for disaster response
(Emerton et al., 2020)to inform policy decision§Ward et al., 2015)to assess
business riskgWard et al., 2020b)and recently their modelling frameworks have
incorporated detailed national level data to assess national floo{Wisk et al.,
2017, Wing et al., 2018, Bates et, &021) Several GFMs have been developed in
academia(Yamazaki et al., 2011, Ward et al., 201By research institutions
(Dottori et al., 2016, Rudari et al., 2018nd by commercial companié€Sampson
et al., 2015) Their differing approaches to global flood hazard mapping result in
flood extent disagreemer(frigg et al., 2016, Aerts et al., 202@nd varied
performanceg(Bernhofen et al., 2018puggesting no single model is uniformly fit

for purpose.

Similarly, global ppulation maps, necessary for calculating exposure, adopt
equally divergent approaches to mapping human population. These range in
complexity from simply distributing census data across administrative boundaries to
statistically estimating population digiution and densityrom auxiliary datasets
that relate to human presen@seyk et al., 2019) Recent studies bgmith et al.
(2019) and Bernhofen et al. (2021found that flood exposure estimates are
significantly impacted by the pofation dataset used. As these datasets become
increasingly locally relevant, there is an urgent need to investigate their-fitmess

use in flood risk assessments at these scales.

A key component of flood risk assessments, frequently absent from global
studies, is vulnerabilitfWard et al., 2020a)Mulnerability is multifaceted; it can be
assessed thugh societal, economic, environmental, or physical m@ainkmann et

al., 2006) The most visible, and most commonly assessed, aspect of vulnerability is






