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Abstract

Impactbased forecasting recognized as crucial for effective floadk management since it
translatesmeteorologicalforecastsinto actionableinformation about potentiaimpacts on
critical facilities, residents, and infrastructubespiteits growing relevancgncludingimpacts
within existingflood early warning systemgemains in its infancyvith limited operational
implementations and feperformance evaluations

This studyhasdevelomdan Impactbased flood forecastingystemfor the Geul catchmeri

the GEB framework using eight historic operational ECMWF ensembleand control
preciptation forecaststo simulate thel4 July 2021flood event By using thesedifferent
forecasts at different lead timess inpuf the SFINCS hydrodynamic modsimulated flood
maps for the eight lead times ranging fron88 hours till 5 hours before the event.
Simultaneouslyastudy baseline is createg bsingthe ECMWFs ERAS reamlyss datasein
theframework To improve the computation efficiendpis studyhas introducedn innovative
approachwhere percentiles are calculated for each ensembde descri be t he
uncertainty Eachensemble percentile and conth@sedlood mapis thenevaluatedagainst
observations and empirical data, whereattsrcombined with vulnerability and exposure data
to assesflood impactdistributiors, probabilitiesand hits ofcritical facilities

Up to 88 hours before the evetite results demonstraaglequate performander the 90" and
95" ensembleercentilesn simulating flood extentacress thecatchment(CSl of ~0.6) while
the performancedecreasedor lower percentilesdy anincreasinglead time Although the
simulatedflood mapstill show roomfor improvement de to missing hydraulic structures and
surveybasedimitations, thedeveloped model chain proveapabé for capturing flood impacts
as the evenappoaches. This isurther underpinned by theetailed Valkenburg evaluation,
which showedstronger performancdsr the flood extensimulations(CSI of >0.7) and for
predicted impacton a building levelacrossthe different forecasts and lediines. By
integrating @esemble precipitation forecaststhin the framewdk, this studyoffered valuable
insightsfor the represetation of forecast uncertainty afarms a proofof-conceptfor future
impactbased early warningpplicatons. Moreover, it addresses the potentigbrababilistic
flood impact forecastingyhile it emphaizes the need for furthezfinements and stakeholder
engagement to improve the operationatvahce inside the Geul basin.
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1. Introduction

Globally, natural disasters are increasing in frequency and sevéréging to increasing
economic losses and population displacements-[EBM & CRED / UCLouvain, 2024Merz

et al., 202). Climate change amplifies thesatural disasters resulting in more severe impacts
(Bolan et al., 2023Kreibich et al., 202R In 2024,the 15 °C global warming threshold was
exceeded for the first time, pushing climate goals further out of (€xgrernicus, 2025). T&
development of climate change will put mankind more at risk, resultiegenmore severe
impacts in the futureSimultaneously, dgether withglobal population growth and related
urbanization the vulnerability fornatural hazardgurther increasegDodson et al., 2020
Norrman, 2023)While different regions in the world faces different sets of natural hazards,
flooding remainghe most devastiaig (Rentschler et al., 2028 etween 1994 and 2013, floods
affected globally nearly 2.5 billion people and caused more than $40 billemunal losses
(WMO, 2029. The number of people living in floeprone areas rose 84% between 2000
and 2015 and without action flood impacts will wors¢fir ogr | i | ; WMO, 2024)., 20 2.
Moreover,flood risk is shapethy diverse meteorological and hydrological drivers thiter
acrosgime and placéMerz et al., 2020RPiadeh et al., 2022)gnoring the interaction of flood
drivers can kad to a significant underestimation of the flood r{Kkimbier et al., 2018)
especially if global extreme precipitation become nmiotense and frequentadowsky et al.,
2023.

In response to previous catastrophic flood events and climate clpaogetions global

attention has shifted towasdnproved preparedness reduce (future flood risk. In the last
decadesEarly Warning Systems (EW8)YNDRR, 2023have becoma crucialcomponent of

the Disaster Risk Reduction (DRBycle. They support timely preparedness and response by
integrating flood hazard, exposure, and vulnerability information (IPCC,;20t20 gr | i | et
2022. Growingattentionhas been giving to sucton-structural approachehieto theirrapid
implementation, limited spatial requiremenasmdcosteffectivenesgBerndtsson et al., 2019

Piadeh et al., 2032

In this contextthe UNDRR recenthf aunched the O6Early avangni ngs
to ensure that evemgountry has access EWWS by the end of 2027The main objective it

build more resilience through societies, with the goal to save lives and livelifigh@RR,
2023).Flood Early Warning Systems (FEWI&veproven to be aiable measure in mitigating
flood risk by combining thescientific understanding of the natural processes that generates
flood hazardspast experiensewith flood hazardsandmonitoring of currenflood conditions
(Merz et al., 2020Perera et al., 2019; Ringo et al., 20Z3)e combination of factors made
possible to fogcastthe likelihood of precipitation, discharges, and water levels at different lead
timesand levelsof confidence(Merz et al., 2020)In the endwhenwarnings become more
precise, they result in a diminished number of false alamiigh increases thieeust residents
have in the forecast&érnandeaNovoa et al., 2024.indenlaub et al., 2024

However to have an effective FEWS, it must be peepdmtredand must integrate the
following four pillars: (i) Knowledge of the risk faced, (ii) Available technical monitoring and
warning services, (iii) Dissemination of meaningful warnings to those at risk, and (iv) Public
awareness and preparedness toFature ofone of these elementsin mearfailure of the
entire FEWShain(Fernandea\Novoa et al., 2024JNDRR, 2008.

One of the issues current FEWS is communicating the warningo that it will trigger
responseglslam et al., 2025)De Perez et al. (2022ddress the need for more foarsthe
communication and response capabilitf-EWS initiatives assomeof the deadliest and
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Chapter 1 Introduction

costliestflood disasters of this century have happetdesbite thesevents were forecastedth
aFEWS (e.gDavidson & Ni, 2024Endendijk et al., 202Xhalid et al., 2015Latona et al.,
2024 Thieken et al., 2023)

Moreover, another important aspegtthatcurrent FEWSocus on flood hazard forecasting
instead of includingisk or impactinformation such asxpected amount and distribution of
physical damage, consequences to important assets and humans, disruption of community
services or financial loss (Merz et al., 202IH)e providence oifmformation on thdorecasted
impacts is important as supports the translation towards response and a@iaosker et al.,

2025)

Building on this, a key limitation of current FEWS is the latkommunication and thedbsence

of impactbased informatiorwhich has #arge societal importance as this impedes an effective
responseTo bridge this gapthe integration of Impadbased Forecasting (Ibf)to existing
FEWS has been proposgiiVMO, 2015 Busker et al., 2025As a result,an ImpactBased
Flood Forecast and Warning ServicgBFFWS) enhancepublic response, as people are more
likely to act when provided wittietailed information about the impacts of a hathmidenlaub

et al., 2024)This shifts the focusrom forecasting what the weather will be to what it wil] do
whichwill heighten the response rate and communication to all the involved stakeliMders

et al., 2020;Potter et al., 2025)However, the effectiveness ofBFFWS has never been
objectively tested and modelladit comes with significant operational challenges, sudates
scarcity of impacted areas orderto address vulnerability or exposure (Merz et al., 2020).

Thereforethe primary objective of this study is the following:

To develo@and tesanimpactBased Flood Forecast and Warning Services (IBFFWBgrein
ensemble precipitation forecasts are incorporated into a SFINCS hydrodynamic model.

Another objective of this studyis to implement ensemble forecastingthin IBFFWS to
investigate theadded value of these forecastctompared toERAS5 reanalysis dataor
deterministic forecasfsom ECMWEF. Ensemble forecasteed to be implemented as thmat
the uncertainty from the source leading to more information on uncertaggylting in
different outcomes (Boelee et al., 2018).These different outcomes caimprove
communication, ag range ofpossibilities are clarifiedTherefore, ensemble forecasts are
shown to have higher value for decisimaking (Verkade & Werner, 2011)n the end, the
ensemble forecasts will be used to predigpacts in a probabilistic way

Based on the defined research gequ the main objectivegarly warningsystems can be
enhanced by providing impabtsed forecasts to support tingger of effective actionsTo
increase the knowledge base arolBEFWS, this study will investigate the development of
such an updated system in the Geul catchment. The following research g{(M&)dras been
formulated:

How could Impactbased Forecasts (IbF) from the hydrodynamic SFINCS model have been
used to trigger effective earyarnings and actions, incorporating associated uncertainty for
the 2021 flood in the Geul basin?

To develop an IbF for the Geul basin, the forecasts leading to the flood in July 2021 will be
used to forecast floathaps These forecasted flood extents will be compared with the available
observed data and then translated from flood extents and depths to impacts, including an
estimation of uncertainty. Additionally, to answer the research question, the study is guided by
different subquestions:
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RQ1: How well do historic operational ensemble and deterministic forecastate tothe
observed precipitation patterns and totals of the July 2021 flood event, compared to
ERADS reanalysis data?

RQ2: What is thequality of flood forecasts from SFINCS for the July 2021 event at
multiple lead times and how do variations forecast dataaffect the outcomes of the
SFINCS model?

RQ3: How does the predicted flood impact vary across different rainfall forecasts and lead
times, and what is the added value of using ensentiased predictions for
estimating local damages per function and area?

This studyprovidesa stateof-the-art modellingIBFFWS chain which can provide more
information to enhance the communication and flood preparediresggions The Geul
catchment serves as a practieshmpleand proofof-conceptto highlight the potential of the
study setup ifforecastingand visualizing flood impactbased on local impact dynamics
Moreover, itprovides lessons that contributd the improved management of flood risk
reduction in atransboundary regigrwhere the system offers a practical contributiorihe
added complexity ofrossborder flood management

Ultimately, this studyfocuses only on developing an IbF for the Geul catchment. This includes
the implementation and preparation of different precipitation ensemble forecasts within the
SFINCS hydrodynamic modehe translatiorirom flood extento impact, theevaluatiorof the

flood maps with the observed flood exteswid flood depth and the quantification of
uncertaintis within theprecipitationensembldorecasts and within the impact forecasts.

Further analysis and usage of the impact forecasts regarding communieeiming levels

and response towards stakeholders is not considered in this study. This study is limited to
providing insights in the usage of ensemble forecasts in hydraulic modelling and the translation
of flood extents into impacts

Moreover,in this study theisedmodels were not calibrated from scrataka functioning and
validatedsetup was provided for this research. As a result, only minor adjustm&SREEINCS

were made to improve the accuracy of the outcomes and to ensure consistency with the
implemented rainfall forecasts. These adjustments involved aligning the coordinate system and
refining the channel network representation to better match the spatiattehnistics.This

means thatmadditional calibration of model parameters was conduotixtus on testing the

model 6s response to different forecast scena

In addition, although one of theain reasons of this research is that weather events become
more extreme due to climate chandenate change is not considered in this theBgs study
only applies historical precipitation ensemble forecasts and does not include climate scenarios
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2. State of the art

This chapter provides lgeraturereview of the state of the art in flood forecastsygtems
hydrological and hydrodynamic models, and in ensemble weather foreca3jirexamining

and elaboratinghe mentionedesearch gaps, this chapter forms the foundation for further
investigation and supports the stated research questmobjectivesTherefore the research
gaps incurrentearly warning systemareexamined providing an overview of the state of the
art in the field Additionally, the state of the am hydrological and hydrodynamic modelas

well as in @semble weather forecastiryeanalysedo enhance the understandivigthe key
components used ohevelopingthe modeichain forimpactbased forecaistg.

2.1 Key characteristicef existingFlood Early Warning Systems

(FEWS)

Within FEWS a sequence of steps take place from the moment first signs of a flood are

recognizedt0), t o t

h e

mo me n t

t hat

a f

l ood odqiyurs oL

(Esm et al., 2010)This timeline is also callethe maximum potential warning time, and an
example is illustrateih Figure 1 FEWS come into play in the firgtart (tO till tw) of the
timeline (depictedn Figure 1) During this phase, measured or forecasted hydrometeorological
data is collected and evaluated to determine the flood severity. Meteorological institutes often
provide information about (forecasted or measured) precipitation events, which will be
translatée to discharge or water level thresholds by a FE®&$n et al., 2010)A FEWS often
combines hydrological models for the laplkase (rainfalfrunoff processes) with hydraulic
models to simulate the propagation ofgpitation events towards high discharges in streams

(Arduino et al., 2005)T h e

phase

bet ween

t he

threat recog

s
Target Safety
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Figure 1: Flood timeline. The sequence of consecutive stepsr&oognition to estimation of severity to decisioaking to

response to actioresm et al., 2010)
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Therefore current FEWSrequire information inputs such as redime rainfall information,
high-resolution numerical weather forecasts, and the operation of hydrological model systems
(Collier, 2007).However, the content ahe elementscan vary within FEWS. In fact, the
difference in content is dependent on the type of haZamical triggers for flood events are
shortduration rainfall, highintensity rainfall, longduration rainfall, rain on saturated soils,
snowmelt, or a combination of rainfall and snown{Merz et al., 2020). Hence, pluvial and
flash floods do need more accurate stenn rainfall information due to the local rainfall
peaks. These extreme peaks develop on different ¢ipaeescales compared to fluvial floods.
As a resultdependenbn the trigger of a flood hazard, the input information and the type of
hydrological or hydrodynamic model califfer in order to capture the flodaazard on time
(Merz et al., 2020).

Furthermoredependenon the type of flood, the warning lead times vary with lead times being
less than an hour for flash floods and extending up to several weeks for fluvial floods (Merz et
al., 2020).In addition, hese lead times depend on various catchrobatacteristics (e.qg.
catchment lag time, catchment size) (Jain et al., 2Biadeh et al., 2022)

2.1.1 Component IWeather forecasting

In general,current FEWS can bedivided into two parts: meteorological forecasting and
hydrological forecastingDas et al., 2022Where weathersithe state ofhe atmospherever

a shortertime span meteorological forecastinghodels ty to predictthe future state of the
atmosphereOut of a numbeof meteorological factordemperaturepressurewind, humidity
and precipitatiofmavethegreatest influencen a locatiod s w gkundr & $harma, 2024)
Many FEWS depend on meteorological inputs from observation stations or radar
measurementd hese measuremenkowever provideforecasts for short lead timéks2 days
ahead) In order toprovide early warningsfor severe flood events, is more useful to se
mediumrangeweather forecas{®-15 days aheado allow sufficientpreparation time for civil
protection authoritiefCloke & Pappenberger, 200Bas et al., 2022)

To produce mediumranged weather forecastmeteorological variablesrom numerical
weather prediction(NWP) are usedNWP is amethodto predictlikely future states of the
atmosphere by solvinga set of differential equationsased on the currerdgtmospheric
conditions(Cloke & Pappenberger, 200%¢eja et al.,2023) The forecastsvith NWP can be
generated in two ways: DeterministamdProbabilistic A deterministic forecagtrovidesone
specific outcomérom manyscenariostypically with short lead timesnd withoutconsidering
associated uncertainti€éteja et al., 2023)

Althoughdeterministic forecasts are based onlibst available initial atmospheric conditions,
they may still underor overestimate actual outcom@és. a result, the usage of these forecasts
poses a challenga communicating warnings or decision makinglood risk management
To overcomethese limitations the probabilistic or ensemble forecastare developed to
incorporatethe uncertaintiedy simulating multipleequally probable future states of the
atmospheréCloke & Pappenberger, 200Das et al., 202Z2Pappenberger et al., 20Tkja et
al., 2023) By creating different forecast with slightly different initiatonditions and
parametrizationcompared to the best initial state, named as the control foreifistent
forecasts are initialized witmaEnsemble Prediction System (EPH)e multiple simulations
run in parallel where the variedhitial conditionslead toperturbed forecast3he divergence
of the control forecast with thegerturbedforecastsgives an estimate of the uncertairayd
spreadof the weatherpredictionon a particular day making ensemble prediction systems
valuable for riskbased decisiecmaking(ECMWF, 2008)
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Nonetheless, rsemble weather forecastse complex andcharacterized byuncertainty
primarily due tothe chaotic nature of atmospheric dynamiegensmall perturbatiosiin the
initial conditionscan leadto differentatmospheriduture statesThis effect is known athe
Abut t er fToypreséntt@scuncértaintyflood forecastingmultiple NWP ensembles
can ke forcedthrougha singlehydrological modelor a single NWP ensembtan be coupled
with multiple hydrological model@Das et al., 2022

In Europe, most meteorologicaveather forecastare used from the European Cenfoe
Medium-Range Weather Forecasts (ECMWF) (Das et al., 202R)se ensembliorecasts of
ECMWEF, the forecasts arenitialized every sixhours butreleased according to a fixed
dissemination schedu(@CMWF, 202%). This dissemination schedulelays user access and
consequently reduces the effective lead time.

This study focuses on applyirgstorical operationaénserble precipitation forecastsom
ECMWEF to evaluate their effectiveness in predicting the 2021 flood etrike hindcasts,
which are retrospective simulations, operational forecasts reflectimsalconditions and
modé configurations used at the tim€hese forecasts are used to force a singtieological
modelwith predicted rainfallnputs

2.1.2 Comporent Il: Hydrologicalforecasting

The second part @urrentFEWS is forcing the meteorological forecast data anbydrological
model.In general, hydrological models anéllized to describe parts and interactions of the
hydrological cycle. Asnodels are a representation of the reality, different hydrological models
describe processes and interactions of the hydrological cycle in catchments differently
(Pechlivanidis et al., 2013RBecause of the simulation of natural processes, there is no single
best model to use. Rather, there are many solutions, depending on the objective and needed
complexity ©Ogden, 2020)Additionally, while the hydrologic cycle is global in nature, large
scalemeteorological conditions are processed on a local.sdakespecific catchment response
makes hydrology highlieterogeneusover space and time, which is also called the uniqueness
of place in hydrologic modelling (Beven, 2000). Ultimately, the goal of hydrological misdels

to support and improve decisiomaking in water resource management and flood risk
management in river catchments (Pechlivanidis et al., 2013)

2.1.3 Component Ill: CommunicatipResponse & Early action

A common approacin mediumrangeflood forecastingis by forcing ahydrological model

with an ensemble of NWP to estimate the probable future hydrological cosditidhis case,

the hydrological modepredictswhether predefined hydrological exceedance thresholds are
surpassed with a certain probabiliiifieri et al., 2019) When a threshold is surpassed,
warnings can be given to the public or to crisis managers who make decisions whether to
respond. Predefined meteorological and hydrological warning levels are often depicted in color
codes adllustrated in Figure 2. Thesgarning levels can be connected to predefined actions,
outlined in crisis management plans (Busker et al., 2025).
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COMMUNICATION OF FORECASTS, WARNINGS AND ACTION ADVISORIES

FORECASTS & WARNINGS IMPACTS AND ACTION ADVISORIES
Meteorological Hydrological (CRISIS MANAGEMENT)

Water level threshold
Rainfall Threshold I

Rainfall or water level

LY
o

Time

Figure 2: Conceptual representation ofREWS. Rainfall ensemble forecasts (left) are used in hydrological ntodaisdic
river water levels (middleWarnings are issued if a share of the ensembles exceed the predefined thredfichdesult i
triggering (sometimes predefined) early actigrght) (Obtained from Busker et al. (2025))

Subsequently, if authorities have decided to warn the puldeally warnings should be
communicated in a way that the response is coaratthat people actonthewarning r ogr | i |
et al.,, 2022) For instance, a warning can include evacuation of people and property or
implementing measuresich as barriers.

Due to the usage of forecasts and models in different components, a key challenge in the
development and implementation of a FEWS is that uncertainty can propagate further to the
nex-t component . By going through alihty FEWS®S
propagation can have effects on the systems oRarker & Priest, 2012)For example,
uncertainty in the collection and preparation of the rainfall ensemble forecasts could lead to
Omi ssedbd6 forecasts wher e r aléabdemddwater laveleddh ol d s
surpass thevater levekhresholds. On the other hand, uncertainty can also lead to forecasts that

did surpass the thresholds, without actual exceedance of thresholds within the observations
(Busker et al., 2025Cloke & Pappenberger, 200Merz et al., 202D These saalled false

alarms and misses have effects on the trust that people have in current FEWS. The propagation
of uncertainty can therefore undermine the credibility of FE®&vada et al., 2022)
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2.2. Major challenges icurrent FEWS and in developimhgpact
based Forecasting Warning Systehs=-FWS)

Although current EWS have proven substantial monetary benefit against the damages of
natural hazards (Pappenberger et al., 2GhBse systemare based on the ability of people to
use the given information and take effective ac{MMO, 2015) Moreover, current FEWS

are used to predithe magnitude, location, and timing of potential damaging events (Merz et
al., 2020).

The study of Busker et al. (202ddncludeghat currentFEWS can effectively trigger early
action up to 23 days in advance across much of Europe, while the value of the forecasts largely
disappears at &-day lead time.However, espite thefocus ondevelopng the hydro
meteorological monitoring and forecasting systeRerifandedNovoa et al., 2024Najafi et

al., 2024 Pappenberger, 201Sawada et al., 2022the decline of uncertainty is notsale
prerequisite for reducing the impacts of flood hazards. Consequently, an accurate and timely
warning does naguaranteesafety of life or prevention of major economic disruptfavivio,

2015)

For example, dring the flood of July 2021 in Northwestern Europdot of people were not

warnedor aware of the flood severjtgespite having FEWS in placalthoughthe risk was
acknowledged and forecadtehe final pillaro Pu bl i ¢ awareness and pr ey
good functioning FEWS$vas notsufficient (Busker et al., 2029=ndendijk et al., 2023

Moreover, postvent analysis of the flooglvent has revealed that FEWS solely focusing on
hazard metrics, such as maximum local rainfall depths or maximum water levels, resulted in
misinformed actions, delayed responses, and at times, no actiofNajali et al., 2024) Here

the communication of flood warnings to first responders and the public appears challenging
(Busker et al., 2029Verz et al. 2010;Parker & Priest, 2012

Furthermore, the rapid assessment of impacts immediately after an event or the provision of
impacts prior to aevent tend to be developed without the involvement of relevant stakeholders:
the information sharing and interaction between stakeholders during an event is often not well
integrated (Merz et al., 202Botter et al., 2095Moreover, for governments, economic sectors

and the public to take appropriate action, thystknow how hazards might impact their lives,
livelihoods, and the economy (WMO, 2015).

In addition, interviewees in the study of Busker et al. (2025) stressed that estinfédesl of
areas are highly needed to improve the effectiveness of early actions.fl@thestimations

can be combined with overlays of exposed buildings, land covers, and critical infrastructure
flood impacts can be mapped (Najafi et al., 2024). However, a key famtdributing to
inaction is ineffective communication of the forecasts. Interviewees stressed that the
information needs for emergency management amnafiot met.Moreover, interviewees
emphasizedhe challenge of interpretingrobabilisticforecastsresulting in thegoreference for
usingdeterministicforecastgo take action (Busker et al., 2028)perationakervices such as
safety regions, fire brigades, police, and ambulance address the nesdp&mtbased
communicationas they underscored that thiemowledge about potential impacts of 150 mm

or 200 mnrainfall eventgemains limitedBusker et al., 2029.indenlaub et al., 202Najafi

et al, 2029. Therefore, a mukldisciplinary approach with all the stakeholders is needed to
heighten the response rate, information sharingnahdatethe impacts of natural hazards.

To forecastflood mapsandassociatedlood impacts,currentFEWS areoften extended with
the integration ofadditional components, for instanagpthdamage curves qrobabilistic
multivariable vulnerability model$\ major challengén this approach lies in producitignely
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and accurate estinesgof water levels antlood areaswhich are essenti& determine impacts
(Najafi et al, 2024) This isachieved eitheby fast hydrodynamic simulation approaches or by
using predefineflood maps(Merz et al., 2020Najafi et al., 2025

2.2.11ncludinghydrodynamic modelsy FFEWS

As hydrological models are utilized for the simulation of the interaction processes in the
hydrologic cycle,one key aspect in thieehaviourof largescale river basins that has been
partially neglected in largscale hydrological models is river hydrodynamiPaiva et al.,

2011) Often hydrological modelase simplified flow routing models which do not include
dynamical processes that occur in rivers such as backwater and floodplain storage effects. These
effects play significant roles in fluvial systems such as in biogeochemical prodessiesick
between land, atmosphere and wdRaiva et al., 2011)The simulation of flood inundation
providesthe basis for the representation of all these procgs&®sa et al., 2011)Using
hydrodynamic flow routing (inclusion of dynamical processes) provide also model outputs such
as river stages, flow velocities and slofeaiva et al., 2011)

Within this context onedimensional (1D) and twdimensional (2D) hydrodynamimodels
are often used to simulate flod@havior First, 1D modelsassume flow varies only in the
longitudinal (streamwise) direction, neglecting lateral and veni@ahtions.Water levelsare
calculated using dischargeater leverelationship®or flood wave propagation equatioS@me
modelscan partially accountfor transverse (lateral and vertical) flow effettg including
different cross sectionéfter predicting the water levels at fixed poimghe river 1D models
can extrapolate th##ood depthsat thefloodplainsbased on aelevation magHamdi et al.,
2019)

In contrast2D modelscompute deptaveraged water surface elevatiamsl fluxes over awo-
dimensionafrid. As a result,hiese models require more detailed topographic datghness
data, and boundamondition dataHence, 2D approaches better capture spatial variability in
flood modelling, offering a more accurate estimatfaxfd risk (Hamdi et al, 2019)

Therefore2D Hydrodynamic models have been in commonfasseveral decades worldwide,

for the simulation of flood events for engineering, planning and risk assessment studies
(Nicholas, 2003)As thesanodels rely on numerically solving partial differential equations to
spatially evaluate flood exten{keijnse et al., 202, Paiva et al., 2011 this ismuch more
computationally intensiveompared to hydrological models. Currently, different studies tried

to improve the time expensive models by simplifying the partially differential equations or by
using Machine Learning methofldacesGarcia et al., 2024 _eijnse et al., 20D).

In the context of theINDRR mission to creatEEWS in all countries by 202he focus of this
study is to apply 2D SFINCS hydrodynamic model together with ensemble forecasts to
generate flood map forecasls.fact, current FEWSusehydrological moded to warn people
based orhydrological thresholddn contrast, his studyusesensemble weather forecagtsa

2D hydradynamicmodeltogether with a hydrological modethichinitializesthe hydrological
processeso forecast flood extents and depths

2.2.2 Estimating impacts iFFEWSwith depthdamage curves

To complemenan |BFFWS, depthdamage curvesan be utilized tdranslatesmulatedflood
water levelsnto direct economic damage$owever, having adequate dejsthmagecurvesto
describe thevulnerability on a local scalés a significantchallenge that stands in the way of
flood risk modelergPita et al., 2021)
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Specifically damagessessments are currently limited in evaluating the impacts from flooding
due to the absence ofcamprehensive global database of flood damage functions that can
translate flood water levels into direct economic dan{&fyezinga et al., 201;7/Merz et al.,
2010. Moreover, the evaluation and reliability of themage assessments are complicated due
to thescarcity of reported impact data at the local s@dlerz et al., 2020Potter et al., 2025)

To overcome the lack of sigpecific functions, modelers usually adopt functions father
locations,extrapolate from limited flood damage dabda,conduct experjudgementsurveys
(Huizinga et al., 201;7Pita et al., 2021)Additionally, the damage fractions in the curves are
intended to span from zero (no damage) to amex{mum damage)herefore, it is necessary

for each locatioio normalize the curve based on the local maximum damage (Huizinga et al.,
2017). Furthermore the technical report of Huizinga et al. (2017) presendegthdamage
functions for 214 countriesvith the following damage categories: Residential buildings,
commercejndustry, transportjnfrastructureandagriculture.

Ultimately, this study will apply deptdamage curves in order taanslateflood levels into
direct damagesSince the development B BFFWSis still in its infancy the majority of current
FEWS are focusing orextending their system witlgualitative or quantitativampact
assessmen{®usker et al., 2029Merz et al., 202D These assessments are commonly based
ondirectdamages to the residential and commercial séetozinga et al., 201,Merz et al.,
2020. In contrast impacts on critical infrastructure or indirect impacts are rarely considered
(Merz et al., 2020).

However,to act effectivelyandto communicateas early as possibte the local publicit is
important to know what the impactgould befor emergency servicesritical infrastructure
and facilities Hence,the development ofBFFWS faces further challenges related to the
definition of relevant impact informatiorReasonablythe forecasted impaditill must be
aligned with theresponsibilities knowledgeand requirements of the involdestakeholders
(Busker et al., 2029Merz et al., 202D Subsequently, it is important &ffectively share the
propagation and representationuoicertainties within the IbF (Najafi et al., 2024).

Despite the challenges of extending current FEWS with IbF, the ftittesholds (Figure 2)
must be based on the expected impact on people and their &Bsisteer et al., 2025)
Therefore there is a need for developirand testingimpactbased forecast systermgth
differentimpactbasedhreshold§WMO, 2015; RedCross Red Crescent Movement & Climate
Centre (RCCC), 2020Merz et al., 2020)Multiple IbF initiatives are already launched by
WMO (2021).
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3. Study area

The study takes the transboundary Geul catchment as a case study for the implementation of an
IBFFWS. The riveris locatedbetweerb0°39Nj 50°BANJN | a t 5°65Mjd6e6NjE ndongi t ud
andflows through Belgium, Germany and Limburg (Southern province of the Netherlands), as
illustratedin Figure3. First, the Geul catchmems describedsection 3.1)thena description is

given of the EWS in the Netherlan@section 3.2), andinally the flood event of 2021s
describedsection3.3).
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Figure 3: Topography of the TransboundaBeul Basin Source(JCAR ATRACE20254a)

3.1 The Geul catchment

The Geul River is an important tributary of the Meuse and drops about 250 meters over
approximately 60 km, making it one of the few steegpdping rivers in the Netherlandgth

an average slope of 6¢%ENW, 2021;Tsiokanos et al., 2024Yhec a t ¢ h mlevationiss
illustratedin Figure 4 The river is prominently raifed and has an average discharge of
approximately 3.2n¥s. Consequentlyits discharge can vary enormously during flood and
drought eventg¢Tsiokanos et al., 2024Due to theflash floodcharacter of the 2021 event, the
Geul areaxperiencedhigher impacts during and after the flomgtompared talamages along

the MeuseRiver (Endendijk et al., 2023Slager et al., 2092The upstream part of the Geul

river is characterized by a relatively fast response to precipitation. The fast rainfall runoff
originatesrom a low infiltration capacity caused by poorly permeable rocks in the subsurface.
In addition, recent flood management measures (e.g. river widening and channel deepening)
prevented flooding in the main branch of the Me(lB2AR ATRACE,2025&; Slager et al.,

2022.

The Geul catchment area is 340%and exists for 46% of grassland, 19% of arable land, 12%
of buildings, 5% of roads, and 20% of fore€l€AR ATRACE,20254). This catchment is
characterizedhy smallbuilt-up areas in a rural arddany small towns and villages ane the
stream valleywhere the riveoftenflows through narrow village centeiss a resultthe water
levelincreases in the village centextshigher dischargeomparedo the water levels the
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rural aregd ENW, 2021). Thereforeptreduce the flood risk, many rainwater buffers have been
constructed throughout the catchm@l@AR ATRACE,20253).

Digital Elevation Model (DEM) of the Geul catchment ]
; -

Figure 4: Elevation map of the study catchment, includil
land boundaries and nearby cities

3.2 Early Warning Systems in the Netherlands

In the Netherlands there is an explicit distinction between major floods from the main
waterways and local floods from regional waterways or local rainfall (Kok et al., 2017). Flood
risk management for main waterways addresses the protection againstveraisuch as the

Rhine and the Meuse, the largest lakes such alfsted Lakeand the sea. When these main
waterways flood, the consequences in terms of casualties and daraagetbe foreseen. On

the other hand, the regional flood risk management focuses on the flood risk of smaller streams
and canals, which are usually caused by local rai(alDe Bruijn et al., 20283

Specifically, n the NetherlandsRijkswaterstaat(RWS) is responsible forgiving local
authoritiesearly warningdor high water levels or extreme events which are relatable to water
management(Ministerie van Infrastructuur en Waterstaat, 2024RWS monitors the
dischargesandwater levelsof the main rivers in the countfMinisterie van Infrastructuur en
Waterstaat, 2023. Simultaneously, regional waterboards obtain precipitation forecasts of the
KNMI through an automatic warning system when a critical precipitation limit is likely to be
exceededKNMI, 2003). Both RWS and the local Waterboards have focused their &WS
rainfall and hydrological forecasts without information about impacts. This is confirmed by
Merz et al. (2020) who described more in general that often only magnitueéeerds are
modelled in EWS and not impacts.

Although it is acknowledged that a grey zone exists between the management of these two
regimes The distinction extends to the governance of protection standards and the geographical
distribution of these responsibilities. For instance, the estimated exceedance probability of the
July 2021 event did exceed the protection standards (causing floodindparages) of the
smaller local rivers but was within the protection range aroundvibese River(where
protection infrastructure functioned well. De Bruijn et al., 2023
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3.3 The Flood event of July 2021

In retrospect téhe flood event in July 202&xtraordinary precipitation events between 12 and

15 July covered a large area of the Meuse and Mamghs in Germany, Belgium and the
Netherlands ENW, 2021;K. De Bruijn et al., 2023)The meteorologicatonditions were
characterizetdy a cutofflow-pressureystem over Central Europe that supplied warm and very
humid air masses to Central Europe from the Mediterranean in a rotating movement
(Tradowsky et al., 2023)Simultaneously, with thiew-pressuresystem slowly approaching

from France towards Germany, the troposphere was increasingly unstably stratified
(Tradowsky et al., 2023). Both meteorological drivers were forced upwards due to the presence
of the western low mountain ranges (e.g. Eifel, Ar=) causing damming effecfs a result,

a cold pit originated wherde air from a large area circulatédthe direction of the pitin the

cold pit, the air wenup due to the temperature gradiecdoled and rained o(ENW, 2021)

This systencausecdheavy rainfall where he most precipitation fell in thérdennes Vestre
Riverbasinand in the southern Walloon part of the Geul river béssselman et al., 2022n
addition,in the core of the weather systeme trainfallpeak amounts exceed250 mm(K. De

Bruijn et al., 2023

3.3.1 Meteorological conditions ithe Geul catchment

In terms ofrainfall intensity and atmospheric conditionthe weather system itself was not
uncommon for lie region during summedAsselman et al., 2022However, the stagnant
position of the system over the aréed to exceptionally high and prolonged precipitation
resulting in extreme cumulative rainfall totéfssselman et al., 202ENW, 202). Theseverity

of the eventin the Meuse catchmens illustratedby a Gumbel distributionof extreme
precipitation valueswith return periods exceedidgl0,000 yearg eastern suoatchmentsf
the Meuse (ENW, 2021).Between 13 and 15 July 2021, total preteipon in the Geul
catchment ranged from 160 to 180 nmisselman et al., 202X. De Bruijn et al., 2028 On
averagel128 mm fell within the 48 hours, corresponding to a return pefidcb00 years when
orographiceffects are considere@hsselman et al., 20225pecifically, the(accumulated)

ERAS Precipitation — Min, Median & Max of the spatial grid from 10 July 2021

=== Minimum
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Figure 5: Theamount of rainfallin the Geul catchment from 10 Julil 16 July 2021 Thetop figure visualizes thenax
median, and minimumrecipitationintensityimm/h] that fell across theatchment per time steph&bottom figuredepics the
maximum, median, and minimum cumulative suprexfipitation[mm] in thecatchment
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amount ofrainfall that fell in the Geul basin @resentedh Figure 5 basedn ERA5reanalysis
datafrom ECMWEF. Note the event had thrdgigh rainfall peaks between 14 and 15 July.
contrast, thaverage monthly July precipitationZinid-Limburgis aroundB0mm highlighting
the event 6s dAsslmgntetialo B022) nat ur e

In addition until the forecasissued orl0 July the extremeness of the event waspredicted
The first indications ofainfall appeared in the forecast @a July. From tat point onward,
predicted rainfall amounts and pedikchargesvere frequently revised upward. Consequently,
the ENW evaluation report (2021) concluded thatréadtime rainfall data from th&NMI
radarwas of insufficient qualityunderestimating theumulative amount of precipitatiomith
approximately a factothree Therefore, it is possible tha@robabilisticforecasting systems
could have reflected thesxtremeg ENW, 2021).In addition the evaluation report dfan
Heeringen et al2022)demonstrates thainly thedeterministicforecass ICON-EU from the
German Weather Institutd{WD) estimated theextremerainfall amountsfor 11 July The
following days theECMWF ensembldorecasts became moeecurate, resulting inverall
accurateensembldorecastsThismeans that theeport concludes that treewas at least a timely
indication of very high precipitatiomitialized by ECMWF andhe DWD. Although itmustbe
acknowledged thdor this specificeventthe ECMWEF forecastswere behind to those of the
DWD, where the DWD gaven indication much earliefVan Heeringen et al., 2022).
Ultimately, it appears that differemteather forecast institutes predict differentcomes for
the days before the flopavhere the KNMIdid not came close to the observed rainfall with
their forecast$ENW, 2021) The DWDprovidedthe first indication of extremenesa 11 July

at 00:00UTC, after whichit underestimatethe evenuntil 12 July Lastly, the ensembles of
the ECMWF underestimatetheeventtill 11 July 12:00 UTC (Van Heeringen et al., 2022).

3.3.2. Extremewater levelsand peak dischargas perspective of the Geul

catchment

This recordbreakingprecipitationresulted in record high discharges in the Meuse and its
tributaries.The peak discharge in the Meuse arrivedEijsdenat 22:00o0n 15 Julyand took
approximately 113 hours to travel to the mdtvnstream point of the Meuse near Rotterdam.
Simultaneouslyas thepeak of the Meuseeachedhe
confluence with the Geul river, the discharge pefkK
the Geulalso arrived at this junctiofENW, 2021) As
a result, this temporal overlap restricted effectivi
drainage leading to elevatedater levelsn the Geul
estuary Thesewater levelslikely contributed to the
downstreamimpacts of the even{Asselman et al.,
2022).

Furthermore the timing of maximum waterlevels
acrosshe catchmentaried asillustrated in Figures. 935389888398 ¢%
The figure demonstratesthat peak water levels T3 FEEE% %3 %
upstreamin the Geul(measuringstations 13 and 14
occurred laterthan th@e downstream due to Figure 6: Moment and height of theeakwatel
secondaryainfall peak Thehighest watelevelsin the 'evelalongthe GeulRiverat differentmeasurin
Geul ded betwedhe evenina of 14 Jul stations (each a different number awdlour).
eulwere recqr € g ) YFrom upstream (number 14, blu® downstreai
and the morning of 15 Julywhere he first peak (number 1, Pink) and in blacthe moment ar
occurred around Mechelen at 18:60 14 July This heightof thewater level at the measuring stat
. . in the Meuse near the outlet of the Geihtainec
peakresulted inwater levels higher than the T10qm enw (2021)
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As a resultthe actual water levels during the everteeded the water levels associated with
the designedeturn periodof T25 (ENW, 2021) This indicates that the event falls within the
scope of acceptdtbod risksincethe water levels were above the T25 return petitiimately,

the tributaries of the Meuse such as @eul, Geleenbeekand theRoer had a water level
exceedance probabiligf approximatelyl:100till 1:1000years (ENW, 2021).

3.3.3 Evacuatiorand taken measures in the Geul catchment

As water levels in the Geul rapidly exceeded design thresholds, authorities were forced to
respond under extreme and unforeseen circumstances, especially in the tributaries of the Meuse.
In these catchments existing disaster protocols were not preparexdefus of this severity,

leaving villages and areas such as Valkenlaevacuated. Consequently, many residents
were caught by surprise during the night of 14 and 15 July 2021 when water levels rose very
fast (ENW, 2021)In Figure7 the timeline of tle warnings, communication and response in the
Geul catchment is demonstrated. Based on the timeline, the start of the flood occurred at 22:45
on 14 July 2021.

12 July 13 July 14 July 15 July 16 July
sedshscsscscccccsnsncfhecccscnnes LY O XEEEELE] T YRR 2 X0 ¢ XRX O LR R LR L
o @ o0 D000 0:00 &
. . . . - - PO
- - F . T 3 . - . - - P e
. SR: Warning repetition for . . : At 22:45: Start of inundation ,
. .
. high water levels + Possible H . H Valkenburg + :
- »
. evacuation campings adjacent | 3 . s |Evacuation of social facilities » o
. to the Geul . . *|start at their own request :
. . . . M
- L] L] .
- - ] - L] LI
: . . . | SR: Call for self-reliance | 3
- - L3
SR: Warning high water levels +|SR: Evacuate campings At 5:30: Pcak water level occurs
in Meuse and Tributaries +|adjacent to the Geul in Valkenburg +
.

KNMI: Code Yellow for

extreme rainfall on the 13'" July

Evacuation of the non-inundated

neighborhoods with power cuts
¥

.
[ ] [ ]

KNMI at 21:00: Code Orange KNMI at 17:30: Code Red for At 11:00: Powercuts in 700 housey
for extreme rainfall extreme rainfall in Valkenburg

P
At 17:30: Water level decreased to
normal in Valkenburg

SR: Safety region . -
KNMI: Royal Netherlands At 19:00: Start evacuation Meerssen

Meteorological Institute At 22:00: Start evacuation Bunde

Figure 7: Timeline of warnings, communicaticand response in the Geul catchment, created from the timeline of ENW.

In general, the warning communicatieas disseminateithrough acombinationof formal and
informal channelsincluding municipalauthorities safety regions, NlAlerts, social media,
policeloudspeakerschurch bells, antheregional broadcastét1a In addition manypeople
receivedinformal warningsvia WhatsApp groupsor through family or acquaintancésing
upstream(ENW, 2021)

Although official warnings were issued lifie Safety region Zuid.imburg at approximately
17:00 and 22:30n 14 July Thesemessagesmphasizethe potential danger of thierecasted
rainfall andrising water levels advisingto remainindoors. Howeverthey lacked critical
informationsuch aexpected flood depthspatial floodextents andimpact zonesWithin the
scope otheexistingprotocols evacuations were carried outhigh-risk zones directly adjacent

to the riverthroughout 14 JulyAs a result, several campsites and social facilities were
evacuatedn Valkenburg and Meerss¢éENW, 2021)

Despite these effortthe majority ofresidentsn the Geul valley were caught by surprisbe
floodwatershad particularlyimpacts on communitiei® Valkenburg and Meerseas well as
downstream areadong the Juliana channiel the villagesBunde and GeulleMoreover two
neighbourhoodé Valkenburgexperienced gwer cuts an@pproximately 1000 people were
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exposed to flooding and only evacuated after wateahaddyfloodedthe aredENW, 2021)
Furthermore, respondents of the survey by Endendijk et al. (2023) indicated that the
respondents living in the more upstream flooded area of the Geul River were gbbmau
surprise

3.3.4 Impactsin the Geul catchment

While largescale evacuations were limited and often delayed, the sewétite flood led to
several physical impact3he primary driver of the extensive damage was the exceptional
precipitation that fell ovethe catchmen(ENW, 2021) The rainfall in combination withhe

fast rainfall runoff processesndthe hilly terrain caused high discharges in the Geul river,
which ultimately, resulted in thigooding of floodplains. Due to the presence of low protected
villages in the stream valley, the impact of the event was relativelyfarghgricultureand
residential buildinggEndendijk et al., 202ENW, 2021;JCAR ATRACE,20254). In total

the extreme flood event of July 2021 in NeWirestern Europe caused 230 fatalities and around
040bn of damage ( LRodunakelynlikein Getmary bnd Belgir@, 2h2 )
flood eventdid not result in direct casualtigs the NetherlandsHowever, theobservedlow
velocities, water depths exceeding 1.5 met@nsl the rapid water level rigeseverabparts of

the Geul valleyndicate thathese extreme conditions could have lethtwecasualtie§ENW,
2021; Jager et al., 2022)

Neverthelessthe event caused severe disruption throughout the catchewentthougtthe
duration of the flood waelatively shortiiot longer than onéay, Figure7). The impacts were
dependent on the timing of peak flow, increase in water depthvelodity (ENW, 2021)
Moreover,asthe limited early warning and the flash floatharacteraffected the response
ability, different stakeholderis the catchment sufferddgh losses due to peak seasonal usage
during the summer period. Examples are damagagrioultural landsandcampsiteSENW,
2021)

In addition,by earlyAugust, insurers had reported nearly 13,000 damage claims from Limburg,

with the majority originating frorthe different tributariesNinety percenof the damage claims

were related to private homes and vehicMsreover, approximatelg00 businesses were
affectedby the flood of which around 70% were located along the Gdliimately, the total
damage in the Netherl ands 600millienéENW,B@21)ed i n t h

Looking at tke impactsafter theflood event, Endendijk et al. (2023) investigated that the
disaster prevention was effective during the flood, as only households located in areas without
dikes have been flooded’hose who received a warning employed more flood damage
mitigation measures than households without a warflihgseadaptation measures reduced

the damage by approximately 20% t&&0

3.3.5 Postflood actionan the Geul catchment

After the flood event of July 2021he safetyregions LimburgNoord (VRLN) and Zuid
Limburg (VRZL) have prepared together with Rijkswaterstaat and Waterboard Limburg a
disaster response plan for anticipating high water levels in the main rivers and tributaries of the
province. The goal of the plan ie have a close collaboration with the local authorities and
emerging services, whereby the consequences of fuigihevaterlevels will be prevented as
much as possible. The plan will support the operational deploybyeti¢fining preventive
actions and responses based on the discharges of the rivers and s¢¥edigbidsregio
Zuid-Limburg et al., 2024).

Moreover, in response to the summer floods of 2021, different research programs are initiated,
including a Joint Cooperation program for Applied scientific Research on flood and drought
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ri sk management in regional river basins
Transboundary Regional Adaptation to Climate Extremes (ATRACE) by evaluatpagts

and implications aiming to improve preparednessid to support collaboration between
partners in the transboundary basins of Belgium, Germany, Luxembourg and the Netherlands
(JCAR ATRACE, 2025h). This research will contribute to JCAR by focusing on the
development of IbF based on precipitation ensemble forecasts.

Furthermore, authorities currently assess measurés mitigate impacts and increase
preparedness for similar extreme events. It can be concluded that the exceptional magnitude
and spatial extent of the July 2021 floods, along with their severe impact on neighboring
countries, heightened the awareness ahsitmilar hydrometeorological hazaosdcurringin a
different region in the Netherlands could have caused much larger infigabis Bruijn et al.,

2023. In response to this awareness, the development of this IbF for the Geul catchment could
hypotheticaly lead to a wider application ohpactbasednodels in the Netherlands, what will
contribute to improved responses.
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4. Methodology

This chapteputlines the methodologickiameworkcreated to investigate the development of
an IBFFWS for the Geul catchmenThe aim of this chapter is to provide overview of the
methodsand modelsused for data collectionprocessing interpretation, ealuation and
limitations and uncertaintiegigure 8 representshe overallstudy setup in a flow chiarin
general, this study applies different models from @eographical, Environmental, and
BehaviouralGEB) model framework) A. De Bruijn et al, 2023)

| Study Set Up I |4.1 Preparation of Precipitation Ensemble forecasts| 4.2 From Forecasts to Flood maps
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As the study is t hehadiew,et oipdadeonxt woifh pa thnea dd la
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prac,tiernessuring the rel ewarnlcke aopp htehcea Ibroeaosausli.tosn
t hraeet hodol ogi cmad w tfawatmhénwoarnk ex pl anati on on hc
forecasts are prepared to be used in the |IDbF

Lastly, SFINCS is initialized with initial s
data from the CWatM model . However, the init
this study. The study of Bgrek €waaM. w{(2020)
study can be usedJvofsar i muopro@tathreontt e tohga thigyodnr.o |l o g i
condiitni otnhsii s vetrdeeddy wi alh d CWa b Me n i eosB uhr etkh ee ts taul
( 202 0(). A.daRtuijn et a.2023) The conditions of CWatM argsed in SFINC®utare

not elaborated in this study

4.1 Preparation of Precipitatidénsemble forecast
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war muggpi rprhiamssge) of twleetrflrea nCeWaa dvie tmdo yitéht @ | ogi c a
conditioaschmenhhe

ECMWENnsemblrecast s

Il n addERABmi ¢ osECHMWpaseenbeghbkeei pitafirom for
t hken s e Rbé i Sytsite@mP B¢ r £iyetw RRC MWF ,d)t2d0 2f50r c.e SFI N
Thiversion was selectedet® esswed bdfadr & ofr lea
operationalhdroakey asvusi)di ngFohet Imiasheev elb@éd nh hi n
ot hfeor escka sstinpr awmedv mod e | updates fr omathnide ECN
without e X tFroa ecaasnh sl weiret et EdpWE Attt omalghar
wi tam API wheqgwe spter ¢ armtbrea!| afnduo verclacsdodgeeda h e y
represent an ensembl ef dofroerceacsatssto navrdo h. E& O h pea s
forecast spans 15 days, 9Wi houifinsmuenel y ti mest ep
93 to 144 hoursyefamdbd®Bi36I0 HELCMWF, .2 0F05b)t he
firsoumdd thhearfepdatadith@aftdagl | owing a di ssemin:
(ECMWF, 2025

Furthermorethespatialresolutionof the forecasts is defined withthe API requestThis study
employsthe gid F640Gaussian grid, which was usedtire operational forecasis the days
leadingup to the 2021 floo@vent.The F640 grid contain40 lines between the equator and
the polestranslatingo a vertical resolution of approximateédyl4 degreeg~15.6 km), with a
comparablénorizontal resolution ohppioximate 8 kmat 50 degreedatitude

Utilizing both conttatilaindatpees tarimede foolkG St
hydrol ogi cal respons.esSitneef dl eoals hngd omr /dil Kiet
Jul 32 ad4&6cBi),enght fWwerecafertdmtedldy Juil gcbloutdhi ng

f or eicnaistti al i Z#at0iOa 0 Ot ikmeds lRkeasdDwidty &d rtainngees f r om
approxbmaute@% oufrosr both control . andbkasémblue
these |l ead times ,amwhicihsyvamiynatipemdti nme®n wh
t hfhoautrdbyecast i ntE@CWMANRD 2braeg appl i ed

The forecast data i1 s downloaded with an AP
specifying parameters for both control and perturbed forecadetated inAppendix A The
request accesses the ECMWF6s opelratdlon@ad f ad,c
specifies the total precipitation (Twlative) as the variable of interest along with other more
technical and geographical parameters. Notettimstudy usethe operational archive instead

of the hindcasts to use the forecasts which were available for users at that momen{segime
Discussion).
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Tablel: Overview of leadimeswith andwithoutconsidering thelissemination schedule of ECMWF (2025a) and based on
the determined stadf floodingon 14 July 22:45 from section 3.2

FORECAST INITIAL LEAD TIME FORECAST LEAD TIME IN

[hours: minuts TIME TO REALITY pours:
before] DISSEMINATE minutes before]
TO USERS

11 July 2021 00:0C 94:45 06:27 88:18

11 July 2021 12:0( 8245 18:27 76:18

12 July 2021 00:0C 70:45 06:27 64:18

12 July 2021 12:0(C 5845 18:12 52:33

13 July 2021 00:0( 46:45 06:12 40:33

13 July 2021 12:0C 34:45 18:12 28:33

14 July 2021 00:0( 22:45 06:12 16:33

14 July 2021 12:0C 10:45 18:12 4:33

Start offlooding | 14 July 2021 22:45 - 14 July 2021 22:45

4.1.2 Processinmputdata

Before the forecastdata isused as inputn the frameworkit is first processedusing a
standardized Python workflowEach API request returns &RIB-format file, where
specifically for forecasts from 11 July and 12 July additional data reques¢ésnecessary.
Since these forecasts did motver 15 July with hourly timestepsitirely, the lacking hours are
filled with 3-hourly timestepsto extend the coverage up to latast 0000 on 16 July.
Additionally, forecasts issued at 12:00 lacked precipitation for the first 12 hours of tHEoday
meet the input requirements of SFINE&o precipitation gridaith similar dimensionsvere
insertedfor the missing periodo preventintroducing artifical rainfall. Regardingthe ERA5
baselinesimulationin SFINCS theprocessing steps are not needsthe data already captures
theentire monthJuly (see Section 4.1.1)

In addition,theforecasts thatequired extension are mergedyetconsistentnput dataAs the
original forecast files contaioumulative precipitation in meters over timad| the data is
decumulatedind converted to millimeter§vhenthreehourly timestepsor zereprecipitation
grids are insertedthe forecasts arearefuly aligned and converted to hourly intervals by
interpolatingto geta consistent timestep

Furthermore,d efficiently incorporatéhe entire perturbed ensemble foreca$tsO members
this studydefinesan ensemble percentile approaEbr each grid cell, thes", 50", 75", 9g"

and 9% percentile are calculatedcross theensemble This new method describs the

uncertainty and spreasdithin the ensemble but significanttgduceghe computatin time in

the nextmodelling steps. Without this stepall the ® memberswould havebeenprocessed
individually. An example othespatial averagednsemble mmberss presented ifrigure9.

Once each forecast meets the required temporal coverage, the spatial grids are clipped to the
catchment boundaries before being used as input in the SFINCS hydrodynamic model.
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Figure 9: An example o spatial averagedeCMWFensemble precimtion forecastwith 50 members (irdistinct colour$,
and the mean forecasteated fromthe members (in blackJhisexamplds a perturbed forecast initializesh 12 July2021
00:00.

4.1.3 Evaluating the different forecasts

To evaluate the qualitygf thenew percentile approach combination ofmetrics is appliedo
examine the overall performance of the forecasts, the accuracy, the reliabilithessyhtial
representationf the forecastd&ach metric targets a specific aspect of foregaalityto ensure

a comprehensive comparis@ince the ERAS dataset is usedhservational datahis study
investigatedor everylead timethe quality of eachperturbedpercentileand control forecast
comparedo the ERA5 dataseBased on the outcomes of the forecast evaluatienfirst sub
guestion RQXan beansweredfiHow well do historic operational ensemble and deterministic
forecastgelate tothe observed precipitation patterns and totals of the July 2021 flood event,
compared to ERAS reanalysis data?

As a first step in the evaluation, scatterplots were used to visually compare the ensemble
percentile and control forecasts against the ERB&ervationfWCRP & WWRP, 201). To

ensure clarity, onlyhte maximumforecasted value across the spatial gvete includedper
percentile and lead tima the analysisFor the control forecasts, all individual grid cells are
included per lead time and preseniaddifferent colors. This visualization initializes the
subsequent more statistiqaletrics (PIT,CRPS,MAE, Bias, and FSS) by highlighting the
forecastobservation relationship

Evaluating the reliability of the Ensemble percentile forecasts:

Following thevisual comparison with scatterplothe reliability of the ensemble percentile
forecasts is evaluatessingProbability Integral Transform (PIT) histograniiese histograms

are essential for evaluatimgpw well the spread of the percentiles corresponds to the observed
data. This metrievaluaeswhetherthe percentiléorecastsare undedispersed, ovetdispersed

or exhibit systematic biaseSherefore, aPIT histogramreveat the relation betweerthe
observed frequency against the forecast probabjyochemoreet al., 2016;WCRP &
WWRP, 2017)Yang et al., 2021)
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To construct the PIT diagrams, PIT values were calculated for each lead time and péncentile
comparing observations with the corresponding ensemble fore&sifically, for each
timestep, theainfall intensityvalues were sortepler percentileand the rank of the observed
value withinthis sorted list was determined. Then, this rank was normalized by dividigig

the total number of ensemble members to obtain the PIT.vBhig process was applied for
each grid cell and time step across all #adltimes and percentile membéers assess the
overall model performance, the PIT values were averagetss all grid cellsvhich resulted

in the creation of the PIT histogranWhen the members are close to the 1:1 line it means that
it perfectly fits theERAS, when it is below the line it is under dispersed and wiinemember

is above the 1:1 line it is over dispersed and thus systematically {@asmthemore et al.,
2016;WCRP & WWRP, 2017Yang et al., 2021)

Evaluating the overall performance of the Ensemble percentile forecasts:

Subsequently, hie overall performance of the ensemble forecistcalculated with He
continuous ranked probability score (CRP®he CRPS quantifies the squared difference
between the cumulative distribution of the forecast and the observed outcome, represented as a
step function. A lower CRPS indicates higher forecast skill, as it reflects a closer alignment
between the predicted and obshdistributions Crochemore et al., 20)16n this study, the

CRPS score is calculated for the rainfall intensity per grid cell for each lead time based on the
ensemble percentiles, following the equation derived by Hersbach (2@@OEquation 4.1).

v ooy T e P i 7 ORI+ 9] P i VIR » SN ¢ 0]
@i,J): Grid cell dimensions
N: Total amount of percentiles

W : Forecasted value for percentile k
W: Forecasted value for percentile |

W . Observed value in ERA5

=

T — Observation CDF

Equation 4.1is employedin a standardized Forecast CDF
python wor k fcipo far_eansembie
function, which interprets ensemble forecasts
an empirical Cumulative Distribution Function
(CDF). Figure 10 illustratesthe CRPS
calculation, where the grey area between |
orange forecast CDF and the blue observat } L : : !
CDF represents the CRPS score. Befthe L e :

. . Figure10: An example of how the CRPS value is calcu
CRPSscore is calculatedcross lead times, thipased on the CDF curves of the ensemble forecast a
spatial resolution of the percentile ensemblgoPservation pertime step and per grid cell
first aligned with the resolution &RA5. SubsequentlyCRPS values are computed for each
grid cell and time step, and then averaged over time to generate a spatial CRHBeasap.

= =) =)
= > =
L L

Cumulative probability

=)
=

=)
=Y
L
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maps are then used to derive a laak-basedine plot, which summarizes the average CRPS
over time and grid per lead time.

Evaluating the accuracy of the Ensemble percentile & Contfotecasts:

Following the evaluation of ensemble spredds important to assess the accuracy of the
forecast valuescompared to observationg.o compare the different forecasts with the
observationsthe accuracy of the control and ensempégcentileforecastsare quantified by
calculating theMean Absolute Error (MAEaNd Bias These metrics are calculated for each
grid cell, enabling the identification of regionairiations in forecast performandehis allows

for a fair and consistent comparison betweernrdigall intensity of thedeteministic control
forecast and the percentilelsthe ensemble foreca3te equations of theseetricsare outlined

in Equation 4.2 and 4, 3vith the goal tayive insights in the magnitude of the error gad cell

and if the forecast is underestimatedowerestimateqCrochemore et al., 2016; WCRP &
WWRP, 2017 Yang et al., 2021)

D00 —-BSO Us (4.2
114 o, e r _B
N: Number of measurements

"Q  Forecasted value

U : Observed glue

Subsequentlyfor the ensemble percentile forecast® MAE and Biasire averaged across all

the ensemble percentiles to produce a single spatial map for each lead time. In addition, the
standard deviatioof both metrics is derived to illustrate the variability in forecast accuracy
among the different percentiles.

Evaluating the spatial representation of the Ensemble percentile & Control forecasts:

Moreover traditional verification metrics such as MAE compare forecasts and observations
individually at each locationThis becomes a problemhan an event such as a heaainfall

is forecast slightly off the locatiowhere itoccurred At that momenta double penalty arises
asaforecast will be doubly penaliseshce formissing the feature in the correct spot, and once
for the false alarm in the wrong pla@d¢aiden & Lledo, 2023)Thereforethe spatialevaluation

of the forecasts iguantifiedwith the Fractions Skill Score (FSS) metritis metrids widely
usedfor thresholdbased events such as heavy rainkddere it benefits in including both the
spatial distribution and displacement err¢/§CRP & WWRP, 2017; Haiden & Lled@023)

In this study, the FSS is applied for both the control forecast and the engpendeletiles (25,

50", 758", 90" and 94") by comparing the predicted and observetuesper grid cell. The
calculatedscores, ranging from 0 (no skill) to 1 (perfect agreement), allow for an objective
comparison of how well each forecast captures the spatial structure of theesredifferent

lead timesThis spatial evaluation complements other metrics and supports the assessment of
which forecast member or percentile best represents the observed.rainfall

38



Chapter 4 Methodology

The calculationof the FSS is standardized irstucturedpythonworkflow. First, all datasets

are synchronized iboth spatiakesolutionandtime to ensure consistespatial and temporal
alignment withthe ERA5data.Subsequently, the FSS is calculated for the deterministic control
forecast by evaluating each grid cell over time. This is done by binarizing precipitation values
using adifferent rainfall intensitythreshold(e.g., 0.5 mnfh) and comparing the exceedance
frequencies between the forecast and observed @eesquation 4.4The result provides a

map with FSS scores per grid o@lecker et al., 2024)

B -~ -~
oYY o - ﬁh _ i : (4.4)

Total number of grid cells across the study area

00 f The number ofgrid cells above the threshold from the
deterministic forecast
O Of: The number ofgrid cells above the threshold from the

observations

For the ensemble forecasts, a probabilistic FSS (pFSS) is computsghtrast to the FSS
control precipitation values for each percentile are binarized and aggregated to determine the
frequency with which rainfall exceeds the thresbol@lhis aggregated frequency is then
compared to observations to calculate the pFSS per grid cell, accounting for the spread within
the ensemblésee equation 4.§Neckeret al., 2024)

oYY e S (4.5)
N: Totalnumber of ensembles
I: Total number of grid cells across the study area
00 f The number of ensemble members predicting the elmve the
threshold at each time step each grid cell
O Of: The number of observations of evédbr grid cell'Q

Onceboth FSSontroland pFSS values are stored as spatial data arrays for each ledkisime,
approach enables a robust comparison betwpatialdeterministic and probabilistic forecast
performanceAdditionally, to provide an overvieymultiple threshold$0.5, 1, 3,4 mm/h)are
applied and summary statistics are derived from the FSS nkapsach threshold, the median,
maximum, and minimum scaeare extracted per lead time amsualized using boxplots.

Ultimately, aguantitative summary of the metricpi®sentedh a tableo compare the different
scoresThese metrics are averaged over both the spatial and teripoealsions of the forecast
and are based on the rainfall intensi@nce the overview is createitt becomegossible to
examinewhichlead time best represents the observed rainfall from ERAS.
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4.2 From forecasts to flood mapsthe GEB framework

The precipitation forecastsom 4.1are applied within the GEB framewor®&EB integrates
and couplesdifferent models includingwater cycle models (CWatM, MODFLOW), Human
behaviour models (DYNAMO, ADOPT), a vegetatidgnamics model (plantFATE), and a
hydrodynamic model (SFINCS). These models feanrction independently or irombination
depending on the research degiginA. De Bruijn et al.2023)

This study applies th GEB framework to simulate hydrological processes for th&eul
catchmentfor a 1QGyear period (warming up period in CWatM, whereafter SFINCS is
initialized to simulatethe flood extent and deptiWhile the framework handles the model
coupling, the core ahe SFINCSsetup remains unchangeéihis allows the study to focus on
testingthe effects offorecast inpubn hydrodynamic processes

Al t hough the r @irnfcetHsBedlgt ar dradpuet ments to
ensemble forecasts without changi mdfibeenni:

mul tiple ensembl e me mber s within SFI NCS, a
OMul tiversed) within the GEB framework to al
percentiles. This functionfsbomr E®at Meandi t mp
processed forecast before SFINCS is initiald
runs each fpereentile as an individual model
compl et ed, the function automatically resto
percentile can be simulated with theumsasne ir
that each forecast member starts with the sa
better comparison between percentil es. Il n a

simulations on future results.

4.2.1 The SuperFast INundation of Coast{SFINCS)Model

Building on the framework overview, this study appl&SINCS (v2.1.3 to simulateflood
extentsand flood depthsresulting from forecastedrecipitation The model is developed to
efficiently simulate hydrodynamicadrocesses such as compound flooding events at limited
computational cost and good accurécgijnse et al., 20P). To keep the efficiency, the model
solves Simplified Shallow Water Equations (SSWE) or Local Inertial Equations (LIE). These
eguations are part of a redugglaysics modetierived fromthe full momentum and continuity
SaintVernant equationd he differencébetween the two equations is tE8WEincorporates

the advection ternto compute wave dynamics and fluxes over a spatial igridore detail

while the LIEexcludeghis termfor increased computational efficienfyeijnse et al., 2021)

Moreover, SFINCS further includes spatially akying processessuch as infiltration,
precipitation, andsurface roughness, which are essential for simulatomypound flooding

(e.g. pluvial, fluvial, tidalcomponents Although the modeéxcludesatmospheric pressure
gradients and the Coriolis effe@FINCSremainsthe firstreducedphysics model to include

all these processgshich makes it very useful for flood risk assessmémgnse et al., 2021)

The numerical equations used for simulating the hydrodynamical processes are presented in

AppendixB.
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On a different note, the model consists of
rectangular staggered 2D grid where bed levels, wg
levels and water depths are defined in the grid ¢
centres and fluxes are incorporated as velocity poif ,
This water level is dependent on the calculatibtihe bbbl
fluxes between the grid cells. An example of t
structure of the model grid is outlinedFigure 11 [ |

m m+1

Furthermorethe advantage of SFINCS is tisa&tveral | Figure 11: SFINCS rectangular grid with b
. . Il evel (d) and wa fentre
types of forcmg data can be app“eéxampleSOf (+) and water depth (h) and fluxes (q) in velo

forcing data are storm surge, precipitation of points. Variables within the dashed box shart
. .. same grid indices, which are indicated witl
upstream dischargéeijnse et al., 2021) and n for x and ydirection. Obtained froi

Leijnse et al. (202).
This studyuses precipitation as forcim@ta sincghe | ---------r------m-mmomomomemec oo

Geul is a headwater catchmevith noriver or tidal | -

. . . Subgrid t h :
inflow points. Therefore, different processesQ:agziee refinenent : ho
explained by Leijnse et al. (20pare excluded in thig \Sreociey Ve
H H H H4 Coriolis : no
study as depictedin Figure 2. Specifically, the| o= e
processes more related to coastal floodeng. wave | Atmespheric pressure : no
i Precipitation I yes
paddles, snap wave and wind) are excluded. | snapuave : no
Wave paddles I no

Moreover,in the simulation theub gridtopography | --------oooooooom
is activeas shown in Figure2l This processonducts |Figure 12: Included processes in tBFINCS
sub gridcorrections, which makes possible torun [ Tode!for this study

the modelon a coarser resolution witholising small scale effectsuch as roughness
variations Van Ormondt et al. (2025pund that these correctiosgynificantly improve the
model accuragyespecially incomplex areas where smakltale variations have a major impact
on water movemensince the Geul is a meandering tributayb gridcorrections arerucial

in this study Additionally, thesub gridaccelerates the computation time

Ultimately, he model generates variolrydrodynamic outputs throughout the simulation
period. Howeverthis study only uses the maximum flood neer the time to evaluate the
maximum flood extent and deptHence SFINCS is chosen because of its short computation
time but still its provenhigh accuracyin coastalcompound floodinghazardge.g. Beveren,
2022 Deltares, 2025bEilander et al., 2023Leijnse et al., 2021 and in estimating flood
damagesge.g.Sebastian et al., 20RThis makes it possible to rainedifferent rainfall forecast
scenarioprocessed i h a p t .&However, using SFINCS in headwater catchmsoth as

the Geulhas not yet been testddeltares, 2025htherefore this studglso testshe simulation

of pluvial and fluvial floodsn small tributaries

4.2.2 Input datafor SFINCS

Apart from the different processes 1 n the
boundary values, or paramesettings are specified in a texased input file. This input serves

to initialize the general mathematical framework for solving the equations elabordted in
previous sectiorand to generate output based on the initiated settings (Leijnse et al., 2021).
This study uses a coarse grid resolutiosigfy meters, with a sulgrid correction oftwelve
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meters resulting in &-meter grid resolution. Moreover, the simulation peridor the
precipitation forecastis dependent on the start time of the forecast but ranges from 12 hours
till a maximum of foudays.Besides, ERAS data is used in a simulation period from 1 July till

16 July.

Beyond tuhpe pwafrino d e
rai nfal,ISFfl NClSs@agpuisr e s

to determine the

hydrol ogi cal

bed

ESA landcover & Manning Roughness:

andcover data to

evel, and a rive

r

First, land cover data is derived from tharopean Space Agen¢¢SA) World Cover 2021
dataset with a spatial resolution of 10 meters (Zanaga €0&2). The catchment contains
mostly grassland, cropland, beulp, and tree cover as presented in Figure 13.

ESA WorldCover Classification in the Geul catchment

Belgium

Determined manning roughness' in the Geul catchment 0.12

B Land boundary

Netherlands

Germany

Manning n [-]

Belgium

Figure 13: With right theLandcover classification of the Geul catchment obtained Zamaga et al. (2022and left he
roughness?®d

determined manning

wond covenneap i & 10 Imeter spatial hesokition

Subsequently, the dataom Figure 13 is usedo parametrize the SFINCS model with
Manningds roughness

estimated by Deltares (2025a). As a result, every grid cell is coupled with a manning roughness,

by

using the relat

processes i

resulting in a spatial map with theavining roughness based on the ESA World cover map with

a similar resol

ut

on.

The spatial map

W i

n
det e
net w
on b
th m

Incorporating spatial roughness into a hydrodynamic model improves the flow simulations as
it allows the model to account for heterogeneity in surface types. Different surface types interact

differently. This represents the differebehaviorof water over different land covers such as
grass, paved areas or forests. As a result, the lagging effect of different land covers are included

in the model making the flood extents, flow velocities, and water depths more reliable and

accuratgYe et al., 2018)
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Digital Elevation Model (DEM) & Mask file:

The DEM is crucial in hydrodynamic modelling as changes in elevation determine flow
gradients, which affect the flow velocities and discharges. Moreover, the source and resolution
of the DEM significantly influences the simulation of flood extents andhdg@verhoft,
2024).In this study,the SFINCS modemustbe provided with a depth file (containing the
vertical elevation of each grid cell) and a mask file (Leijnse et al1)262r this reason, the
DEM presentedh Figure 4 isused in the model. This DEM file is provided by Deltares with a
5x5 mresolution, where three national elevation model are combki¢N4 (NL), Geoportalil
Wallonia (BE),and theGeoportal NRW (DE)In addition, infrastructure such as roads, train
tracks, and bridges are included and depressions larger than 1 meter are alre£Qy ditteafT,

2024) Since the coarse grid resolution is set to 60 meters, the DEM is resampled using
interpolation to match this resolution. Consequently, the resulting depth file reflectaet&0
resolution, even thoughsab gridcorrection at 12 meters is applied. However, it is important

to note that the model still operates atmé&terresolution but thisis not visible in the exported
depth outpu{Deltares, 2025hb)

Moreover, the model requires a mask file which indicates the boundary cells, active cells, and
inactive cells. Inactive cells can be cells located below or above certain elevation thresholds
(e.g. cells of deeper water in lakes). As the Geul is a headeattdimentonly the gridcells

inside the catchment are active. Additionally, no boundary cells are included in the model.

River network:

To complete the bathymetry, the DENuUstbe extended with the river bathymetohave the

depth of the rivers. Before the extension, the DEM is used in combination with the HYDRO
MT package to determine the subbasins of the river. Subsequently, the river bathymetry can be
included in the DEM. However, since there is no river bathyreatailable of the Geul river,

the river dimensions are determined based orbém full discharge of the observedy2ar

return period (Sampson et al., 2015). Thgear return periodischarge (Qls then utilized in

the power law equations of Andreadisal. (2013)o calculate the river widtlw) anddepth

(d) (Equations 4.4 and 4.5).

~

0 &0 8 (4.6)

~

Q TG 8 (4.7)

Ultimately, for each subbasin the river width and depté determinedto complete the
bathymetry.Subsequently, the model is improved with some minor adjustnemetrieve
more reliabldlood maps.

4.2.3 Evaluatng SFINCS

Building on the previous sections where the input data and the model iexplae model
output is firstimprovedin Appendix C In this appendixthe taken steps are explaintx
retrieve more reliable outputnd to clarify the choicedNote that the preprocessing of the
SFINCS outcomes mainly conductedo improve the river netwotko reduce the influence
of certain water structures (like culvertBpat are not represented in SFING®d to avoich
mismatch in the projection of the mod€&helast stepof this methodological section involves
theevaluatiorof thesimulatedlood mapsfrom SFINCSBoth results arevaluaté differently,
where first the flood extemvaluations described.
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Flood extentevaluation

The flood extent igvaluatedwith aerial measurements captured shortly after the dtait

Waterschapshuis, 202Based on these measurements, Slager et al. (2021) created an observed
flood extent limited to the main branch of the Geul and Dutch part of the study area. As a result,
the evaluationof the simulated extent is also limited to the observed extent as illustrated in

Figure M. In addition as the originameasured extent is not aladile,this study approximates
the measured extebl applying a 706neter buffer around thebserved flood extenfThis
approachaims torecreate the mgmresented by Het Waterschapshuis (202h recreation of
the measured extent allowst theevaluations restricted to the area that wasservedhortly
after the eventThisimprovesthe reliability of the comparisdmetween simulated and observed
extents.

1e6 The Observed floodmap
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o= Al Yy =y El Observed flood map
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Figure 14 The observed flood extent estimated by Slager Figure 15. An example of a confusion matrix for
(2021)(in Blue)and the estimation of theeasured extent (in recflood extent

Moreover,prior to theevaluationthe rivernetworkis excluded from the flood extentith a
buffer zone equal to half thever width. This step is important as the study focueaes
evaluatingthe flood extent of the floodplains ansurrounding areagather than the river
channel itself Finally, the simulated and observed flood maps are convertedaibinary
format clipped on the catchment boundaries, and checkecharacteristicshe conversion
into abinary format resulinto mapswhere flooded areas are represented by ones anrd non
flooded areas by zero&nother important step ithin the GEB frameworlks thata threshold
of 15 cmis applied according to the study of Wing et al. (20Thjis threshold means that a
location isonly considered flooded in SFINCS when the simulated water level exttesds
threshold.

If both maps match in characteristics in terms of resol@rshapethe extents arevaluated
based on the studies Bernhofen et al(2018 and Wing et al. (2017)n thesestudies both
flood maps are laid on top of each other. Thanefach grid cell, theverlappingdetermines
whether bothmaps indicate floodingn this caseéboth simulated and observed grid cell are
equalto oneand the cell is classified ashé. If the observed map shows flooding while the
simulation does not, the cell is consideredaaniss. Conversely, if the simulatl grid cell
indicatedlooding but the observed cell does ribis labelledas &alse alarm. If both simulated
and observed celhdicate no flood, the celk labelledas acorrect negative These four
classifications arpresentedn aconfusion matrix in Figure5l
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Based orthreeclassified categories hits, misses, and false altiemperformance metrics Hit
rate(HR), False alarm rat@-AR), and Qitical Succesdndex (CSI) are calculateas outlined
in Equation 48, 49, and 410

oY — (4.8)
"06 'Y (4.9)
8 "Y'O (4.10)

Thehit rate is the ratio of correctly flooded pixels, ranging fro(mn® flooded pixels matchp

1 (all flooded pixels match) The metrice x ami nes t he mmwaedl 0 s
underpredictionNext, the false alarm rate is the ratio wfong predicted flooded pixels,
ranging from 0 fo false alarms) to 1 (all false alarmBhis metric gives an idea whethbe
model has the tendency to overpredict the flood extexstly, theCSl balances the hit rate
(underprediction) and the false alarm ratio (overpredictidhjs metric can range from 0 (no
match between the simulated and observed flood) fredelct match between the simulated
and obseved flood)(Wing et al., 2017)According toBernhofen et al(2018 the model has a
good performance when the CSI is above D&spitethis, it is important to not¢éhat the CSI
biases larger flooéxtents andn areas with smalleiopographic gradientd_andwehr et al.,
2024 Stephens et al., 20L3However since this study comparése flood extentwithin the
same flood it is appropriate to use this metiiBernhofen et al.2018. Finally, the four
classifications are visualized an mapto see the spatial distributioAdditionally, thethree
metrics are also presented in a line plot to visualize the score over the percentiled aime:tea

An additional plot withthe cumulative maximum over the forecast length and the spatial grid
is inserted in this overviewith the goal to visualize the total amount of rainfall per forecast

type.
Flood depthevaluation

To evaluatethe mo d efloaal slepthperformanceobserved water depth data was collected
empiricallywith surveysby Endendijk et al(2023) In the surveys participants reportiéabd
levels attheir houses ananonymizednanner, limited to fouror six digital postal coded his
approach ensures the respondents priwahile enabling spatial comparisoihe spatial
comparison is enabled by combining the survey data postl code 4(PC4) & 6 (PC6)
statisticsof the CBS 2023in the Geul catchmerfCentraal Bureau voor de Statistiek, 2025)
From the surveythe average depth against the exterior vjall centimetrey is taken as
observedlood level, an example of a spatial map fbe postal four and siareas ipresented

in Figurel6.
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Figure 16: The observediood levels at the exterior walhf buildings (street leveBcaledon 4digit (left) & 6-digit (right)
postal code areafCentraal Bureau voor de Statistiek, 2025).

Subsequentlythe simulated flood map islipped on the postal code areas, whereafter the
averagesimulatedflood depth is calculated pgostal code area. As a restitir eachareaa

single sinulated value is matched against a corresponding observed tealigualize the
performancever the catchmenEor the spatial performance the Mean Absolute Error (MAE)

and the Root Mean Square Error (RMSE) are usedsequentlyto evaluatethe overall
performancecross the catchmetiite NashSutcliffe Efficiency (NSE)s also includedThese

metrics together provida robust assessmentf the model 6s acicuracy
reproducinglood depthsacrosdhe study ared&irst, he MAEindicateshe average ngmitude

of errorand is alreadyutlined in Equation 4,2hen he RMSE emphasisekarger differences

between the simulated and obserwadues (outlined n Equation 411). Lastly, the NSE
assesses how well tmeodel simulateshe depthrelative to thenean of theobserved datas

outlined inEquation 4.2. Themetrics NSE an&MSE areproveneffective inevaluatinglood

depths againsempirical data(e.g. Bermudez et al., 201 Khalaj et al., 2021Manfreda &

Samela, 2019 wherethe NSE ranges from 0 (modelsimulates worse thaaking the average

from the observations) to Wwhere the model perfect fits the observatio’d$E values
exceeding 0.5 are considered acceptable and NSE values greater than 0.7 are considered very
good(Nash & Sutcliffe, 1970)

YO YO -BO 0 (4.11)

6 "YO p (4.12)

B

'O Forecastedlood depthper postcode area

O : Observedlood depthper postcodarea.
0: Averageobservedlood depthover the study area
N: Total number of postal code areas

In addition,the number of attendees per postal code area from the survey results of Endendijk
et al. (2023)s used to weight the RMSE and MAEatistic.The advantage of using weighted
statisticdies in the ability to account for the varying number of responses per postal cade area
This ensurethat areas with more data have a greater inflyambieh improves the reliability
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of the analysis by providing a more representative evaluation of model performance across the
catchment.

Ultimately, thethreemetrics are calculated for each forecast, percentile, and leadriotueled

in aline plot Moreover the MAE and RMSEare also presented per postal code foeéhe

ERAS5 simulationto visualize the spatiatlifferences across the study ar@ased on the
outcomes of thélood mapevaluation, the second sgloestion RQ2cabh e ans Wheat e d :
is the quality of flood forecasts from SFINCS for the July 2021 event at multiple lead times and
how do variations in forecast data affect the outcomes @GRECSmodeld

In the endtheevaluatedlood depthsand extentéorm anessential foundain for the next step
in this methodological framework, which involves assessing the flood impettte affected
areas.

4.3 From flood map$ impacts

In the final step of this methodological framewpotke flood forecastsare translatednto
tangible impactorecasts This process involvemtegrating the extent of flood deptisth
exposure andvulnerability datato estimate the consequences for people, assets, and
infrastructure

4.3.1 Input data

Following theevaluatiorof the flood maps, this sectiamroduces the input data that is required

for the loss model used for estimating the forecasted flood impg&actsverlaying the flood
outputs with detailed exposure datasets, such as building footprints and landcover data the GEB
framework quantied theforecastedlamagewith use of predefined vulnerability curved his
guantification is conducted in a loss model which is included inside the GEB framd@hwk.

study usegxposure data fromtme Open Street MafOSM) dataset and from the ESA landcover

map presented in Figuré3). Moreover,to determine thdorecasted damage at the exposed
elementsdifferent vulnerability curves angsed.

Exposure data:

To represenbuildings roads, andailwaysin the Geul catchmep®SM is used, which is a free
web-based map servic©OSM is an objectbaseddatasetvith a satisfactory completene&s
building locationsandfootprint geometriefor most developed countries and urban af€asri

et al., 2021;Sieg & Thieken, 2022)Moreover, thisdatasetis often used to estimat®od
damages to buildings or infrastructueed. Cerri et al., 2021Koks et al., 2019Sieget al.,
2023. The roads are divided faur classificationsmotorway primary, secondary, and tertiary
based on the study ¥an Ginkel et al(2021) Forsimulating the exposure of other landcover
areas, this study uses tB&A World Cover2021databasgrovided byZanaga et al. (2022)
Besides, liis database @lsousedin a similar flood risk study dbe Moel et al. (2011).

Moreover, to explore the number of hits for critical facilities in the region, O%iged to filter
specific tags. This studyses the following amenity tads explorethe number of critical
facilities that are hit across thdifferent forecasts and lead timéghe amenities that are
included are: hospitak, health clinics, doctors, fire statiors, police stations schools
kindergartes, universites pharmates ambulancestatiors, nursing homes, childcars,
townhalk, embasies busstatiors, andsocialfacilities.
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Vulnerability curves:

Vulnerability Curves for direct impact assessment

To connect the forecasted flood depth with t
exposed elements in a catchme
vulnerability curves are applied in this stud] **
Figure 17 illustrates the used vulnerability
curves(derived from Bril et al(2025), where
the relatioship is presented betwedlood
depth and the damage factor. Tiaistorof the
maximum damagis thedamagdraction for a
certain water deptland ranges from 0 (nq -
damagg to 1 (maximum damage is reache(
(Huizinga et al., 2017)As a resultthe curve Figure 17: The appliedvulnerability curvesin the studyto

. . connect exposed elementish the forecasteflood level
can show a higher damage ratio for a spec
land use or asset type, meaning a greater proportion of the value is lost at a given flood depth.
However the total maximum damage value may still be lower for that function due to a lower
economic value.
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This study uses different vulnerability curves frdifierent stidies.Forthebuilding structures
and contentghe study uses thmurvesempirically derivedrom the surveys of Endendijk et al.
(2023) where they ardased on the local experienced damagjésr the 2021 flood event
(Endendijk et al.2023). For roadshe Europeandepthdamage relationshipgnd maximum
damage estimatior@se usedor different road types (Van Ginkel et al. 2024gxt, for railways
Austrian curves and maximum damages usedrom Kellermam et al. (2016), due to the lack
of these data for the Netherlands (Nirandjan et al., 2024jly, for nature and agriculturthe
studyappliedcurves developed by De Moel et al. (208pecifically, fornature onlyclearrup
costsareconsideredis the maximum damage (De Moel et al., 2014).

4.3.2 The loss mdel

Thelossmodell ses t he f unct withimthedGEB framenwbrko calcalatethes r 6
forecasted damage by combining objspécific exposure data, forecasted flood estant

deptls, and deptkdamage relatia(Koks, 2022) The modebkupports different geometry types

to account for thalistinct functionsand land covers present in the study abegpendent on the
geometry the forecasted damage is determined. For polygons and lines, it calculates the
affected fraction using the exagttraction of thecoordinatesFor point geometries, tHod

depthi s sampl ed at the objectds |l ocation. Ul t
detailed damage estimation based on the actual impact of flood @epthe other hand, the
estimation remains dependent on tégolution of the input data.
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4.3.3 Impact evaluation

Thelast stepn the methodological framework involves the processing of the calcimapedts

for each forecast and lead time. By combinaly the impactdatg this step enables a
comprehensivassessmeraf how the impact evolves with forecast timingdjtimately, this
analysisansversthe final subquestion of thetudyR Q 3 How floes the predicted flood impact

vary across different rainfall forecasts and lead times, and what is the added value of using
ensembleébased predictions for estimating local damages per function and.area?

The results are presentedire next sectigrnncludinga summary tableith all the impacts per
forecast per functigra trend analysis whererfeachfunction abox plot presentshetotal and
mediandamagé€per building)per lead timeand the total number of buildings With a range

for ensemble forecastSubsequentlya hit intensity map is created visualize which critical
facilities are hit and how often they are hit acrossttadl different lead timesLastly, an
interactive maps created to getpatial insights, and a focused evaluation of key facilities in
Valkenburg to highlight local impacts.

In-depth research centre of Valkenburg

To evaluate the impacts in more detdik nmunicipality of Valkenburg is chosen to conduct an
in-depth impact evaluation. T municipality experienced extensive flood damages to
residential buildings, critical infrastructure, and public services during the 2021 floods
(Asselman et al., 202ENW, 2021) Given its exposure and vulnerability, Valkenburg provide
valuable insights into the overall accuracy of the developed.dyrooming in on th centre

of Valkenburg the analysis aims to better understand how well the forecasting system captures
localized flaod dynamics, impact variability, and forecast uncertainty in an urban context. This
locatlevel assessment serves as a critical step in evaluating the operational applicability of the
IBFFWS for early warning and disaster response at municipal levels.

For this assessmetiite exposure data from OSMusedn order to determine the locations and
geometries of the buildingand critical facilities. Besideghe vulnerability curve of the
building structuregFigure 17 is used to determine impacta buildings This input data is

used for the calculation of the flood and impact probability per building, where different
exceedance thresholds are applied. Specifically, for the flood probability the first threshold is
chosen to be 0.becausethe first damages occur at this threshold in the corresponding
vulnerability curve(Bril et al., 2025S u § n i k201d)tSubadqguently, random water depths
and impacts are chosen to visualize the differenex@eedancerobabilities across different
thresholds and lead times. Note that only ensemble forecasts are used in the probability
calculations since they provide an uncertainty per lead timeddition, for the impact
probability is assumed that the buildings are residential buildings since this vulnerability curve
is used. As a result, this impact is obviously not properly calculated for other functions such as
critical facilitiesandstores that are present in the area.
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This chapter presents the key findings derived from the methodology outlined in the previous
chapter. The results are structured to followgheen outpusteps(4.1.3 4.2.3 and4.3.3 of

the research framewodescribedn Figure8, startingwith the evaluation of the precipitation
forecasts (5.1), followed by thevaluationof simulated flood maps (5.2pubsequently, the
evaluationof impact estimations is discussed (5.3). The outcarh&s2 and 5.&re analyzed

both at the scale of the catchment andl@municipality scale, wheréhe municipality of
Valkenburg is chosen as an example (5T4yough a combination of performance indicators
and visual representations, this chapter aims to provide insights into answering the main
research question (MQ):

How could Impactbased Forecasts (IbF) from the hydrodynamic SFINCS model have been
used to trigger effective earyarnings and actions, incorporating associated uncertainty for
the 2021 flood in the Geul basin?

5.1 The rainfall forecasts issued by ECMWF for the July 2021 flood

in the Geul

This section evaluates the rainfall forecasts that serve as key input for the hydrodynamic
simulations.First, the analysicompares the different forecasts and visualizes the percentile
approach(5.1.1) Afterwards, theperformance ofifferent forecasts is evaluated to assess
statistical metric$or all the forecastagainst the ERA5 dataset (5.1.2)ditional explanatory
figures have been added Appendix C. Ultimately, the findings othis paragraph will help
answeringhe RQ1 of this study

How well do historic operational ensemble and deterministic forecaskste tothe observed
precipitation patterns and totals of the July 2021 flood event, compared to ERAS5 reanalysis
data?

5.1.10verview andvisualcomparison otheissuedforecass

Figurel8 compareshe maximumrainfall intensityacross the Geul catchméat theprocessed
ECMWEF control and ensemble percentilarecastsagainst theERAS observations fothe
forecastinitialization dates betweehl and 14July. In generalthe forecasts bettealign with
ERAS before the flood event (red line) compared to after the ekeptecially the median
ensemble percentiles (P50 & P&hd to be closer to the ERA5 datanverselyto the more
extreme percentile (P90 & P9&ho presenimore extreme scenarioBherefore, lhe percentile
range (P25°95) reflects the forecast uncertainty, but often overestimates the peak magnitudes,
indicating an overestimation of extreme rainfelbwever none of the forecasteproduce all
threemaximumobservedainfall peaks simultaneousind accurately sindbe forecastsften
predict the peaksitherearlier or laterRegarding lte control forecagigreen line) it exhibits
distinct and variabl®ehaviouracross lead timesometimeghe forecastlosely aligrs with
ERA5and the median ensemble percer{iif2 July 00 UTC forecast, aligns till the flood event)
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ERAS vs ECMWF Precipitation Forecasts Intensity per Initialisation (00 vs 12 UTC)

Initialization time 00:00 — 2021-07-11 ) _Initialization time 12:00 —2021-07-11

Rainfall intensity [mm/h]

Initialization time 00:00 — 2021-07-14 Initialization time 12:00 —2021-07-14
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Figure 18: A comparison of thenaximunrainfall intensity across the Geul catchment between the processed contro
line), ensemble percentile forecasts (blue spread) of the ECMMI& the ERAS5 observations (black line) for var

initialization dates between July 11 and 14 2021

Anotherinitialization, the control forecastsehavedifferently andfollows the moreextreme
percentiles (11 July 12 UTC forecastherein some cases évendeviates completely from

the other forecasts (11 July 00 UTC foreaasti3 July predicting a factor two mord)hese
findings highlightthat the control forecast represents a single deterministic realization without
incorporated uncertaintigadingto significantdeviations from both the ensemble forecasts and
ERADS. Lastly, both deterministic and ensemble forecast tend to overestimate the &RAS

the flood appearedhdicated by the drop of rainfall intensity the ERA5data

Following the analysis of rainfalintensity, Figure C.1 (see AppendixC) presentsthe
correspondingnaximumcumulative rainfall totals for each forecast initialization across the
Geul catchment. In contrast to the intensity plots, the cumulftreeasts of both control and
ensemble percentiles show a stratignment withERAS for the longest lead timeés lead

time decreases, the ensemble spread narbow®verestimates the maximum total rainfall
compared t&ERAS. Moreover, theotal rainfall decreases over the lead times due to the length
of theforecast.As the forecast length decreases the amount of time viinenain could be

forecasted decreases. In additisome rainfall peaks have already occurred for the latest
forecast initializabns.

Building on the insightdrom FigureC.1, the spatial distributionf the cumulative rainfall
further illustratesthese patternper grid cell asshownin Figure 19. The spatial maps of
cumulative rainfall reveal clear patterns in both time and ensemble distribliierrainfall
increasescross lead times until 14 July due to the shoeeraining forecast duration and the
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rainfall peaksthat fell earlier. Moreover, a horizontal increase is visibleach lead time, with
higherprecipitation amountrecastedn the higher percentiles (e895) compared to lower
percentilege.g.P25).In terms of spatial distribution, the ensemduhel controforecasts predict
more rainfallin the northern and eastern grid cells of the catchment, whereas iE&é&tes
more rainfall in the southeastern corner.

Spatial Distribution of the Cumulative Precipitation

Legend
‘With ERAS, Control, Ensemble Forecasts and Catchment
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Figure 19: Spatial distribution of cumulative rainfall (in mrpgr grid cellover the Geul catchment for ealdad time(in vertical direction), ERAGnos
left), control (1 from left) and ensemblg@ercentile forecast (horizontal direction)

52




Chapter 5 Results

This indicatesa possiblespatial mismatch between forecasted and observed distribuitions.
addition to the finding®f Figure C.1, the more extremepercentilesare more aligned with
ERAS5 and controlaluesuntil the 13 July forecast, after which the median percentiles (P50 &
P75) align better For the final forecast on 14 Juli2:00, the lowest percentile (P25)
corresponds wst closely to ERA5 and the control forecadbwever, again the control
forecasts exhibitlifferentbehavwour acrosdead times as for some lead timepredicts more
rainfall compared to themost extreme percentiles in Figure D.1 and Figure 19.

Following on these insights, the next section evaluates the forecast perfoussgcearious
verification metrics to compare tharecasts and tquantify the overall performance, reliability
accuracy and spatial representativeness.

5.12 Evaluation of forecast performance against ERAS5 observations

To evaluate the performance of the control and ensemble percentile foréetstecasts are
compared against ERA5 observatitiyausing a range of verification metrics. Fiteerelation
betweenthe control forecast and ERABr the cumulative sum of rainfaiks presented ithe
left scatterplotn Figure 2. Each poinin theleft figure represents a grid cedhdthe closeness
to the diagonal 1:1 line indicates a minimal deviation between the fordemst observed
value.The control forecasts initialized tite 4, 16-, 40, 64-, and 76hourlead timesdllustrate
a good fitto the 1:1 line, suggesting accurate predictions. In contrast, the forec@8thour
lead timeis located below the line, indicating a systematic underestimafionversely, the
forecasts at 52and 28hoursaremore dispersednd ie above thdine, which reflects a more
consistent overestimation

Control Forecast (resampled) vs ERAS Ensemble Forecast max vs ERAS
Cumulative Precipitation Max cumulative Precipitation
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Figure 20: Scatterplot comparison of cumulative rainfall forecasts against ERA5. The left panel pthsealation of the
spatially distributed cumulative rainfafier grid cellper lead timebetweerthe control forecast and ERA%he right pane
only illustratesthe relation ofmaximumcumulativerainfall across the catchmemter percentile per lead time between
ensemble percentile forecast and the ERA5 observations

Moreover,on the rightside ofFigure 2 the maximumcumulative rainfallvalues across the
catchment are presented for each ensemble percentile and leadThisevisualization
complementsthe spatial rainfall patterns previously describe@nhich illustrateshow the
ensemble captusgahemaximumvaluesfor each lead timdn line with FigureC.1, the highest

percentilegP90 & P95) are more aligned with ERA® the earliest lead times until the 13 July
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initialization (40 hourlead timg. From that poinbnward, the median percentiles (P75 & P50)
present a better alignment.

Following the spatial andisualinspectatiorof the cumulative rainfalfforecast accuragyhe
statistical reliability of the ensemble percentile forecasts is assgs$egure 2 using PIT
diagramsAcross thalifferent lead times, systematic deviatidresn the ideal reliableniform
distribution are presead in the dataThis suggests limitations in forecast calibration, where
for the longest lead timg88 to 76 hours) the curves lie below the diagonal 1:1tlihBIT
value 0.6As a result, mssing thél:1 linearound 0.6 indicates that observations tend to exceed
most ensemble forecasts too often in the lomaerfall intesities but are overestimated in the
higher rainfall intesities This suggest both underprediction and poor calibratismce the
observed values exceed the forecasted percentiles too fre§ulatd times (64 to 28 hours)
the diagrams show steep jumgreund Pit value @s a result of underdispersions suggests
that e ensemble percentile spreathisntoo narrowresulting in that the ERA5 observations
fall outside the range of therecast. For the lead times (16 & 4 houh® PIT curves liegain
below the diagonal line, which indicatasndeprediction These patterngdicate that the
ensemble percentiles are not calibratétth the ERAS5 datand that they often underpredict the
ERADS observatioms a$o illustrated in Figuré8.

Reliability analysis of the Ensemble percentile forecasts

PIT Diagram for Lead Time: 88;18 Hour PIT Diagram for Lead Time: 76;18 Hour
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Figure 21: The Probability Integral Transform (P)Tiagrams across the differefdrecast horizons, with leaimesranginc
from 88 hours to 4 hours. Each subplot represents the CDF of the PIT Yalumgery percentile separately. These value
compared to the ideal calibratiahi1 line.
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Building on the reliabilityanalysis,Table 2 provides quantitative summary of the forecast

verification metrics (CRP®ias, MAE, and FSS)n general,he ensemblpercentile forecasts
perform well for longetead timeg88 to 52 hourg, with CRPSscores ranging between 05

and 0.® mm/h This indicates a moderate alignment betweeretisemble percentile forecasts

and ERADS during these early lead timdswever,the CRPS score increadesm the 40 hour
lead time onwardreaching a maximum of 1.061 mm/hatours Thisindicatesa significant
drop in forecasskill as leadtimes shortens. An exception the 16 hourdead time, which

maintains a low CRPS (B9 mm/h).

Regarding the bias and MAE, the ensemble and control foregastsally shift from a small
underestimation (negative bias) at longer lead times to slight overestimations (positive bias)
from the 52 hour lead time onward. Additionally, from 52 hour lead time onward the standard

deviation of the bias’()

amplifies

t he

overest.

mat i on

for

increases. In contrast, for the earlier lead times the standard deviation contradicts the
underestimation since the deviation brings the entire ensemble closer to the ERAS5 (0 mm/h
bias). This suggs an increased overestimation in the ensemble forecast compared to the

ERADS closer to the event. Moreovéne control forecast show more fluctuations in the bias

and have relative to the ensemble forecast a higher MAE. These verification methes

support the findings of Figure 20 and 21 the ensemble forecasts as the underprediction

observed in the early and late lead times (88 & 76, 16 to 4 hours) is reflected in negative biases.
In addition, the underdispersion for the median lead times (64 to 28 hours) reflects the increased
MAE and CRPS.

Table2: Overview of verification metrics for the evaluation of the forecast performance against ERA5. These metrics describe
the overallperformance, accuracy and spatial representativeness of the rainfall intensity. Specifically, for the MAE and Bias
is added the standard deviation to address the variability of the percentile members.

VERIFICATION CRPS BIAS (i) [mm/h] MAE @) [mm/h] FSS f]
METRIC [mm/h]

Ensemble percentili
forecasti Lead time

88:18 0.595 -0.327 (+0.218) 0.801 (+0.057) 0.608

76:18 0.537 -0.255(+0.204) 0.753 (+0.064) 0.506

64;18 0.520 -0.068 (+0.277) 0.824 (+0.121) 0.446

52;33 0.581 0.041 (+0.256) 0.905 (+0.134) 0.423

40;33 0.797 0.165 (+0.332) 1.167 (+0.132) 0.361

28:33 0.950 0.059 (+0.296) 1.274 (+0.116) 0.353

16:33 0.589 -0.011(+0.321) 0.908 (+0.092) 0.471

4:33 1.061 -0.212 (+0.274) 1.322 (+0.154) 0.443
Control forecasi Lead
time

88;18 -0.476 0.878 0.784

76:18 -0.180 0.871 0.917

64:18 0.178 1.241 0.889

52:33 0.357 1.211 0.876

40;33 0.051 1.311 0.927

28;33 0.325 1.549 0.859

16;33 -0.100 0.803 0.943

4;33 -0.639 1.124 0.771
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Furthermore, the FS&ore of the ensemble forecafitistrate a consistent decline fradr608

at 88 hour lead timd¢o 0.353at 28 hours Despite being deterministic, the control forecast
achieve significantly higher FSS scomesoss all the lead times with a peak FSS scoi® at
hoursof 0.943 This indicates that the control forecast better represent the spatial distribution
of rainfall intensityof ERA5, which mirrors théndings of Figurel9.

In addition to Table ZigureC.2 and FigureC.3 present the spatial distribution of #gaeamined
CRPS, Bias, MAE, and standard deviation (ensemble forecastsgs Regardingboth
forecastsit is noteworthythat the CRPS, MAE anlias scores are highéor the eastern grid

cells and increasewer the lead times. Again this is in line with the findings of Fig@e&here

more rain was predicted in these cells. However this is not captured in the ERA5 data.
Additionally, the control forecast reflects the trend a bit more across the catchment, resulting in
fewer differences between grid celdoreover, therange ofFSS score®ver the different
rainfall intensity thresholds are presenteérigureC.4 per lead timeThe FSS boxplots reveal
more clearly e differenceof FSS scores over the different thresholds between the control and
ensemble foreasts.

Together with all the metricgshe ensemble forecasts offer a valuable representation of
uncertaintyastheyillustratesigns of undegarediction, undetispersionand limited spatial skill

at shorter lead timesompared to the ERA5 observatio@onversely the control forecasts
demonstrate greater consistency and higher spatial agreemertheviERAS5 observations
across all lead times. THiedingsof theforecasiperformancdorm an essentialoundation for

the next stepyhereresulting brecasts are implementedsionulate food mapsn the next step.
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5.2 Theforecast oflood mapsin the Geul catchment

The next stefn the analysisocuses ontte evaluatiorof the forecastdflood mapsn the Geul
catchmentAs a baseline, the floashapderived from the ERAS precipitation is first assessed
whereafter the differeritood maps of théorecasts and lead timase compared to this baseline
map This comparison will help answeriniget second sub research question (RQ2):

What is thequality of flood forecasts from SFINCS for the July 2021 event at multiple lead
times and how do variations in forecast data affect the outcomes oSfE&CS model?

Figure 2 presentghe flood mapgenerated by SFINCS using theost extremesnsemble
percentile (P95at 88-hourlead time as an exampl€he mapreveals that the most extensive
flooding occurs in the downstream parts of the Geul Ri@mparing the observed flood
extentillustrated in Figure 4 with Figure 22 it appears thatie model overestimates flooding
near the catchmenbutflow. This deviation suggests an overrepresentatibrilooding.
Moreover, the depths presented-igure 22displaywater depth of approximatbreemeters
Due to the simulation of unrealistically high water depths single atltie origins of the
tributaries(as also identified i\ppendixD) the legend in the figure depiatater depths up to
9 meters

The floodmap with the 88;18 TTour lead time from the 95th percentile precipitation ensemble forecast
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Figure22: Simulated flood magcross the Geul catchment basedtum88hours95" percentil¢
forecastinput. The flood depths are spatially represented in metadrangetill threemeters
but single grid cellssimulateextraordinary water depthas addressed in Appendix IBading
to the scaling of the legend as presented in the figure

Building on theflood mapof the 93" percentile for thé8-hourleadtime, Figure 3 displays
the extent of the different forecastheforecasts and ERA5 show significantly higher extents

compared to the observed flood extents, as this extent is only limited to the main Dutch sections

of the Geul RiverMoreover all forecasts show larger flood extents compared to the ERA5
(green) extentindicatingthat higheramountsof rainfall (presented in Figur&8 andC.1) do
haveeffecton the flood extent.
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Flood Extent per Lead Time for different rainfall inputs (Ensemble Forecasts, Control Forecasts, ERAS)
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Figure 23: Thesimulatedflood extentsn kn¥ over the different lead timedth the differenforecasts as inpufThe blue shaj
represents the observed flood extent, the gebapethe flood extent of ERB, the red shape the flood extent of toatrol
forecasts and the grey boxplots represenffitredifferent percentiles of thensemblgercentile forecast.

Moreover Figure 23 presents thtte lower percentiles arelatively clo® to the ERA5(e.g.
25" percentile of thé&8-hourlead time forecast)Yhis behaviour is alseoticed in the previous
section 5.Jandagainin Figure 23thediscrepancyetweerERAS5 and forecasteitbod extents
increases as lead times decreasesgading the ensemble extentshey show a minor
increasing trendicross thdead timeswhere theoverall spreadlecreases. This indicates a
decrease in uncertaintpresenting a more accurainulated extentNonethelessthe final
spreadreflectsan uncertainty of approximatereekm?at the 4 h lead timeAdditionally, the
lower percentiles in the boxplots remain relatively constant ovéedldgimesompared to the
most extreme scenarios

In terms ofthesimulatedextentdrom the control forecas{sed)of Figure 23 thedeterministic
character is shown agaimhe extentoften lay above the spread of the ensemble forecasts,
which suggestarelative overestimation of the event compared to the other foreasistor
these flood extents ti&8-hourlead time remains an outlier.

Building on themap presented in Figug, the extent i®valuatedy calculating thelifferent
evaluationmetricsdescribed in the methodologidehmework Figure 2 illustrates tle spatial
flood extentevaluatiorfor the88-hourlead timeand95" percentileprecipitationforecast The
comparisorbetween simulated and obsenfmbd extent(Figure 14)presentsa high number

of false alarmg0.3)in the downstream areashich indicats an overpredictionOn the other
hand, in the upstream regioofsthe measured extent (in light blue) the model fails to capture a
significant portion of the observed extent. These mismatoHatse alarms and missase also
reflected in thentermediate CSI score of 0.54
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Validation of the Predicted Flood extent for the 95th percentile forecasts
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Figure 24. Spatial ealuation of the simulated flood extent withe 88hours 95" percentile
forecastas inputagainst the observed flood extent $fager et al. (2021)The hits ar
represented in light green, the falaklarms in orange, the misses in red, the measured a
light blue, and the total flood extent in black.

Following the spatial flood evaluatipthe differenforecastedlood extentsareevaluatedver
the lead timeand displayeavith the performance metrias Figure 5. First, the hit rate shows
a cleardeclining trend with increasing performance odecreasindead times and decreasing
performanc®ver percentiles. This indicates that shorter lead tandshigher percentiles result
in better detectionf the observed extenthe control forecagthowsthe highest hit rate #he
28-hour lead time whereafter a general decline can be obseriredontrastboth the false
alarm rate andCSl indexremain relatively constant over the lead timdésit showsimilar
behaviour as the hit rate performan&multaneouslylower percentiles scorlwer false
alarms rates, wha higher percentileand the control forecabfive higher false alarm ratéss

a resultthe higher hit rates arfdlse alarm rates balances @8I index valuesround 0.55
0.6. This indicates that despitehigher detection ratethe overall fit does not significantly
improve suggesting thathe forecasts show similar mismatctessFigure 24 Notably, the
control forecast displaysiaunusual peattthe 2& lead time across multiple metrics

Validation of Flood extents per Forecast Type
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Figure 25: The performance of the flood extents fueecast type over the different lead times and percentiléslighter
colours representing the lower percentiles, the darker colours the higher percentiles, anthracite represemctmdyradi
forecast and the green shape represents the ERAS scores.
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Moreover, he fourth subploin Figure 5 presentshe cumulative rainfall over the gridgain

the lower percentiles are more aligned with the ER&@mpared to the higher percentiles and
the control forecastiThese forecast®verestimateghe cumulative precipitation comparéal
ERAS5. However this has limitedmpact on theverallperformance (CSI index).

The evaluation continues with tlegaluationof the simulated flood depttier 88 h lead time
and 9% percentileforecastby first focusing on the spatiatvaluationbased on postal code
statisticsPC4 and PC@rigure & presentshe PC4and PCé6spatialevaluation where for the
PC4 postal code arettee MAE rangedetween 0 and & meters and the RMSiEom 0 to 0.16
meters. In contrast, for the P@6stal code areas the MAE spans from 0O to 2.5 meters and the
RMSE from 0 to 0.25 meters, reflectingyeeater spatial detailut alsomorevariability. The
flood depth analysis reveatkat the municipalityof Valkenburghas the highesMAE and
RMSE across the PC4 and P@6stal coddevels. However, themagnitude of the erroiis
significant higher in the PC6 pastode levelue to the increased spatial detail of these postal
code zonesFurthermore, only a limited number of palstode areas reported observed
flooding, suggesting that much of the modelled flood exiestoutside the areas with recorded
impacts. As a result, especiaflyr the detailed postal code ardhe evaluationcan be better
visualized on a municipality scatather than at the full catchment scedgarding the PC6
statistics

Flood depth performance of the 88 h leadtime 95th percentile Ensemble simulation for the PC4 statistics
MAE per Postcode Area RMSE per Postcode Area
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Figure 26 The spatiakevaluationof the simulatedood depthdor 88 h lead time 95percentile ensemble
against the observations from the survey of Endendijk et al. (208R) evaluation iPased on the
aggregation of the flood depths per postal code aetail level(PC4 and PC6)
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Building on the spatia¢valuationof Figure 26 Figure27 presents thevaluationmetrics for
the different forecasted simulatifdod depthsacross the Geul catchmegainst the household
survey dateof Endendijk et al. (2023)The figure distinguishes theetrics per postal code
detail level, forecast typdead times, and weighted and unweighted statidticgeneral, the
control forecast shows a sharp negative discrepariegétime 2&oursin all metrics, where
an exception is visible in the weighted PKIAE metric.

For theunweighted statisticgthe PC4 evaluationshows a stable performance across the lead
times with MAE values ranging from 0.17 to 0.28 metB8ISE from 0.23 to 0.34 meters, and
NSE scores between 0a®id-0.4. Across the metricshe lower percentiles (P2850) align
more closely to the performance of ERASpecially at earlier lead timeg38h & 76h) the
performances matches the ERA5 performance, while the higher percantldbe control
forecast tend to overestimate the flood depiths@ddition, the NSE valudselow 0.0for the
higher percentiles and the control forecaslicate that the modeloes not score better than
taking the average out of the observational dasaa result, the NSE values suggest that the
higher percentiles and control forecast doesdascribe the flood depths welhd the lower
percentiles and ERAB0 not score an acceptable NSE score (>0.5) eifffevugh, i is
unexpectedhat the higher percentiles score worse over the different medgesdingflood
depth.

For the PC6 evaluation the simulated flood depths perform less compared to the PC4
evaluation Theforecast errors increase significarajongerlead times and lower percentijes
which can be observed in the degradation over the lead times for theMAEMSE metrics.
Conversely, fgher percentilesnd the control forecast remain more constaer the lead
times, where againhe ERAS5based simulation performs similartp the low percentile
forecasts at early lead timéscross the PCévaluatiormetricsthe MAE remains between 0.44

and 0.50 meterand the NSE values are slightly better compared to the PC4 postal code areas
asthe higher percentile scobetter However, these NSE values are still not acceptable.

Turning to theweighted statisticthe trends aremoothey where postal code areas with more
household responses carry greater influence. First, the NSE statistics remain unchanged since
this metric is not affected by weighting. Over both the PC4 and PC6 the control forecast is now
more aligned in the centre thfe ensemble, except fthre 28head time For PC4 the weighted

MAE increases slightly with lead time and lower percentile, where the percentile ranking has
inverted. Higher percentiles (P-P®5) now show (as expected) lower errors, while lower
percentiles show higher errors. This pattern indicatesfaislperformance under weighting.

In addition, this pattern also applies for the RMSE. Moreover, foP @& statisticshis trend

is amplified, where the error increases more sharply for low percentiles and early lead times.
This highlights the sensitityi to poorly performing ensemble membe@szerall, the results

show the influence of weighting, spatial resolution, forecast type, and forecast lead time on
model performancdn comparison to the ensemble forecast performance, the performance of
the control forecastepictsa different behaviour with errors larger than the ensemble forecasts
Apart from the peak at the 2&ur lead timethe control forecast presents alsdegrease in
performance across the lead times.
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Validation Metrics for Flood Depth - Unweighted (PC4 vs PC6)
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Figure 27: Evaluationmetrics of forecasted flood depths across the Geul catchment using household survey data,
both PC4 and PC6 postcode levels. Each subplot displagstric withthe Mean Absolute Error (MAEplue at left), Roo
Mean Square ErrofRMSE)(orangeat centre) and NaskSutcliffe Efficiency (NSEpreen at right)for ensemble percent
forecastqgradient of thecolour), ERAS (green shapend control forecasté&anthracite)over various lead times. Metriésr
both postal code areae presented in both unweighted (top two rows) and weighted (bottom two rows) form to act

the number of survey responses per postcode

These findings underline the differences in reliability of forecasted flood exdadtslepths
across different lead times and forecast tydesfurtherexamine the practical value of the
different forecasts, the next sectiexplores the translation of the forecasted flood niajos

tangible impacts.
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5.3 Forecasted impact in the Geul catchment

Thelast stepn the analysis of the methodological framewtokuses on thérecasted flood
impacts. By translating tHerecasted flood maps into affected areas, this seetialuateow
variationsin rainfall forecasts propagate through the modelling chain to influence impact
estimationgy answering the final research syestion RQ3:

How does the predicted flood impact vary across different rainfall forecasts and lead times,
and what is the added value of using ensembésed predictiondor estimating local
damages per function and area?

Table 3providesa quantitative summanf theestimated floodmpacs across differentfecast
type, lead timgeand ensemblpercentiles This overviewallows a comprehensiveomparison

of rainfall, flood extents, number of affected buildingggal damages across all the exposed
assetsmedian damagegger building, and the exposed critical facilities

First, the tableindicates that the variations in cumulative rainfall across lead times and
percentiles is directly translated to proportional changes in flood extent, indicating an
intermediate influence of total rainfall on the spatial extent of flooding. Additionally, for the
lowest leadime the control forecast simulated an impact estimate identical to ERA5, although
having a larger flood extentSincethe flood extent often differs with the ERA5 extent, the
influence of the location of the flood extents is illustrated in the calcolafithe damages. For
example, the 40h control forecast simulated a flood extent &frf4ind forecasted twice as
much precipitation but simultaneously the estimated total damageditedower compared

to ERAS. In this case, a higher flood extent does not necessarily lead to higher total damages.
This example highlights the added value of the buildings hit column since it presents the
distribution of the extent. As the number of buildihdgisncreases it means that the flood extent

is more distributé in urban areas.

Regarding the control forecasthey constant forecasted higheumulative precipitation
amounts anflood extentsas als@resented in Figurg8, 23 andC.1. Moreover again 28h lead
time depictpeak impacts with 317 mm oéinfall, 18.18km?flood extent 7855 buildings are
affected and a total damage afi 5.66*1F. These estimates significantly exceed the ERA5
baseline simulatianHowever, the control forecasts present fluctuations iforecastssince
the 16h lead timestimateslower impacts Therefore, the control forecasts display more
variation across lead times, as it provides a single deterministic estimate per lead time.

In contrastthe ensemble percentile forecasts present a more sdable of impact estimates.
The more extreme percentiles (P90 & P95) constantly prexdhict precipitation, flood extents
damage estimatesd number of affected buildings and critical facilitiés.a result, at longer
lead times &8h till 52h) these extreme percentiles are more aligned with ERA5, indicating a
minor underprediction of impact estimatel®wever, ashorter lead time&lOh till 4h)themore
median percentile@50 & P75)correspond with ERAS5

Moreover, the number of affected critical facilities by simulated floods tend to be constant,
except for higher percentiles and the early lead times where the hits increaseixipeio
facilities.
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Table3: An overview with propagation of different rainfall forecasts to impact estimations in terms of total damages in
euros total number of buildings hit, median damage per building, and the number of datidéies that are hit.

Forecast Leadtime x Ra i | Flood Buildings  Total Median Hit critical
type [h] [mm] extent [ Hit[N] Da ma g e damage per facilities
km?] z | buil di [N]
ERA5 - 89 9.86 5871 3.91 29693 11
Control
forecast
88;18 198 13.01 5162 3.37 27738 13
7618 194 12.69 4938 3.18 26679 13
64;18 182 14.52 6027 417 30445 13
52:33 240 14.86 6156 4.24 30121 14
40;33 196 14.02 5646 3.73 28786 13
28:33 317 18.18 7855 5.66 33408 17
16;33 243 15.56 6398 4.40 30762 15
4:33 210 14.36 5871 3.91 29693 14
Lead time [h] Ensemble
percentile
forecast
88:18 25" 96 9.71 3379 2.20 23726 12
50" 142 11.48 4450 2.75 23931 13
75h 176 11.67 4445 2.85 25889 13
ogh 223 12.48 4938 3.14 26678 13
95h 217 12.67 4950 3.19 26888 13
76;18 25h 142 12.04 4522 2.86 24802 13
50h 152 11.45 4416 2.81 25015 13
75" 179 13.14 5184 3.36 27121 13
90" 245 15.36 6129 4.20 30573 15
95h 267 15.24 6093 4.15 30267 15
64;18 25" 136 11.08 4090 2.57 24108 13
50h 136 10.98 4175 2.67 25325 13
75" 198 13.13 5324 3.41 27395 13
90" 246 14.30 5808 3.90 29655 14
95h 251 13.82 5645 3.82 29418 14
52;33 25" 142 11.37 4315 2.77 25467 13
50" 142 11.65 4335 2.81 26388 13
75" 181 11.88 4540 2.95 27255 13
9oh 221 13.28 5300 3.50 28694 13
95h 270 14.15 5755 3.79 29404 14
40;33 25h 149 11.36 4264 2.74 25619 13
50h 176 12.33 4845 3.11 27089 13
75" 205 14.24 5743 3.83 29310 14
90" 252 15.04 6253 433 30921 14
95h 258 15.09 6383 4.47 31288 15
28;33 25h 149 12.45 5012 3.35 28503 13
50" 168 13.54 5514 3.79 30008 13
75h 183 13.64 5597 3.79 29777 13
9oh 230 14.11 5763 3.92 29949 13
95h 250 15.86 6569 4.61 31508 16
16;33 25h 125 11.53 4354 2.84 27056 13
50h 160 13.12 5333 3.59 29114 13
75h 178 13.66 5543 3.74 29205 13
90" 219 13.86 5633 3.87 30036 13
g5h 246 14.95 6107 422 30714 15
4;33 25h 153 12.94 5260 3.51 28586 13
50h 167 13.77 5627 3.77 29156 13
75h 208 15.02 6160 4.22 30621 15
90" 248 15.81 6580 4.52 30832 15
g5h 272 16.16 6816 4.66 31131 16
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To continue thémpact evaluation, the total damaaross the different forecast types and lead
times isalsooutlined in Figure28. In thefigure, an increasing trend can be obsereeer the
lead times and ovehe percentileswhere the percentiles show a large sprddds spread
contributes to thencertainty description of the evead the percentiles delivarcollection of
probable outcomegdhis highlight thestrong message that the control forecasedifferent
than the median of the ensemble, and that it shaluldys be considered next to thesemble
members to address the complete uncertarige againthe 28head timehighlightsthat the
control forecashasa large peak compared to the other lead times

Total damage per forecast type at different lead times across the Geul catchment
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Figure28: The total damages across the Geul catchrdspiayed for eacforecast type and lead time. The total dam

includethe damagéo forestsagriculture, infrastructure and buildingrsictures, which are derived frorhée vulnerabilit)

curves. The control forecast is represented in Red, the ERAS data in green, anddhble percentile forecasts with

grey boxplots
Building on the total damagesualization thedifferentparameters of Table 3 are presented in
Appendix E The figures E.1, E.2, and E.3 illustrate the total damagdupetion the total
number of buildings that are hit, and the median damagenparctedbuilding. For the total
damageper function in Figure E.la similar trend is presenteds described for the total
damages across the lead timese figure indicates thahe damages to the buildingse the
largest part othe total damage sindbey have the highest impacts compared to the other
functions.Another noteworthy finding is that all the three figuresvgl@decreasing spread
moving toward the eventVhere agairthe 28hlead time of the control forecast shows a large
peak compared to the other forecaSpecifically, looking at Table 3he estimates of the
controlforecast at thdead timelay farfrom the other forecasta/hich in the end indicatebkat
theseestimates are outliers.
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Moving to the critical facilities, the amenities in the catchment are merged with the flood maps
to count the number of hits across all the forecast types anditeesl Figure 2%resents the

hit intensity per critical facility, where most hits are located more downstream of the catchment.
Additionally, schools are frequently hit whereafter several fire stations and police stations are
hit. Interestingly, almost all the faciliti@se hit with every forecast, except for a clinic in Gulpen
which is hit only once.

The hit frequency of the critical facilities across all forecasts and lead times -
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Figure 29: The hit intensityof critical facilities across all the forecast types aedd times with tt
shape describing the critical amenity and #t@our the ratio of hits across the entireollection o
forecasts

These findings underline that the estimates of the impaetalignedacross the lead times

resulting in a lower range ofopsible estimates reaching the lower percentifesaddition,

together withincreasing impacts over the lead tintks reliability of the estimatescreases.

To further examine the practical value of the modelling chain, the next section explores the
impact chain for a municipality specifically. Thssofanadded val ue to expl or
performance at a more localized spatial scale to assess how well the system captures impacts at
community orbuilding levels. In the end the results will be expanded withfiaer spatial

resolution, offering a deeper understanding of forecast utility in areas with high vulnerability
andexposure

66



Chapter 5 Results

5.3.1Valkenburg asase study for detailathpactanalysis

To complement the catchmestale analysis, an additionaldepth evaluation is conducted
for themunicipality of ValkenburgThis section narrows the focus to the localized validation
of the forecasted flood mapsdmore inrdepthimpact assessmentSpecifically, it evaluates
the damages to individudunctions or buildings in the center of ValkenbulMoreover,
additional supporting figuremre included iM\ppendix

First, Figure 30 presentBe forecasted flood map fofalkenburg based on the '9ercentile
of the ensemble forecasith an88h lead timeas an exampléelhe figureillustratesextensive
flooding in the central part of Valkenbungith water levels reaching up to 2 to 2.5 meténs
addition,significant flooding is simulatediong the riverbanks near Houthem,exdthe flood
depths in this area are relatively low comparethtse in Valkenburg.

The floodmap with the 88h lead time from the 95th percentile ensemble forecast
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Figure 30: Simulated flood map across the Valkenburg Municipaigedon the 9% percentile

forecastwith a lead time of 88 hour3he flood depths are spatially represented in medeid the

river geometry has been removed from the visualizatioenphasize the flooding outside

riverbanks
Building on the flood mapresented in Figure 36jgure 31 visualizes the validation results of
the flood extents across all the leaches and forecast type€ompared to the broader
catchmerdevel evaluation presented in Figure 24, peeformance metriadepict a significant
improvement. Specificallyboth the hit rates and CSI indichave increasedavith a peak
performance (CSI > 0)&t 16h lead timewhile simultaneously the false alarmiscreased
This indicates that the forecastsow an accurate performar(@S1> 0.7)in detecting the flood
areas within the municipality of Valkenbyrghich in the endhighlight astronger alignment
between simulated and observed flooding patténmaddition,Figure F.1 illustratehe spatial
evaluation of th&8h lead time with the $5percentile ensemble forecast input This figure
supportghe strong alignment where only minor misaesdisplayed on the edgeithe extent,
while no false alarmsra detected.
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Validation of Flood extents in Municipality Valkenburg per Forecast Type
Hit Rate Fulse Alarm Rate CSI Index
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Figure31: The performance of the flood extem$unicipality Valkenburger forecast type over the different lead times
percentiles with lighter colours representing the lower percentiles, the darker colours the higher percentiles, &
representing the control forecast and the green shape represents the ERA5 scores

Figure 31 further reveals that acr@dkthreeperformanceanmetrics, the forecast performance
generally declines as lead time increageklitionally, there is a clear performance discrepancy
between the higher paxctiles (P75, P90 & P9%)nd the lower percentiles (P25 & P50), where
the lower percentilesonstantly showing lower scores and a steeper decline over increasing
lead timesMoreover the control forecasts have a similar performance as the higher percentiles
although the 28h lead time stih@wsa peak in the hit rates and false alarms. However,ghis i
againnot reflectedn the CSI indexNote that é6r the higher percentile ensemble forecasts and
the control forecaghe CSI index remains above 0.7, suggesting a strong aligtimeuaghout
therange of the forecastRegarding the ERA5 simulation, the CSI index depict a suigrest

below 0.7 which can be interpreted as an intermediate perform&ucthermore, the lower
percentiles (P25 & P50) drop beldle CSI threshold after the 4@ur lead times

In contrast to the increased performance of the flood extent simylgigure 32 displaythe
reduced pdormancein simulatingflood depths within thenunicipality of ValkenburgIn
general, both the MAE and RMSE are higher comparetig¢acatchmenrscaleflood depth
analysisin Figure27. The figure outlineshatthe MAE valuesrange from 0.55 to 0.7 meters
andtheRMSE values between 0.8 and 0.95 metake earlier findings, the higher percentiles
show more stable performance across lead timlesre in contrast the lower percentites/e
greater variability and higherrors Additionally, the ERAS5 scoregorrespondnorewith the
lower percentilesNonethelessfor the indepth analysishe control forecasts exhibit a more
moderatd performancecompared to Figure 27A&vhich is more in line with therend and
magnitudes of thensemble forecast§he NSE valueturther reflect theeducedoerformance,
wherethe values remain around 0.1-@1 for the higheensemblepercentilesand control
forecastsFor the lower percentileand the ERAS simulatigrthe NSE valugfurther decreases
upto-0.4. This indicates thah terms of the flood depth simulations, the model performs poorly
against the survey data footh the catchment scale and thislepth analysis for Valkenburg

In addition, Figure F.2 presents the spatial evaluation of the simulated flood dieptins in
Figure 30.Note that the largest errors are concentrated ircéiméer ofValkenburg, which
suggests that the modebnstantly overestimates the flood depths compared to the survey
responses.
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Validation Metrics for Flood Depth in Municipality Valkenburg - Weighted PC6
MAE - PC6 R RMSE - PC6 NSE - PCo
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Figure 32 Weighted ealuation metrics of forecasted flood depths across thenicipality of Valkenburgising househo

survey data, shown for PC6 postcode levels. Each subplot displays a metric with the Mean Absolute Error (MAE) (b

Root Mean Square Error (RMSE) (orange at centre), and $asbliffe Efficiency (NSE) (green at right) for enses
percentile forecasts (gradient of the colour), ERA5 (green shape) and control forecasts (anthracite) over various |
Metrics are presenteith aweightedform to account for the number of survey responses per postcode

Building on the evaluation of the flood maps, the analysis now shifts focus to the forecasted
impacts at a more detailed leveirst, Figure F.3 displays a similar trend for the total damages
across the lead timemmpared td-igure28. Looking at the median ensempieappears that
the municipality contributes approximately 25 to 30% to the thtalma gredsction in the
entire impact assessment in the G&breover Figure 33 presentde hit intensity per critical
facility across all forecast types and lead tinmethe municipality The figure reveals thaill

the forecastghit intensity of 1)predicted impacts for several facilities located on the southern

riverbank in Valkenburg

Figure 33 The hit intensity of critical facilities across all the forecast types and lead timése municipality ¢
Valkenburgwith the shape describing the critical amenity and the colour the ratio of hits across the entire c
of forecastsTransparent shapes show the critical facilities that are not hit by any forecast.

69





















































































































