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SUMMARY

Pluvial flooding is on the rise as more cities are challenged by a changing climate and
local drivers: increased urbanisation and inadequate sewer systems. Sustainable flood risk
management requires a hybrid of structural and non-structural measures to ensure water-
hazard resilient cities. In this regard, flood forecasting and early warning systems have
been proposed as a “low regret” measure to reduce flooding and increase preparedness
through forecast-based actions. However, many cities, especially in data-scarce regions,
lack the capacity to produce high-quality rainfall forecasts and well-calibrated flood
predictions (including timing, water levels, extent and impact). This limitation creates a
cascading effect, hindering the ability to make reliable decisions due to uncertainties in
the forecast or inaccuracies in the input data. For example, decisions in anticipatory flood
management become problematic due to their dependencies on knowledge derived from
uncertain data and the consequences of incorrect predictions and/or actions.

Previous studies have focused on improving the accuracy of predictions or models, but
there has been comparatively less focus on addressing the complexities of flood forecasts
and the decision support chain, particularly under conditions of limited data and
uncertainty. Probabilistic forecast knowledge is beneficial for quantifying uncertainty and
has been acknowledged to support decision-making, but there is no consensus on the most
suitable and effective way to incorporate it for decision-making.

This thesis aims to explore how pluvial flood forecasting and decision support at local
scales in data-scarce cities can be improved, with a focus on using available data, method
suitability and incorporating uncertainty into the decision-making process for anticipatory
flood action. This research was motivated by practitioners’ need to take action ahead of
time, despite limited and uncertain data, which is so often the case in cities in the Global
South. The research was carried out in the coastal city of Alexandria, Egypt, which
experiences annual flooding due to winter storms.

The research adopted an incremental and sequential approach, in which each research
outcome is built upon in the next step and used as input for the next objective. Thereby
integrating the data, models and knowledge. First, the research investigated how available
data can be combined for flood forecasting using a rainfall threshold method, crowd-
sourced information and global ensemble forecasts. Next, the study evaluated the
suitability and limitations of using a downscaled high-resolution Weather Research and
Forecasting model for deterministic rainfall forecasts at multiple spatial scales for
different urban flood forecasting approaches. A high-resolution limited area ensemble
rainfall forecasting model was then configured and simulated. The resulting probabilistic
distributions were incorporated into a Bayesian decision framework to translate
probabilistic rainfall forecasts into actionable information.
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Findings show that, despite limited data, using rainfall forecasts alongside non-traditional
data sources can effectively predict flooding and improve decision-making. Although this
method introduces some complexity compared to widely used deterministic rainfall
forecasts, it offers a balance between a simplified approach and forecast uncertainty when
limited data exist.

Regarding the use of higher-resolution forecasts, the results showed that, despite the need
for very high-resolution forecasts for urban flood forecasting, there are limits when using
downscaled models, as outcomes vary depending on the model configuration,
parameterisation and the flood forecast approach. These findings highlight the need to
consider the interdependencies between meteorological forecasts and their application to
flood forecasting.

Finally, the thesis demonstrated the value of using a Bayesian decision framework for
incorporating knowledge of flood vulnerability and local flooding at the neighbourhood
scale for triggering equitable flood early actions. The proposed probabilistic framework
showed the potential benefits of a user-preference parametric loss function that assigns
weights to different vulnerability classes. The Bayesian decision framework served as a
valuable decision support tool which incorporates uncertainty, decision makers’ risk-
averse attitudes and prioritises equitable anticipatory flood actions to reduce flood
damage.

The primary aim of this research was not to make forecasts more accurate but rather to
develop a greater understanding of the usefulness of imperfect data, forecasts and models
in decision-making for pluvial flood forecasting and local anticipatory flood
management. The research raises themes of fit for purpose data and creating value from
imperfect information by examining the use and limitations of data and the
interdependencies of the flood forecasts and decision-making chain. This approach
supports uncertainty-aware flood forecasting and decision-making instead of creating an
illusion of certainty.



SAMENVATTING

Overstromingen door neerslag nemen toe nu steeds meer steden worden geconfronteerd
met de gevolgen van klimaatverandering en lokale oorzaken, zoals toenemende
verstedelijking en een inadequaat rioleringssysteem. Duurzaam
overstromingsrisicobeheer vereist een combinatie van structurele en niet-structurele
maatregelen om steden veerkrachtig te maken tegen watergerelateerde gevaren. In dit
verband worden overstromingsvoorspellings- en waarschuwingssystemen beschouwd als
een “low regret’-maatregel om overstromingen te verminderen en de paraatheid te
vergroten door middel van op voorspellingen gebaseerde acties.

Veel steden, met name in data-arme regio’s, beschikken echter niet over de capaciteit om
betrouwbare neerslagvoorspellingen en goed gekalibreerde overstromingsvoorspellingen
(met betrekking tot timing, waterstanden, omvang en impact) te produceren. Deze
beperking veroorzaakt een kettingreactie, waardoor het moeilijk wordt om betrouwbare
beslissingen te nemen vanwege onzekerheden in de voorspellingen of
onnauwkeurigheden in de invoergegevens. Besluitvorming binnen anticiperend
overstromingsbeheer wordt hierdoor problematisch, aangezien zij athankelijk is van
kennis die gebaseerd is op onzekere data en de mogelijke gevolgen van foutieve
voorspellingen en/of acties.

Eerder onderzoek richtte zich voornamelijk op het verbeteren van de nauwkeurigheid van
voorspellingen of modellen, terwijl er relatief weinig aandacht is besteed aan de
complexiteit van overstromingsvoorspellingen en de bijbehorende besluitvormingsketen
— vooral onder omstandigheden van beperkte data en onzekerheid. Probabilistische
(kans)voorspellingen zijn waardevol voor het kwantificeren van onzekerheid en worden
erkend als steun bij besluitvorming, maar er bestaat geen consensus over de meest
geschikte en effectieve manier om deze te integreren in het besluitvormingsproces.

Dit proefschrift heeft tot doel te onderzoeken hoe pluviale overstromingsvoorspellingen
en besluitvorming op lokale schaal in data-arme steden kunnen worden verbeterd. Daarbij
ligt de nadruk op het gebruik van beschikbare data, de geschiktheid van methoden, en het
integreren van onzekerheid in het besluitvormingsproces voor anticiperende
overstromingsacties. Het onderzoek werd gemotiveerd door de behoefte van
praktijkdeskundigen om tijdig actie te ondernemen, ondanks beperkte en onzekere data
— een situatie die vaak voorkomt in steden in het mondiale zuiden. De kuststad
Alexandri€ in Egypte diende als casestudy.

Het onderzoek volgde een incrementele en sequenti€le aanpak waarbij elk
onderzoeksresultaat voortbouwt op het voorgaande en dient als input voor de volgende
stap. Zo werden data, modellen en kennis geintegreerd. Eerst werd onderzocht hoe
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beschikbare data kunnen worden gecombineerd voor overstromingsvoorspellingen met
behulp van een neerslagdrempelmethode, informatie van burgers (crowdsourcing) en
wereldwijde ensemblevoorspellingen. Vervolgens werd de geschiktheid en beperkingen
geévalueerd van het gebruik van een downscaled, hoge-resolutie Weather Research and
Forecasting (WRF)-model voor deterministische neerslagvoorspellingen op
verschillende  ruimtelijke  schalen, toegepast in  verschillende stedelijke
overstromingsvoorspellingsbenaderingen. Daarna werd een hoge-resolutie ensemble-
neerslagvoorspellingsmodel ontwikkeld, waarvan de resulterende probabilistische
verdelingen werden geintegreerd in een Bayesiaans beslissingskader om probabilistische
neerslagvoorspellingen te vertalen naar bruikbare informatie.

Het onderzoek, uitgevoerd in de kuststad Alexandrié (Egypte), waar overstromingen
voornamelijk in de winter voorkomen, toonde aan dat ondanks beperkte data, het
combineren van neerslagvoorspellingen met niet-traditionele databronnen effectief kan
worden gebruikt om overstromingen te voorspellen en besluitvorming te verbeteren.
Hoewel deze methode meer complexiteit introduceert dan de veelgebruikte
deterministische voorspellingen, biedt zij een balans tussen een vereenvoudigde aanpak
en het inschatten van onzekerheid wanneer data beperkt zijn.

Wat betreft het gebruik van hoge-resolutievoorspellingen toonden de resultaten aan dat,
hoewel zeer gedetailleerde voorspellingen belangrijk zijn voor stedelijke
overstromingsmodellen, er grenzen zijn aan het gebruik van downscaled modellen. De
resultaten vari€ren bovendien afhankelijk van de configuratie van het
neerslagvoorspellingsmodel, de parameterisatie van convectie op kleine schalen en de
gekozen overstromingsvoorspellingsaanpak. Dit benadrukt de noodzaak om rekening te
houden met de onderlinge athankelijkheden tussen meteorologische voorspellingen en
hun toepassing bij overstromingsvoorspellingen.

Tot slot toonde het proefschrift de waarde aan van het gebruik van een Bayesiaans
beslissingskader waarin ensemblevoorspellingen van overstromingen, lokale kennis op
buurtniveau en een gebruikersspecifieke parametrische verliesfunctie worden
geintegreerd, die verschillende kwetsbaarheidsklassen gewichten toekent. De
voorgestelde methodologie fungeert als een waardevol besluitvormingsinstrument dat
onzekerheid en risicomijdende houdingen van besluitvormers incorporeert, en dat
rechtvaardige anticiperende acties tegen overstromingen prioriteert om schade te
beperken.

Het primaire doel van dit onderzoek was niet om voorspellingen nauwkeuriger te maken,
maar om beter te begrijpen hoe onvolmaakte data, voorspellingen en modellen bruikbaar
kunnen zijn in besluitvorming rond pluviale overstromingsvoorspellingen en lokaal
anticiperend overstromingsbeheer. Het onderzoek behandelt thema’s als ‘fit-for-
purpose’-data en het creéren van waarde uit onvolmaakte informatie door het bestuderen
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van de gebruiksmogelijkheden en beperkingen van data en de onderlinge athankelijkheid
tussen voorspellingen en besluitvorming. Deze aanpak bevordert onzekerheidsbewuste
overstromingsvoorspellingen en besluitvorming, in plaats van het creéren van een illusie
van zekerheid, met als doel betere beslissingen te nemen en de paraatheid te vergroten
via op voorspellingen gebaseerde acties.
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1. Introduction

1.1 BACKGROUND

Globally, weather-related disasters continue, with astounding economic damage, loss of
life and social and economic disruption. The year 2024 alone saw 368 billion US dollars
(USD) in economic losses from weather-related disasters, of which 348 billion USD was
attributed to inland flooding (AON, 2025). While a changing climate continues to
influence the frequency and intensity of extreme precipitation events, urbanisation and
population growth also pose significant challenges to flood risk management. Higher
populations pose a challenge due to increased vulnerabilities and exposed assets (Jha et
al., 2012). As of 2024, 57.7% of the world’s population lives in urban areas and this is
expected to increase to 68% by 2050 (UNDESA, 2024).

Urban pluvial (rain-driven) flooding, commonly called surface water flooding, is
characterised by high-intensity, short-duration rainfall that contributes to direct runoff,
surcharging sewers, overtopping urban drains and inundating low-lying areas. The sixth
Intergovernmental Panel on Climate Change Assessment Report, AR6 (2023), predicts
that the increased frequency and intensity of heavy rainfall events translate into higher
frequency and greater magnitude of pluvial and surface water floods. While large-scale
events capture global headlines, many cities are plagued by these smaller, sometimes
more frequent localised pluvial events which result in high cumulative losses, socio-
economic impacts and disruption to critical infrastructure and everyday life (Acosta-Coll
et al., 2018; Jiang et al., 2018; J. A.E. ten Veldhuis, 2011). With projected increases in
urbanisation and impermeable surfaces and the future intensification and increased
frequency of rainfall events from climate change, this type of flooding has emerged as a
critical issue (Houston et al., 2011; Nicklin et al., 2019; Rosenzweig et al., 2018;
Zevenbergen et al., 2008; Zhou et al., 2012). Pluvial and surface water floods account for
one-third of all floods in the United Kingdom and have also increased in China’s
megacities: Beijing, Shanghai, Wuhan and Shenzhen (Jiang et al., 2018). Cities in the
Middle Eastern and North African region, such as Alexandria, Casablanca and Tunis,
have also experienced increased flooding over the last decade, accompanied by poor
infrastructure and ad hoc informal development within the cities (Banerjee et al., 2014;
Bigio, 2009) and by unprecedented rainfall in Dubai.

To cope, there has been a call to adapt and transition from purely structural measures
towards more hybrid, multi-functional measures which are low regret, less expensive and
more resilient and adaptable to future uncertainties (Difrancesco & Tullos, 2014). Early
Warning Systems (EWS) and early action initiatives such as Anticipatory Flood
Management (AFMA) are proactive approaches that consider weather predictions and
future hazards and impacts, issuing warnings and explicitly taking action before an event.
When disseminated and communicated sufficiently in advance of an event, warnings and
the implementation of emergency measures can significantly reduce damage to assets and
lives whilst mitigating residual risks (Viktor Rozer et al., 2016).
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In cities and urban areas, there is a huge potential for anticipatory actions to assist
emergency managers. Possible anticipatory flood mitigation measures consist of selecting
decisions from a pre-defined categorical catalogue of actions, including issuing of
warnings, redistribution of flow in a system to allow storage, dispatching of temporary
flood defences and sandbags, control and monitoring of weirs and pumps, cleaning of
drains and grates and allocation of resources. The success of such strategies requires
accurate predictions of not only the occurrence but also the magnitude, location and
timing of hazards and impacts to provide critical actionable information.

Advancements in technology and computing power have fostered progress in data
collection and availability, the integration of models, improvements in forecast skill and
the development of high-resolution global numerical weather prediction models that can
predict several days ahead and ensemble forecasts with predictive uncertainty
quantification. Supported by advances in hydrodynamic inundation models, surface
delineation runoff and flood processes or Al methods have improved, which increases the
speed and efficiency of computations.

However, at the city scale, many existing and emerging challenges lead to uncertainty
along the pluvial flood forecast and decision-making chain in both initial developmental
stages and persist into the operational phase. National weather and disaster agencies'
forecasts are not always satisfactory for local-scale actions. For example, many weather
and flood forecasting capabilities and warnings are done at the national level. High spatial
and temporal resolution rainfall products are not always available to realistically represent
structure and variability in the rainfall patterns. Local actions however, require high-
resolution data and models to capture the dynamic and heterogeneous nature of urban
catchments, as well as knowledge of the drainage system, terrain and initial conditions.

Data scarcity is characterised by insufficient input data, which, for rainfall data, is often
inadequate or absent long-term records with high spatiotemporal resolution, posing a
significant challenge for hydrological forecasting (Kidd et al., 2017). Data-scarce cities
tend to lack the data to build complex drainage systems and calibrate models. The lack
of data can influence the selection of models, the quality of the knowledge produced by
models and the application of this knowledge in local-scale decision-making. Therefore,
given the interdependencies and connectivity among these components, a closer look at
each component is needed to identify opportunities for improvement. The following
sections further describe each component of the pluvial forecasting, decision and response
chain in the context of data-scarce cities.

1.2 FORECASTING - DECISION -RESPONSE FRAMEWORK FOR AFMA

The United Nations Disaster Risk Reduction Agency (UNDRR) defines an early warning
system as “An integrated system of hazard monitoring, forecasting and prediction
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disaster risk assessment, communication and preparedness activities, systems and
processes that enable individuals, communities, governments, businesses and others to
take timely action to reduce disaster risk in advance of hazardous events”. It consists of
4 pillars: Disaster risk knowledge, Forecasting, monitoring & detection, Communication
& dissemination and Preparedness & response (WMO, 2018).

Flood forecasting, decision-making and response systems are subsets of the overall EWS,
consisting of several subsystems that can be decomposed into different elements. In
AFMA, response is framed as an anticipatory response to forecast and pre-agreed actions,
whereas in traditional humanitarian contexts, response refers to reactive measures taken
during or after a disaster to manage its impacts.

In general, the design, implementation and operation of such flood forecasting require an
understanding of the system’s response to past and future events. It can be conceptualised
(Figure 1.1) as using data that feeds into models to generate knowledge used to make
decisions and take actions, such as whether to take an action, what action and when, where
and how to implement it. There is a critical link between data, models, knowledge,
decisions and responses; therefore, in data-scarce cities, the quality and quantity of data
used and the knowledge produced also influence the ability to implement flood
forecasting systems for anticipatory flood management. Henonin et al. (2013) compared
the flood forecasting process to that of a house structure where each component's quality
contributes to the overall system's integrity and durability. Consequently, limitations in
one component will inevitably result in a trickle-down effect and the failure of the entire
structure/system.

q Data E Models ]:( Knowledge m Decisions }:{Us ]::>

L) :

< £ Feedback/Update j

Figure 1.1 Connectivity of data, models, knowledge, decisions and response chain

In addition, this chain of components can be further decomposed into meteorological
forecasting, hydrological/flood forecasting, decision-making subsystem and warning-
response subsystem (Figure 1.2) (Verkade and Werner, 2011). The methods used in a
flood forecasting system depend on the type or source of flooding, but in general, the
framework consists of meteorological forecasts that provide information on the
magnitude, timing and location of rainfall and other variables. Rainfall is fed into
hydrological models, which provide inputs to hydrodynamic models, or river-level
observations are used to forecast hydrological variables: flood depths, extent, populations
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at risk and impacts. Based on the information, triggers or thresholds and other decision
support tools are used to issue warnings or take actions. This process is supported by
constant monitoring of forecasts and observations at different lead times.

Monitoring Forecast & Observations

4 D
I: Meteorological Flood Decision Warning/ Action
Forecasting Forecasting Support Response
\ J

Figure 1.2 Flood forecasting- Decision- Warning- Response System. Adapted from
Verkade and Werner 2011

In the decision subsystem, a decision-maker is a user of a warning but may also be a
producer of a warning for different users. Issuing a warning can also be considered a
decision/action for meteorological or flood forecasters vs end users who take protective
action. For this thesis, decisions will refer to actions taken by emergency managers and
vary with the information available at different lead times. It should be noted that the
decision support system is separate from the actual decision, reinforcing that it is meant
only to aid the decision process and does not dictate the final decision. Weather warnings
have also been described as a value chain approach that represents the challenges of
linking the interdisciplinary capabilities and outputs of observations, weather forecasting,
hazard forecasting, impacts, warnings and decisions with their associated communities
and the flood forecast chain (Golding et al., 2019). While advancements in the respective
fields are shown by the height of the mountain, less progress has been made in impact
forecasting and decision-making, which is supported by socio-economic modelling and
behavioural science, respectively.

The shift towards a more proactive rather than reactive approach has gained traction and
popularity, particularly through initiatives such as the WMO’s Early Warning for All and
other early warning and early action initiatives. The concept has evolved and is
influenced by improvements in forecasting, risk and vulnerability assessment and the
increased focus on preparedness and response before an event. Anticipatory Action
mechanisms in particular have been adopted by humanitarian organisations where
anticipatory actions refer to “actions taken to reduce the humanitarian impacts of a
forecast hazard before it occurs, or before its most acute impacts are felt and backed by
pre-arranged financing” (IFRC, 2020). The flood forecasting-decision-response
framework for anticipatory flood actions is shown in Figure 1.3. Using real-time
information and forecasts to take flood actions before an event is not new. Real-time
control (RTC) of sewer systems in anticipation of high flows has been practised in flood
management to control the operation of pumps, overflows and other hydraulic structures
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(Garcia et al., 2015). Using sensors and forecasts, RTC systems mitigate flooding by
operating the hydraulic components of an urban sewer system to reduce the peak flood
response via redistribution or storage before, during and after an event.

Forecasts Decisions Response
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forecasted
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Figure 1.3 Flood forecasting-decision-response framework for anticipatory flood action

While there have been advances in the forecasting component for taking actions, there
has also been a shift towards more approaches which emphasise the type of information
produced (such as impact-based or probabilistic), how it is communicated and how useful
it is to decision makers (Doyle et al., 2019; Jean et al., 2023; Kox et al., 2018; M.-H.
Ramos et al., 2010; WMO, 2018). Although different frameworks have been used (as
discussed above), they all strongly highlight the connectivity and dependencies between
the various components. The next sections will describe the different components of the
meteorological forecasting, flood forecasting and decision-making components.

1.3 METEOROLOGICAL FORECASTING

The advent of computational approaches meant more complex calculations using
numerical weather prediction models based on the physics of the atmosphere and the
development of more sophisticated hydrological models which enabled more accurate
predictions of hydrological variables. The introduction of satellite remote sensing
provided a new way to collect global hydrological and meteorological data in near real-
time. As computing power increased, this facilitated high-resolution models and
ensemble forecasts which run at shorter times and forecasting days, weeks and months in
advance, along with the use of risk and impact information in the decision-making
subsystem.
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Flooding in urban areas can be caused by large-scale frontal precipitation systems or
harder to predict small-scale convective type systems. The accuracy with which this
rainfall is forecasted significantly influences the reliability of urban pluvial flood
forecasting (B. W. Golding, 2009; Hapuarachchi et al., 2011). Rainfall variability is a
significant source of uncertainty in the prediction of sewer flooding. Whereas high-
resolution forecast data is needed to represent urban processes, timing, intensity and
spatial variability. There are several precipitation data sources at varying qualities,
resolutions and lead times; weather radars, quantitative precipitation estimates, reanalysis
models and Quantitative Precipitation Forecast (QPFs) from Numerical Weather
Prediction models (NWPs).

Quantitative Precipitation Forecasts (QPF) serve as forcing data into rainfall-runoff
models. Forecasts drive rainfall-runoff and hydraulic models to forecast flows, water
levels, flood extent, depths and impact. QPFs from NWP models use mathematical
models to simulate the state of the atmosphere. Models are initialised using observations
as initial conditions to model the evolution of the atmosphere. New observations are
assimilated into the model to capture the most recent conditions. Global Ensemble NWPs
are produced in many centres around the world on a global scale. Forecasts are uncertain
due to the chaotic nature of the atmosphere and this uncertainty increases with lead time.
Ensemble Prediction Systems (EPS) provides a way of estimating uncertainty in a
weather forecast. Instead of running the NWP model once (a deterministic forecast), the
model is run repeatedly from perturbed initial conditions to produce an “ensemble” of
forecasts up to 15 days (Buizza ef al., 1999). Ensemble forecasts evaluate uncertainty
while extending the forecast lead time (Cloke & Pappenberger, 2009; Duan et al., 2018;
Gofa, 2010) and are advantageous in providing probabilistic information in the decision-
making process (Dale et al., 2012). While identifying a future event, an acceptable lead
time depends on the divergence of ensembles which, in turn, is generally related to the
spatial and temporal resolution.

Downscaled regional or Limited Area Models increase resolution and accuracy at smaller
scales. The Weather Research and Forecasting (WRF) model is a widely used dynamic
downscaling model used in many environmental applications (Goodarzi et al., 2019; He
et al., 2013; S. Ibrahim & Afandi, 2014b; Skamarock et al., 2008). Global models are
used as lateral and boundary conditions confining nested domains at finer resolutions,
allowing simulation of more localised phenomena. There has been improvement in
resolving small-scale weather variability through convection-permitting prediction
models (Clark et al., 2016), but there are still limitations with NWPs at the city scale
(Kumar & Venkatesha Prasad, 2018; Thorndahl et al., 2013, 2016) and over shorter lead-
times.

To overcome the challenges with localised convective processes for pluvial flooding,
high-resolution radar-based estimates have been used (Chen et al., 2017; Codo & Rico-
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Ramirez, 2018; Duncan et al., 2011; Schellart et al., 2014). Forecasting applications have
focused on how to improve accuracy, extend lead times by merging with radar advected
patterns with QPFs (Schellart et al., 2011; Yoon, 2019) and reducing uncertainty
propagation or radar rainfall and radar-based forecasts through the use of radar ensembles
and probabilistic forecasting. Jasper-Tonnies et al. (2018) successfully combined
ensemble radar nowcast with high-resolution QPFs for urban flood modelling. However,
there are still challenges with the use of radar in forecasting rainfall in small catchments,
which require accurate estimation of initial states (Abdalla et al., 2013). Nowcasting
models which statistically extrapolate future rainfall distributions, provide high spatial
and temporal resolution at short lead times but the accuracy is limited beyond 6 hours (B.
W. Golding, 1998; He et al., 2013). Although radar estimates are capable of capturing
intensity at smaller grids, there is a trade-off between input resolutions and forecast lead
times, which is not ideal for actions that require longer implementation periods to be
effective. Further, many countries are just not covered by weather radar observations
(Saltikoff et al., 2019; WMO, 2020) or such observations are not used for nowcasting or
hydrological forecasting.

Post-processing of forecast precipitation is another method used to improve the forecast's
accuracy, sharpness and reliability by removing systematic errors (Crochemore, Ramos,
& Pappenberger, 2016; Verkade et al., 2013). Although a correction that improves the
performance of NWP’s outputs is not always reflected as an improvement in the
hydrological forecasts (Wetterhall & Smith, 2019). Additionally, post-processing of
forecasts is another key challenge in data-scarce regions given its reliance on long-
duration climatological data observation. Continued research is needed to address how to
improve high-resolution forecasts in the absence of high-resolution observed data.

1.4 URBAN PLUVIAL FLOOD FORECASTING APPROACHES AND PROCESSES

Urban pluvial catchments are defined by smaller basins, short time of concentrations and
a high sensitivity to interactions between paved areas and urban features. In urban areas,
there are a high proportion of impervious surfaces and most of the rainfall is transformed
into runoff. Flooding occurs when drainage capacity is exceeded and overflows onto the
street or surface runoff cannot enter drains and ponding occurs in low areas. ten Veldhuis
et al. (2011) found that component failure and blockages were significant contributors to
flooding but receives minor attention compared to overloading of the sewer. Urban flood
models consist of a rainfall-runoff and hydrodynamic component. Flow in sewers is
characterised as unsteady non-uniform flow. Usually, free surface flow is assumed but
during high-intensity events, the pipes may become surcharged, resulting in pressurised
pipe flow.
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Several studies have investigated the sensitivity of urban catchments to rainfall
spatiotemporal variability (Cristiano et al., 2017; Ichiba et al., 2018; Ochoa-Rodriguez et
al., 2015). Berne et al. (2004) found that urban catchments in the order of 10km? require
a spatial and temporal resolution of 3 km and 5 mins respectively and values decrease
with decreasing size of the catchment. However, in reality, this resolution is rarely
attainable and even less so for forecasting purposes, primarily due to the incoherent
spatio-temporal scale of atmospheric models and urban flood generation. The sensitivity
to rainfall intensity and complex hydrological response at the urban scale coupled with
the mitigation time required to implement actions means that each subsystem requires
high-resolution data requirements and model discretisation which can capture spatially
distributed processes while balancing the computational run time and required lead-times
and mitigation times. Lead time refers to the minimum time required to implement
effective preparatory actions. Figure 1.3 highlights that shorter lead times also coincides
with the requirements of higher resolution data. This requirement for high-resolution data
also influences the selection of the flood forecasting approach and the sophistication of
the triggering mechanism and requisite forecast variables.

Action/ mitigation lead time
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Figure 1.3 Comparison of flood type event duration scale and spatial scale and lead
time/mitigation time for flood actions. Adapted from Merz 2020 and van Andel 2011

1.4.1 Hazard estimation methods

Henonin et al. (2013) classified flood forecasting hazard models as empirical, pre-
simulated scenario-based (offline) or real-time simulations (online) (Figure 1.4). These



1. Introduction

can be further classified by the type of data and forecast: deterministic vs probabilistic
(representing a probability distribution of a future variable) or risk-based, or impact-based.

Local flood knowledge of
past events

Check pre-defined rainfall
thresholds

Issue wamning
take action

]
Check pre-defined rainfall |
thresholds Identification of most
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map and impacts

Issue warning
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Rainfall Forecasts

Real time forecasted
Run Real time 1D MIKE variables

Urban model Water Depth, Flood depths,
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Figure 1.4 Different pluvial flood forecasting approaches

Empirical methods such as rainfall thresholds directly compare precipitation forecasts
with historical or user-defined critical rainfall thresholds (Falconer et al., 2009;
Georgakakos, 2006; Martina et al., 2006; Parker et al., 2011; S. J. Wu et al., 2015).
Comparing rainfall forecasts from NWPs with critical reference rainfall thresholds
derived by stochastic analysis of historical measurements (Lorenzo Alfieri et al., 2012).
An example is the (Georgakakos, 2006) the Flash Flood Guidance System (FFGS) which
uses forecast rainfall depths that are likely to result in discharges associated with floods
and found they produce a high probability of detection of flash floods (Georgakakos, 2006;
Z. Wu et al., 2023). These alerts are issued based on different user-defined rainfall
thresholds or hydrological predictors such as soil moisture conditions. However, this
method is sensitive to the trigger or warning thresholds and a major challenge is ensuring
that decision thresholds are robust (de Perez et al., 2016). (S. J. Wu et al., 2015)compared
methods to determine the performance of rainfall thresholds results depending on the size
of the catchment and the quantity of data available. For a small urban catchment,
Bouwens et al. (2018) and Tian et al. (2019) proposed deriving rainfall thresholds not
with hydrodynamic models but by correlating over 70,000 citizens’ reported flood
incidents overflow pumping values with sub-daily rainfall data. Tian et al. (2019) further
derived thresholds using decision tree models. Although there is some level of uncertainty,
it can be useful in providing some insight in predicting floods but only when this type of
data is available. This simplified Early Warning Systems (EWS) approach provides an
immediate short-term solution for data-scarce regions, which may lack the technical
capacity and resources to implement complex methods. New emerging methods are being
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used to improve flood forecasting by integrating crowdsourced hydrological data, low-
cost sensors, web technologies and monitoring from local stakeholders (Verbeiren et al.,
2019).

Real-time simulations forecast with real-time hydrodynamic models forecast the water
levels, flood extent, locations, damage and impact. Real-time models have the benefit of
providing the most accurate simulation when updated with the most recently available
observations and state conditions (J. R. Ren¢, 2014). Real-time forecasting examples for
pluvial flooding are limited. However, this approach encounters the same demand of
high-resolution spatial data and copious input parameters into complex models associated
with uncertainty and long computational times, limiting its use for real-time operational
use. The advantage of real-time approaches allows direct model spatial variability and
impact which is beneficial to areas that do not have high-resolution observations
(Hofmann & Schiittrumpf, 2019). Therefore, there must be a balance between model
complexity and flood analysis quality (Henonin et al., 2013; Ochoa-Rodriguez et al.,
2015). The different types of models used for real-time forecasting are further discussed
in the next section.

However, to overcome the challenges of computational times, scenario interpolation
methods or query-based approaches use pre-simulated scenarios to issue a warning based
on a comparison between forecasted rainfall patterns and historical rainfall patterns. Pre-
simulated scenario-based systems utilise a catalogue of previous hydrodynamic
simulations and the accuracy is dependent on both model complexity and input data. An
example of this system is the Scottish Environmental Protection Agency’s Grid to Grid
model. Scenario-based approaches have the advantage of fast computing over real-time
approaches. However, it requires many runs and observations to capture the different
range of possibilities, especially when synthetic rainfall hydrographs are used to develop
scenarios. Previous research has proposed “quasi real-time simulations” which combine
scenarios and real-time simulations. Hofmann and Schiittrumpf (2019) utilised a
hydrodynamic simulation to understand more about the flood hazard and validate the
model, but a pre-simulated library of flood inundation maps is used in real-time.
Alternatively, Filianoti ef al. (2020) used a 1D model to produce rough flood maps and
proposed a method of matching 2D flood maps run with synthetic hyetographs.

1.4.2 Urban flood models

Real-time and pre-simulated scenarios both use urban flood models to forecast floods
with real-time variables or with a library of different run scenarios. Extensive research
has been done on the use of urban flood models, but fewer studies have been conducted
on their specific application to pluvial flood forecasting. Urban flood models generally
consist of a rainfall-runoff model combined with flow routing and hydraulic modelling.
Complexity ranges from conceptual, physically based to black box. Models used for

11
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design and scenario analysis differ from those required for real-time flood forecasting. In
the former, the current trend is towards more efficient, higher spatial resolution models
which include all key hydraulic features and accurately capture the hydrological and
hydraulic processes. However, as previously mentioned, real-time flood forecasting
needs to minimise run times and model instabilities with sufficient acceptable accuracy
(Moore et al., 2015). Models can benefit from including existing conditions such as
obstructions due to urban debris which is often excluded from flood forecasting models.

Urban models can be 1D, 2D, or 1D-1D and 1D-2D models, whereby overland surface
flow runoff from rainfall is combined with subsurface sewer routing. The 1D model
quantifies runoff from urban areas and models the flow through the pipe system. When
coupled with a 2D surface model, it can be used for inundation mapping. While more
accurate in representing surface flow conveyance, the resolution of models is linked to
the 2D surface grid and its connection with the 1D model (Henonin et al., 2013). Flooding
only occurs from manhole nodes once water has accumulated in the system and excludes
pooling of water before reaching a drainage pipe or channel.

Several authors have attempted to increase model accuracy. Leandro et al. (2009)
demonstrated within acceptable tolerance the agreement between the results of a 1D-1D
and 1D-2D model. In large cities, attempts have been made to limit the simulation to
smaller areas. Jahanbazi and Egger (2014) used a 2D surface model at areas susceptible
to flooding only. Hénonin et al. (2015) proposed using a multi-grid approach which
combines a fast coarse grid and finer grid to reduce computational time. (Ming et al.,
2020) used a 2D new forecasting system by coupling a graphics processing unit (GPU)
accelerated hydrodynamic model with NWP products to provide high-resolution,
catchment-scale forecasting of rainfall-runoff and flooding processes induced by intense
rainfall. Despite improvements in computational time, there was some overestimation of
the floods compared to high-resolution grids due to differences in runoff volume. In
general, errors are introduced as localised simulations and closed boundary conditions do
not fully capture the complex connectivity of the city (Xing et al., 2019).

Data Driven Models

Alternatively, data-driven or machine learning models such as Artificial Neural
Networks (ANN) have been proposed to reduce run times of computationally demanding
physically based models (Berkhahn et al., 2019; Berkhahn & Neuweiler, 2024; Duncan
et al., 2011) through statistical relationships derived from rainfall and flow data.

Although more commonly used in fluvial flood forecasting, there is the potential to use
data-driven model approaches for Pluvial flood forecasting (Campolo et al., 2003; Jain
etal.,2017). Mosavi et al. (2018) reviewed machine learning methods for flood prediction
and overwhelmingly, this approach demonstrates a reduction in the run time. Berkhahn
et al. (2019) found good agreement between an ANN model and the physically based
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models in pluvial catchments. However, ANN's application to urban pluvial catchments
is still limited due to data requirements and machine learning methods are unable to
capture the changes in system.

Bermudez et al. (2018) demonstrated comparable results and reductions in run time using
two surrogate models (1) based on a 1D sewer network model and GIS overland flood
network and (2) lumped conceptual hydraulic model using a combined data-driven and
physically based modelling approach. However, there is a challenge to apply this method
given its dependence on large quantities of data to reproduce a relationship between input
and output variables. Alternatively, simplification of models by removing secondary
network elements has also been considered (Leitdo et al., 2010; Ngo et al., 2018).
Although there was some agreement in the peak times, these models tend to predict higher
flows and water depths. Calibration and validation is also required for the output to be
useful. Real-time data assimilation is also difficult due to the requirement of collecting
observed flows and short simulation time. In the absence of observed data, Leandro et al.
(2011) demonstrated the applicability of a 1D/2D model to calibrate a 1D1D model.
Recently, crowdsourced data has been used more frequently to validate models of urban
flooding in the absence of observed data (Hsiang, 2019; See, 2019; Yu et al., 2016).
(Hsiang, 2019; See, 2019; Yu et al., 2016)

Regardless of the flood model type, different challenges exist for an operational pluvial
flood forecasting system. The main purpose of the model is to produce knowledge of
required variables to guide decision-makers in selecting mitigation strategies and action.
Therefore, the usefulness of the flood model becomes more important and dependent on
the type and quality of the input and output and the flexibility and speed of the model
(Leskens et al., 2014). The next section describes the progress that has been made with
the inclusion of impacts, risk and probabilistic forecasts.

1.4.3 Impact-based and risk-based forecasts

Henonin et al. (2013) categorised approaches based on the hazard estimation method, but
approaches can also be defined as impact-based and risk-based depending on the input
type and resulting knowledge produced. Much of the discussion thus far has centred on
forecasting hazard, however impact-based forecasts and warnings put focus on the
inclusion of vulnerability, consequences and potential impacts to improve understanding
and implementation of actions (Merz et al., 2020; WMO, 2015, 2021). The inclusion of
impacts on flood forecasts considers factors such as the number of persons or
infrastructure exposed and the consequences of the hazard to those elements. It provides
quantitative assessments of impacts and damages based on the hazard and assets at risk
(Schmidt et al., 2011). However, producing impact forecasts adds an extra level of
complexity and requirement for actual observed impacts or vulnerabilities and can also
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be dynamically changing as impacts unfold and as people take protective actions
(Harrison et al., 2022).

Impacts are classified as direct tangible or indirect intangible. Direct tangible impacts
refer to physical damage resulting from direct contact with flood waters, e.g. damage to
buildings, property, vehicles and crops. Indirect intangible damages are a causation of
direct damages for example, service or traffic disruptions, jobs losses, population
displacement, contamination and psychological effects(Hammond et al., 2015). Previous
research has been done on flood impact and damage assessments (Aldridge et al., 2020;
Merz et al., 2020) but fewer studies have focused on urban damage and impact
assessments. Hammond et al. (2015) completed a review on urban flood impact
assessment and found that the difficulty lies in a lack of good quality flood impact data
which results in problems with the validation and calibration of impacts. Real-time
Assessment of Flash Flood Impacts (ReAFFIRM) is a real-time high-resolution approach
for estimating flash flood hazard and corresponding impacts by combining hazard, flood
map and impact assessment (Ritter et al., 2020). The impact-based forecast module
included socio-economic exposure and vulnerability data based on different land use
classes, critical infrastructure and population densities. Hofmann and Schiittrumpf (2019)
utilised a risk-based approach defined by real-time hazard simulation maps and coupled
flood predictions with pre-calculated urban damage potential. Rozer et al. (2021) went
one step further and combined a contaminant transport model with neural-network based
urban inundation model and a damage model for residential buildings.

1.4.4 Probabilistic flood forecasts

Probabilistic forecasts provide a range of possible outcomes using a probability
distribution of input values and are useful in representing and estimating forecast
uncertainty. Several sources of uncertainty exist in the flood forecast chain due to rainfall
input variables (as discussed in section 1.3), model prediction uncertainty, uncertainty in
consequences and damages for impact-based forecasts (Figure 1.5). Uncertainty sources
are defined as aleatory, due to natural variabilities and randomness or as epistemic
uncertainty because of a lack of knowledge which can be reduced by improving the
quantity and quality of data and the better representation of the meteorological and
hydrological processes. Uncertainty in the modelling process arises from the
mathematical representation and simplification of physical processes such as overland
flow, storage, sub-catchment aggregation and estimation of model input parameters
(Ghosh & Hellweger, 2012). Additionally, uncertainty in flood models also arises due to
uncertainty in the system’s initial maintenance conditions and an inability to calibrate and
validate models from sparse and uncertain measurements and observations. As a result,
uncertainty estimation in flood modelling is considered fundamental by a growing
number of researchers. However, uncertainty is not always considered in practice and
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1.4. Urban pluvial flood forecasting approaches and processes

accounting for the full range of uncertainty down the FF chain remains a challenge (W.
Wu et al., 2020).

When driven by meteorological forecast, the term predictive uncertainty is used to
describe the probability of a future event conditioned on the information available up to
that time (prior knowledge). The importance of considering predictive uncertainty
(uncertainty propagation) has been discussed by (R. Buizza et al., 1999; Krzysztofowicz,
1999; Todini, 2009; Van Steenbergen & Willems, 2014; Weerts et al., 2011). Predictive
uncertainty can be represented by statistical post-processors or ensemble techniques
(ensemble of initial conditions or parameterisation). Statistical post-processing methods
use the historical performance of forecasts against observations to derive probabilistic
distributions of future forecasts, whereas probabilistic hydrological forecasts are
produced from hydrological simulations forced with the meteorological ensembles
derived from numerical weather predictions (as discussed in section 1.3).

Observations
(gauge, radar,
satellite and

Numerical
prediction
models

reanalysis)

Propogates Uncertainty

Meteorological input forcing

Forecaster’s
l Judgement

Spatial and Forcing
Temporal Downscaling Uncertainty Rainfall
interoplation > Runoff

model
Model input
Spatial grid Model

Parameters Lack of calibration

Inundation  Predictive Predicted Forecast Decisions
model Uncertainty variable Communication making

Model structure uncertainty Decision rules

Cost & Losses
resolution

Initial and boundary conditions
Observed flows |

Data Models Knowledge Decisions

Figure 1.5 Sources of uncertainty in the input data, model, output variables and the
decision-making component

Boelee et al. (2019) conducted an overview of publications using statistical, ensembles
or a combined approach for predictive uncertainty, suggesting that statistical methods are
best used when observed data is available, whereas ensemble methods can be used when
targeting uncertainty from a particular source and in the absence of observed data.

In Section 1.4.2 the computational requirements flood models were discussed. Therefore,
the idea of ensemble/ multiple run for flood inundation models further complicates the
use of ensembles for pluvial flood forecasting (Wu et al., 2020). Despite this, using
probabilistic forecasts over deterministic forecasts has been found to be a useful means
to quantify uncertainty through probability distribution functions and supports the use of
risk-based decision approaches (Davis et al., 2022; Igbal, 2017; M. H. Ramos et al., 2013;
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J. R. René, 2014; Zanchetta & Coulibaly, 2020). Therefore, further research is needed to
determine the best way to utilise ensemble forecasts and ensure the added value of
ensemble forecasts. A summary of the pluvial flood forecast approaches, data, triggers
and outputs is shown in Table 1.1. Regardless of the approach, flood model type or data,
different challenges in implementing an operational pluvial flood forecasting system. The
main purpose of the model is to produce knowledge of required variables to guide
decision-makers in selecting mitigation strategies and action. However, Leskens et al.
(2014) found there can be discrepancies between what models offer and what decision
makers require. Therefore, there is still a need for the flood forecast approach to
incorporate the user’s needs (Flack et al., 2019; L. J. Speight et al., 2021; A. L. Taylor et
al., 2018; Q. Zhang et al., 2019). Therefore, the usefulness of the flood model becomes
more important and dependent on the type and quality of the input and output, as well as
the flexibility and speed of the model.

Table 1.1 Summary of data, model and trigger mechanisms of different pluvial FF

approaches.
Hazard estimation methods
Approach Rainfall threshold = Data driven Pre-simulated = Real-time Probabilistic/ Impact-
Scenarios Simulated Ensemble based/ Risk
Scenarios based
Data Historical rainfall Ensemble Hazard +
Historical flood rainfall & Exposure +
Quantitative precipitation forecast/estimates depth Vulnerability
Observed rainfall Probability + impact +
Critical flood areas distribution of | Damage data
- Eopg%apzy/DdEM Discharge model input
- Land Use/land cover
- Network data parameters
Tigger Critical rainfall Critical Real-time Exceed
mechanism thresholds rainfall catchment probability
thresholds threshold
Model Look up charts Mathematical Pre- run Simulation run
expression process based | in real-time
(ANN, SVM models with real
Conceptual models 1D, 1D-2D
hydrodynamic, GPU
Knowledge Forecast or Forecasted Warning Water levels
observed rainfall water level or levels per Hydrographs
exceedance Discharge scenario Flood extent
Dichotomous exceeds critical | corresponding | Flood evolution
forecast predetermined action
Categorised value
warning levels
Limitations Limited Large historical = Capture Limited High Requires
characterisation of = data dynamic real- = number of Computation frequent
flood processes requirements time Changes = scenarios Time updating
Reference Young et al. Berkhahn et al. Speight et al. Thorndahl etal. = Hofmann & Rozer et al
(2021), (2019) (2018) (2016) Schiittrumpf, = (2021)
Yang et al. (2016) = Duncan et al. Aldridge et Speight et al. (2019) Hofmann &
(Jang, 2015) (2011) al. (2020) (2018) Thorndahl et Schiittrumpf,
Falconer et al. Berkhahn et al. Schellart et al. al. (2016 (2019))
(2009) (2024) (2011)
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1.5. Decision support & anticipatory action

Hazard estimation methods

Approach Rainfall threshold = Data driven Pre-simulated = Real-time Probabilistic/ Impact-
Scenarios Simulated Ensemble based/ Risk
Scenarios based
Ke et al. (2020) J-R.René etal. = Davisetal.
Rozer et al (2013) (2022)
(2021) J.-R. René et
al. (2013)

1.5 DECISION SUPPORT & ANTICIPATORY ACTION

Decisions are a key aspect of the flood forecasting chain, but incorrect decisions are often
made. In operational urban water management for flood mitigation, decisions include but
are not limited to the combination of several actions such as issuing warnings,
redistribution of flow in a system to allow storage, dispatching of temporary flood
defences and sandbags, control and monitoring of weirs and pumps, cleaning of drains
and grates and allocation of resources. Finally, decisions must also be made regarding
when to cease all actions once the threat has passed.

Decision Support Systems (DSS) are defined as a collection of tools which integrate,
visualise or analyse multiple sources of information or evaluate alternative decisions.
Mirfenderesk et al. (2016) describes the elements of an ideal DSS should have timely
warnings, comprehensiveness, accuracy, speed, flexibility, ease of construction,
operation and maintenance, accessibility and the effectiveness of the system and
communication to a wide range of audiences.

The sophistication of the decision-making approach depends on several factors such as
the flood forecasting approach, predictability, the level of uncertainty, the spatial scale of
impacts and time scales and the technical capabilities of decision-makers (Simpson et al.,
2016). Approaches range from experience using formalised heuristic pre-defined set of
control rules, sophisticated optimisation methodologies, classical decision analysis
theories or graphical user interfaces combining models. GIS layers platforms such as
Delft FEWS provide a system shell to integrate observed and forecast data, models and
support decision-making (Werner et al., 2013). The Probabilistic Urban Flash flood
Informative Nexis PUFFIN application is used to integrate quantitative precipitation
forecast and real-time modelling to identify infrastructure components at risk (Brendel et
al., 2020). These DSS platforms can integrate other types of information such as
vulnerable areas, hot spot areas and critical infrastructure. However, too much
information can also complicate the decision-making process and overwhelm users (Jean
et al., 2023). They also seldom provide a means for decision analysis techniques to
evaluate different alternatives and actions.

A formalised systematic approach to decision-making is beneficial because it allows
decisions to be repeatable, justifiable, transparent and able to stand up to scrutiny and it
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allows for the implementation of a pre-defined plan. Madruga De Brito and Evers (2016)
reviewed multi-criteria decision-making frameworks for flood risk management and
found most focus on ranking alternatives, the Analytical Hierarchy Process (AHP)
method, TOPSIS or simple weighting. However, uncertainty analysis is not usually
considered.

Multiple factors contribute to decision-making: regulatory, instructional, political, limited
resources and others (Morss et al., 2005). Hence, it is necessary to differentiate between
prescriptive and normative decision-making and descriptive decision-making. The former
suggest what decision-makers “should” do (rational), whereas descriptive decision
theories are more rooted in psychology and attempt to explain and predict how people
make decisions (Hansson, 2011). The latter will not be addressed here although its
importance is acknowledged. Prescriptive and normative analysis approaches present a
systematic approach to decision-making from a set of alternatives, integrating variables
such as cost-loss (potential impacts). These can be represented in a mathematical
framework to represent the decision which should be taken and can incorporate
uncertainty.

Decision theory has been applied in many fields: economics, statistics and philosophy to
name a few. In theoretical terms (Figure 1.6), decisions can be represented by alternatives,
states of nature, outcomes of the decision and their value which can be expressed as cost
or profit. Alternatives refer to different actions/ measures which can be implemented.
States of nature refer to the possible events for example, the future evolution of a weather
event and associated flood levels which are beyond the control of the decision maker. The
outcome is the consequences of choosing an alternative based on the state of nature which
occurs and is thus used to explain the effect of choosing an alternative.

Alternatives

States of
nature

Decision

Model Outcome

Figure 1.6 Theoretical decision model highlighting states of nature, alternatives to
determine an outcome

Decision-making under uncertainty is a challenge in flood forecasting (Krzysztofowicz,
2001; Todini, 2017). Uncertainty quantification is particularly relevant for urban areas,
as it informs decision-making processes (Ivanov et al., 2021). Probabilities derived from
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probabilistic forecasts are used to express the likelihood of the future state of nature hence
the attractiveness of using probabilistic forecasts to support decision-making (M. H.
Ramos et al., 2013). The cost-loss ratio approach (Murphy, 1977) was proposed in flood
warnings and has since undergone some iterations (Murphy, 1993; Richardson, 2000;
Mylne, 2002; Roulin, 2007; Buizza, 2008; Verkade and Werner, 2011). In its simplest
form, this method is based on making decisions when the probability of occurrence (a
threshold), P exceeds the ratio of the cost, C of a measure/warning versus the losses La
that would be avoided. If the ratio is greater than 1, then the cost of the warning is greater
than the loss. However, the use of this method has been described as risk-neutral and its
suitability in flood forecasting is debated (Addor et al., 2011; Matte et al., 2017). Dale et
al. (2012) also proposed a benefit-cost decision framework which similarly accounts for
uncertainty and level of impact. This method employs ensemble members, each of which
is assigned a monetary value based on water level and impact.

In Bayesian decision approaches on choosing the alternative which maximises the
expected utility (DeGroot, 2004; Savage, 1954) where utility (function) refers to the value
of outcomes and can be represented as minimisation of expected losses or damages
(Economou et al., 2016; Krzysztofowicz, 1993; Todini, 2017). Goodarzi et al. (2019)
used an atmospheric ensemble forecast and a Bayesian network to estimate the flood peak
and Fuzzy- TOPSIS model for flood warning decisions. Silvestro et al. (2019) proposed
a warning decision process based on forecast impacts by computing direct economic
damage and impacts on the population Bischiniotis et al. (2019) explored the use of
sequential decision-making to account for limitations of the forecast quality as well as the
decision-makers dilemma between acting upon limited-quality forecast information and
taking less effective actions.

All authors found added benefits in using these approaches, but all require damage data
or functions to estimate loss from a hazard and its impact. The reliance on economic and
damage data is one of the main challenges in its application. Damage functions are
derived from observed damage and impact, which are often unavailable, especially in
already data-scarce regions. Thus, inaccurate damage data may introduce additional
uncertainty into the decision-making process. Therefore, decision support systems should
also be complemented by sensitivity analysis of different criteria and an understanding of
uncertainties (Madruga De Brito & Evers, 2016).

In summary, DSS platforms visualise and communicate model and GIS outputs but often
do not translate forecast information into actions or alternatives. Decision analysis
frameworks, such as Bayesian decision-making approaches, can be built into DSSs to
translate probabilistic forecasts into actionable information while accounting for user
preferences. However, decision analysis approaches are not to be perceived as rigid
frameworks but rather as recommended actions that may be overruled based on
forecasters’ or decision-makers’ judgement.
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Despite the implementation of decision support systems, questions remain about the
optimal use of model outputs for decision-making, the use and communication of
probabilistic forecasts to end users and the balance between data limitations and decision
requirements. It is also acknowledged that there is the tendency for decision-makers to
prioritise resources and institutional constraints over technical model information
especially under pressure and uncertainty of the situation (Leskens et al., 2014; Morss et
al., 2005). Ideally, any decision framework should integrate all these components so as
the limit the introduction of biases into the decision-making process

1.6 PROBLEM STATEMENT AND RESEARCH GAPS

The flood forecasting chain can be conceptualised as data, models, decisions and
responses or as several subsystems (Section 1.2). Each requires different data, models,
approaches and involvement in disciplines. There are different sources of uncertainty in
each component leading to a cascading effect across the forecast chain. Most explicitly
demonstrated how data (in)accuracy and uncertainty affect model outputs (knowledge),
how these outputs influence decisions and finally how the decisions and response will
ultimately reduce damage and loss of life.

Previous studies have focused on improving each component separately with most of the
research focusing on improving prediction aspects by improving global meteorological
forecasts for local flood forecasting and quantifying uncertainty. Approaches vary in
complexity, by the level of warning/service required (hazard, flood extent, impact-based
etc.), actions to be taken (anticipatory, sequential or real-time), data available but in most
circumstances they are dependent on the quantity and quality of available data and the
technical expertise, capabilities and resources.

Within the context of operational flood forecasting in an urban data-scarce region, the
requirement for high spatial and temporal observations and the inclusion of impacts is
still a limiting factor. In many data-scarce countries, flood forecasting and warnings are
done at a national level and not at the localised scale in which pluvial floods occur.
Although there is the availability of satellite data, radar and numerical weather
predictions, this is often associated with large uncertainties and is inadequate to accurately
model flooding magnitude, timing and location at the city scale. Additionally, the lack of
observations for uncertainty quantification is a challenge and affects the ability to make
decisions (Figure 1.7).

Much of the scientific literature focuses on improving flood forecast accuracy through
various methods such as ensemble approaches, data assimilation and more efficient
models or incorporating impacts. These efforts are largely independent of the practical
decision-making process and the actions that need to be taken based on these forecasts.
The information required varies with each decision maker and specific actions to be taken.
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Data-scarce Setting

Challenges in Pluvial Flood Forecasting at local scales

Complex system 4
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Forecasts decisions at local and city increased damage
scales \_

Figure 1.7 Summary of causes and effects of challenges in pluvial flood forecasting at
local scales in data-scarce urban areas

1.6.1 Research questions and objectives

The overall aim of this research is to investigate flood forecasting and decision support
approaches tailored to data-scarce urban environments, with particular emphasis on
assessing the suitability of available data and methods and on evaluating and
incorporating uncertainty into anticipatory flood management. This aims to achieve a
greater understanding of how to align the available data with model and end-user
requirements, while considering multiple dimensions that influence the Forecast-
Decision-Response chain.

To achieve the research aim, four research questions have been proposed:

i.  How can available data be utilised to improve flood forecasting in data-scarce
urban areas?

ii.  How suitable are using high-resolution rainfall forecasts at multiple spatial scales
for urban flood forecasting methods?

iii.  How well do high-resolution ensemble rainfall forecasts capture intensities
compared to deterministic forecasts and what is the potential for its use in
probabilistic decision frameworks?
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iv.  How can forecast uncertainty be incorporated into decision frameworks to support
anticipatory flood management?

The above research questions will be answered by achieving the following research
objectives:

i.  Objective 1 - To investigate how available data can be combined to forecast floods
in a limited urban data context.

ii.  Objective 2 - To evaluate the suitability of high-resolution rainfall forecasts at
different scales for use in different flood forecasting approaches in data-scarce
cities

iii.  Objective 3 - To assess the performance of ensemble rainfall forecasts and

deterministic forecasts using categorical and probabilistic metrics for different
events.

iv.  Objective 4 - To develop and evaluate a Bayesian decision-making framework
using uncertainty forecast information to support anticipatory flood action.

1.6.2 Practical value

The aim of this research is not to improve forecasts or predictions but instead to gain an
understanding of the “usefulness” of imperfect data, forecasts and models. Forecasts and
models are only of use if they can bring out benefits or reduce impacts by allowing
decision-makers to take timely action (Mylne, 2002).

Characterising “fit for purpose” data and models is not based on how well they predict
values, but rather on whether they enable the selection of an action that reduces flood
losses and impacts. Regardless of the cascading effects of data and model uncertainty,
decision-makers are expected to issue warnings or take actions to protect the public and

property.

This research supports an integrated approach to flood forecasting and early warning
rather than creating the illusion of certainty. Once accepted and incorporated, forecasters
and decision-makers can collaborate to make better, more timely decisions and increase
preparedness through forecast-based actions.

This research will adopt a methodology that recognises that effective flood forecasting
and decision support in data-scarce urban contexts demand the adaptive integration of
various data sources, modelling techniques and decision tools. The study will combine
approaches evaluating, adapting and synthesising high-resolution rainfall forecasts,
ensemble techniques and context-specific decision frameworks.
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1.7 THESIS OUTLINE

This chapter introduced the concepts and reviewed the literature on pluvial flood
forecasting and decision-making for anticipatory flood management, research gaps,
research questions and objectives.

Chapter 2 introduces the study area and overall research methodology and briefly
summarises the methods used in each component.

Chapter 3 presents a practical approach of incorporating critical rainfall thresholds,
historical flood data (crowdsourced) and ensemble precipitation forecasts for forecasting
extreme rainfall.

Chapter 4 addresses the concepts of whether increasing the resolution of WRF rainfall
forecasts will lead to improved flood forecasting in urban pluvial catchments, a problem
which has not been explored sufficiently, especially in data-scarce cities. Additionally, it
explores how the difference in scale influences the different flood forecasting approaches.

Chapter 5 explores the skill of high-resolution ensemble precipitation forecasts to be
used in a probabilistic risk-based decision-making framework (Chapter 6).

Chapter 6 presents a framework for using a probabilistic decision framework using the
output of Chapter 5. Bayesian decision theory is used to trigger spatially varying
anticipatory flood decisions using a rainfall threshold method.

Chapter 7 synthesises and reflects on the research findings and proposes areas for future
research.
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2. Research Methodological Framework and Study Area

2.1 RESEARCH METHODOLOGY

This research aims to determine how flood forecasting and decision support for local
flood-anticipatory actions can be improved by better aligning data quality and quantity,
flood forecasting approaches and the incorporation of uncertainty. To answer the main
research questions (Chapter 1.6.1), four research objectives have been proposed. The
research adopts a sequential approach, in which each outcome serves as input to the next
objective, thereby integrating data, methods and limitations.

Objective 1 - To investigate how available data can be combined to forecast floods in a
limited urban data context. (Chapter 3)

Objective 2 - To evaluate the suitability of high-resolution rainfall forecasts at different
scales for use in different flood forecasting approaches in data-scarce cities (Chapter 4)

Objective 3 -To assess the performance of ensemble rainfall forecasts and deterministic
forecasts using categorical and probabilistic metrics for different events. (Chapter 5)

Objective 4 - To develop and evaluate a Bayesian decision-making framework using
uncertainty forecast information to support anticipatory flood action. (Chapter 6)

An overview of the research methodology, which aligns with the research objectives, is
summarised in Figure 2.1. A more detailed description of the methods for each research
objective is given in their respective chapters; however, the same data and models overlap
in some of the chapters. Therefore, the following sections provide an overview of the data
and the theoretical background of the models in this research.

Flood Forecasting Forecast Probabilistic
Approaches Uncertainty Decision Support

I
I
I
g | / ! \ .
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Figure 2.1 Proposed research methodology overview
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2.2 STUDY AREA

Alexandria is located in the Alexandria Governorate in the Nile Delta, on the southern
boundary of the Mediterranean Sea (Figure 2.2). A renowned tourist destination, the city
is known for its cultural heritage and landmarks. It is the second-largest city in Egypt,
spanning over 2,300 km2 and with a population of approximately 5.5 million (UN, 2023)
and comprises smaller districts. Like many Middle Eastern and North African cities, it
has experienced urban expansion over the years and informal settlements account for a
third of Alexandria's total population (AASTMT and Egis BCEOM International, 2011).

——— Governorate

0 20 40 60 80  100km

Figure 2.2 Geographical location of Alexandria Governorate, indicated by red lines.

Climate

The coastal city is characterised by an arid Mediterranean climate with rainy winters,
occasional storms (from October to April) and long warm summer months (May to
September) with no rain. There is high annual rainfall variability, with 360 mm (max)
and 70 mm (min), averaging 195 mm/year. In the winter months, Alexandria is
characterised by high temporal rainfall variability, a distinguishing characteristic of the
Mediterranean climate (Hasanean, 2004). Winter storms, locally referred to as "Al-
Nawat", are the result of migratory cyclones and fronts, upper-level troughs (low
pressure) accompanied by strong winds, rain and storm surges, or strong winds only.

Alexandria City was selected as the case study, given the increased number of flood
events in recent years and the challenges faced with developing a flood forecasting system
with limited data and resources. Alexandria suffers from occasional pluvial flooding due
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to runoff accumulation and surcharging of the city's dense sewer network and these risks
are expected to increase with a changing climate (AASTMT et al., 2011).
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Figure 2.3 Geographical location of Alexandria City and districts. The El Gomork
district is shown in purple.

Drainage and Sewer Infrastructure

The system receives domestic and industrial wastewater, as well as stormwater. Recent
data from the Alexandria Sanitary Drainage Company (ASDCO) indicate approximately
93.4% of the urban area is connected to the sewer system and the system has a capacity
of roughly 1.6 million m3/day (Zevenbergen et al., 2016). During the summer, the
system's load can double due to tourists, but the summer does not coincide with the storm
period. Due to the city's rapid urbanisation over the years, much of the aged drainage and
sanitation infrastructure has become increasingly overwhelmed. The system comprises a
complex interaction of sewer networks, catch basins, manholes, pumps, force mains,
treatment plants and drainage channels before being discharged into Lake Maryut. The
El Gomork district (Figure 2.3) experiences occasional flooding and traffic disruptions
along the Corniche. Stormwater is collected via a combined sewer system and pumped to
the West Treatment plant via lift stations and force main pipes. The sewer system is
designed for an arid climate and has a 2-year drainage design of 26mm/day (AASTMT et
al., 2011) and 10-year rainfall intensity of 9mm/h (ASDCO). Alexandria does not have
an operational flood forecasting system and lacks reliable sub-daily rainfall gauge data.
City officials currently use information from the National Meteorological Agency and
historical knowledge of floods to issue warnings and take action. With the threat of
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emerging risk, AFMA has been proposed as a viable solution to increase preparedness

and reduce damage (Biswa Bhattacharya et al., 2018; Zevenbergen et al., 2016).

Land Cover and Land Use maps and elevation

Alexandria is considered very urbanised and densely populated city. Residential areas
account for the majority of land use along with roads (Figure 2.4). Lake Maryut, used for
navigation and aquaculture, also accounts for a significant part of the land cover and some
agricultural areas are located on the city's outskirts. Zevenbergen et al. (2016) reported
urban areas have increased by almost 40% (from semi-bare) over the past fifteen years,

suggesting a significant reduction in open permeable areas.
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Figure 2.4 Land use classifications for Alexandria 2023 showing a high designation of

residential areas in the city. Source: (Mabrouk et al., 2023)
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Figure 2.5 Digital elevation model of Alexandria City. Resolution 30m. Source: Japan
Aerospace Exploration Agency (JAXA)

Alexandria is characterised by irregular hills in the southern parts, with elevations ranging
from 0 to 40 meters above mean sea level (UNISDR, 2010) and higher elevations in some
coastal areas. As the city moves farther from the coast, the topography is characterised
by low-lying areas below mean sea level, with a significant portion Sm below sea level
(Figure 2.5). There are no known open-source high-resolution Digital Elevation Models
(DEMs) (less than Skm) available for Alexandria.

Flood impacts

Alexandria City was selected as a case study given the increased number of flood events
in recent years and the challenges faced with developing a flood forecasting system with
limited data and resources. Alexandria suffers from occasional pluvial flooding due to
runoff accumulation and surcharging of the city's dense sewer network and these risks are
expected to increase with a changing climate (AASTMT et al., 2011). For example, the
El Gomork, El Montaza and Smouha districts (Figure 2.3) experience occasional flooding
and traffic disruptions. Alexandria does not have an operational flood forecasting system
and lacks reliable sub-daily gauge data. City officials currently use extreme weather
warnings issued by the national meteorological agency and historical knowledge of floods
to issue warnings and take action. With the threat of emerging risk, AFMA has been
proposed as a viable solution to increase preparedness and reduce damage (B.
Bhattacharya et al., 2018; Zevenbergen et al., 2016).

Current Forecasting Operations and Flow of Information

The Egyptian Meteorological Agency (EMA) is tasked with forecasting extreme weather
events and issuing warnings for the entire country of Egypt, including the North Coast.
They use several global numerical weather prediction models, such as ECMWF and their
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own downscaled limited-area models, such as the Weather Research and Forecasting
Model. The forecast resolution ranges from ~0.1 to ~0.5 °, depending on the product.
They monitor several proxy variables (geopotential height, jet stream, atmospheric
pressure) as indicators of severe weather along with the forecaster's experience and
expertise. Forecasts are qualitative and descriptive, indicating the movement, severity of
weather systems and possible flood impacts (based on past experience) without
specifying rainfall magnitude. The Water Resources Research Institute (WRRI) also have
a mandate for flash flood forecasting in Wadi systems under the National Water Research
Centre (NWRC) of the Ministry of Water Resources and Irrigation (MWRI). WRRI also
issues forecasts that are used by ASDCO, but as of recently, they are no longer issued
publicly on social media.

Discussions were held with a representative of the EMA to understand what and how
information is shared with decision-makers and its suitability for flood forecasting and
decision-making in Alexandria. The authority monitors various weather elements through
its stations in all governorates of the Republic, including surface monitoring stations,
stations for monitoring the upper atmosphere, stations for monitoring air pollution, solar
radiation and ozone, as well as receiving outputs from global and local numerical models
and satellite images from different channels. The flow of information is structured so that
the EMA disseminates forecasts via several public and private channels, including a
WhatsApp group with Alexandria's Governor and ASDCO. This is considered the most
convenient way of sharing information. Warnings are also issued to the Alexandria Port
and marine vessels.

While the EMA issues rainfall likelihoods, this is based on experience and does not
produce ensemble quantitative precipitation forecasts (QPF). They would like to use
products in the future. The facility has recently acquired radar capabilities on the North
Coast. The radar system is currently undergoing testing and plans are to implement
nowcasting with a 1-2 hour lead time. While the current products are sufficient for
national-scale forecasts, they remain relatively coarse for cities such as Alexandria.

Understanding Emergency Managers’ Needs in Alexandria

In Alexandria, different stakeholders include the ASDCO, the Governorate, MWRI, road
and traffic operators, electricity providers and local NGOs, who must work together to
reduce the impacts of flooding, directly or indirectly. ASDCO and the Governorate
receive forecasts simultaneously via a WhatsApp group from the EMA and MRRI.
ASDCO is responsible for all actions related to the sewer network; the Governorate is
responsible for declaring a state of emergency and school closures; while the Ministry of
Irrigation monitors the surrounding drainage canals, lakes and pumping at El Max point.
After the 2015 flood event, ASDCO closely monitors Satellite images with a typical
latency of 3 hours and uses forecast information from both the EMA and MWRI. The
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more extreme outlook is used to trigger an action. The MWRI maps show the 24-hour
rainfall accumulation over the next three days.

Discussions with ASDCO representatives gave insight into the types of actions they take,
the information they use and need to take actions and the local knowledge of past events
they use to issue warnings. In Alexandria, the challenge continues to be how to translate
national-scale warnings into local-scale actions. The representative of ASDCO has stated,
"Yes, we use the forecasts. The challenge is that sometimes the forecast is not very
accurate and not very spatially representative of the study area. It does not give the
intensity and the locations of rainfall. It is very general”. The information currently
received is useful to an extent, as it gives an indication of when there will be no rainfall
and the possibility of an impending extreme event, but it is not sufficient. ASDCO would
like information on the intensity, location and flood depths, linked to GIS layers that can
be used to prioritise where and which actions to take. The actions taken by ASDCO
include the hazard-reducing measures shown in Table 2.1. Twenty-four to seventy-two
(24-72) hours was also expressed as the ideal lead time and the representative responded
positively when asked whether knowing the likelihood or probability of flooding and its
impacts would help them make decisions.

From the discussion, the type of actions taken by ASDCO includes hazard-reducing
measures shown in Table 2.1:

Table 2.1 Examples of emergency management actions taken by emergency managers
before a rainfall event

List of Actions List of Actions contd..

1. |Staff and equipment preparedness / |7. | Emptying lift station wells
putting staff on stand-by, coordinating
and increasing staff before an event

2. |Issuing warnings to the public 8. | School cancellations

3. | Deployment of staff to respond 9. | Road closures

4. |Dispatching of suction trucks to known | 10. | Sourcing additional pump trucks.
hotspot locations before event.

5. |Checking and cleaning of known |11. | Issuing a state of emergency
hotspot manholes and lift stations

6. 12. | Lowering levels in irrigation drainage
Deployment of temporary structures WeLtng “ev £ g

canals to receive additional stormwater
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As 0f 2021, ASDCO has 121 suction trucks (Figure 2.6). In one instance, it was reported
that over 180 trucks were dispatched to different locations as ASDCO can also request
trucks from private companies, neighbouring Governorates and the Army in extreme
circumstances. Figure 2.7 shows pump trucks stationed at hotspot locations.

Although the Governate continues to implement emergency management actions, they
have also mentioned that emphasis is being placed on permanent solutions and strategies,
including separating sewer and stormwater.

Figure 2.6 Cleaning of drainage inlets in preparation for the storm season (topleft)
Removal of water from manholes during and after an event (topright and bottom left)
the fleet of suction vehicles dispatched by the ASDCO (bottom right) Source:
https://www.youm?7.com/
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Figure 2.7 Many hotspots are in tunnels (tunnel exit), Nov 20 2021 Source:(YouTube:

Chave Weather-daily videos)(left) Hose at the same location. Tunnel entrance (right.

The Governorate chairs an emergency meeting with the Executive authorities. They issue
states of emergency, including requests for citizens to stay home and limit movement and
school closures to reduce traffic and allow suction trucks to remove water. The flow of
information for warnings and emergency actions are shown in Figure 2.8. The preparatory
actions taken by the Governorate and ASDCO are well documented in national
newspapers. ASDCO and MWRI work together to take actions to lower water levels in
drainage channels and to operate drainage and flow control structures. Many of the same
actions are part of the standard emergency protocol and are taken once the EMA issues a
severe weather warning. However, what varies is the number of trucks dispatched, the
location, the amount of water being discharged, the level to which channels are reduced
and the severity of the extreme weather warning.
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2.3. Data

Forecasting Centre Water Resources Research Institute
Egyptian Meteorological Agency (EMA) (WRRI)
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Weather Warnings
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R driap Ministry Water
exandria Port i Resources &
/Marine vessels ASDCO Governorate Citizens Irrigation

Figure 2.8 Summary of the flow of information for warnings and emergency actions in
Alexandria city

2.3 DATA

Both historical observed gauge rainfall and satellite precipitation products were used in
this research. Historical gauge rainfall records from Nouzha Airport were sourced from
the open, online source Tutiempo and verified against the National Centre for
Environmental Information, Global Historical Climatology Network daily (GHCNA).
This data source has the advantage of a relatively long dataset from 1957 to present.
Tutiempo also reports hourly descriptive rainfall data, which were used for dichotomous
verification of rainfall and for identifying the timing of rainfall events.

Forecast rainfall is defined as an area-averaged grid, whereas observed gauge rainfall
represents point accumulations and does not fully represent the rainfall spatial variability.
In data-scarce areas, rainfall gauge data is often available only as daily totals and are
sparsely distributed. Satellite-based gridded precipitation products have been used to
represent observed precipitation in poorly or ungauged basins (Arias-Hidalgo et al., 2013).
The resolution of satellite precipitation products has progressively improved with
products such as Integrated Multi-satellitE Retrievals for GPM (IMERG) Final
Precipitation Products V7. (Huffman et al., 2019) which was launched in 2014 and Multi-
Source Weighted-Ensemble Precipitation MSWEP V2 which merges several gauge,
satellite and reanalysis-based data (Beck et al., 2019). GPM is the continuation of
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Tropical Rainfall Measuring Mission (TRMM) and the IMERG Final product has a
latency of approximately 3.5 months. Both products have a spatial resolution of 0.1
degrees and the highest temporal resolutions of half-hour and three hours, respectively.
Both datasets have been found suitable for detecting rainfall events in North Africa
(Mekonnen et al., 2023; Nashwan et al., 2019). A summary of rainfall products used for
this research are shown in Table 2.2.

Table 2.2 Summary of precipitation sources observed and forecast and different spatial
and temporal resolutions used in this research

Data Source Spatial Temporal Temporal Type
resolution resolution Coverage
Tutiempo Point Daily 1957- Present Quantitative and
GHCNd qualitative
observations
Multi-Source Weighted- Reanalysis
Ensemble Precipitation 0.1~1lkm 3 hourly 1979- 2020 Gauge calibrated
(MSWEP)
The Integrated Multi- . 2000-06-01 to Satellite Precipitation
satellitE Retrievals for 0.1~ 11km 30mins Present (3.5 Gauge calibrated
GPM month latency)
GPM-IMERG V 7 Final
2.4 HIGH-RESOLUTION METEOROLOGICAL FORECASTING MODEL

The non-hydrostatic dynamic-core Advanced Research Weather Research Forecasting
(WRF-ARW) model, version 4.3, was used to downscale gridded global weather models
for past events (hindcasting). WRF-ARW 1is an open-source mesoscale convection-
permitting dynamic downscaling tool that integrates the compressible, non-hydrostatic
Euler mass solver for atmospheric research and operational use. The ARW system uses
an Eulerian solver to solve ordinary differential equations. Other features include
initialisation capabilities, lateral boundary condition options, grid nesting,
parameterisation physics options and data assimilation (Skamarock et al., 2008). As a
numerical model, WRF uses the atmospheric state as initial conditions and iterates over
timesteps to solve the dynamic weather equations that govern future weather states. The
initial conditions are discretised onto a grid using a third-order Runge Kutta method for
temporal separation and an Arakawa C-grid staggering scheme for spatial discretisation.
(Skamarock et al., 2008).

In addition to atmospheric conditions, lateral boundary conditions and lower boundary
conditions for terrain, land use and sea surface temperature, static geographical data were
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2.4. High-resolution meteorological forecasting model

used. Although referred to as the WRF model, the workflow consists of WRF Pre-
processing systems (WPS) and other sub-processes to prepare the terrestrial data, terrain
and global forecast (boundary conditions) to define the WRF grid. Geogrid.exe is used to
interpolate static terrestrial data, Ungird.exe decodes met data from the forcing date and
Metgrid.exe interpolates data horizontally onto the model domain. Real.exe interpolates
data onto the vertical grid and the output is used as input to the wrf.exe model. WRF also
has nudging capabilities using Four-Dimensional Data Assimilation (FDDA), which
nudges the forecast toward observations; however, this was not explored for this analysis.
A summary of the WPS and WRF workflow is shown in Figure 2.9.

Post
Data input WPS WRF processing &
Verification
Domain configuration
Horizonal resolution and time step set up
Terrestrial
Land use ) .
Terrain Geogrid.exe Physics Satellite- based
schemes rainfall
Metgrid.exe ¢
Initial and ; W
lateral
Forecast
boundary | Ungrib.exe [Real'exe}’ [ WIS J variables
conditions
GFS / GEFS WRF-ARW
User defined Input data

Figure 2.9 Summary of WPS and WRF workflow components

WRF Model Setup

The WRF model is optimised to accelerate computations by parallelising processes and
threads. The model is configured with MPI (Message Passing Interface) capabilities,
which enable distributed-memory parallel computing for large-scale computations. The
national high-performance computing system Snellius, operated by SURF in the
Netherlands, was used to perform both deterministic and ensemble simulations. The
system runs on a Linux-based operating environment, which was used to configure the
WPS and WRF models before execution on the SURF nodes. Model runs were distributed
across multiple computing nodes, each equipped with dual AMD Epyc Rome processors
(64 cores per processor, 128 cores per node) and 256 GB of RAM, enabling large-scale
parallel computing for different parameterisation domain configurations and multiple
runs of ensemble forecasts.
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Model Parameterisation

Different physics schemes were configured for this analysis using grid parameterisations
and physics schemes (Table 2.3). The selection of physics schemes was guided by Y. Liu
et al. (2021), who optimised the selection for Egypt. The parameterisation process
involves selecting physics schemes to resolve small-scale or complex features by
representing them as variables at scales the model can resolve, simplifying the process.
The microphysics represents grid-scale cloud and rainfall processes, while sub-grid scale
"convective rain" is resolved using the Cumulus Parameterisation (CP) schemes. The
radiation scheme provides atmospheric heating due to longwave and shortwave radiation.
The Planetary Boundary Layer (PBL) scheme distributes surface fluxes through
boundary-layer eddy fluxes and allows for PBL growth via entrainment (Janji¢, 1994). The
land surface model (LSM) provides heat and moisture fluxes over land to provide a lower
boundary condition for vertical transport in the PBL scheme.

Table 2.3 Summary of parameterisation schemes to be used in the WRF ARW model

Scheme name Model Scheme# Reference

Microphysics Single-moment 6 (NOAA, 2001)
6-classWSM6

Longwave Radiation RRTM 1 (Tacono et al., 2008)

Shortwave Radiation RRTM 1

Planetary Boundary Layer ~ Mellor—Yamada—Janjic 2 (Janji¢, 1994)

Surface layers Eta Similarity 2 (Jiménez et al., 2012)

Land surface model Unified Noah Land 2 (Tewari et al., 2004)
Surface Model

Cumulus Grell Freitas Ensemble 3 (Grell and Freitas, 2014)

Forcing data and domain configuration

Analysis was carried out for both deterministic and ensemble forecasts. For deterministic
forecasts, global atmospheric forcing data were sourced from the National Centres for
Environmental Prediction Global Forecast System (GFS). Global Forecast Grids
Historical Archive ds084.1 for lateral boundary conditions and MODIS15 land-use map.
Data is available at 0.25° and 3-hourly intervals (Figure 2.10). All spatial domains had a
vertical resolution of 50 layers. For ensemble runs, the WRF model was run 21 times
using the Global Ensemble Forecast System (GEFS) 21-member ensemble as lateral
boundary conditions. Ensemble data is archived at 1 © and 0.5 ° from 2017 to present,
with 6-hourly temporal intervals. All spatial domains had a vertical resolution of 45 layers.
Models were run at different lead times,72, 48, 24 and 12 hrs and 1hr output. A 12-hour
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spin-up period was used to balance the inconsistencies that may arise between the model
physics forecasts and the initial and boundary conditions provided by the forcing data.
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Figure 2.10 Example of horizontal and temporal downscaling

The deterministic and ensemble models were nested across different domain
configurations and sizes, as specified by the forcing data. Further details on the specific
model setup and domain configuration for the deterministic and ensemble forecasts are
available in Chapters 4 and 5, respectively.

2.5 RAINFALL VERIFICATION METHODS

Several Verification methods are used,

In Chapters 3, 4, and 5, categorical scores are used to evaluate a dichotomous forecast,
1.e. rain or no rain or flood or no flood or flood with different classes. Categorical
verification measures such as Probability of Detection (POD), False Alarm Ratio (FAR),
Critical Success Index (CSI) and Accuracy were used to discriminate between warning
classes related to the observed event category. The Accuracy metric was used to measure
both events and non-events. A 2x2 contingency table was used to quantify hits, misses,
false alarms and correct negatives into a single value score.
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Table 2.4 2x 2 Contingency table used to assess categorical scores

Observed Yes No
Yes Hit False Alarm
Forecast )
No Miss Correct
Negative

Categorical descriptions of a hit, miss and or false alarm are presented in Table 2.4. The
Probability of Detection (POD), False Alarm Ratio (FAR) and Critical Success Index
(CSI) and Accuracy were used as the performance indices and are defined as follows
(Table 2.5):

Table 2.5: Summary of forecast verification metrics used

Hit Rate (Probability of Hit (2.1)
Detection) = Hit + Miss
False Alarm Ratio (FAR)= False Alarm (2.2)
Hit + False Alarm
Threat  Score/  Critical Hit (2.3)
Success Index (CSI) = Hit + False Alarm + Miss
Hit + Correct Negative (2.4)

Hit + False Alarm + Miss + Correct Negative

Accuracy =

Spatial Scores: Fraction Skill Score

Spatial Scores are introduced in Chapter 4 through the Fractional Skill Score (FSS). The
FSS metric directly compares the fractional coverage of forecast and observed rainfall,
which exceeds a specified threshold for a neighbourhood size. FSS is calculated for each
neighbourhood size using Eq (2.5), where Fi and Oi are the forecast and observed rainfall
fractions exceeding the specified thresholds, respectively and N is the number of spatial
grids in the neighbourhood. An FSS of 1 is perfect, an FSS above 0.5 is considered useful
and an FSS of 0 is not a skill.

I (Fi-0)?
S (F)2+ B, (00)2)

FSS=1- 2.5
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Ensemble Rainfall Metrics
Continuous Ranked Probability Score (CRPS)

For this study, the reliability and the discrimination, the ability to differentiate between
events and non-events were evaluated. The Continuous Ranked Probability Score (CRPS)
is a measure of the difference between the cumulative distribution function (CDF) of the
ensemble forecasts and the observation, also expressed as a single a score (Brown, 2016).
The CRPS reduces to the mean absolute error for an ensemble forecast; therefore, it can
be used directly to compare the accuracy of an ensemble forecast with accuracy of a
deterministic forecast (Casati et al., 2008).

CRPS = f_ (F,(») 1fy ==x})dy,

CRPS = 1/, ¥ , CRPS; (2.6)

Where  Fy (y) — Forecast variable, 1{y>x} is a step function that assumes probability of 1 for

values > to the observed and 0 otherwise, n- Number of forecast and observed pairs
Brier Score

The Brier Score was used to calculate the average squared error of the probability forecast
for the event. It measures the average square difference between the forecast and observed
probability, which is 1 if the event occurred and 0 otherwise (Brown, 2016). Usually, the
sample is separated into 10 bins based on the forecast probability and the corresponding
observation. A perfect Brier score will equal to zero. A smaller score is desirable which
occurs when the forecast probability equals the observed frequency. The Brier score can
be decomposed into three components: reliability, resolution and uncertainty, which are
useful for exploring the dependence of probability forecasts on ensemble characteristics
(Gofa, 2010).

BS =y ZiLa(f — 00)° 2.7

N = the number of observed and forecast pairs, ft = the forecast probability, ot -
corresponding observation cumulative probability; (f; -o,) is 1 if f: greater than the
observed value oy, otherwise the value is 0.

2.6 URBAN FLOOD FORECASTING MODEL

For research objective 2 (Chapter 4), the Danish Hydraulic Institute (DHI) MIKE Plus
model was used to simulate flows and water levels in urban storm drainage systems. The
1D MIKE Plus model was developed for the El Gomork district (~5km?) by Mahmood
(2021). The downscaled WREF outputs at different resolutions were used to simulate flows
over sub-catchments and routed through pipes or channel networks at various time steps.
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It consists of a rainfall-runoff model that transforms rainfall time series to runoff
hydrographs for input into the hydraulic network model (Figure 2.11). 1D model
simulations were performed using only the deterministic rainfall forecast runs in Chapter
4.

Sub-Catchment
Connection&
Delineation

v

Land Cover .
% Imperiousness Rainfall runoff Rainfall Forecasts
%Slope model Boundary Conditions
Time of Concentration
1D Hydrodynamic
Model
Manhole/Node data Dry Weather
Pipe Data Inflows
Pipe Roughness Runoff Hydrograph Outlet boundarv

Water Levels
# Nodes flooded

Voliume of water

Figure 2.11 Summary of the Urban Flood Model Setup used in Chapter 4

The hydrodynamic model uses the MOUSE engine to solve the 1D St Venant equations,
a coupled partial differential equation describing the continuity (Eq. 2.8) and momentum
balance (Eq. 2.9). Under regular flow conditions, 1D pipe flow can be modelled as open
channel/non-pressurised however the transitions from open flow to pressurised flow
means the St Venant equations are no longer valid. Therefore, in order for the St Venant
equations to remain valid, MIKE introduces a fictitious slot at the top of the pipe that
generalises the St Venant equations (DHI, 2020). At the nodes, the water level is
computed based on the water level from the previous time step and the flow contributions
during the time step from each connected pipe and from externally connected flows, such
as catchment runoff discharge. In the 1D model, flooding is assumed to occur when the
simulated hydraulic head in the node exceeds the ground level. In that case, MIKE 1D
introduces an artificial reservoir at the top of the node, with a surface area 1000 times that
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of the node's surface (by default). The surcharged water is stored in the reservoir, to be
returned back into the sewer. In that case, MIKE 1D introduces an artificial reservoir at
the top of the node, with a surface area 1000 times that of the node's surface (by default).
The surcharged water is stored in the reservoir, to be returned to the sewer (DHI, 2017).
Additional details on the MIKE Plus model can be found in MIKE 1D Reference Manual
for collection systems.

A | 9Q _

> +3,=0 (2.8)
10Q 10 [Q? oh
it () tam=96-D (2.9)

Where Q is the flow in the x-direction and 4 is the area of the channel cross section. For
the momentum equation, h is the water depth, g is the gravitational acceleration, S is the
bed slope and J is the friction slope.

1D Hydraulic model Set up and Drainage network

The Gomork network comprises 3482 local and collector manholes connected by sewer
pipes ranging in diameter from 300 to 2000mm. Pipes flow via gravity to two sanitary lift
stations: Outlet #1 (Kaytbay lift station) and Outlet #2 (El Meena). The combined sewage
is then pumped from the lift stations and treated at the West Treatment plant before
discharging into Lake Maryut. The model setup and the locations of the West Treatment
Plant and Lake Maryut are shown in Figure 2.12. Tides and wave action are not
considered to be contributing to flooding in the model setup.

Manholes covers were set as normal to allow water to spill if flooded. Pipes in Alexandria
are vitrified clay. A Manning roughness value of 0.013 was used, which is consistent with
closed conduits flowing partly full for sanitary sewers coated with sewage slime with
bends and connections (US Army Corps et of Engineers, Hydrologic Engineering Centre,
2020).

Alexandria city is a very densely urbanised area with buildings and paved roadways. A
land cover GIS dataset comprising buildings, roads and green infrastructure was used to
derive imperviousness for the rainfall-runoff model. The model was calibrated by
Mahmood (2021) using available drainage network data and satellite precipitation data
sets MSWEP and GPM IMERG.
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Figure 2.12 Mike Urban plus drainage model set up for El Gomork district showing
manholes, sewer pipe layout and location outlet lift stations (left) which pumps
combined stormwater and sewage to the West Treatment Plan

Catchment delineation and processing

Catchments were delineated using point layer (Thiessen polygons)-Voronoi partitioning
and manhole nodes used as the points for creating the Thiessen polygons. For catchment
processing, catchment connections were established from the centroid of each catchment
to the nodes. Available GIS layers were used to calculate the total surface imperviousness
of each catchment’s corresponding land covers. For buildings impervious was assumed
to be 95%, roads: 80% and green areas: 5% based on the Urban Storm Drainage Criteria
Manual (Mile High Flood District (MHFD), 2024)A composite percentage impervious
value for each catchment was determined based on the proportion of landcover in the
catchment.

Kirpich's (1940) formula used for calculating Time of concentration of catchment the
study area. In the absence of a high-resolution DEM file, percentage slope was calculated
from a Im DEM surface was created using the manhole ground level elevations. For the
surface runoff model, the Time Area method was used for simplicity. MIKE Plus uses a
formula that covers curve shapes in-between the three standard ones The curves were
chosen for different catchments on the basis of calculating ‘Area-50, as the part of the
catchment that is within the distance corresponding to 50% of the time of concentration
Mahmood (2021. The curves are specified by giving the Time Area coefficient directly
instead of specifying a Time-Area curve (DHI, 2017). More details on the urban model
is described in Mahmood (2021).
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Initial condition, boundary conditions and model calibration

To establish initial conditions, dry weather flows were used based on the daily flows
distributions and model calibrated to determine the average actual flow. Population
densities were used to derive the daily flows (Table 2.6). El Gomork districts has a
population of ~98,000 in 2023 and is further broken down into population densities which
were used as an indicator of the dry weather flows. Typical Dry weather flows were
adapted from (Butler et al., 2018) and shown in Figure 2.13 Daily flows litres per person
per day used for determining the dry weather flows. Details of the lift station operating
rules and wet well capacity are unknown however it is known that pump has a maximum
capacity of 0.9m>/s and actual daily operating capacity of 0.25m?%/s.

Table 2.6 El Gomork sub-district population density used to derive dry weather flows

Subdistrict Name Population Density Areas Number of Nodes
per area
El Gomrok 61,355/km? 1.605 km? 1734
El Manshiyah 38,341/km? 0.6523km? 1138
Al Labban 42000/ km? 1.042km? 610

Source: Central Agency for Public Mobilisation and Statistics, Egypt sourced from
citypopulation.de.
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Figure 2.13 Daily flows litres per person per day used for determining the dry weather
flows
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2.7 A BRIEF INTRODUCTION TO BAYESIAN DECISION THEORY

In Chapter 6, the main objective is to explore how forecast uncertainty can be
incorporated into decision frameworks to support anticipatory flood management. A
Decision Framework based on Bayesian Decision Theory (Economou et al., 2016;
Krzysztofowicz, 1999; Todini, 2017) was developed for the decision and action
component of the flood chain.

Decision support tools exist in different forms which can help us to gather, analyse and
visualise data, model-based outcomes and likely impacts, stimulate scenarios or
communicate uncertainty, all with the goal of providing supporting information to
decision makers. In theoretical terms, decisions can be represented in a decision space by
alternatives, states of nature, outcomes of the decision and their value, expressed as cost
or profit. Alternatives refer to different actions/ strategies that can be implemented. States
of nature refer to the possible outcomes of events for example, the future evolution of a
weather event and associated flood levels which are beyond the control of the decision
maker. The outcome is the consequences of choosing an alternative based on the state of
nature.

Bayesian Decision Theory is based on a normative prescriptive decision theory. It
provides a systematic probabilistic approach using Bayes' Theorem (Eq. 2.10) to define
the posterior probability and a utility function that describes the decision maker's
preference for selecting the optimal action over other alternatives. It consists of posterior
probability (probabilistic information conditioned on available information and the prior
probability is the probability of a particular state of nature before any data or information
is available. Bayes' theorem states the posterior probability is proportional to the product
of the prior probability and the likelihood of the data given the state of nature. This
method is based on choosing the action that maximises (or minimises) the expected utility
(DeGroot, 2004; Savage, 1954). The expected value of an action is calculated by
weighting the utility of each possible outcome by its probability. It supports informed
decision-making under uncertainty by evaluating a finite set of alternative decisions and
the full probability distribution, rather than selecting a critical probability threshold to
trigger an action.

P(y|x)P P(y|x)P
Bayes Theorm: P(x|y) = (yzi)(y ) = n l(il(xy)mg);)(x) (2.10)
]:
ax(y) =argmin},L[a,x]P(x|y) (2.11)

a€eA

Mathematically, the decision framework can be represented as Eq 2.11 and visually as
Figure 2.14 by the optimal action a*(y), likelihood P(y| x) is the probability of observing
future weather information y given the possible states of nature (x). P(x|y) is the posterior
probability of the future state given predictive future weather information, P(y) and P(x)
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is the prior probability. Selecting a suitable prior P(x) is also an important aspect of
Bayesian decision theory. Priors represent initial probability (also known as beliefs),
which are computed based on historical data such as occurrences of flood events, the past
forecasts model performance or probability of observing rainfall more than a preset value
such as 30 mm in a time window such as 3hrs. However, priors can be considered
subjective and biased (Banner et al., 2020).

The loss function L(a, x) describes the losses incurred from taking an action a (such as
opening a sluice or closing a gate) for state x. The expected loss is obtained by combining
the loss function with the probability distribution of possible states. For discrete values,
the expected loss is calculated as the sum of the products of the loss and the probability
of each state. For continuous values, the expected loss is calculated as the integral of this
product over all possible states. In the context of anticipatory actions, P(y) is the
probability density function of ensemble forecasts.

In the case of flooding, the Decision Rule (DR) states that the optimal action a*(y) (Eq.
2.11) is the action that minimises the expected value of loss E(L[a,x]) associated with the
risk of all states (i.e., the loss multiplied by its probability (Lindley and Smith, 1972). The
advantage is in taking an action based on its risk instead of taking the decision based on
the most likely state exceeding a probability threshold determined from the ensemble
forecast (Harvey et al., 2022).

/ / / Actions for
Prior Probability 4 / States of nature /' ———/  corresponding hazard
/ Distribution P(x) / x / / classification asA
, Posterior probability Decision Rule:
,/’ DlSHIbIF[tl,E?P{ ) / —> o *(y) = argmin ZL[n.x] Plx|y) [* Loss Function L[g,x] /
P =— 3/ aea £ /
- P(x) /
_ Probability Va4
/" distribution of future / Optimal
/ rainfall fflood depths ~ / action/decision
P()

_ Take action N
T~ or No action

Figure 2.14 Proposed Bayesian Decision Framework used for taking actions utilising
inputs of Posterior Probability Distributions, Loss Functions and corresponding
hazards.
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2. Research Methodological Framework and Study Area

The framework was calibrated and evaluated using past events. Probabilistic forecast data
was derived from the ensemble forecast produced in Chapter 5. A corresponding
catalogue of actions was developed based on discussions with Alexandria decision-
makers and vulnerability data was included to support equitable decision-making. The
data descriptions and parameters used in the decision model are presented in Chapter 6.
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A RAINFALL THRESHOLD
APPROACH TO EARLY ACTIONS

'Rapidly expanding cities in the Middle Eastern and North African (MENA) region are
at risk of flooding due to heavy rainfall, insufficient drainage capacity and a lack of
preparedness and data to conduct the required studies. A low-regret Early Warning
System (EWS) using rainfall thresholds is proposed as a cost-effective short-term solution.
This study aims to utilise a probabilistic approach to characterise and predict urban floods
by assessing critical rainfall thresholds likely to cause flooding combined with ensemble
precipitation forecast in Alexandria, Egypt. Rainfall thresholds were inferred by
associating observed rainfall and historical flood information sourced from social media
and newspapers. Floods were classified in a colour-coded hazard matrix as no flood
(green), minor flood (yellow), significant flood (orange) and severe flood (red). The
probability of occurrence of hazard classes was derived by incorporating ensemble
rainfall into the hazard matrix to jointly assess likelihood and hazard severity. Results
from this study showed that three of four severe events analysed could have been
predicted with a high likelihood up to 24 hrs before. The presented approach supports
decision-making for issuing warnings and flood control actions with limited data and
serves as a model for other data-scarce regions.

! This Chapter is based on Young, A., Bhattacharya, B. and Zevenbergen, C. (2021) ‘A rainfall threshold-based
approach to early warnings in urban data-scarce regions: A case study of pluvial flooding in Alexandria, Egypt’, Journal

of Flood Risk Management, 14(2), pp. 1-16. doi: 10.1111/jfr3.12702.



3. A Rainfall Threshold Approach to Early Actions

3.1 INTRODUCTION

Real-time simulation forecasts using real-time hydrodynamic and inundation models aim
to predict flood extent, locations and impacts. These models demand high-resolution
spatial data and copious input parameters into complex models associated with
uncertainty and long computational times (Ochoa-Rodriguez et al., 2015). Pre-simulated
scenario-based systems, utilise a catalogue of hydrodynamic simulations and the accuracy
depends on both model complexity and input data (Henonin et al., 2013). In catchments
of short response times and insufficient data, empirical methods offer a simplified
approach to issue warnings and predict rainfall depths likely to cause flooding by directly
comparing precipitation forecast with critical rainfall thresholds derived from examining
rainfall accumulations from previous flood events (Falconer et al., 2009; Georgakakos,
2006; Martina et al., 2006; Parker et al., 2011; S. J. Wu et al., 2015). Comparing critical
rainfall thresholds with ensemble rainfall forecasts sourced from NWPs has the additional
benefit of providing timely forecasts while allowing decision-makers to incorporate
forecast uncertainty. This simplified EWS approach provides an immediate, short-term
solution for data-scarce regions that lack the technical capacity and resources to
implement complex methods.

Few studies have demonstrated how rainfall thresholds have been used to predict pluvial
floods in urban areas (Bouwens et al., 2018; Candela and Aronica, 2016; Jang, 2015) and
fewer show how critical thresholds can be compared with probabilistic rainfall forecasts
(Hurford, Parker, et al., 2012; Yang et al., 2016). This chapter aims to present a practical
approach to incorporating critical rainfall thresholds, historical flood data (crowdsourced)
and ensemble precipitation forecasts for forecasting extreme rainfall and flooding and to
improve decision-making, especially in data-scarce regions or cities, in the genesis of
developing EWS.

Alexandria city in Egypt was selected as the case study for this research. Like many other
cities in the MENA region, they suffer from occasional flooding due to runoff
accumulation and sewer surcharge, but lack an enabled EWS and are least prepared for
the rising threat of floods. In the face of emerging risks, Anticipatory Flood Management
(AFMA) has been proposed as a viable solution to increase preparedness and reduce
damage (B. Bhattacharya et al., 2018; Zevenbergen et al., 2016).

Ibrahim and Afandi (2014) previously evaluated the use of the Weather Research and
Forecasting (WRF) model to predict extreme rainfall in Egypt but did not evaluate the
use of ensemble forecasts. The success of such an approach will allow an immediate
short-term solution to emerging flood risk in cities in the MENA region. In the interim,
cities can acquire more comprehensive data that will contribute to the development of
more sophisticated flood forecasting systems, which are otherwise very data and
computationally demanding in data-scarce regions.
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3.1. Introduction

3.1.1 Threshold-based early warning systems

The complexity of the detection and forecast methods depends on factors related to data
availability, severity, frequency and vulnerability to flooding, as well as the lead times
required to issue warnings (WMO, 2011). A simple forecasting system can be developed
from rainfall forecasts and a historical account of past flood events, with no
hydrological/hydraulic modelling (Henonin et al., 2013) and can be implemented at the
regional, national, catchment and city scales.

The Flash Flood Guidance System (FFGS), an empirical approach, initially developed by
the US National Weather Service (NWS), uses forecast rainfall depths that are likely to
result in discharges associated with floods. Georgakakos (2006) studied FFG-based
systems and found they have a high probability of detecting flash floods. Such alerts are
issued based on different rainfall thresholds, considering the prevalent soil moisture
condition. This system has been implemented in many countries, including the new Black
Sea and Middle East FFGS and the Central American FFGS (WMO, 2019).

The “FLOODsite” project assessed the advantages of using rainfall thresholds as an
alternative to traditional EWS (Borga et al., 2011) and demonstrated success in
identifying several flash floods across Europe (Lorenzo Alfieri et al., 2012). Meteo-alarm
is another rainfall threshold-based EWS, implemented in approximately 30 European
countries and alerts are issued based on comparisons between precipitation and local
thresholds. Also, at a regional scale, Alfieri and Thielen (2015) successfully proposed a
European Precipitation Index based on simulated Climatology (EPIC), which is
calculated using COSMO-LEPS ensemble weather forecasts.

On a national scale, England and Wales initially adopted ERA (Extreme Rainfall Alerts)
and Flood Guidance Statement (FGS), which provided warnings of extreme rainfall based
on intensities (depth/duration) likely to cause severe surface water flooding (SWF) in
urban areas based on a 1 in 30 return period (Hurford, Parker, et al., 2012). The Second-
Generation Surface Water Flood Risk Assessment (SWFRA) programme has replaced
this system. It empirically estimates surface water flooding risk-based on a weighted score
of rainfall probability, spatial extent, soil moisture deficit and proxies for urbanisation
(Ochoa-Rodriguez et al., 2015).

Although the application of thresholds is similar, the methodology for applying rainfall
threshold methods differs between urban and fluvial areas, particularly in terms of
precision and required parameters (Jang, 2015). For example, FFGS thresholds are
adjusted based on antecedent moisture conditions (AMC). However, urban areas tend to
adopt static thresholds (Figure 3.1) that do not account for AMC; soil moisture becomes
less significant as urbanisation increases (Bouwens et al., 2018; Falconer et al., 2009;
Hurford, Priest, et al., 2012). The maintenance state of sewers and canals also becomes
more critical.
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3. A Rainfall Threshold Approach to Early Actions

Forecasted

— Observed

Rainfall threshold
Static rainfall threshold

Present Time

7 Issue alert
—
re

7/
4

’
-

Accumulative Precipitation (mm)

B

Past Future T Time ()

Figure 3.1 Example of rainfall threshold-based approach for the issuance of flood
alerts. Modified from Martina et al. (2006) to include static rainfall thresholds

It is acknowledged there are limitations to using this approach as rainfall events of the
same return period can produce floods of different extent and water depths; non-linearity
between rainfall and floods (Stephens et al., 2015) due to spatial and temporal variability
of rainfall, characteristics of the sewer system, topography, storage and runoff
characteristics of the catchment (Simdes et al., 2015). Current research is aimed at
improving methods for determining critical thresholds and trigger definitions and at
improving the accuracy and reliability of forecasts by incorporating catchment
characteristics. In gauged basins, calibrated rainfall-runoff models and rainfall
hyetographs are iteratively used to search for critical rainfall or discharge values (Candela
and Aronica, 2016; Jang, 2015; S. J. Wu et al., 2015). Montesarchio (2015) compared
methodologies for flood rainfall estimation, including Martina et al. (2006), which
adopted a probabilistic approach by analysing the joint probability of rainfall duration
and corresponding rainfall depth, combined with a Bayesian utility function. In smaller,
semi-gauged basins, empirical methods use of historical data to determine rainfall
thresholds and assume rainfall is distributed uniformly in time and space. Bouwens et al.
(2018) correlated sub-daily rainfall with citizen incident flood reports and overflow
pumping values to determine critical rainfall thresholds. Yang et al. (2016), successfully
used a rainfall threshold approach and quantitative precipitation forecasts (QPFs) to
evaluate urban inundation risk in Taiwan. This chapter capitalises on the simplicity of
this methodology in data-scarce regions and on a local scale.

3.1.2 Early Warning Systems for Decision Support

Lead time refers to the minimum period of warning required for preparatory action to be
effective (Carsell et al., 2004; Verkade and Werner, 2011). An important part of an EWS
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3.1. Introduction

is allowing sufficient lead-times to issue warnings, or take actions. However, uncertainty
exists with predictions at longer lead-times. Probabilistic forecasts are key to quantifying
uncertainty in forecasting floods and can be useful in assessing the likelihood of extreme
events while providing more consistent successive forecasts (Lorenzo Alfieri et al., 2012;
Boelee et al., 2019; Roberto Buizza, 2008; Cloke and Pappenberger, 2009; Dale et al.,
2012; M.-H. Ramos et al., 2010; Todini, 2017). However, all authors agree there are
several challenges including but not limited to (1) improving forecast with high-
resolution data and assimilation; (2) coupling models at differing scales and real-time
operational forecasting; (3) how end users can best use this information to improve
decision-making for warnings and response. Still, compared to deterministic forecasts,
probability forecasts allows an optimal balance between uncertainty and lead-time time
(Verkade and Werner, 2011). When issuing warning messages or taking actions, decision-
makers require clear informed guidance and decision rules to make confident decisions
(Economou et al., 2016; van Andel, 2009).

Traditional yes or no extreme weather warnings are issued once the forecasted rainfall
exceeds a critical rainfall threshold. However, such binary forecasts do not indicate the
likelihood or severity of an expected hazard. The use of a colour-coded hazard or risk
allows a visual expression of a priority matrix (WMO, 2015). When combined with
ensemble forecasts, the likelihood of an expected hazard and its potential severity can be
used to aid decision-making. The United Kingdom's Met Office and several other
countries contributing to the Meteo alarm system (WMO, 2015) are examples of countries
using such systems. The UK Met Office’s Flood Guidance Statement (FGS) provides
daily flood risk forecasts for the UK to assist in strategic and tactical operational planning
and decision-making (Flood Forecasting Centre, 2017). Assessments are made and
presented in a coloured 4x4 risk matrix based on forecast risk (hazard, vulnerability and
exposure: and likelihood (Figure 3.2). When model-based detailed hazard information
cannot be produced due to data constraints, a hazard matrix based on hazard severity
versus rainfall thresholds derived from historical data may be an alternative. This provides
benefits through the selection of suitable threshold severities to provide approximate
(often nominal) flood forecasts, which serve as the basis for decision-making regarding
flood warning and preparedness. Dale et al. (2012) also proposed using probabilistic
flood forecasting and a benefit-cost-inspired decision support framework for flood
management actions. However, such an elaborate system is only transferable and
compatible with similar flood forecasting systems which have flood impact and cost data
which is rarely the case in data-scarce regions.
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Figure 3.2 Operational application of warning concept, combining impact with the
likelihood to create a risk matrix, expressing risk through a simple colour-coded
scheme (WMO 2015, UK Met Office)

3.2 METHODOLOGY

A threshold-based framework for supporting early warning decisions based on ensemble
forecasts is proposed. Critical rainfall thresholds are defined and used to classify hazards.
These are derived by examining rainfall depths associated with historical flood events
and the associated hazard severity. The framework used to derive the respective warning
classes follows the operational approach of The UK Met office (Figure 3.2). However,
exposure and vulnerability data were only sparsely available and not assessed (neither
quantitatively nor qualitatively). In lieu, a hazard matrix was developed which allows the
likelihood and severity of hazards to be considered in tandem.

3.2.1 Identification of rainfall thresholds

This research adopted an approach using observed rainfall accumulation and rainfall
intensity for a training period (using previous floods over a specific duration). Historical
flood data were derived from social media mining, archived newspapers, blogs and
eyewitness accounts, which have proven useful for assessing evidence of flooding (Chow
etal., 2016; Herman Assumpgao et al., 2017; J. D. Paul et al., 2017). Sewer design rainfall
and knowledge of local drainage conditions were also considered relevant as it is assumed
that floods occur once this rainfall depth is exceeded.
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3.2. Methodology
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Figure 3.3 Methodology for identifying critical rainfall thresholds using historical data
and hazard categories and social media Modified from (D. Wu and Wang, 2009; Yang
et al., 2016)
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Hazards are classified as “No to minimal flooding”, “Minor Flooding”, “Significant
flooding” and “Severe flooding”. Thresholds were determined using data from a suitably
identified training period and tested with data from a validation period. The methodology
used to identify thresholds is presented in Figure 3.3.

3.2.2 Hazard Matrix

Once the critical thresholds have been determined, an operational system is proposed.
This integrates ensemble precipitation forecasts and rainfall thresholds into the hazard
matrix to assess the possibility of issuing inundation alerts. The system generates a hazard
forecast for various forecast horizons using rainfall forecasts from NWP models, such as
the European Centre for Medium-Range Weather Forecasts (ECMWF) or the Global
Forecast System (GFS). Rainfall forecast values are then cross-checked against derived
rainfall thresholds. To determine the warning classification (hazard class), the likelihood
of ensembles is categorised based on probability threshold ranges. The concept of
probability thresholds has been used by the UK Met Office and the Rijnland Water Board
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3. A Rainfall Threshold Approach to Early Actions

(van Andel, 2009). A higher probability threshold will result in more hits but also more
false alarms. The method, adapted from Yang et al. (2016), calculates the likelihood of
exceeding a particular threshold (Eq. 3.1). The higher the number of ensemble members
exceeding the rainfall threshold, the higher the forecasted probability that the threshold
will be exceeded.

L 3.1)
Pr = szi x 100,i = 1,2...N and N = 50

=1

{ Lif X; <F, < Xj41,j = 1,234 and (32
i =

0,if F; otherwise

Where Pr is the likelihood of threshold exceedance, F; is the forecasted rainfall of the
ith ensemble member of N ensembles and X; is the rainfall threshold for hazard class ;. If
a threshold is exceeded then f; is assigned a value of 1; 0 otherwise (Eq. 3.2). The Pr for
each lead-time is evaluated to derive the hazard matrix for the floods occurring. A
decision-based rule based on probability thresholds is used to assign the category as high,
medium, low, or very low. A high likelihood means a high probability of occurrence and
very low likelihood means low to no possibility of occurrence. The Probabilistic
Thresholds (PT)s have been adopted from the UK Met Office. However, probability
thresholds should be specific to a particular site and updated regularly based on
experience. The operational system approach, including the PTs used is presented in
Figure 3.4.

3.2.3 Performance Indices

Categorical scoring was used to determine whether the warning class matched the
observed event category. Categorical descriptions of a hit, miss and or false alarm are
presented in Table 3.1. The methods used for the categorical performance methods are
described in Chapter 2, Section 2,1).

Table 3.1 Categorical descriptions of a hit, miss and false alarm

Category Description

Hit Forecast warning class (green/yellow/orange/ red) matches the observed class
(No flooding/ Minor flooding / Significant flooding / Severe flooding)

Miss Forecast warning class is anything lower than the observed hazard class (e.g.

“Yellow” for significant flooding will be treated as a missed alarm)

False alarm Observed hazard class is anything lower than the forecast warning class (e.g.
“Red” for minor flooding will be treated as a false alarm)
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Figure 3.4 Operational flow chart for the proposed urban inundation early warning
system.

3.3 DATA PREPARATION

3.3.1 Historically Observed Rainfall and Flood data

Daily rainfall data were sourced freely from the online weather service provider
Tutiempo.net for the Nouzha Airport gauge. This data was previously used in several
studies including an extensive World Bank study (AASTMT and Egis BCEOM
International, 2011). It was further verified by comparing with WMO monthly averages,
which are considered a reliable and verifiable source. The selected dataset was then tested
for outliers and homogeneity. Only one observed gauge was available, therefore does not
represent rainfall spatial variability. A search was conducted to identify days with floods
when the observed rainfall exceeded the 90th percentile of daily rainfall data from 2010
to 2012. These rainfall events were used as historical reference events (calibration period).
Evidence of flooding was sourced from online newspaper archives, blogs, YouTube
videos, social media and other literature, providing valuable flood data. No social media
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3. A Rainfall Threshold Approach to Early Actions

data or evidence of floods was available before 2010. The rainfall thresholds derived from
this period were then tested against events in the 2013-2015 period. To verify intensity,
3-hourly data from the TRMM (Tropical Rainfall Measuring Mission) Multi-satellite
Precipitation Analysis 3B42 (version 7) were disaggregated using observed rainfall (Eq.
6). This 3-hourly post-real-time 3B42RT dataset (mm/hr) is estimated monthly and
indirectly uses rain gauges by performing monthly bias corrections. A proportional
adjustment procedure was applied to disaggregate daily gauge data into three-hourly data
using TRMM data (Koutsoyiannis, 2003; Pontien and Bhattacharya, 2011). A summary
of data sources used is presented in Table 3.2.

8
Xs = X; Z/z Xj (3.3)
j=1

X, - adjusted 3hourly TRMM gauge rainfall, X ; - uncorrected 3hourly TRMM rainfall at
time j, Z- daily gauge rainfall, j- sub-period

Table 3.2 Summary of rainfall data used

Historical rainfall

Data Source Station Period No of years Resolution
tutiempo.net Nouzha International 1957- 53. Years missing Daily
Airport 2015 1967-1973
WMO Nouzha International 1961- Climate normals Monthly
Airport 1990
TRMM 31.5N, 30 E, 31.5N, 30E 2010- Three years (rainfall Three hourly
2012 intensit
3B42RT intensity) 0.25° x 0.25° grid

Ensemble Forecast data

Data Source Location Period No of ensembles Resolution
ECMWF 31.5N,29.5E, 31N, 30E 2010- 50 0.5° x 0.5° grid
2015
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3.3. Data Preparation

3.3.2 Ensemble rainfall forecast

The Egyptian Meteorological Agency (EMA) forecast rainfall uses a deterministic
limited-area Weather Research and Forecasting (WRF) model, derived from the GFS and
ECMWF Global models (EMA, 2017). Ensemble rainfall forecast TIGGE (THORPEX
International Grand Global Ensemble) from the ECMWF is part of the THORPEX
(Observing System Research and Predictability Experiment) and provides medium-range
forecasting up to 15 days ahead (ECMWEF, 2015). TIGGE precipitation dataset is
available as 50 perturbed forecasts and one control forecast. For the period 2010- 2015,
50 ensembles were retrieved from the ECMWF data portal using the Meteorological
Archival Retrieval System (MARS) for the corresponding 0.5° x 0.5° (55km x 55km) grid
for the Alexandria study area. Each member represents an equally likely prediction of
total precipitation, forecasted at 6, 12, 24, 48, 72 and 96 hrs with a starting time of 0:00
UTC. Ensembles for the test period (2013-2015) were bias-corrected (Eq.3.5) using ratios
derived from the linear scaling methods (Egq.3.4) used by (Crochemore, Ramos, and
Pappenberger, 2016; Teutschbein and Seibert, 2013) and then disaggregated to a daily
resolution (Arias-Hidalgo et al., 2013) (Eq.3.6 and3.7). The monthly mean values from
2010-2012 were used as the training set and applied to the daily 2013-2015 data. The data
length used for forecast post-processing was limited and should but should be extended
in future studies.

Kim = TPn/ENS trim (3.4)
ENScorim = Kim-ENS ¢im (3.5)
fam = Pam/ TPam (3.6)
ENScoria = fam-ENS corim (3.7)

TP, - average observed rainfall at month, m; K; ,,, - ensemble /correction factor for month,
m; ENS ¢ ; - uncorrected ensemble 7 rainfall for the month m for training period;
ENS_ oy im - bias-corrected ensemble 7 for month, m; ENS ;,, - uncorrected ensemble 7
rainfall for the month m for test period; fj ,, - disaggregation factor for day ¢ of month
m; Py ., - gauge rainfall at day d of month nz; ENS,,.; 4 - bias-corrected ensemble 7 for
day, d
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3.4 RESULTS AND DISCUSSION

3.4.1 Rainfall Thresholds

The rainfall threshold methodology used a quantile relationship for rainfall data from
1957 to 2012. Combined with historical flood evidence, 24 hour accumulated rainfall
depths were associated with flood incidents (Table 3.3). Rainfall data were fit to a gamma
distribution and the percentiles for wet days (i.e., when precipitation was greater than
0mm) were evaluated. The following thresholds were found: 75th percentile: 6.1mm, 90™:
11.94 mm, 95th: 19.04 mm and 99th: 32.1 mm. For the 2010-2012 training period, all
events above the 75th percentile are identified in Table 3.3. Of the 19 rainfall events
identified, evidence of flooding was found for three events (highlighted blue) in Table
3.3. In the absence of sub-daily data, corrected TRMM 3-hourly data (Figure 3.5) was
used to corroborate the high intensities on the days identified in Table 3.3. Maximum
intensities of 9.8mm/hr and 6.78mm/hr were found for the 2011 and 2010 events,
respectively (Figure 3.5). Evidence of the inundation observed for the Dec 2010 event is
presented in Figure 3.6.

Table 3.3 Summary of rainfall events during 2010- 2012 which exceed the rainfall
amount corresponding to the 75th percentile of the daily rainfall data for the period
1957-2012. Some of these days were shown to be clustered events (Events 2, 4, 9,
17and18) which took place over I to 3 days

No Date mm | No Date mm | No Date mm | No Date mm
1 20/01/10 9.9 13/11/11  10.9 12/01/12 7.8 17 05/12/12 6.1
11/12/10 5.1 14/11/11 119 | o9 13/01/12 7.8 06/12/12 21.0
2 12/12/10 6.1 5 15/11/11  5.08 14/01/12 6.1 18 11/12/12 711
13/12/10  20.1 16/11/11  50.0 | 10 17/01/12 7.8 13/12/12 281
3 15/01/11 16 17/11/11 109 | 11 25/01/12 7.1 14/12/12 6.1

16/01/11 7.1 6 21/11/11  8.89 | 1 18/02/12 99 | 19 21/12/12 71
4 19/01/11 7.1 7 24/12/11 6.1 13 29/02/12 9.9
07/02/11 7.8 8 02/01/12 109 | 14 01/03/12 20.0
15 04/03/12 7.1
16 25/11/12 7.8
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Figure 3.5 (a) Hyetograph for 15th and 16th Nov, 2011 and (b) Hyetograph 12th Dec,
2010 showing rainfall intensity source: TRMM, 2018

Figure 3.6 Flooding on Dec 2010 showing submersion of cars Source: Youtube;
SomeOne (2010)

There was significant coverage of the flooding event in 2010 by news agencies and it was
also identified as a major event in the World Bank's study (2011), with damage to
buildings and disruption of traffic. Casualties were also reported with this event. The
observed rain gauge event was associated with a daily rainfall of 20 mm on Dec 12th.
The 2011 event was also highlighted as a major flood by the ADSCO. Local drainage
capacity (2yr return period) for Alexandria is reported as 26mm/day, considering events
lasting no longer than 2hrs. Flooding is assumed to occur once it is exceeded.
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On Nov 16", 2011, the maximum observed rainfall was 50mm, which also caused
significant flooding. Rainfall frequency analysis shows that 26mm has a 2-yr return
period and 50mm/day has a 10-yr return period (Awadallah et al., 2017). Therefore, we
assume a 50mm event would have a higher severity. From this criterion, we infer that
rainfall of 20mm leads to significant flooding and severe flooding occurs when rainfall
exceeds the 99th percentile, i.e., 32mm. Based on evidence of flooding observed in 2010,
2011 and 2012, the hazard classification was assumed for the following events (Table
3.4). Thresholds were classified as either “No to minimal”, “minor”, “significant” or

9

“severe”.

Table 3.4 Revised rainfall thresholds considering location drainage conditions, non-
exceedance probability and return periods.

12-19.99 20-31.99
Hazard Minor flooding Significant
Class flooding

Table 3.5 Summary of major events in 2013-2015 (validation period) to be evaluated
including the bias-corrected forecast depths at different lead times

Event Date Lead-time
Obs 6 12 24 48 72 96
(mm) (mm) (mm) (mm) (mm) (mm) (mm)
1 04/11/2015 20.1 8.6 17.9 41.6 35.9 26.6 20.4
05/11/2015 43.9 43.8 314 413 24.8 16.7 12.8
06/11/2015 44.9 52 5.8 83 5.1 3.5 2.8
2 25/10/2015 32.0 46.9 28.6 36.0 20. 13.8 11.1
3 07/01/2015 20.1 16.7 15.4 12.6 7.1 52 6.2
4 06/01/2013 18.0 19.3 16.8 214 22.9 20.3 16.4
08/01/2013 36.1 24.5 223 35.7 12.6 9.7 7.7
5 13/12/2013 25.9 8.5 7.1 7.9 4.2 2.9 2.5
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3.4.2 Application to 2013- 2015 storms

The assessment was performed for a total of five storm events identified during 2013-
2015 (Table 3.5). A visual representation of the threshold categorisation for event #1 and
#2 in 2015 is shown in Figure 3.7.
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Figure 3.7 Threshold categorisation for Oct 25th and Nov 4th -5th event (mean ensemble
and mean +/- 2 standard deviations at different LTs)

3.4.3 Performance Indices

A contingency table was developed to evaluate the ability of this approach in
discerning the severity of floods inferred with respect to lead-time. Results of this analysis
are presented in Table 3.6 for the validation period 2013-2015. A POD of more than 33%
is considered useful (WMO, 2011). The POD and CSI scores for minor events suggest all
minor events were correctly forecasted at 12hrs and half at 6hrs. At 24hrs lead-time,
severe events received a CSI of 0.75 which suggest at this lead-times % of all severe
forecasted events were observed. This is demonstrated for both the Nov 4th and Oct 25th
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events. The forecast did indicate some level of persistence as % of all severe events were
forecasted as significant events at 48hrs before being upgraded to a severe event at 24hrs.
Incidentally, significant events were not well detected at short lead-times but scored a
POD of 0.5 at 48 and 72hrs and a FAR of 1 at 24hrs implying that at 24hrs these events
were always forecasted at a higher value. All hazard event categories showed poor

Table 3.6 Summary of categorical scores for observed events (2013-2015): Probability
of Detection (POD), False Alarm Ratio (FAR) and Critical success ratio (CSI) or

Threat score

Lead- Minor Significant Severe

Time
(h) POD FAR  CSI POD FAR CSI POD FAR CSI

6 0.5 0 0.5 0 0 0 0.5 0 0.5

12 1 0 1 0 0 0 0 0 0
24 0 1 0 0 1 0 0.75 0 0.75
48 0 1 0 0.5 0 0.5 0 0 0
72 0 1 0 0.5 0 0.5 0 0 0
98 0 0 0 0 0 0 0 0 0

discrimination at the 72 and 98hrs lead-time. Only three years of data were used to
calibrate the rainfall thresholds, which is seen as a considerable limitation. The results
indicate, even with a relatively coarse spatial resolution, the ECMWF data was still
capable of predicting events and performed better for more severe events. These results
could be improved using higher spatial resolutions from limited area forecast models and
more robust bias correction methods and longer calibration test datasets.

3.4.4 Hazard Matrix

The hazard categorisation, ensemble probability exceedance and the corresponding
decision/warnings to be taken are summarised in Figure 3.8. UK Met Office probability
thresholds were used in the absence of established probability thresholds (Figure 3.4).
For both events, severe events were predicted at both 6h and 24h lead-times with over
60% likelihood, warranting a “take action” decision. At 48hrs the events were predicted
with a “high likelihood of significant event” or “low likelihood of a severe event”; “Be
prepared” and no major hazard at 96hrs. The agreement on the decision category while
definite at some longer lead-times also shows uncertainty at longer lead-times and
ambiguity in making a confident decision.
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Figure 3.8 Hazard matrix and decision categorisation for Oct 25th and Nov 4th events.
Probability of ensemble exceeding a threshold is shown

It is acknowledged that these results are highly dependent on the threshold, as discussed
in the next paragraph. Thresholds derived should not be final but need to be updated
regularly as more data becomes available. Sourcing evidence of floods was one of the
biggest challenges in the research as there are no official existing historical records of
floods in Alexandria. In addition to having a limited number of years, there are many
circumstantial factors, which contribute to urban flooding such as rainfall intensity,
localised flooding in surface depressions, sewer blockages, pump reliability, functionality
and changes in permeability over time, of which could not be accessed.

There is uncertainty associated with the derivation of the thresholds. Table 3.7 evaluates
how the warning class for these specific events would vary had slight changes to the
thresholds been made. In general, there was less variability with the shorter lead-times
and at higher severity events. For the Oct and Nov events, the hazard characterisation
remained unchanged from a range of 26 to 38mm. For the Jan 6th and 8th event, the
classification remained “significant” for most ranges as well. For the purposes of this
analysis, the Oct 25th and Nov 4th events were perceived as two independent events but
in reality, there is an interdependency as the previous event would have saturated the
system, resulting in lower thresholds for the subsequent flood. Thresholds were derived
based on daily-accumulated totals however it is also necessary to examine multi-day
accumulation thresholds to address clustered events.
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Table 3.7 Sensitivity of analysis hazard classification at the 6hr lead time with changing

thresholds
No. Threshold Range
(mm) Hazard classification
1 0-16-25- 36 - .
2 0-15-24-35 - .
3 0-14-23-34 - -
4 0-13-22-33 - -
5 0-12-20-32 - -
6 0-11-19-31 - -
7 0-10-18-30 - -
8 0-9-17-29 - -
Jan 2013 Oct 2015 Nov 2015
sTe] 7] 8 24 25] 26 4151 6

3.4.5 Experimentation of the system on a real case: the 2018
storm

The above derived rainfall thresholds and hazard classifications are currently being
utilised by the Alexandria Sanitation and Drainage Company (ASDCO) to issue warnings
and initiate anticipatory actions. In Dec 2018, officials were put on alert for an extreme
rainfall event on Dec 5th. The 24 hr rainfall accumulation was forecast to be 33 mm and
27mm at the 48hr and 24hr forecast time horizons respectively. Applying the rainfall
threshold categorisations, these events were forecast as “Severe” 48hrs before and
“Significant” 24hrs before. The probabilistic forecast at both leadtimes indicated a “high
likelihood of significant flooding/ be prepared” would have been issued. ASDCO used
the deterministic forecast, combined with their knowledge of the past flood and critical
hot spot areas. The city initiated pre-emptive actions including pumping and checking of
pumps at specific locations and cleaning of drains. In actuality, the observed rainfall for
the event on Dec 5th was observed to be 23mm; a “Significant” flood but no reports of
flooding were received. Probabilistic forecasts are not yet being used, but it is anticipated
this will the next phase as city officials realise the benefits and how to use probabilistic
forecasts. The pre-emptive measures implemented by the city were able to prevent
flooding and disruption. Before these threshold categorisations, there was no formal
process for pluvial flood warnings or plans for anticipatory actions in the city.
Additionally, new pumps have been installed to facilitate anticipatory flood actions. With
this approach, the city mitigated the 2018 flood and are now more prepared for future
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floods. This is a useful, practical and simple method when proactive actions are not highly
objectionable due to false alarms. This is one step towards improved adaptation to the
increasing severity and intensity of rainfall events observed in recent years and likely to
increase in the coming years. Probabilistic forecasts are not yet used but it is anticipated
this will be the next phase. If probabilistic forecasts had been used, “high likelihood
significant flooding/ be prepared” would have been issued. In the interim, the city
continues to use the threshold classifications.

3.5 CoNcLUSION

In Alexandria and other MENA cities, rainfall variability is high, drainage capacity is
insufficient, flood preparedness is low and the risk of pluvial flooding is often unknown.
In data-scarce regions the threat is imminent; there needs to be an interim trade-off
between complexity and technical feasibility to effectively reduce impacts until the
necessary detailed studies can be done. This research demonstrated and applied a practical
approach of predicting extreme rainfall events associated with floods using limited data
and no flood models by incorporating available data such as historical flood data from
social media and satellite precipitation products (SPPs). In addition to assessing
uncertainty, ensembles combined with a rainfall threshold approach allowed
characterisation of exceedance likelihood associated with flooding. From an operational
forecasting perspective, this probabilistic information was used to support decision-
making.

In urban areas, sub-daily rainfall intensity is essential to predicting floods. TIGGE
ensemble forecast has a forecast grid of ~ 50x50km and may present difficulties in
forecasting in small areas as values are averaged over 2500km?. The non-linearity of
rainfall and flood events, along with the limited number of events and historical data,
limited the extent of validation of this method, which is one of the main challenges of
using ensembles. However, the results were very favourable and the methodology is
presented so that it can be used with higher-resolution NWP models or radar, as available.

The simplified and phased warning and response approach is consistent with operational
forecasting agencies. Combined with the ensemble forecasting and rainfall threshold
approach, this method adds complexity compared to the widely used deterministic rainfall
forecasts. However, it can strike a balance between a simplified approach and forecast
uncertainty estimation. It does not assess exposure and vulnerability or indicate possible
impacts, but when combined with previous knowledge of “hot-spot” areas, it can prove
valuable in supporting decision-making, as demonstrated during the 2018 event. This
method is not proposed as an absolute substitute for EWS using stormwater models but
rather it allows “buy-in time” to increase preparedness until more data becomes available.
Additionally, the benefit of site-specific thresholds applied locally rather than nationally
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is that local authorities can make independent decisions and increase preparedness in their
cities and communities.

Notwithstanding, warnings still need to be communicated to ensure their effectiveness.
Consideration should be given to different durations and to significant changes in
catchment characteristics over time. Finally, this rainfall threshold approach emphasises
the importance of flexible anticipatory mitigation measures that can adapt to uncertainties
in forecasts and other urban drivers.

DATA AVAILABILITY STATEMENT:

The data that support the findings of this study are openly available in ECMWF public
data TIGGE Data Retrieval at http://apps.ecmwf.int/datasets/data/tigge/. The data that
support the findings of this study are openly available in Tutiempo at

https://en.tutiempo.net/ climate/ws-623180.html. The data supporting the findings of this
study are openly available at GES DISC at
https://disc.gsfc.nasa.gov/datasets/ TRMM_3B42 7/summary

Other data underlying this Chapter can be found as Version 1.4TU.ResearchData. dataset.
https://doi.org/10.4121/bf910902-582e-4641-989f-bf0f4a03fde9.v1
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INTEGRATING HIGH-RESOLUTION
RAINFALL FORECAST AT
DIFFERENT SCALES

2 Regional Numerical Weather Prediction (NWP) models increase the resolution and extend forecasts by
several days when initialised with global models. These models produce forecasts at higher spatial and
temporal resolutions but are computationally demanding and do not necessarily result in more accurate
forecasts, especially in data-scarce cities. This research evaluated how rainfall forecasting model scale
dependencies satisfy high-resolution hazard forecasting requirements with two different flood forecasting
approaches. Rainfall forecasts of different spatial resolutions, cumulus schemes and lead times from a high-
resolution Weather Research and Forecasting (WRF) model were first evaluated and then used as input in
a rainfall threshold and 1D-MIKE-urban drainage model for flood forecasting in the data-scarce city of
Alexandria City, Egypt. Results indicate the flood forecast severity class and flood model simulation results
vary with the neighbourhood size, forecast horizon and chosen cumulus configuration but in general the
smallest resolutions evaluated did not improve the hazard estimation for both flood forecasting approaches.
Therefore, trade-offs must be made regarding model configurations, resolution, lead times and how the
forecast output will be used. This study demonstrates the opportunities and limitations for better integrating
high-resolution meteorological for the development of a rainfall threshold-based and model-based flood
forecasting in cities with similar conditions. It also highlights the need to align the selected model
configuration with the goals of the flood forecasting application which is critical for effective early warning
systems and anticipatory flood management. also highlights the need to align the selected model
configuration with the goals of the flood forecasting application which is critical for effective early warning

systems and anticipatory flood management.

2 This Chapter is based on Young, A., Bhattacharya, B., Daniéls, E. and Zevenbergen, C. (2025) ‘Integrating WRF
forecasts at different scales for pluvial flood forecasting using a rainfall threshold approach and a real-time flood model’,

Journal of Hydrology, 656, p. 132891. doi: 10.1016/j.jhydrol.2025.132891.



4. Integrating High-resolution Rainfall Forecast at Different Scales

4.1 INTRODUCTION

The effectiveness of flood emergency actions depends on the information provided by
rainfall forecasts and flood forecasting approaches, which include rainfall thresholds, pre-
simulated scenarios and/or real-time simulation approaches. Flood Forecasting and
warning approaches in urban pluvial catchments require accurate predictions about peak
rainfall rates and the magnitude, timing, location and impacts of flooding and require high
spatial and temporal rainfall resolution forecasts suitable for small-scale urban flood
modelling, which is often unavailable in data-scarce regions.

Further, delivering urban flood forecasts with sufficient lead times is challenged by
uncertainties in forecasting rainfall at high spatial and temporal resolutions and running
flood inundation models in real-time. Radar-based nowcasting has been used to improve
the spatial and temporal resolution of rainfall for triggering warnings and flood
forecasting (Flack et al., 2019; Igbal, 2017; J.-R. René et al., 2013; Schellart et al., 2011;
Thorndahl et al.,, 2013). However, radar-based nowcasting for flood forecasting
applications is provided at short lead times (< 6 hours), which may be insufficient for
implementing actions requiring more than 6 hours lead time or unavailable, especially in
data-scarce regions where nowcasting is unavailable.

When initialised with global data, the Weather Research and Forecasting Model (WRF)
(Skamarock et al., 2008) forecasts rainfall at longer lead times and allows downscaling to
smaller high-resolution domains. The smaller domains capture high-scale features and
processes which can better simulate precipitation characteristics (Kendon et al., 2017,
Lean et al., 2008; Prein et al., 2015). Increasing the simulation domain resolution alone is
not enough to significantly improve the model performance. Care must also be given to
the treatment of convection (Fowler et al., 2016) and the microphysics and planetary
boundary layer (PBL) schemes(Clark et al., 2015; Kain et al., 2008). Many studies have
investigated the impacts of different model configurations on rainfall distribution (Jankov
etal.,2007; Goswami et al., 2012; Wang et al., 2016. Jankov et al.,(2005) found the most
significant variability in forecasts from changes in the choice of Cumulus Parametrisation
Scheme (CPS) which influences the average rain rate. Umer et al. (2021) evaluated
different CPS schemes and demonstrated the potential of WRF models as a valuable asset
to capture peak rainfall intensity for flash flood modelling in a city where high quality
direct and remotely sensed observations of rainfall are limited. Therefore, in high-
resolution WRF modelling, the model configuration has a significant impact on rainfall
quantities and distributions and subsequently on flood forecasts.

There are interdependencies between the different components of the flood forecasting
chain; meteorological forecasting input, hazard estimation methodologies and decision
support systems that trigger a warning or action (Figure 4.1). The flood forecasting
approach or hazard estimation method uses empirical methods such as rainfall threshold
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or real-time flood simulations and data-driven models to identify the critical rainfall or
flood depths which will trigger a warning or action. Physically based hydrodynamic flood
forecasting models operate in real-time, integrating forecasted rainfall or observed flows
to update conditions when available. The suitability of the hazard estimation approach is
influenced by several factors: forecasting scale, quality of information and models
available, triggering mechanism, requisite forecast variables and end-user needs (Henonin
et al., 2013; L. J. Speight et al., 2021). Data-driven models have the advantage of fast
computational times but the lack of observed time series in data-scarce regions makes
their application limited.

’ Monitoring ‘

Meteorological input forcing Hazard Estimation End User Decision Support

Numerical
Weather
Prediction
models

Observations
(gauge
satellite)

Regional Downscaling City Scale Flood Forecasting

Rainfall Threshold Method

Hydrodynamic Flood Models

Global Numerical Weather Domain

Prediction Forecasts Spatial Grid
Resolution

Issue Warnings or Take
Anticipatory Action

Model
Parameters

Data Driven Models

Figure 4.1 Components of a pluvial flood forecasting system for early warnings and
anticipatory flood management. Observations and models are used to create Global
Numerical Weather Prediction Forecasts. Regional Downscaling is done with the WRF
model combining domain variable spatial grid resolutions with different convection
parametrisations. Hazard estimation methods using a rainfall threshold approach, real-
time flood or data driven models are combined with decision support systems to trigger
warnings and actions

Using high horizontal resolution output from Numerical Weather Prediction models such
as WRF with rainfall threshold approach or in real-time simulations can be valuable for
forecasting urban pluvial floods at various lead times and has been done by other authors
(Brendel et al., 2020; Davis et al., 2022; Ming et al., 2020; Thorndahl et al., 2016; H.
Wang et al., 2022). The main problem this chapter aims to address is whether increasing
the resolution of WREF rainfall forecasts to satisfy urban flood modelling requirements
will lead to improved quantification of rainfall magnitude and distribution for flood
forecasting in urban pluvial cities.

This will be done by assessing the usability and performance of high-resolution WRF
rainfall output to produce flood forecasts for implementing anticipatory flood
management actions 12- 72h before an event. Given the influence of the model
configurations, WRF rainfall is evaluated at different lead times, domain resolutions,
treatments of convection and neighbourhood sizes. Further, the study investigates the
influence of increasing the resolution and model configuration with two FF approaches:
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a rainfall threshold approach when urban models are unavailable and a real-time
hydrodynamic model to forecast flood depths. Whereas previous research has assessed
the influence of increased rainfall resolution with radar nowcasting or post-processing
with observations, the novelty of this research is in jointly exploring the scale
dependencies of both the meteorological forecasting model and different flood forecasting
approaches, which has not been explored sufficiently, especially in data-scarce cities.

The research has been carried out for extreme events in the Mediterranean coastal city of
Alexandria in Egypt. Every winter, Alexandria experiences extreme weather events that
cause significant flooding and disruption to lives throughout the city (Zevenbergen et al.,
2016). This research does not aim to determine the optimal model configuration for the
WRF model given the challenges in data-scarce cities but instead explores the trade-offs
in model accuracy and usefulness of rainfall forecasts to generate flood forecasts in data-
scarce regions. Evaluating high-resolution models and their application for rainfall and
flood forecasting in data-scarce cities can highlight the interdependencies of the flood
forecast chain's meteorological and hydrological aspects, which are often evaluated
separately. The findings can inform the design, development and improvement of existing
and future FF and early warning systems for increased preparedness by implementing
anticipatory actions in cities similar to Alexandria.

4.2 EVENTS

This research evaluates three extreme rainfall events, on October 25th, 2015, Dec 5th,
2018 and Nov 20" 2020 during the winter months which resulted in significant flooding
and a state of emergency was declared in the governorate. Several studies using WRF
have been carried out in Egypt using the National Centre for Environmental Prediction's
(NCEP), Global Forecasting System (GFS) and the European Centre for Medium-range
Weather Forecast's ERAS and ERA interim data sets. Robaa and Wahab (2019) and
Ibrahim (2020) evaluated the sensitivity of WRF to convection schemes and both found
there was an overestimation of rainfall but results improved with finer resolution. Eltahan
and Magood (2018) investigated rainfall sensitivity to microphysics schemes and found
all schemes produced higher precipitation than observed. The study further found the
Morrison double moment scheme achieved the closest to observed rainfall while the
Thompson scheme successfully simulated the cloud pattern. El Afandi and Morsy
(2020)found favourable results using a Single-Moment 3-class WSM3 scheme and Kain-
Fritsch scheme for the development of an early warning system in the Sinai Peninsula.
Ibrahim and Afandi (2014) and Cools et al. (2012) previously evaluated the use of a WRF
to predict extreme rainfall over the Sinai Peninsula and Egypt. Most recently, Liu et al.
(2021) used a progressive multi-metric configuration optimisation method and ERAS
reanalysis data to find an optimal configuration of the WRF model for the study area. All
previous studies evaluated different resolutions. To the best of our knowledge, no studies
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have evaluated the use of WRF with resolutions less than 3km which are the resolutions
suggested for flood forecasting in urban scale modelling (Berne et al., 2004).

4.3 DATA AND METHODS

This research analysed WREF rainfall for different lead times, domain resolutions and
treatments of convection at different neighbourhood sizes and evaluated with gridded
rainfall estimates. The WRF rainfall was then used at different scales with two flood
forecasting approaches: a rainfall threshold approach and an urban drainage flood model
to evaluate how well they forecasted a hazard. A summary of the research framework is
presented in Figure 4.2 The following section briefly describes the WRF model setup and
the flood forecasting approaches used.

Model configured at different
Lead times (LT),
Spatial grid resolutions/
Domains (D) and
Cumulus scheme Runs (R)

Downscaled Rainfall
Forecasts at
different LT, " Threshold
Domains and Rainfall Threshold exceedance

methods
Cumulus runs maps

Downscaled Numerical
—>» Weather Prediction

model
| Discharge Hydrographs
/ Real-flood simulations Node flood depths
#Flooded nodes

|
l

’ Performance Evaluation ‘

Global Forecasts

Figure 4.2 Research Framework illustrating the methods for coupling WRF model to
produce high-resolution rainfall forecasts and hazard estimation using a rainfall
threshold at the city scale and real-time urban flood simulations for part of the city

4.3.1 Data and WRF Setup

The Advanced Research WRF (ARW-WRF), (Skamarock et al., 2008) is a convection-
permitting dynamic downscaling model configured using grid parameterisations and
physics schemes and nested domains at finer resolutions. This research used 0.25° Global
Forecast Grids Historical Archive ds084.1 for lateral boundary conditions, MODIS15
land-use map and two-way nesting. Analyses were first carried out using three domains
and then four domains to evaluate if forecast skill is improved by increasing the number
of domains and higher spatial resolution. The domains used boundary conditions that were
updated every 3 hours, a nesting ratio of 1:3:3:3 and a spatial resolution for domain 1 (D1)
10km, domain 2 (D2) 3.3km, domain 3 (D3) 1.1 km and domain 4 (D4) 0.37km (Figure
4.3). The outermost domain (D1) covered Egypt and the wider Mediterranean. This is
consistent with the mother domain used by the Egyptian Meteorological Agency (EMA,
2017). All spatial domains had a vertical resolution of 45 layers and the model used a
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timestep of 60s with adaptive timestep. The selection of the physics schemes (Table 1)
was guided by the most recent study of Lui et al. (2021) along with the consideration for
convection-permitting scales, (1-2km) which can run without convection schemes
because the grid spacing is small enough to explicitly resolve convection. However, in
the convective grey zone (3-10km) cumulus-cloud processes become partially resolved
and traditional closure assumptions break down and scale-aware schemes can be used
(Grell and Freitas, 2014; Jeworrek et al., 2019; Zheng et al., 2016). There is still some
disagreement on how CPS should be treated in smaller domains. Paul et al. (2018) found
for the Mumbeai's coastal areas turning the CPS on in a 1km simulated best results, whereas
Han and Hong, (2018) found better simulation when CPS in turned off in a 3km domain.
Therefore, additional sensitivity experiments were tested for Domain 2 and 3 in which
convection was parameterised and cumulus was kept off in D4 (Table 4.1). R1, R2 and
R3 correspond to runs with 3 domains and R1 _4d, R2 4d and R3 4d correspond to runs
with 4 domains. The runs were initialised at the 72h, 48h, 24h and 12h lead times with a
spin-up time of 12 hours for three events. The objective of this research was not to
determine the optimal model configuration for the WRF model but to investigate if
increasing the resolution improves rainfall forecasts and to determine the usability of
high-resolution WRF output in flood forecasts and early warning systems. A summary of
the WRF setup and methodology used is shown in Figure 4.

Table 4.1: WRF model parameterisation is used and cumulus parametrisation is used
for the different runs. Parameterisation schemes are kept the same for all runs except
cumulus where the Grell Freitas scheme cu=3 is used or when no cumulus scheme is
used cu=0. R1, R2 and R3 correspond to runs with 3 domains (3d runs) and R1 _4d,
R2 4d and R3_4d correspond to runs with 4 domains (4d runs)

PHYSICS SCHEMES NAME SCHEME #

(Based on Lui et al., 2021)
same for all runs

Microphysics Single-moment 6-classWSM6 6

Longwave Radiation RRTM 1

Shortwave Radiation RRTM 1

Boundary Layers Mellor-Yamada-Janjic 2

Surface Layers Eta Similarity Scheme 2

Land Surface Unified Noah Land Surface Model 2

Cumulus Grell Freitas

Runs (scheme 3d runs 4d runs

configuration) Domain R1 R2 R3 | R14d R24d R3 4d
Dl 3 3 3 3 3 3
D2 0 3 3 0 3 3
D3 0 0 3 0 0 3
D4 - - - 0 0 0
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Figure 4.3 Summary of data and methods used for the WRF model setup, rainfall
thresholds and real-time simulation

4.3.2 Flood forecasting approaches rainfall threshold approach

Thresholds for the 24h accumulation were selected based on previous analysis of critical
rainfall thresholds (Young et al., 2021). These correspond to the severity of flooding: "No
to minimal flooding" with rainfall within 0 to 1 1mm, "Minor flooding" within 12 to 19mm,
"Significant flooding" within 20 to 31mm or "Severe" with rainfall > 32mm. Young et al.
(2021) derived thresholds using observed daily rainfall accumulation and rainfall intensity
for a 3-year training period from 2012- 2015 (using previous floods over a specific
duration). Local drainage capacity (2-year return period) for Alexandria is reported as 26
mm/day for 2-3 hr events and flooding assumed to occur once exceeded (AASTMT and
Egis BCEOM International, 2011). This knowledge of the system drainage capacity was
combined with historical flood data derived from social media, archived newspapers,
blogs and eyewitness accounts, which have proven useful in assessing evidence of flood.
Only one daily rainfall gauge was available for the study thus spatially varying thresholds
were not considered. The thresholds were applied to the spatially varying rainfall forecasts
to derive hazard classes over the entire governorate.
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Table 4.2 Thresholds (in mm) used to trigger warnings
Flood Hazard Classification and Corresponding Rainfall Depth Thresholds

0-11.99mm 12-19.99mm 20-31.99mm >=32mm

4.3.3 Urban flood model setup

A flood model based on the 1D MIKE Plus model (from the Danish Hydraulic Institute),
capable of real-time FF, was developed to simulate flood inundation. Alexandria city is a
very densely urbanised area. A land cover GIS dataset comprising buildings, roads and
green infrastructure was used to derive imperviousness for the rainfall-runoff model. The
model was developed and calibrated for the Gomork district (~5km?) (Mahmood, 2021)
using available drainage network data.

In the real-time simulation, the hydrodynamic model was run with forecasted spatially
varying gridded rainfall at 10km, 3.3 km, 1.1 km and 0.37km resolution to simulate
flooding in Gomrok. The combined sewer and stormwater network model was used to
simulate flows and water levels in urban storm drainage. It consists of a rainfall-runoff
model which transforms rainfall time series to runoff hydrographs to be used as input into
the hydraulic network model. The Gomork network comprises 3482 local and collector
manholes connected by sewer pipes ranging from 300 to 2000mm in diameter. Pipes flow
via gravity to two sanitary lift stations; Outlet #1 (Kaytbay lift station) and Outlet #2 (EI
Meena). The combined sewage is then pumped from the lift stations and treated at the
West Treatment plant before discharging into Lake Maryut.The model setup, location of
the West Treatment Plant and Lake Maryut are shown in Figure 4.4. Tides and wave
action are not considered to be contributing to flooding in the model setup.

Outlet discharge, total volume and node flooding simulated using the WRF rainfall were
evaluated against simulation results generated using MSWEP and IMERG and flood
depths were compared with photos taken on the day of the flood. Rainstorms in
Alexandria range from a duration of 1 to 9 hours (AASTMT and Egis BCEOM
International, 2011; Mahmood, 2021) whereas the MSWEP data has a temporal resolution
of 3hs. To simulate extreme cases, the 3h MSWEP rainfall was assumed to occur in a 1h
interval. IMERG rainfall, which has a half-hourly resolution was aggregated to hourly
temporal resolution.
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Figure 4.4 Mike Urban plus drainage model set up for El Gomork district showing
manholes, sewer pipe layout and location outlet lift stations (left) which pumps
combined stormwater and sewage to the West Treatment Plan

4.3.4 WRF Performance Evaluation

This section discusses the methods used to evaluate the performance of the WRF model.
Given the large-scale nature of the simulated events, results were evaluated at different
neighbourhood sizes to understand the forecasting skill in relation to flood forecasting
applications. Neighbourhood locations were determined based on past knowledge of
weather systems. In general, rainfall quickly reduces as it moves inland. The larger
neighbourhoods 1000 km and 500km size cover the phenomenon scale, whereas the
smaller sizes give coverage along the coast (200km), the governorate (100km), the city
(50km) and specific districts within the city (20km and 10km) Figure 4.5

et
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Figure 4.5 Visual representation of the neighbourhood spatial sizes used for FSS
calculations
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In the absence of reliable sub-daily gauge data, results were compared with the gridded
precipitation dataset: Multi-Source Weighted-Ensemble Precipitation MSWEP V2, which
merges several gauge, satellite and reanalysis-based data (Beck et al., 2019) and GPM
IMERG Final Precipitation Products V7(Huffman et al., 2019) henceforth referred to as
IMERG or observed rainfall estimates. There is uncertainty associated with the use of
gridded rainfall products, thus both products were compared with the observed rainfall
gauge at the Nouzha airport (Table 4.3) and the forecasts were verified against the product
which matched the observed rainfall best.

Table 4.3 Comparison of the 72hr accumulated rainfall at Nouzha Airport gauge
rainfall with MSWEP and IMERG precipitation products

Nouzha Airport MSWEP GPM

mm/3days
Oct 25th, 2015 32.1 38.13 21.97
Dec 5th, 2018 56.13 33.13 59.33
Nov20th, 2020 34.03 15.31 32.13

Both products have a spatial resolution of 0.1 degrees and highest temporal resolution of
three hours and half-hour, respectively. Both datasets have been found suitable for
detecting rainfall events in North Africa (Mekonnen et al., 2023; Nashwan et al., 2019).

The performance of the WRF model was evaluated on measures of comparison such as
scatter plots, Coefficient of Variation and Pearson Correlation Coefficient (CC), Standard
Deviation (SD) and presented in a Taylor diagram and the derived Centred Root Mean
Square Error (CRSME) (K. E. Taylor, 2001). Enhancing the small-scale detail can
decrease the precipitation forecast skill due to the double penalty of erroneous rainfall
placement and timing, even though the representation of rainfall accumulation and
intensity may look more realistic. To overcome this, the neighbourhood spatial
verification Fraction skill score (FSS) (Roberts, 2008) was used. This method directly
compares the fractional coverage of forecast and observed rainfall, which exceeds a
specified threshold for a neighbourhood size. FSS is calculated for each neighbourhood
size (Figure 4.4) using Eq (4.1) where F; and O; are the forecast rainfall fraction and
observed rainfall fraction exceeding specified thresholds, respectively and N is the
number of spatial grids in a neighbourhood size. An FSS of 1 is perfect, an FSS above 0.5
is considered useful and an FSS of 0 is not a skill.

1N
5 Zizi(Fi—09)?

FSS =1 —
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4.3. Data and Methods

In Eq. (4.1), FSS was computed and evaluated for 24h accumulations for Domain1 (10km),
Domain2 (3.3km) and Domain3 (1.11km) at the, 72h, 24h and 12h lead time for both runs
with a convective scheme and no convective scheme in respective domains (Table 4.1).
All forecast resolutions were aggregated to a 0.1° grid to match observed rainfall estimates.

Rainfall Threshold Urban Flood Model Performance Metrics

For the rainfall thresholds, categorical scoring was used to evaluate if the warning class
was consistent with the observed event category. Categorical descriptions of a hit, miss
and or false alarm (Chapter 2). The Probability of Detection (POD), False Alarm Ratio
(FAR) and Critical Success Index (CSI) or threat score takes both false alarms and missed
events into consideration and is sensitive to hits. The metrics were evaluated for the 10km,
1,1km and 0,37km spatial resolutions for all runs.

The Normalised Root Mean Square Error (NRMSE) and the Kling-Gupta Efficiency score
(KGE) (Eq 4.3) were used to evaluate the performance of the 1D flood model. NRMSE
measures the average difference between a statistical model's predicted values and the
observed values where a RMSE of 0 is considered a good score. The equation NRMSE is
shown as equation 5, where P; is the model-predicted value, Oiis the observed value, O is
the mean of the observed value and N is the number of observations. KGE is a single
combined expression of correlation, variability and bias into one score and represents a
goodness of fit score. A KGE of 1 is considered a perfect score. The metrics were
evaluated for the 10km, 1,1km and 0,37km spatial resolutions for all runs for the outlet
discharge and node flooding at a known flood location.

72 (=002
NRMSE = ¥———— (4.2)

0o

KGE = 1—J(r—1)%+ (a —1)2+ (B — 1)2 (4.3)

KGE = 1—\/(r—1)2+(‘fﬂ—1)2+(’:ﬂ—1)2 (4.4)
obs obs

where r is the Pearson correlation between observations and simulations, o is the
variability ratio and B is the bias ratio. This is further expressed in Eq. 4.4 where gobs is
the standard deviation in observations, asim the standard deviation in simulations, usim
the simulation mean and pobs the observation mean.
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4. Integrating High-resolution Rainfall Forecast at Different Scales

4.4 ReSULTS

Results are presented and discussed for WRF rainfall at different spatial resolutions 10
km (D1), 1.1km (D3) and 0.37km (D4) for runs with different treatments of convection.
Results are presented for the three events Oct 25th 2015, Dec 5th 2018 and Nov 20th,
2020. The analysis first examined how results vary with lead time and neighbourhood
size, followed by the influence of the horizontal grid resolution and cumulus configuration
in each domain. The WRF rainfall is then evaluated using rainfall thresholds for
forecasting hazard classes and for use in a real-time model simulation for forecasting
discharge and node flood depths.

4.4.1 WRF Rainfall Forecast Analysis
Leadtime and Neighbourhood Size Analysis

Figure 4.6 shows how the rainfall event on October 25th 2015 is forecasted at the 1000km
and 50km neighbourhood sizes for the 10km grid resolution for Run2 (R2). The 50km
neighbourhood gives a closer snapshot of the city scale. While the event's occurrence is
captured at all lead times, it shows higher forecasted values at 72h and 24h and lower
accumulation and extent at 12h.

0 2 5 10 15 20 30 40 50 60 70 8090 100 120 150

rainarren JOOODEBBOBCOOBOEEON

Figure 4.6 Images show how the weather phenomenon is predicted for 24h accumulated
rainfall from 21:00 Oct 24th to 21:00 Oct 25th at 72h, 24h and 12h lead time for the
1000km (top) and 50km (bottom) neighbourhood at the 10km resolution and R2.
MSWEP and IMERG are shown for the same period.
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4.4. Results

Generally, the forecasts show similar extent and areas of high accumulation compared to
MSWEP whereas the IMERG product showed significantly higher rainfall values
offshore but rainfall reduced over the land, less than MSWEP.

Figure 4.7 shows scatterplots of forecasted and MSWEP area average rainfall for the event
on Oct 25th, 2015 and Dec 5th 2018 for the 72h, 24h and 12h lead time, 10km domain
resolution (D1) and different neighbourhood sizes for R1, R2 and R3. The 12h lead times
for all runs performed poorly, heavily under-forecasting rainfall for neighbourhood sizes
smaller than 200km. Similar trends are presented in Figure 7. Given the similarity in the
trend for lead times in all runs, it can be assumed that the poorer performance was caused
by the initial and lateral boundary conditions used to initialise WRF.

Compared to the 12h lead time, forecast results showed high skill at the 72h and best
overall performance at the 24h lead time at all sizes, particularly at the smaller
neighbourhood sizes. Noticeably, the rainfall was under-forecasted at the 10km scale for
the 72h lead time for R1 and R3, but it performed well for R2. R3 showed more similarity
for the 24h lead time at the 10km neighbourhood scale. Results for the Dec 2010 and Nov
2020 can be found in the Appendix A.
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Figure 4.7 Comparison of 24h rainfall accumulation from Oct 24th 21:00 to Oct 25th
21:00 showing the accumulated area averages for the 10km resolution (D1) for different
neighbourhoods at lead times of 12, 24,48 and 72 hours for R1, R2 and R3

For the spatial verification metric FSS, there were minor differences between the domain
spatial resolutions and runs, but results varied with lead time, neighbourhood size and
thresholds. Consistent with the previous analysis, the forecasts performed best at the 24h
and 72h lead time for all runs and all thresholds except for the 32mm threshold which
shows no skill at the 10km neighbourhood for the 12h lead time. This suggests the WRF
model is over-forecasting in some grids of these neighbourhood sizes. Results presented
for R3 in Figure 4.8 also show that despite performing poorly for the 20mm and 32mm
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4. Integrating High-resolution Rainfall Forecast at Different Scales

thresholds for smaller neighbourhood sizes, the FSS for 12h lead time still showed skill
at the 500km and 1000km. The WRF model was able to show a threat was imminent and
could confirm the persistency of a threat, which most often may be good enough
information for early warning and anticipatory actions for reducing disaster risk. However,
the forecasts were not useful (<0.5) at the 10km neighbourhood size at the 72h lead time,
which would be more relevant to urban scale modelling. Given the computational
requirements of running models at higher resolutions, running the models at a coarser
resolution and at longer lead times is preferential. This would allow protocols to be put in
place and the model can run at higher resolutions for shorter lead times.

12-19.99mm /24h 20-31.99mm /24h >=32mm/24h FSS
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Figure 4.8 Fraction Skill Score (FSS) for DI (10km) using different thresholds and
neighbourhood sizes for run R3. Neighbourhood sizes and lead times without a useful
skill are highlighted in red.

Influence of cumulus configuration and horizontal grid resolution

Given the favourable results at the 24h lead time, the results are presented only for this
lead time for all model runs, including downscaling to a 4™ domain (0.37km) which aims
to meet the requirement for higher-resolution rainfall for urban flood forecasting. For
R1 D4, R2 D4 and R3_D4 run (see Table 4.1), the runs use the same configuration as
the corresponding R1, R2 and R3 but the cumulus scheme was turned off in the 4™ domain.
The results are presented for the 50km neighbourhood size which showed useful for the
24h lead time will be most pertinent to city administration. Figure 4.9 shows the spatial
rainfall variability for each run across the 50km neighbourhood size for the Oct 25" event.
In general, the 24h accumulated rainfall across grid resolutions varies by about 5-20mm.
Notably, there is a tendency for the finer grids to show areas of more intense rainfall and
higher rainfall accumulation than D1 of the same run.
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Figure 4.9 Rainfall accumulation from 21:00 UTC on Oct 24th to 21:00 UTC on Oct
25th 2015 for MSWEP, WRF resolutions and different cumulus treatments cu=3
represents the Grell Freitas Cu scheme, 0 indicates no cumulus scheme in the respective
domains

It was found that all runs correctly predicted rainfall occurrence, but there was some
variability in rainfall locations, magnitudes and intensities across runs and domains. For
the 50km neighbourhood size, R1 had the lowest coefficient of variation, 30% and R3 had
the closest coefficient of variation 40% compared to MSWEP 43%. This suggests grid
points are more spread out across the rainfall mean than observations with smaller
variability across grid points. Moreover, in Figure 4.9, rainfall accumulation tends to
increase when the cumulus scheme is turned on in the smaller domains for 3 domain runs.
Compared to R1 and R2, R3 shows areas of higher rainfall accumulation in the magnitude
of 70mm off the coast and parts of the city, particularly on the eastern side of the city.
There are also noticeable differences between the horizontal resolutions. For both R1 and
R3, D1(10km) averages the rainfall over larger areas detecting lower accumulated rainfall
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4. Integrating High-resolution Rainfall Forecast at Different Scales

in the city compared to D3 which shows greater similarity. However, D3 captures greater

rainfall variability in detail. In general, there appear to be fewer areas of extreme rainfall

over the governorate in R1 D4 and R3 D4, whereas R2 D4 shows areas of increased

rainfall compared to R2.
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Figure 4.10Taylor diagram for all runs and three domains/resolutions (D1 10km, D3-
1.1km and D4 0.37km) at the 50km neighbourhood for all three events. R1(3,0,0), R3
(3,3,3), RI_D4(3,0,0,0), R2 _D4(3,3,0,0) and R3_D4(3,3,3,0) for three events.

The differences in the runs are further displayed using a Taylor Diagram (Taylor, 2001)
(Figure 4.10) which compares and summarises the standard deviation (SD) and
correlation coefficient (CC) of all runs and domains with the SD and CC of MSWEP or
IMERG, which is referred to here as the reference data. Forecasts were re-gridded to
match the observed resolution. In Figure 4.10, overall the runs vary with events. R2 D3
agree best with observed rainfall values since these runs are closest to the observed ref
(dashed) line and correlation coefficients 0.65-0.95 and CRMSE ranging from 8-
11mm/24h. the general pattern well with high correlation values (>0.8) but the spread of
forecast values is larger than the observed data (above the dashed line). This is primarily
because these runs produce areas of extreme rainfall offshore that skew the variability in
the data. There is less agreement on the other runs have correlation values between 0 and
0.8. This indicates that while it produces a range of values similar to those observed, the
forecast for these runs does not match the precise pattern or distribution of the observed
data, leading to a low correlation and suggesting a bias in the forecast or the observation.
Domain 4 (D4) (0.37km) for cumulus configurations runs for the three events showed
lower correlation coefficients and higher CRMSEs for all runs for all events. The results
further highlight that D4 runs performed poorly compared to the D3 and D1 runs for all

cumulus configurations.

Rainfall temporal distribution over the Gomork area

The previous analysis focused on how rainfall varies spatially and with different
neighbourhood scales. Further analysis examined how the temporal distribution varied
within 10 km?, corresponding to the area used in the MIKE + model and immediate
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surrounding areas. This gives insight into the way node flooding might vary with intensity.
Results were compared with 3-hourly MSWEP (MSWEP 3h), hourly MSWEP
(MSWEP h) and hourly IMERG (IMERG). Figure 12 presents the rainfall time series for
all runs. MSWEP_h was constructed as a worst-case scenario by assuming the 3h
accumulated rainfall fell. For the Oct 25th event, the worst-case scenario assumed the 3h
accumulation fell in the last hour of a 3h accumulation and the first hour of the subsequent
3h accumulation.

Rainfall is represented as either a single peak or a bi-modal distribution with two peaks.
R3 and R2 show primarily single peaks similar to MSWEP_h which assumes a single
peak distribution but R3 and R2 both have the highest peak intensities (above 20mm/h)
for D3 (1.1km). When downscaled using a 4™ domain to 0.37km with no cumulus scheme
(Figure 4.11), the rainfall distribution is bimodal with rainfall peaks less than 16mm.
Similar results were analysed for the Dec 2018 event, where the 4™ domain runs all
showed lower rainfall for all domains, whereas for the Nov 2020 event, the D3 and D4
domains both showed high rainfall peak timing. Although the results show similar peak
intensities in Dec 2018 and Nov 2020 notably, there is a mismatch in the peak of about 3-
4hr when compared with IMERG where the WRF simulated rainfall matching the timing
of the MSWEP but not the magnitude (See Appendix A).
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Figure 4.11 Rainfall time series for all runs D1(10km), D3(1km) and D4 (0.37km) from
18:00 Oct 24th to 12:00 Oct 25th 2015 at a known flood location. MSWEP is shown for
3h accumulations and an extreme case 1h accumulations. R1, R2and R3 correspond to
runs with 3 domains and R1_D4, R2_D4 and R3_D4 correspond to 4 domains runs. Cu=3
represents the Grell Freitas Cu scheme and 0 indicates no cumulus scheme in the

respective domains. The left axis mm/h and the right axis shows mm/3h corresponding to
MSWEP 3h
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Overall, the three domain runs all matched the accumulated observed rainfall, whereas
the D4 runs either underestimated or overestimated in the case of Nov 2020. These results
suggest that while the inner domains exhibit higher rainfall accumulations than the parent
domain, the rainfall peak does not always increase with the higher resolution, as shown
with D4. This could be explained since having no cumulus scheme in the smaller domains
tends to decrease rainfall in those domains. Given two-way nesting was used, feedback
between domains reduces the rainfall in the outer domains and perhaps influences the
distribution in the outer domain. Although the 4" domain (except for R1_4d), better
matches the peak intensities of the satellite-derived rainfall forecasts, there is a lower total
rainfall forecast compared to MSWEP and IMERG.

4.4.2 Rainfall Threshold Analysis

Hazards are classified as "No to minimal flooding", “Minor Flooding”, “Significant
flooding” and “Severe flooding” based on 24h accumulated rainfall (Table 4.2). Analysis
of thresholds showed that results varied with the treatment of convection for the different
runs. Classifications are shown for different districts in Alexandria for MSWEP and
IMERG (Figure 4.12). For the event on 25th October 2015, the forecast hazard classes,
derived based on Table 2, varied from a significant to severe flood event along the coastal
areas (Figure 4.13). While MSWEP and IMERG indicated a hazard class “Significant
flooding” in Montazah, Sharaq and Wasat districts, Gomork and parts of Almeria were
predicted to be more extreme. There were minimal differences when comparing the 3.3km,
1.1km and 0.37km grid sizes. Compared to the 10km grid the smaller resolutions detected
more spatial variability in the hazard classification and areas of higher rainfall. The 10km
grid size tends to average out the rainfall over the grid. Figure 4.13 shows how the hazard
warning class varied for the 10km and 1.1km for the 3-domain run and 0.37km for the 4-
domain run for the different runs and cumulus configurations for a 24h accumulation for
different districts in the city. Most of the runs were able to predict this extreme class
except R1 _4d and R3 4d, which predicted a less severe but significant class for Gomork
and neighbouring districts. R1, R3 and R2 4d over-predicted a more severe event in
Montazah and neighbouring areas. Some runs showed variable classes compared to
MSWEP and IMERG, but all runs correctly predicted a reduction in the total rainfall
inland and different runs were able to distinguish different hazard classes at districts and
subdistrict levels, which is useful when location-specific measures need to be taken. This
will aid decision-makers in prioritising, coordinating and allocating resources to areas at
most risk, combined with prior knowledge of hot spot areas. This could be achieved even
without building a stormwater model of the city.
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Figure 4.12. Left: Alexandria Districts, the colours have been arbitrarily chosen to
display districts. Right: Hazard classification for Alexandria districts for the 25th
October 2015 flood event for 24h accumulation for the Oct 25th event based on 3-
hourly MSWEP and hourly IMERG data. The colour codes signifying hazard classes are
also shown in Table 4.2

Categorical scoring was used to evaluate if the warning classes in Table 4.2 were
consistent with the observed event category. A POD and CSI of 1 and a FAR of 0 are
considered a perfect forecast whereas a POD and CSI above 0.75 considered useful. The
results (Table 4.4) show that the D3 (1.1km) 3 domain runs consistently had higher POD
and CSI scores, meaning these runs were better at detecting an event and lower false
alarms. Both runs with the 4™ domain R1 D4 (10km) and D4 4d (0.37km) achieved
lower scores with all the runs with all the thresholds. Within the 3domain runs, results
vary with thresholds and cumulus configuration. In general, higher FAR scores were
found for rainfall accumulations over 20 and 32 mm. However, either Run2 or R3
performed better when the cumulus is turned off and on in the smallest domain. All runs
had good performance above the 50mm threshold rainfall which indicates all forecasts
had agreement in not predicting “very extreme” rainfall accumulations.
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Figure 4.13 Forecast of hazard classes with a lead time of 24 h for the Oct 25th, 2015
flood event for different runs based on the 24h rainfall accumulations. Left:(10 km) and
Middle 1.1km grids for run downscaled to 3 domains. Right 0.37km grids downscaled to

4 domains

Table 4.4 Average performance metrics; Probability of detection (POD). False Alarm
Ratio (FAR) and Critical Score Index (CSI) for) all runs for all events for the 50km
neighbourhood scale. Results are presented for the inner most domains 1.1km and

0.37km respectively.
12
R2 R3 R1
0.68 0.72 0.57

0.91 0.81
0.87 0.91

0.92 0.88 0.88

0.71 0.68
0.69 0.68 | 0.49

0.55
0.51

0.56 0.57
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FAR
D1 [ 0.00 0.00 0.05]0.29 035 026|028 045 030|033 036 031 |0.11 0.07 0.08
D3 [ 0.00 0.00 0.04 | 0.25 033 027 | 034 043 031|041 033 024 |0.10 0.07 0.20
D4 | 0.04 0.04 0.03 033 028 031|051 048 049|043 041 045 |0.08 0.12 0.16

CSI
D1 [ 1.00 1.00 0091 | 0.53 0.61 0.56 | 041 049 038|049 049 053|087 0.83 0.87

D3 [ 1.00 1.00 0.93 | 0.64 0.56 0.62 | 0.53 0.61 0.55| 043 0.51 061 | 0.82 | 0.88 0.68
D4 1093 093 095|054 0.61 057|035 037 036|041 043 039|086 0.79 0.73

4.4.3 Coupled WRF and Urban flood forecasting

The MIKE plus model was used to evaluate peak discharge and volume at the outlet of
the El Gomork district. The model was run with gridded forecasts rainfall at different
resolutions and runs corresponding to different cumulus configurations: D1(10km),
D2(3.3km),D3 1.1km and D4(0.37km), with a 24-hour lead time. In the absence of
measured flow data, results were verified against model simulation runs with satellite-
derived IMERG and MSWEP 1h derived rainfall intervals and historical knowledge of
floods. The lift station pump at outlet #1 has a design capacity of 0.9m>/s therefore, it is
assumed that flooding will occur once this flow is exceeded. Peak discharge reached
30mins after peak rainfall.

Discharge and volume at outlet

The results for Oct 2015 in Figure 4.14 show that forecast rainfall corresponding to R3
led to the highest simulated discharge for all resolutions and showed higher peaks
compared to MSWEP and IMERG. The discharge for each run followed a similar pattern
of the rainfall distribution. The discharge at the outlet simulated with the rainfall forecast
using R2 and R3 for the 10km (D1) and 1.1km(D3) showed peak discharges similar to
that with MSWEP_h and IMERG (~1.5m?%/s). The simulated discharge for R1 forecasts
showed a different pattern with two lower peaks. Simulations using rainfall forecasts
based on R3 and R2 for D3 and D1 gave peak discharges similar to MSWEP. The runs
also gave the highest KGE scores (0.4-0.78) and the lowest NRMSE of 0.43 when
compared with the other runs and D4 (Table 4.5). The exception being Dec 2018 R3 D3
which gave had a KGE of 0.02 and NRMSE of 0.98 Figure 4.14 also shows discharge
simulations using rainfall forecasts based on 10km, 1.1km (D3) and 0.37km (D4)
resolutions, the latter which are the innermost domains of WRF runs. All runs
underestimated the discharge with the rainfall forecasts using the 0.37km resolution with
NRMSE
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Figure 4.14 Simulated Discharge at outlet #2 on Oct 25th, 2015 for R1, R2 and R3 for
D1 (10km), D3 (1.1km) and (D4) 0,37km which corresponds to runs with 4 domain and
the cumulus scheme is turned off in the 4th domain

ranging from 0.83 t01.09. Similar results were found for the Oct 2018 and Nov 2020
events which gave lower NRMSE values and higher KGE for 1km domain and higher
NRMSE values and lower KGE scores for the 0.37km runs. However, except for Oct 2015,
all the runs and domains resulted in high NRMSE values, which means the models still
have challenges predicting the timing of the rainfall but the higher KGE indicates some
agreement in the correlations and the spread. The NRMSE and KGE values for the three
events in shown in Table 4.5.

Table 4.5 NRMSE and KGE values for simulated discharge at outlet #2 for the three
events. DI _R3 (10km) performed the best which uses the adaptive cumulus scheme in
the smallest domain whereas the highest error was shown the 0.3 7km domain when the
cumulus scheme is turned off. The best score for each run per event is highlighted

NRMSE

R1D1 R1. D3 R1.D4 R2D1 R2D3 R2D4 R3D1 R3_D3 R3 D4
2015 080 110 1.09 112 049 115 = 042 043 0.3
2018 097 097 104 101 101 099 098 098 1.05
2020 083 095 106 09 096 097 093 064 1.07

KGE

RILD1 R1D3 R1D4 R2D1 R2D3 R2D4 R3D1 R3.D3 R3 D4
2015 043 -037 -035 -002 = 068 -0.08 | 077 078 031
2018 018 011 006 023 . 040 -0.09 022 002 0.9
20200 022 029 -0.04 021 024 027 020 | 066 -0.26
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4.4. Results

The simulation using rainfall forecasts based on the R3 D3 (1.1km) grid produced the
highest total volumes at the outlet. Simulated discharge based on R3 forecasts gave values
closest to MSWEP_h, however, simulated discharge with R1 D4 and R3 D4 forecasts
gave considerably lower volumes compared to MSWEP_h and IMERG-based simulations
(Table 4.6). Although IMERG resulted in a peak discharge similar to MSWEP _h, the total
runoff volumes were higher compared to that with MSWEP_h simulated at the outlet
because of the higher total accumulated rainfall.

Table 4.6 Total volume of water discharged at the outlet for the Oct 2015 event for the
different WRF runs and resolutions

Input rainfall IMERG | MSWEP h | WRFRI | WRFR2 | WRFR3
/resolutions Total Volume at Outlet m’

10km 21544 14234

10km 10635 10103 14171
1.1km (D3) 10476 10741 12374
0.37km (D4) 4955 10929 9206

®  Lift Station/ Outlet #1 i
® Lift Station/ Outlet #2
A& Known flood location

Figure 4.15 Known flooding locations in El Gomork along the Corniche Road in
Alexandria. On October 25, 20135, this location experienced flooding depths ~0.15 - 0.3m.

Node flooding

The flood results above focused on the simulation of the entire system for El Gomork and
found that the R2and R3 produced good simulations of the peak of flooding for the 10km
and 1.1km. This is also observed when analysing node flooding at a known flood location
/.in the city. During the October 25, 2015 event, flood depths of 0.15 — 0.3m (Figure 4.15)
were reported at this location and in the vicinity. Figure 4.16 shows the simulated node
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flooding at a selected node with the rainfall forecasts for the 10km, 1.1km and 0.37km
with the hourly MSWEP and IMERG rainfall. The rainfall intensity and spatial
distribution of grid rainfall used for the 10km, 1.1km and 0.37km simulations are shown
in Figure 18. For both the R2 and R3, the 1.1km grid shows a flood depth of ~0.4m, which
is similar to the depth simulated using MSWEP but approximately 0.1m above the flood
depth simulated using IMERG derived rainfall and the reported 0.3m flood depth.
However, compared to the discharge for the system which showed similar peak values
and distributions, for the 10km and 1.1km, higher node flooding was simulated at the
manhole. This is because of the 1.1km runs showed higher rainfall values and greater
variability in the rainfall which is not detected in the larger 10km grid as shown in Figure
4.17. Although the timing of the flood was well predicted for the Oct 2015 event, there
was a delay in the timing of the flood was also observed in the Oct 2018 and Nov 2020
event.

Flooding at Node GMRK 1493 Flooding at Node GMRK 1493 Flooding at Node GMRK 1493
0.45

R1_D1

R1_D3 040 1
R1_D4

R3_D1
R3_D3
R3_D4
----- MSWEP_h
- = = = IMERG

R2_D1
R2_D3 0.40
R2_D4

----- MSWEP_h 035
IMERG 0.30 A
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0.20 A

Node Flood Depth m
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\
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1
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Time Time Time

Figure 4.16 Node flooding depths (m) at known flood location in Gomork on Oct 25th,
2015. For all runs at D1(10km), D3(1.1.km). and 0.37km- 4 domains (orange). The
horizontal dotted line indicates the observed flood depth at 0.3m
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Figure 4.17The rainfall intensity and spatial distribution of grid rainfall used in the MIKE
model for 10Km, 1.1 km grid resolution for run R3 and 0.37km R3_D4.

Figure 4.18 shows a comparison of node flooding greater than or equal to 0.3m for R3
and R3_4d runs for the 1.1km grid. R3_D3 shows a higher number of nodes (101 nodes)
compared to MSWEP 83 flooded nodes, R3 D1 118 nodes, R3 D4 shows 32 nodes
flooded above 0.3m, approximately 1/3 of nodes flooded for R3. Table 4.7 summarises
the difference in the number of nodes flooded between the simulations with observed
rainfall and the R3 forecast for the Dec 2018 and Nov 2020 events. The findings show
that D4 either under forecasted or over forecasted the number of flooded nodes compared
to the other grid sizes. Knowledge of which nodes are forecasted to flood can help
decision-makers to implement protective measures before an event and coordinate
response during an event However, false alarms on the number and location of flooded
nodes can lead to the misallocation of resources, flooding and further traffic
disruptions.1D-2D models could be run to give a more accurate characterisation of flood
inundation however there are still challenges in reducing computational time for real-time
applications and high-resolution data requirements.
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Figure 4.18 For the Oct 2015 event. Maximum node flooding >= 0.3m for R3. The 10km
grid (left), 1.1km grid for runs (middle) and R3 4d(right). MSWEP simulated flood
locations are shown in blue. More locations were detected for R3_D3 (101 flooded nodes)
compared to R3_D1 (118 nodes) and R3_D4 (32 flooded nodes) and MSWEP (83 flooded
nodes)

Table 4.7 Difference in the number of flooded noted between simulated 1D runs with
MSWEP or IMERG and R3 D1 (10km), R3_D3(1.1km) and R3_D4(0.37km)

| R3 DI(10km) R3 D3(1.1km) R3 D4(0.37km)

2015 30 13 -56
2018 1 34 -8
2020 -10 -8 108

4.5 DISCUSSION

4.5.1 Trade-offs in model lead time, domain resolution, cumulus
configuration and flood forecasting methodology

Our results reinforce different factors, can influence rainfall structure, magnitude, location
and timing in high-resolution WRF simulations, such as spatial resolution, number of
domains, lead time and model parametrisation.

This research evaluated the forecast skill at different neighbourhood sizes related to the
scale of the phenomena and city level. Different neighbourhoods were evaluated to
highlight how forecasts vary with the neighbourhood scales being considered. The
1000km neighbourhood scale detected the presence of a weather system however, this
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was not very useful for the coastline. However, the metrics vary considerably at scales
below 200km. Overall, the 24 LT performed best and the forecasts showed skill up to the
72hr LT but less at the 48h and the 12hr LT. Although the 72h rainfall forecast is less
accurate than the 24h rainfall forecast, the FSS scores showed there is still some skill
associated with this forecast. More variability is observed at neighbourhood scales below
200km and highlights the difficulty in evaluating forecasts at smaller neighbourhood
scales and longer and shorter lead times which may be more important for flood
forecasting and emergency managers.

While many urban flood forecasters may not consider the treatment of convection, it
becomes an important factor in rainfall and flood forecasting given the scale dependence
of cumulus schemes at high resolutions needed for grid-based hydrodynamic models. This
was especially observed in modelling the flood depths. The Grell- Freitas convection
scheme was selected given it is a scale-aware scheme suitable for resolutions <10km -
3km. Our results indicate that turning the CPS on and off influenced simulated rainfall
spatial and temporal patterns, which is in line with previous studies (Jeworrek et al., 2019).
All runs and events forecasted the occurrence of an extreme rainfall event but with
variability in magnitude and placement, especially at neighbourhood scales less than
200km. The effect of the parameterisation varied with events, which is expected as effects
vary with the size and characteristics of the event and depend on the role of convection in
the event formation. One notable difference is the mismatch of the timing of the peak,
which results in a delay in peak flood time. When comparing the 10km and 1.1km
resolution it was shown that even though the inner domains are exhibiting higher rainfall
accumulations than the parent domain, rainfall peaks do increase when the CPS in turned
on in the smallest domains (R3). This is similar to the findings of Robaa and Wahab
(2019) and Ibrahim (2020) who evaluated the sensitivity of WRF to convection schemes
and found there was an overestimation of rainfall when cumulus schemes are turned on
in the smaller domains.

When a 4™ domain was used to capture a smaller resolution, it appears the runs either
under-forecasts or over forecasted. In general, downscaling to 0.37km using a 4™ domain
did not improve the rainfall forecasts but instead resulted in lower or higher rainfall totals
and flood depths when compared to MSWEP and IMERG. While the findings indicate
using a 4th domains to achieve finer resolution did not provide any improvement. It was
not possible to draw a definitive conclusion about whether R2 or R3 gave better results
as the results varied according to the events and their characteristics. However, when the
cumulus schemes are turned off in R1, forecasts intended to under forecasts which suggest
that CPS scheme should be used for grid sizes less than 10km.
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4.5.2 Varying scales with flood forecasting approaches

Generally, in urban flood simulation and forecasting, accuracy is a key factor (H. Wang
et al., 2022). The results show challenges in using WRF for flood forecasting, especially
when trying to predict flooding at manholes. Although there is a mismatch in the timing,
there is better agreement on the magnitudes of the peak. Despite these differences in the
results, the models were able to predict an extreme event which resulted in flooding. For
both the rainfall threshold method and flood model, the runs were successful in detecting
an extreme event but performed better with the 10km and 1.1km (D3) resolutions for the
higher thresholds 20 mm and 32 mm while the 0.3km gave the lowest POD and CSI scores
and higher scores for the FAR. All runs performed well above the 50mm rainfall,
indicating that all forecasts agreed with not predicting “very extreme” rainfall
accumulations. For the 1D real-time simulated discharge, the 10km and 1.1km(D3) grid
also performed best with NRMSEs of 0.42 and 0.43 and KGE above 0.4 for R2 and R3
but in general, the 0.37km performed worst Our study indicated no gain in increasing
resolution below 1 km when evaluating the flood model results irrespective of the
cumulus configuration for Alexandria, Egypt Therefore, while it is assumed that higher
resolutions will improve the spatial extent and durations of rainfall outputs by capturing
more realistic sub-grid model dynamics, the finer spatial resolution can also introduce
errors which does not justify the increased computational resources required for running
such high-resolution models (Kain et al., 2008; Roberts, 2008; Schwartz et al., 2009).

There are some challenges to overcome and improvements to gain in achieving the 1km
resolution. The big advantage of this resolution is that it is suitable for running small-scale
flood simulation models and can capture the variability in rainfall, thereby improving the
quality of the flood forecasts and the opportunity to increase the effectiveness of flood
risk management actions at specific locations. However, when more city scale actions are
to be taken, such as issuing warnings, the coarser 10km is suitable. Previous studies (Liu
et al., 2012; Woodhams et al., 2018; Goodarzi et al., 2019; Liu et al., 2021) also found
good rainfall simulation results at 3—4 km horizontal grid spacing, but it should be noted
these studies did not consider a hazard estimation method. Thorndahl et al. (2016)
highlighted the limitations and trade-offs of using a 3 km grid NWP model vs 0.5 km
radar rainfall for urban pluvial flood forecasting to capture the rainfall variability and
intensity needed for accurate flood predictions in urban environments. While the study
found the 3 km grid NWP rainfall was limited, our study found the 1km grid resolved
NWP rainfall had some skill in detecting the correct flood class, flood depths and number
of flooded manholes, especially at lead times up to 24 hrs. Therefore, when developing a
flood forecasting system, lead time, cumulus configuration and domain resolutions should
also be aligned with the flood forecasting approach, the capability of local decision-
makers and the requirements for specific actions.
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4.5.3 Making imperfect forecasts useful

The rainfall threshold method is quick, simple and convenient, giving forecasted flood
classes and does not require complex models. The 1D model, forecasted discharge, flood
depths and the number of flooded manholes. The analysis results indicate challenges in
using WREF forecasts for flood forecasting at the city scale for both methods. Therefore,
even though the results do not always match the flood classes per pixel or flood depths of
the observed runs exactly, the forecasts have sufficient skill to raise alert and preparedness
levels. Lead time is essential for forecast-based actions considered in the analysis and
depends on the specific action. Hazard-reducing actions such as cleaning drains and
increasing storage via pumping can range from a few days to a few hours, depending on
the event's severity, whereas exposure-reducing measures such as traffic measures and
evacuations require hours.

Results found that although the 72h rainfall forecast is less accurate than the 24h rainfall
forecast, there is still enough skill to use these forecasts to detect the phenomena and the
city's scale. However, below the 50km scale, these other lead times are shown to be less
skilful. Therefore, instead of using one method, the rainfall threshold and flood simulation
results can be combined and used by decision-makers to make a decision especially when
incorporated with predefined emergency preparedness protocols and triggers. Once a
threat is detected in these forecasts, the rainfall threshold methods can be used to identify
at-risk areas at the governorate scale. Given the skill of the 24h lead time, the WRF can
then be run at a higher resolution at this lead time so that rainfall forecasts can be used in
the hydraulic model to forecast areas/ districts/ manholes at risk of flooding.

While our research only examined three events, further studies are essential to evaluate
more events and the robustness of thresholds that capture the non-linearity of flooding.
The real-time flood model requires more data, computational resources and model
calibration and uncertainty in model inputs especially when physically-based modelled
are used to represent hydrological processes. The advantage of real-time approaches lies
in their ability directly model spatial variability and its impacts at city scale which is
beneficial to areas that do not have high-resolution observations (Hofmann &
Schiittrumpf, 2019; L. J. Speight et al., 2021). Therefore, while the accumulated rainfall.
Given the reliance of the peak intensity on and as an indicator, it may be more useful to
use peak intensity vs accumulation or timing as an indication for potential flooding (Umer
et al., 2021). The practical value of these results depends on how a decision maker values
forecast accuracy and which variables are most important to decision-making: peak
intensity, peak discharge, flood depth, total number of flooded nodes or the identification
of a threat.

This allows decisions to be reviewed and updated in tandem which increases preparedness
at longer lead times This can be valuable for complex data-scarce urban areas that lack
information to refine models or where long lead times are needed to increase preparedness
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(Speight et al., 2021, Corral et al., 2019) compared a rainfall-based forecasting system
using hazard level and a rainfall-runoff model to compute the stream flows at pixel scale
and found similarities in the use for early warnings for flash flooding.

4.5.4 Limitations and Future Research

The unavailability of sub-daily data is one of the biggest challenges in performance
evaluation in data-scarce regions. Gauge data is only available at a daily resolution and
the satellite-derived rainfall estimates and reanalysis data are at coarser resolutions than
the forecasts and have their own bias. This was highlighted by the differences in MSWEP
and IMERG data. Still, our results showed that MSWEP and IMERG data were able to
corroborate the occurrence of extreme rainfall and node flooding for respective events.
However, there was some variability in the severity. This further supports the use of
satellite and reanalysis data in the absence of gauge data (Mekonnen et al., 2023; Nashwan
et al., 2019) for the rainfall threshold approach, sensitive to thresholds and in the absence
of measured discharge data to evaluate the forecast data.

This research evaluated three events. It did not aim to make a conclusive statement about
best model configurations and setup but rather to assess how hazard classes vary when
high-resolution precipitation at different scales are used with different flood forecasting
approaches in data-scarce regions. Post-processing and data assimilation of forecast
precipitation are methods used to improve the accuracy, sharpness and reliability of the
forecast by removing systematic errors (Verkade et al., 2013; Crochemore et al., 2016),
but it is still reliant on the availability of robust observational data at suitable resolutions
which were not available for this study. Data assimilation and bias correction methods
such as Kalman Filter or quantile mapping (Béardossy et al., 2021; Mapiam et al., 2022)
should be incorporated into the flood forecasting chain to update forecasts when real-time
data is available.

Future research should consider how performance varies with rainfall and storm
characteristics. Sources of uncertainty have not been elaborated in this research. In
particular, there is uncertainty in initial conditions and urban model uncertainty, which
are important components. Probabilistic or ensemble approaches can be used to explore
uncertainty in the placement and distribution of rainfall (Bding et al., 2020; Brendel et al.,
2020; Ravazzani et al., 2016; Rico-Ramirez et al., 2015; Yang et al., 2016; Young et al.,
2021). The ultimate goal will be more accurate, higher resolution spatial and temporal
rainfall estimates through weather radar or an increased number of gauges and collection
of discharge data. The present study was limited by the availability of photos and impacts
to validate the models. In the future, a database of historical flood hazards and impacts
will remain invaluable and should be prioritised for verifying and determining expected
impacts.
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4.6 CONCLUSIONS

This research employed a limited area Weather Research and Forecasting (WRF) model
in the context of urban-scale flood forecasting for Alexandria, Egypt, to evaluate if
increasing the spatial resolution along with varying treatments of convection improves
flood forecasting using a rainfall threshold and real-time urban model. It was found that
the WRF model effectively identified extreme weather phenomena and the rainfall
threshold method correctly distinguished hazard classes at the district level. However,
rainfall magnitudes, distributions and classes depended on the model configuration and
cumulus scheme used, particularly at convection-resolving resolutions (>3km). A timing
delay of peak flows and flood depths was observed, however, the 1.1km grid resolution
was found to provide the best performance, especially when comparing flooding at
specific manholes. The rainfall threshold gave POV and CSI values above 0.5 for all
events for the 20mm threshold and the outflow discharge KGE values ranged from 0.4-
0.8 for the 1.1km. For both the rainfall threshold and urban flood modelling approaches,
there was no improvement in using a fourth domain at (0.37km) over the 1.1km or 10km
grid resolution regardless of the cumulus configuration. POV and CSI values were below
0.5 for all events for all runs and KGE values below 0.27. Both the 1.1km and the 10km
resolution require fewer computing resources than the 0.37km. Therefore, while higher
rainfall resolutions are required for urban scale modelling, this study highlighted that
smallest resolution did not lead to improved hazard estimation. Additionally, the runs
exhibited good skill in detecting extreme events at the 72LT but less skill at the 12hLT
lead times and at various useful neighbourhood sizes, with the rainfall threshold method
for all runs at coarser resolutions.

Despite challenges in using high-resolution rainfall for flood forecasting, the good
performance of both the rainfall threshold and real-time simulation methods suggests the
potential for their combined use rather than using one over the other. Cities can use real-
time simulation methods as more data becomes available to build models. Combining
WREF forecasts with rainfall threshold methods allows early warning and flood forecasting
at longer lead times without having to run complex flood models. When flood models are
available, they can be coupled with WRF forecasts to provide more detailed information
on the specific flood locations and depths at shorter lead times, but these results are also
sensitive to the WRF model configurations as smaller resolutions do not necessarily
predict more accurate forecasts. Combining a rainfall threshold and real-time forecasting
model with a suitable cumulus configuration capitalises on the strengths of each method,
which is invaluable for decision-makers in coordinating resources and implementing
location-specific measures, particularly in conjunction with prior knowledge of high-risk
areas.

Limitations for high-resolution modelling have been focused on the limits of
computational resources but this research highlights there are also limits on quality. It is
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best to understand how methods can complement each other in data-scarce regions while
being mindful of lead time, model configurations, cumulus schemes and resolutions.
Forecasters and end-users must determine the useful resolutions and neighbourhood sizes
that align with the specific goals of flood forecasting applications. As technology
continues to advance and more real-time data becomes available, the use of high-
resolution rainfall models hold promise for improving local forecasts and enhancing our
ability to mitigate flood-related risks. Overall, this study advances our understanding of
urban-scale flood forecasting in data-scarce regions: it stresses the importance of
considering lead time, neighbourhood size, resolution, cumulus configuration and
integration with drainage models. The findings offer a foundation for the development of
effective flood forecasting methodologies for anticipatory flood management and
decision support tools despite the challenges in data-scarce cities. Finally, this research
reiterates the need to understand the independencies and limitations of the aspects of the
flood forecast chain; the meteorological output, the flood forecasting method and the data
and methods used for verification with the overall goal for improved decision-making and
preparedness.
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5.1 INTRODUCTION

In cities, the success of flood forecasting requires predictions of flood occurrence, water
levels, flood depths, timing and locations, with sufficient information and lead time to
issue warnings and implement early actions. The term predictive uncertainty refers to the
probability of a future event given the information available up to that time (Todini et al.,
2018). Predictive information can be obtained from meteorological forecasts for use in
rainfall threshold methods or for feeding into hydrological and hydraulic models.
Predictive uncertainty can be represented through statistical post-processors, multi-model
ensemble forecasts, model updating through data assimilation and expert forecasters’
judgment.

While statistical methods apply a post-processor to a deterministic forecast, ensemble
approaches generate multiple runs, whereby every run is considered equally likely and
plausible. However, they are inherently associated with large uncertainties, reducing their
reliability and value, especially in data-scarce regions. The primary sources of uncertainty
arise either from input data (i.e., physical measurement errors, differences in spatio-
temporal scales between model and measurements and meteorological forecasts) or from
the model itself through the mathematical simplification and parameterisation of physical
processes (Borga et al., 2008).

Several studies have provided guidance on appropriate uncertainty methodologies
(Pappenberger et al., 2006) and frameworks for identifying, estimating and
communicating uncertainty (Beven et al., 2018; Doyle et al., 2019; Hall & Solomatine,
2008). With the adoption of ensemble weather predictions from numerical weather
prediction models, probabilistic approaches have been used to quantify uncertainty for
risk-based approaches. Each ensemble can be translated into a hazard state (Chapter 4) or
ensembles of surface runoff, discharge or flood depth, giving a representation of
uncertainty and increased confidence in the forecast (Boelee et al., 2019; Cloke &
Pappenberger, 2009; Duan et al., 2018; W. Wu et al., 2020).

In section 1.5, we have argued for the use of probabilistic and uncertainty information
within a structured, formalised risk-based decision-making process. Building on this, the
next chapter (Chapter 6) proposes to incorporate the ensemble forecasting uncertainty
into a Bayesian Decision Framework for anticipatory flood management. The main
objective of this chapter is to assess the skill of the ensemble rainfall forecasts and to
develop probability distributions conditioned on critical rainfall thresholds that will be
used in the Bayesian Decision Framework (Chapter 6). Therefore, the focus of this
chapter is limited to presenting the ensemble forecast verification to be used in the next
chapter. This chapter first outlines the model setup and data used for the ensemble
forecasts verification metrics.
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5.2 DATA & METHODOLOGY

This research analysed simulated ensemble rainfall over the city of Alexandria, Egypt at
the 24h lead time. The Weather Research Forecast (WRF) model was initialised using the
Global Ensemble Forecast System (GEFS), which provides 21 ensemble members. The
ensemble rainfall was first verified using GPM-IMERG Final Precipitation Products V7
(Huffman et al., 2019) henceforth referred to as IMERG. The WRF setup used for the
ensemble rainfall runs is described in the next section.

5.2.1 WRF model and configuration

Ensemble forecasts were sourced from the National Oceanic and Atmospheric
Administration's (NOAA) GEFS archive. Records are available from 2017 to the present.
Before 2017, historical forecasts were archived at 1-degree resolution; since 2017, they
have been available at 0.5 degrees. The WRF model was set up with three domains, with
a nesting ratio of 1:3:3 and spatial resolutions of 30 km for domain 1 (D1), 10 km for
domain 2 (D2) and 3.3 km for domain 3 (D3) (see Figure 5.1). The inner domain (D3)
covers Egypt’s north coast and the wider Mediterranean. All spatial domains had a
vertical resolution of 45 layers. The ensemble runs used the same parameterisation and
physics schemes as the deterministic runs, adopted from Lui et al. (2021) and Young et
al.,(2025). The national high-performance computing system Snellius, operated by SURF
in the Netherlands, was used to perform ensemble simulations. The system runs on a
Linux-based operating environment, which was used to configure the WRF Pre-
processing systems (WPS) and WRF models before execution on the SURF nodes. Model
runs were distributed across multiple computing nodes, each equipped with dual AMD
Epyc Rome processors (64 cores per processor, 128 cores per node) and 256 GB of RAM,
enabling large-scale parallel computing for different parameterisations, domain
configurations and multiple ensemble forecast runs.

5.2.2 Events

Events were selected from the period Oct 2018 — Jan 2021 based on the availability of
historical flood records. Events were selected using a criterion of daily observed gauge
rainfall exceeding 10mm/day at the Nouzha airport and the presence of a flooding record.
In total, 15 events exceeding 10mm/day were identified for the period Oct 2018 to Jan
2021. Given the large computational requirements for ensemble runs, the events were
reduced to 9, which provide a mix of low- and high-intensity events with a record of
flooding. For the selected period, three (3) events were chosen for the winter period, Oct
2018 — April 2019, four (4) for Oct 2019- April 2020 and two (2) for Oct 2020-Jan 2021
(Table 5.1). The timing of the events was verified on the weather website Tutiempo,
which provides a record of weather conditions as part of daily Meteorological Aerodrome
Reporting (METAR). Event 0 was used as the calibration event. Analyses were done for
the 12, 24, 48 and 72 h lead times, but only the results for the 24 h lead time are presented.

103



Ensemble rainfall verification

40°N

38°N

36°N

34°N

32°N

30°N

28°N

26°N

Figure 5.1 Ensemble run domain configuration for D1, D2 and D3 GEF'S Ensemble
runs

Table 5.1 Summary of rainfall events used in the hindcast analysis from 2018-2020.
Event 0 is used as the calibration event. Gauge rainfall source from
https.://www.tutiempo.net/

Event # Year mm/dd Gauge mm/d Event # Year mm/dd Gauge mm/d

0 2015 10/25 32.1 5 2019 12/25 17.02
2019 12/26 21.08
1 2018 11/09 17.02 6 2020 01/03 10.92
2020 01/04 36.07

2 2018 12/04 29.97
2018 12/05 2311 7 2020 03/12 7.87
2020 03/13 27.94
3 2019 01/14 10.92 8 2020 11/07 13.97
11/08 10.92
4 2019 10/24 12.50 9 2020 1120 13.97
2019 10/25 28.81 2020 11/21 18.03

5.2.3 Rainfall Verification

Categorical Scores

Ensemble rainfall forecasts were verified using categorical scores: Probability of
Detection (POD), False Alarm Ratio (FAR), Critical Success Index (CSI) and Accuracy.
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A 2x2 contingency table was used to quantify forecasts into a single value score indicating
whether the forecast predicted an event or a non-event. POD measures the system’s ability
to detect when an event, or, in this case, a specific threshold, is exceeded. POD values are
undefined when hits and misses =0, in the case where neither value exceeds the defined
threshold. In this case, Accuracy is used to measure both events and non-events. Further
details and the equations used to determine the categorical scores are described in Chapter
2, Section 5.

Continuous Ranked Probability Score (CRPS) and Brier Score

Given that the study was carried out on a limited number of events, only verification
suitable for event-based metrics was used. The Continuous Ranked Probability Score
(CRPS) measures the difference between the cumulative distribution function (CDF) of
the ensemble forecasts and the CDF of the observations. The CRPS reduces a single value
of the mean absolute error for an ensemble forecast, which means it can be used directly
to compare the accuracy of an ensemble forecast with that of a deterministic forecast
(Casati et al., 2008). A perfect Brier Score is zero and a smaller score is desirable, which
occurs when the forecast probability equals the observed frequency. Equations used to
calculate CRPS and Brier Score are described in Section 2.5.

The verification analysis was carried out at 10 specific rainfall grids that correspond to
known flood locations and grids covering the Gomok area of Alexandria, against GPM
IMERG rainfall, which is available at 0.1 degree (~10km) resolution but was resampled
to 3.3km (Figure 5.2). Verification was carried out for the maximum 1h rainfall intensity
over a 24h period, rather than the 24h accumulated rainfall, to account for variability in
the timing of peak rainfall intensity. The 1h rainfall intensity was used to capture the
short-duration high-intensity rainstorms that occur in Alexandria. Thresholds for the
Brier score and categorical scores were derived from Alexandria’s Drainage System IDF
return period for 1h rainfall intensity with 1-year, 3-year, 10-year and 28-year return
periods, respectively (Table 5.2).

Table 5.2 Maximum 1h Rainfall accumulation thresholds in the forecast verification

Threshold # 1 2 3 4

Rainfall (mm)/1h >0mm/h >6mm/h >9mm/h >14/h
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Figure 5.2 Location of Ensemble Rainfall grids 3.3km in Domain 3 and satellite
precipitation products IMERG grids 0.1 degree

The ensemble results were then compared with metric scores for the deterministic
forecasts. The deterministic forecasts were developed using the model setup described in
Chapter 4 for the 3.3km grid. Finally, the Probability Density Functions (PDF) for the
rainfall grids are presented. Probability Density Functions are used when representing
continuous random variables. For discrete random variables such as the hazard categories
used in the study, the probability mass function is applicable. However, for the purposes
of generalisation, the term Probability Density Function (PDF) will be used.

5.3 RESULTS AND DISCUSSION

5.3.1 Evaluation of the ensemble rainfall forecasts

Verification results are presented and discussed for the ensemble WRF rainfall at a 3.3km
spatial resolution. Results are presented for 10 events (Table 5.1). The WREF rainfall is
then evaluated using rainfall thresholds for forecasting hazard classes. The scatter plots
in Figure 5.3, 5.4 and 5.5 show the 21 ensemble members, the ensemble mean and the
deterministic forecasts for the 10 events and 10 grids against observed values. For Figure
5.3, values from the 21 ensembles are plotted against each observed value, reflecting the
ensemble variability. Points scattered about the diagonal indicate a perfect forecast, while
points above and below the line suggest overforecasting and underforecasting,
respectively.
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Figure 5.3 Scatterplot of the maximum 1h intensity of ensemble rainfall for all grids

against observed rainfall
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grids against observed rainfall
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Figure 5.5 Scatterplot of the maximum 1h intensity of deterministic rainfall for all grids
against observed rainfall

The deterministic forecasts plot (Figure 5.5) shows several outliers above 20mm and
several points above the 1:1 diagonal, suggesting the model tends to overpredict for some
grids and events. Compared to the deterministic forecasts, the mean ensemble plot (Figure
5.4) shows greater clustering of points around the 1:1 line and reduced overestimation,
indicating better overall agreement between the forecasted and observed events.
However, the mean ensemble appears to overly smooth higher values (compared to Figure
5.3), leading to an underestimation of high rainfall intensities. Overall, the ensemble
mean reduces the sensitivity to high-intensity events.

Categorical scores

A perfect score for POD, CSI and Accuray is 1 and 0 for FAR (the indices are defined in
§ 2.5). Values are undefined when hits, misses and false alarms are 0, for example, in
cases where neither the forecasted nor observed value exceeds the defined threshold.
Figure 5.6 shows the verification results for the categorical scores across all events for
different thresholds, as well as a comparison of the mean ensemble scores and the mean
deterministic scores across events.

The results show how scores vary across events and evaluated thresholds. At the lowest
threshold (>0mm), all events achieve perfect scores, indicating consistent rainfall
detection. For thresholds >6mm, ensembles achieved moderate scores with no significant
difference between the mean ensemble and deterministic scores.
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At higher thresholds (>9 mm), both POD, CSI and Accuracy decrease, while FAR
increases, reflecting the increasing challenge of detecting moderate to high rainfall.
However, >14mm showed higher accuracy than the 9mm/h threshold, which can be
attributed to a higher proportion of correct negatives for higher-intensity events.

In comparing the ensemble mean scores and the deterministic average scores, there was
no significant difference between them; however, for 14mm/h, the deterministic forecasts
performed better overall, except for FAR, where both performed poorly.

POD B DET
Performance Metrics per Event Avg 10
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Figure 5.6 Results for POD, FAR, CSI and Accuracy for ensemble rainfall for 10 events.
The last two columns show the average and comparison with Deterministic values (DET)

The Brier score measures the mean squared error of probabilities, with a perfect Brier
score of 0. Table 5.3 presents the Mean Brier Scores for all 10 events for the different
thresholds. Lower thresholds have higher scores, but the 14mm/h threshold performs
better than the 9mm/h threshold, except for events 1 and 4, which consistently show lower
scores.
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Table 5.3 Ensemble Mean Brier Scores where a lower score indicates higher skill.

Event

Thresholds | 0 1 2 3 4 5 6 7 8 9
1(>0mm) | 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
2(>6mm) |0.27 |0.74 [051 |0.08 [0.73 |0.34 |0.47 |0.1 0.48 |0.31
39mm) [039 ]10.79 10.53 ]10.0 0.64 10.61 044 |0.6 0.57 10.6
4(>14mm) | 042 |0.55 ]0.05 |0.0 0.39 10.06 |0.09 |0.38 |036 |0.51

CRPS (§2.5) evaluates the forecast distribution against the observed values and represents
the ensemble mean error across the grids. Figure 5.7 presents how CRPS values vary
across the 10 grids for each of the 10 events. Each boxplot shows how CRPS values vary
spatially across grid locations (see Figure 5.2). The medium CRPS ranges between 2mm
and 4mm across most events, indicating consistent forecast skill. Events #1, 5 and 6
showed lower CRPS medians and narrower interquartile ranges, suggesting greater
reliability and less variability in ensemble performance. Events #0, 4 and 7 display wider
spreads, with event 7 showing the largest variability and the highest outliers above 1 1mm.
However, several other events also showed high outlier values and greater uncertainty
and error spread, indicating higher errors.
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Figure 5.7 Box plot of Ensembles Forecast CRPS values for 10 (#0-9) events analysed
over 10 rainfall grids
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Comparing the mean CRPS with the deterministic forecasts (Table 5.4), the ensemble
forecasts appear to perform slightly better. Ensemble CRPS values ranged from 1.0 to
4.84, with an outlier of 8.6mm, whereas deterministic forecast values ranged from 1.48
to 4.88, with an outlier of 19.2mm, indicating it is difficult to establish which performs
better. Further, approximately half of the events had lower ensemble forecast scores,
while the other half had lower deterministic forecast scores.

Table 5.4 Comparison of mean CRPS values for ensemble rainfall forecasts and mean
Deterministic forecasts across grids lower scores are highlighted in blue.

Event 0 1 2 3 4 5 6 7 8 9

ENS(mm) | 3.3 8.6 2.1 1.0 4.8 3.2 1.4 2.7 3.4 4.4

DET(mm) | 19.2 3.9 4.7 1.9 1.5 4.9 3.3 1.8 2.3 3.0

5.3.2 Grid Rainfall Distribution

Figure 5.8 displays the distribution of the maximum 1h rainfall accumulation for the 10
selected grid points (Figure 5.2) across 21 ensembles for the Oct 25th event. Some grids
show the presence of outliers (grid (3.,2), (2,2), (2,3) and (2,4)) and wide boxplot
interquartile ranges, indicating greater forecast uncertainty and higher variability in the
ensemble predictions. Grid (1,3), (1,4) and (0,5) show higher maximum rainfall values
above 25mm/h and median values ~10mm/h. Other ensemble members have lower
rainfall values but more agreement with smaller values. Grids (4,1), (3,0) and (3,1) have
a smaller spread, but grid (3,0) is skewed toward higher values, with a median of
~1Imm/h.
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Uncertainty of Maximum 1hr Rainfall Accumulation Across 21 Ensembles Oct 25 2015

N P Y Y ¥ N2 Y N Ng o?

Forecast Rainfall Grids

Figure 5.8 Box plot of maximum 1h rainfall accumulation over 24h for the Oct 2015
event, 21 ensembles across 10 selected rainfall grids across Alexandria city. Grid (1.3),
(1.4) and (0.5) on the northeastern coast show greater rainfall intensity variability, as
indicated by wider bars. The rainfall grids are displayed in Fig. 5.2

5.3.3 Probability Density Functions

The threshold defined in Table 5.5 shows four hazard classes with the following rainfall
ranges: 1-5.99, 6-8.99, 9-13.99 and >=14mm/h. These hazard classes are defined as:
Green—low, Yellow—moderate, Orange—high, Red—very high.

Table 5.5 Hazard classes and Maximum 1h Rainfall accumulation thresholds used to
define hazard state categories

Hazard Class Moderate High

Rainfall (mm)/1h 0-5.99 6-8.99 9-13.99 >14

The Probability Distribution for the discrete categories is shown below (Figure 5.9). The
ensemble rainfall probability distributions and corresponding hazard classifications
(Green—low, Yellow—moderate, Orange—high, Red—very high) for 10 rainfall grids
(Figure 5.2) coinciding with flood locations on 24 October 2015 at a 24-hour lead time.
The ensemble forecasts exhibit substantial variability across grids, with probabilities
distributed across multiple hazard categories. Grids (3.0), (1.3) and (0.5) show a
maximum probability in the very high/Red class, indicating high rainfall intensity. Grids
(4,1), (3,2) and (2,3) exhibit higher probabilities in the Green or Yellow classes, reflecting
lower-intensity events. The figure also illustrates the spatial variability of ensemble
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forecasts of adjacent rainfall grids, exhibiting the importance of higher resolution

forecasts.
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Figure 5.9 Ensemble forecasts distributions and respective hazard categories for 9 of
10 rainfall grids which coincides with flood locations (Figure 5.2) for the 24h lead time

on Oct 24" 2015
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Figure 5.10 Ensemble rainfall distribution 24h lead time on Nov 19", 2020 and
respective hazard categories (Table 5.5) for 9 of 10 rainfall grids which coincide with
known flood locations(Figure 5.2)

Compared to the 2015 event (event #0), the ensemble forecasts for the Nov 2020 (event
#9) show relatively narrower distributions, with most grids showing dominant
probabilities in the yellow and orange categories (Figure 5.10). Grids (2,2) and (2,3)
indicated higher probabilities for the red category, suggesting localised higher rainfall
intensities in these areas. However, the absence of dominant probabilities across several
grids indicates continued forecast uncertainty, especially in distinguishing between
significant (Orange) and severe (Red) rainfall intensities, as well as between the green
and yellow categories.
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The ensemble captures a wide range of possible outcomes. However, the absence of a
dominant hazard category in several grids can limit the use of the maximum probability
category or the use of categorical or probability thresholds needed to trigger anticipatory
flood actions.

5.4 CONCLUSION

This chapter investigated the skill of ensemble grid rainfall forecasts for 10 events across
the city at specific known flood locations and compared them with deterministic forecasts.
The ensemble rainfall forecasts were simulated with the WRF model forced by GEFS
members and verified against GPM-IMERG rainfall products. The evaluation used
categorical metrics (POD, FAR, CSI and Accuracy) and probabilistic scores (Brier Score
and CRPS) to quantify forecast skill across rainfall thresholds and spatial grids.

The ensemble and deterministic forecasts performed comparably across most thresholds
showing skill and limited skill depending on the thresholds and metrics. When comparing
the CRPS score, which represents mean error and accuracy, there was no clear winner.
However, the deterministic forecasts showed slight improvement over the ensembles
when evaluated using the categorical scores. Lower thresholds achieved higher scores,
whereas forecast skill decreased with increasing rainfall intensity, consistent with the
increased difficulty of forecasting high-intensity events. CRPS and Brier scores showed
variability across events and spatially, highlighting the sensitivity of ensemble
performance to both event characteristics and location. Therefore, overall, it is difficult
to make a conclusive statement as to which product performed best.

Some events were also harder to predict, partially due to variable dynamics, model
physics, spatial variability, or boundary conditions. Ensemble hindcasts are retrieved at 1
degree, which is relatively coarse compared to the deterministic forecasts stored at 0.25
degrees and this can also result in reduced performance. For the two events analysed,
the probability distributions of hazard classes demonstrated high spatial variability
and ensemble spread. In some grids, ensembles showed a dominant hazard class,
while in others, probabilities were distributed across multiple hazard classes.

In the future, ensemble rainfall forecasts could benefit from bias correction at smaller
spatial grid scales or as more gauge data becomes available. The analysis considered
ensemble rainfall uncertainty using only the rainfall threshold method hazard
classification. A decision was made not to simulate ensemble flood forecasting using
the urban model due to difficulty calibrating the model for both high- and low-
intensity
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rainfall events and the variability in peak timing. Ensemble flood forecasting is especially
challenging in modelling complex sewer networks, which have daily flow variability
depending on the time of day, as well as complex pump networks and operating rules.

The results highlight the challenges and opportunities of quantifying predictive
uncertainty and linking probabilistic rainfall forecasts to hazard likelihoods. In Chapter 4,
we explored the skill of the high-resolution deterministic forecasts and the influence of
spatial scales. The outcomes of this chapter indicated that while deterministic forecasts
have skill, this skill varies with events and across metrics. These results support moving
from deterministic to probabilistic approaches to gain confidence in forecasts and support
the adoption of risk-informed decision frameworks. The next chapter builds upon these
findings to explore how such probabilistic information can be integrated into anticipatory
flood management systems and decision support processes.

Data Availability statement

The NOAA Global Ensemble Forecast System (GEFS) data that support the findings of
this study are openly available from the https://registry.opendata.aws/noaa-gefs/

GPM IMERG Final data is openly available from the National Space Agency (NASA) at
https://gpm.nasa.gov/data/directory

Other data underlying this Chapter can be found in Version 1.4TU.ResearchData. dataset.
https://doi.org/10.4121/0ee90alc-bb09-4c3a-968c-7fced78c8bea.v1
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A BAYESIAN DECISION
FRAMEWORK FOR ANTICIPATORY
FLOOD MANAGEMENT

3 Alexandria City in Egypt is increasingly affected by pluvial flooding due to extreme
rainfall events, rapid urbanisation and inadequate sewer infrastructure. When combined
with other flood mitigation measures, flood forecasting and early warning systems can
reduce damage by improving preparedness and providing decision support for forecast-
based actions before an event. Ensemble prediction systems (EPS) have been proposed to
quantify forecast uncertainty, but the extent to which they are useful for supporting
decision-making in flood anticipatory actions in an urban, data-scarce city has not been
fully explored. This research proposes to go beyond forecasting and demonstrate how a
Bayesian decision-theory framework can identify optimal anticipatory actions that
minimise expected losses associated with different flood-vulnerability characterisations
for selected neighbourhoods (Shyahkas) across Alexandria. Results show that risk-based
approaches can support decision-making under uncertainty, compared with relying solely
on ensemble means. However, careful consideration is required to define suitable loss
functions that reflect emergency managers' risk preferences and the local flood context in
Alexandria. This study proposes to close the gap in translating forecast uncertainty into
actionable information for local-scale emergency response. It highlights the potential of
risk-based decision support systems and provides insight into their future applications for
operational use. This work contributes to improving flood resilience against pluvial
flooding in Alexandria and other flood-prone cities in the region, despite limited data.

3 This Chapter is based on Young, A., Bhattacharya, B., Daniéls, E. and Zevenbergen, C. ‘Incorporating Forecast

Uncertainty into Anticipatory Flood Management using a Bayesian Decision Support Framework (under review)



A Bayesian Decision Framework for anticipatory Flood management

6.1 INTRODUCTION

Making decisions under uncertainty poses a challenge to all decision makers. High-
resolution data and forecasts are required to identify local-scale targeted actions. However,
city and district emergency managers and officials face challenges about what, where and
when to implement actions (Ernst et al., 2018). Given the uncertainty in the forecasts’
magnitude, location and timing of extreme rainfall and floods, expected impacts, or the
likelihood of those impacts, there may also be a mismatch between the forecast scale and
the scale at which decisions must be made. In many cases, city-scale decisions are made
using too coarse forecast information, simple heuristic rules combined with emergency
manager’s experience of past events. However, this can lead to missed events or false
alarms, associated losses, and, over time, deterioration in trust due to incorrect actions.

Much of the scientific research addresses the use of probabilistic methods over
deterministic forecasts to quantify the uncertainty of input and model parameters on
predicted values and increase confidence, but independent of the decision-making process.
For example, exceedance of probabilistic or ensemble thresholds and risk matrices have
even been used to determine responses or issue warnings (Dale et al., 2012; Ponzano et
al., 2025). Alternatively, de Perez et al.,(2016) used the False Alarm Ratio (FAR) of
probabilistic forecasts to trigger humanitarian actions. However, Morss et al. (2010) and
Kox et al. (2015) found that, in the use of warnings by emergency services, no single
probability threshold could be identified to trigger mitigation measures and respondents
tended to select actions based on low-probability forecasts.

Joslyn and LeClerc (2013) found that the use of numeric uncertainty estimates in weather
forecasts increases trust, given a range of possible outcomes and the amount of
uncertainty, but the advantage of uncertainty estimates depends on the user’s cognitive
process and decision context. Therefore, how probabilistic forecasts are best used by and
communicated to end users or translated into actions is less agreed upon and it remains a
challenge on how to support decision makers (Crochemore, Ramos, Pappenberger, et al.,
2016; Demeritt et al., 2016; Fundel et al., 2019; Leskens et al., 2014; Morss et al., 2010;
Rabb et al., 2019; M.-H. Ramos et al., 2010; L. J. Speight et al., 2021).

Probabilistic Decision Frameworks

Probabilistic decision frameworks are one such way to provide decision support via a
formal and systematic method of incorporating uncertainty through probabilistic forecasts,
different alternatives and damage, to evaluate risk and different alternatives (Simpson et
al., 2016). Prescriptive decision-making focuses on how decisions should be made, versus
descriptive decision-making, which aims to explain how decisions are made. Several
researchers have used probabilistic forecasts and prescriptive decision frameworks to
issue warnings or take actions by assessing the economic value (Hirschberg et al., 2011;
Mylne, 2002; van Andel et al., 2014; Verkade and Werner, 2011). The cost-loss ratio
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(Murphy, 1977), in its simplest form, seeks to evaluate the economic value of making
decisions by comparing the cost, C, of a measure/warning to the losses, La, that would be
avoided. It has since undergone several iterations to accommodate probabilistic warning
thresholds and false-alarm intolerance (Roberto Buizza, 2008; Mylne, 2002; Richardson,
2000; Roulin, 2007; Roulston and Smith, 2004; Verkade and Werner, 2011).

Dale et al. (2012) also proposed a risk-based, probabilistic benefit-cost decision
framework that similarly accounts for uncertainty and the consequences of adverse
outcomes. Each ensemble member is assigned a monetary value of expected flood loss
and the average loss is then compared with the costs of taking a flood risk mitigation
action.

Decision frameworks have also been applied for humanitarian actions and economic
value. Bischiniotis et al. (2019) used a two-stage decision-tree action system to evaluate
forecast information at varying qualities and lead times to assess the economic value of
Early Warning Early Action systems. Lopez et al. (2018) explored a valuation approach
based on expected value to selected forecasts (magnitude, probability and lead time) and
setting probability thresholds to trigger humanitarian actions. However, these frameworks
are considered risk-neutral and the uncertainty around defining the probability thresholds
that trigger an action and their suitability for flood forecasting, is debated (Addor et al.,
2011; Matte et al., 2017). To consider the risk attitudes of disaster managers and
humanitarians (Matte et al., 2017) and (Lala et al., 2021), respectively both considered
utility functions which incorporate end-user preferences by including risk aversion, which
refers to a decision maker willing to pay a certain amount of money to avoid any risk
associated.

Bayesian Decision Framework (BDF) using Bayesian Decision Theory (BDT) helps
achieve an optimal decision strategy under uncertainty (De Groot, 2004) and allows
flexibility in incorporating the strengths of end users' risk-taking preferences (see Section
2). Bayesian decision theory uses prior probability distributions, probability distributions
of the future state of nature (hazard), i.e., the forecast and a utility or loss function that
incorporates end-user preferences for possible actions. Krzysztofowicz (1993) used
Bayesian decision theory in searching for the optimal decision rule using a binary utility
function in flood forecasting and warnings and others have followed in advocating for its
usage in issuing warnings and taking actions (Biondi and Todini, 2018; Economou et al.,
2016; Martina et al., 2006; Todini, 2017).

The decision problem is multidimensional and multidisciplinary, determined by spatial
and temporal variability and the quality of information, which varies with lead times,
cascading uncertainty in forecasts and varying vulnerabilities. Taking the wrong
anticipatory flood actions could result in losses due to acting in vain or missed events.
Further, the challenge continues on how to translate national and regional forecasts to
local actions in cities. Therefore, decision-making could be improved by using a
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structured decision framework which reduces losses and considers uncertainty, decision-
making at relevant spatial scales, adaptable to the information available, a range of actions
used and end user requirements.

This research aims to demonstrate how probabilistic information can be incorporated into
local-scale anticipatory action decisions by combining probabilistic forecasts with risk-
based information to trigger actions. Risk-based approaches that consider the likelihood
of the event and the consequences, linked not only to physical characteristics but also to
socio-economic characteristics. This chapter uses a BDF to incorporate forecast
uncertainty for local-scale decision-making and trigger spatially varying anticipatory
flood decisions using a rainfall threshold hazard classification method. Further, this
research explores how optimal actions vary across different decision parameters,
vulnerability considerations and event characteristics.

This chapter, first details the methodology used to develop the variables for the BDF:
probabilistic forecasts, decision variables, alternative actions and losses. The BDF is then
tested on hindcast data of past events. The research is carried out in the coastal city of
Alexandria, Egypt, which occasionally experiences extreme weather events that cause
significant flooding and disruption to life throughout the city (Zevenbergen et al., 2016).
City officials presently take actions using country-region-scale forecasts and experience
from past flood events. However, there is an opportunity to improve the decision-making
process, especially given the uncertainty associated with forecasts. Although BDT has
been proposed by others as discussed above, its use in the flood and disaster risk
management field is limited. This research contributes to the field by demonstrating the
application of BDT wusing uncertainty from local-scale ensemble forecasts and
considering decision makers' attitudes and vulnerability for data-scarce cities, which, to
our knowledge, has not been done previously.

6.2 A BAYESIAN DECISION FRAMEWORK FOR ANTICIPATORY ACTIONS

Bayesian decision theory uses Bayes' Theorem (Eq 6.1) to define the posterior probability
and a utility function that describes the decision maker's preference for selecting the
optimal action over other alternatives.

P P P P
Bayes Theorm: P(x|y) = WL’&)W) = nl(il(xy)wg)l?(x) (6.1)
]:
a*(y) =argmin},Lla,x]P(x|y) (6.2)

a€cA

P(x]y) is the posterior probability of the future state given predictive weather information;
P(y) and P(x) are the prior probability and the likelithood (probability) P(y|x) of the
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possible states of nature (x). The objective of the decision model is to minimise damage
by selecting the optimal action given the forecast's uncertainty.

The loss function L(a, x) describes the losses incurred from taking an action a (such as
opening a sluice or closing a gate) for state x. The expected loss is obtained by combining
the loss function with the probability distribution of possible states. For discrete values,
the expected loss is calculated as the sum of the products of the loss and the probability
of each state. For continuous values, the expected loss is calculated as the integral of this
product over all possible states. In the context of anticipatory actions, P(y) is the
probability density function of ensemble forecasts.

A brief introduction to Bayesian Decision Theory was presented in Section 2.7.

In the case of flooding, the Decision Rule (DR) states that the optimal action a*(y) (Eq.
6.2) is the action that minimises the expected value of loss E(L[a,x]) associated with the
risk of all states (i.e., the loss multiplied by its probability (Lindley and Smith, 1972). The
advantage is taking an action based on its risk rather than making a decision based on the
most likely state exceeding a probability threshold determined from the ensemble forecast
(Harvey et al., 2022).

6.2.1 Defining the Loss Function

In BDT, the concept of utility is used but for the application of anticipatory action, utility
is translated into a loss function. Loss function L[a,x], presented as a loss matrix (Table
6.1) is a concept used widely in many fields for mapping values of loss by assigning a
numerical value of loss to each possible outcome associated with an action given the true
state of nature (Harvey et al., 2022). In flood risk management, depth-damage curves per
land-use class are used to estimate direct flood damage based on a hazard probability
(Huizinga et al., 2017). Dutta et al. (2003) proposed parameter-based depth-damage
curves based on depth, duration and velocity, fitted to historical data for urban, rural,
agricultural, infrastructure, or traffic damage. Alternatively, in urban areas, flood depths
from pluvial floods are typically lower than fluvial floods (Martinez-Gomariz et al., 2020).
Therefore, previously developed traditional depth-damage curves for fluvial floods lead
to systematic biases in loss estimates (Porter et al., 2023). When depth-damage curves
exist for urban pluvial flooding, they are usually available in high-income, data-rich
countries with access to insurance claims or other sources and cannot be applied to data-
poor regions. Observed damage claims and impacts are often unavailable, especially in
already data-scarce regions, which limits the use of depth-damage curves to accurately
reflect flood damage.

IPCC (2022) defines loss and damage as 'the harm from (observed) impact and (projected)
risks which can be economic or non-economic'. Therefore, while depth-damage curves
and other economic models have been used to quantify damage losses for flood risk
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management and adaptation strategies, the reliance on economic and damage data and
models to solely motivate actions may not be suitable for triggering and activating early
actions.

Table 6.1 Example of a loss matrix where a; represents the set of all possible actions with
(i=1,2,.., m, xi represents all possible hazard states xj (j=1,2,.., n). L(ai., xj) represents
the loss of each possible action ai given the actual state of the hazard xj .

Action Xi vee Xn
a; L(a;x) ... L(aixn)
am L(am,xz) e L(am,xn)

These models prioritise higher property values while underestimating the risk to poorer,
more vulnerable communities, which take longer to recover (Botzen et al., 2019; Kind et
al., 2020). Kind er al. (2020) argue that cost-benefit analysis disregards the unequal
distribution of flood damages that result in greater financial loss and greater impact in
lower vulnerability communities. Small increases in stress or hazard intensity can lead
to disproportionately greater damage and thus, the prioritisation of socially equitable
emergency actions should be considered.

Loss functions have the advantage of incorporating the decision makers' preferences.
From the perspective of flood loss, this relates to decision-makers who consistently take
actions regardless of forecast severity and to risk-neutral or risk-seeking users who avoid
taking actions. Alternatively, risk-averse could refer to a decision maker who prioritises
actions in higher-vulnerability areas. (Lockwood et al., 2024) proposes the use of equity
weights in benefit-cost analysis of flood mitigation measures and adaptation planning to
shift investments towards the poorer population with higher social vulnerability.

Sarlin (2013) used policymakers' preference parameter p and observation-specific
weights to model false or missed alarms during financial crises. Similarly, emergency
management decision-makers will have preferences regarding the relative severity of a
false alarm versus a missed alarm. Missing a severe flood is typically far more costly than
issuing a false alarm. Also, varying vulnerability reflects different preferences, as a
missed alarm would entail higher losses; therefore, balancing false alarms and missed
alarms is central to decision-making (Sarlin, 2013). In the case of flood actions, higher
weights can be applied to areas with higher population density or critical infrastructure to
reflect different risk attitudes.

The loss function framework allows these preferences to be quantified by a parameter p,
which represents the relative weight assigned to the cost of missing a flood versus the
cost of a false alarm. A higher p would indicate a greater concern for missing floods.
Therefore, in the absence of depth-damage functions, the loss function/matrix will be used
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to incorporate vulnerability as a proxy for "loss" and to assess the value of user actions
and expected damage estimates, to determine actions that minimise expected losses.

6.3 STuDY AREA AND DATA

Rainfall and flood hazard, combined with Alexandria's high population density, informal
settlements, ageing infrastructure, poor building conditions and inequitable service
distribution, contribute to the increased risk of flooding (Elboshy et al., 2019). Abdrabo
et al. (2023) previously carried out a spatially varying flood vulnerability assessment of
Alexandria at the neighbourhood level (Shyakhas), considering physical, social and
economic indicators (Figure 6.2). The study utilised both Principal Component Analysis
(PCA) and the Analytic Hierarchy Process (AHP) methods. In general, both methods
showed similar trends in overall vulnerability, with El-Gomrok region of Alexandria
having the highest vulnerability, followed by the Wasat (Middle) District, the El-Gharb
(Western) District, the Northern District and El-Montazah. The AHP tended to have
higher vulnerability values than PCA, but the minor differences showed a similar trend.
Similarly, Elboshy et al. (2019) for pluvial food risk assessment for El Montazah
considered institutional coping capacity measures and similarly found higher social and
physical vulnerabilities in built-up areas, including informal settlements.

— Shyakha Boundaries

Figure 6.1 Overall flood vulnerability for Alexandria using the PCA method. Source
(Abdrabo et al., 2023)

Anticipatory actions in Alexandria

In this research, discussions were held with local decision-makers to better understand
the types of decisions and actions taken and how emergency managers currently
comprehend and utilise forecast information and local knowledge to issue warnings and
take action. The Alexandria Sanitation and Drainage Company (ASDCO) is responsible
for coordinating actions along with the Governorate and the Ministry of Irrigation. The
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Ministry of Irrigation monitors the surrounding irrigation drainage canals and lakes and
manages pumping at El Max point after receiving forecasts from the Egyptian
Meteorological Agency (EMA). Further details of anticipatory flood actions are described
in Chapter 2, Section 2.2.

In Alexandria, the challenge is how to translate national-scale warnings into local-scale
actions that allow tailored actions. Alexandria officials require information at least 24-72
hours ahead of time, including the intensity of rainfall provided by EMA, the location of
flooding to determine where and which action to take. The type of actions taken by
ASDCO include hazard-reducing measures shown in Table 6.2:

Table 6.2 Examples of emergency management actions taken by emergency managers
before a rainfall event

List of Actions List of Actions contd..

1. |Staff and equipment preparedness / |7. | Emptying lift station wells
putting staff on stand-by, coordinating
and increasing staff before an event

2. |Issuing warnings to the public 8. | School cancellations

3. | Deployment of staff to respond 9. | Road closures

4. | Dispatching of suction trucks to known | 10. | Sourcing additional pump trucks.
hotspot locations before event.

5. |Checking and cleaning of known |11. | Issuing a state of emergency
hotspot manholes and lift stations

6. 12. | Lowering levels in irrigation drainage
Deployment of temporary structures . ..
canals to receive additional stormwater

There is no formalised systematic decision framework in Alexandria. Instead, actions and
emergency protocols are taken using an informal process based on the notification that an
extreme weather event will occur from the EMA and historical knowledge of hot spots
and expected impact. Knowledge of hot spot areas is key, as emergency managers and
the Drainage company have a good understanding of areas that flood often, but there is
still uncertainty about the magnitude, severity and prioritisation of locations. Following
the severe flood events in Oct 2015, city officials have become risk-averse and eager to
avoid damage, but there is still the difficulty of taking actions in vain, failing to
sufficiently mitigate the threat, or losing trust over time.
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6.3.1 Ensemble Rainfall Forecasts and Observed Rainfall Data

This research proposes a Bayesian Decision Framework (BDF) that uses probabilistic
forecasts of rainfall, flood depths and vulnerability. The methodology is adaptable to
different hazard estimation methods or flood forecasting approaches and adaptable to
different Actions. The BDF was applied to a rainfall thresholds method where only the
ensemble rainfall forecast is available for the entire city. The analysis was carried out for
several events with low to high probability and severe to moderate severity to evaluate
the influence of different event characteristics.

This analysis used both historical and forecast rainfall data accessed through open-source
online platforms. Historical gauge rainfall records at Nouzha Airport are available from
the National Centre for Environmental Information and the Global Historical Climatology
Network daily (GHCNGd). Gridded rainfall data were sourced from GPM IMERG Final
V7 to capture the rainfall spatial variability. The location of the GPM IMERG grids is
shown (with white borders) in Figure 6.3. Predictive hazard information y was sourced
from the downscaled rainfall forecasts (see Chapter 5). For the period Oct 2018 — Dec
2020, observed rainfall events greater than 10mm/day were selected. This criterion was
based on cross-analysis of historical gauge rainfall IMERG data and known events for
the same period. Ensemble rainfall forecasts of past events were sourced from the
National Centres for Environmental Prediction Global Ensemble Forecasting System
(GEFS). The weather model produces 21 forecasts (ensemble members) to represent
uncertainties in the input data, such as limited coverage, instrument or observing system
biases and the limitations of the model itself (NCEP, 2024). The future values of y vary
spatially across the study area and temporally with lead time. GEFS ensembles were
downscaled over the study area to a spatial resolution of 3.3km and 1-hour temporal
resolution using the Weather Research Forecasting (WRF) Numerical Weather Prediction
(NWP) model (Young et al., 2025). The ensemble rainfall grids used in the analysis are
shown in Figure 6.3. Forecasts were simulated for 00:00 and 12:00 UTC.
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Figure 6.2 Location of Ensemble Rainfall grids 3.3km and satellite precipitation products
IMERG grids (in white).

6.3.2 Flood Vulnerability, Locations and Impacts

Rainfall varies spatially and, therefore, varies with vulnerability classifications. The
vulnerability classes were sourced from the study by Abdrabo et al. (2023) who
previously computed vulnerability classes for Alexandria at the neighbourhood level
(Shyakhas), considering physical, social and economic indicators using Principal
Component Analysis (PCA). Only four vulnerability classes were selected, as they
overlap with historical flood locations. Abdrabo et al. (2023) used three physical
components: building connectivity to infrastructure, building structure and residential
built-up area density. Four social components included population structure, population
social status, population with poor mobility and overcrowding. Finally, the economic
components consisted of the population's work activities, service activities, poverty and
dependency. The final flood wvulnerability class for each administrative unit was
calculated by summing the weighted factor scores for the physical, social and economic
components. In the absence of loss data for Alexandria, vulnerability is used as a proxy
for loss as discussed in Section 6.2.
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Shyakha Ra'lin Shyakha Ri.lil'l Shyakha Vul Ri'lil‘l
Vul Class 1 grid# vyl Class 2 grid# | Class 3 grid#
52 Ambrooz and . 9 Sidi Bishr
Moharm Bek 4,1 40 Bab Sharki 3,1 Qebil 3,0
91 Ras El Tin 32 83 El Magharba 30 | 2,3
Qebil
32 El Reyada 32 21 Fleming 22
31Abou El 3 El Seyouf
Nawateer 32 Qebli 24
8 Sidi Bishir
35 Ezbat Saad 3,2 Bahri 1,3
36 Mostafa
Kamel & Boloky 2,2 12 El Mamorah
10 El Mandara 14
Bahri ’

{ *Flood Hotspot Locations
oEnsemble Rain grids 3.3x3.3km

Districts
=Montazah
=Wasat
Sharq
=Gomork
='Mina_Basal

Alex_Vulnerability Class
=Very Low

oLow

=Moderate

=High

=m\ery High

oShyakha Boundaries

5 7.5 10 km

Figure 6.3 Shyakha Neighbourhood vulnerability classifications and location of
rainfall grids 3.3km covering known flood locations (Blue dots) (adapted from Abdrabo
etal., 2023).

Several flood hotspot locations are known in the city. The Governorate reported over 93
flood hotspot locations in 2020 (Youm?7, 2020). For this study, 17 known flood hotspot
locations were identified after consultation with Alexandria informants and identification
of flood areas from past flood events. The flood locations were overlaid with the flood
vulnerability classes and the ensemble rainfall grids in Figure 6.4. The impacts (Table
6.3) for the different hazard levels were determined through discussions with the
Alexandria drainage company and the collection of historical impacts on social media
and newspapers.

Table 6.3 Flood Impact Table for Alexandria for different hazard levels

Flood depths, Flood hazard Classification and Impacts

Minimal Minor Significant
- Localised floodi
- Wet roads ocarised Hoodng - Flooding of roadways - Prolonged flooding of
. the roadway .
- Some pooling - Flooding exceeds curbs and roadways and road closures
of water on the can enter buildings, physical

roadways
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- Day to day - Slower traffic and damage to building assets and - Traffic comes to a standstill
activities not short term contents and vehicles are at risk of
affected disruption - Vehicles at risk of stalling stalling

- Does not hinder | - Minimal - Road closures and disruption - Flooding exceeds curbs and
traffic congestions of transportation networks can enter buildings, Physical

- Impedes pedestrian - Short-term flooding in tunnels damage to building assets
traffic - Clean up required and contents

- Flooding of ground floors
and lower elevation areas
below road level

- Flooding in tunnels and
under bridges

- Communities displaced

- Significant clean-up required

6.4 BAYESIAN DECISION FRAMEWORK SETUP

6.4.1 Model setup

Risk-based approaches utilise hazard, exposure and vulnerability to categorise a risk. This
approach uses probabilistic hazard information, combined with neighbourhood-scale
vulnerability, to determine the action that minimises expected loss. The following section
further describes the steps taken to develop the BDF:

Step 1: Select prior probabilities of the hazard states.
Step 2: Compute the posterior probability of flooding based on lie of hazard given state.

Step 3: Define the possible actions for the corresponding hazard and vulnerability
classification.

Step 4: Define the loss functions and the loss matrix as functions of the actions, state and
damage.

Step 5: Iteratively, apply all possible actions to identify the optimal action leading to the
minimisation of loss.

The steps (Figure 6.5) are presented using a rainfall threshold hazards classification
approach (Young et al., 2021) and further described in detail in this section.
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Step 1
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Step 3
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Gridded
GPM IMERG

Figure 6.4 Summary of steps used to develop the inputs of the Bayesian decision

framework

Step 1: Determine Prior Probability P(x)

The marginal probability P(x) is the probability of the state occurring, given information
collected before new data is received. For example, the probability, computed from
historical data, that a specific hazard class will occur. In a case where four hazard states
i=1,2,3 and 4 (No to Minimal Flooding), yellow (Minor), amber (Significant) and red
(Severe)) are equally likely, P(x) = 0.25. For this analysis, P(x) was determined using
Alexandria's intensity-duration curve. Each rainfall event was classified into one of the
four hazard classes: 1, 2, 3 and 4, each associated with a corresponding return period for
Lhr rainfall intensity: 3-year, S5-year, 10-year and 28-year, respectively (Table 6.4).

Table 6.4 Summary of Prior Probability P(x) for different Hazard classes and Maximum
1h Rainfall accumulation thresholds used to define hazard state categories

Hazard Class

x1 x2 x3

Minor

Significant

x4
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Rainfall (mm)/1h 1-5.99/h 6-8.99 /h 9-13.99/h >14/h

P (x) 0.5 0.3 0.15 0.05

Step 2: Compute Posterior Probability State P(x|y) given forecast probability

The Posterior Probability P(x|y) is the probability of future probabilistic information,
conditioned on available weather information and the prior probability and is determined
using Eq. 3. It is the probability that future state severity occurs given predictive
information y. This translates to the probability of the future hazard severity class given
the ensemble forecasts. To calculate the posterior probability P(x|y), the likelihood P(y|x)
was first determined using the probability distributions of forecasts, where forecast
categories j=1,2,3,4 match with the hazard classes.
P jlxi)p(x) Py jlxi)p(xi)

Paly) = & Jp(y)j) B zz:fpj(yn)xi)p(xa

where P(yj|xi) = (6.4)

4
Yjoq M

(6.3)

For the rainfall threshold method, P(y|x) is the likelihood that the NWP ensemble forecast
falls into one of the four hazard classes (Table 6.4) and the relative frequencies derived
from the fraction of max lh accumulations from the 21 ensembles are used as the
probability.

Step 3: Define Actions and Decision Rule (DR) based on spatially varying decision-
making states

For this analysis, the decisions are based on forecasts at the 24h lead time only because
this lead time is critical to decision makers. However, the decision framework can be
expanded for sequential anticipatory actions taking place from 0 to 72hrs before an event
(Figure 6.6). For sequential decision-making, the strategy is updated using the Decision
Rule (DR) at every lead time when new information becomes available.
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DR
Based on
information at
current LT2

Activate

|

I¢ strategy for LT2
|
|

Take no action

LT2(24hr)

Figure 6.5 Example of sequential action decision chain. The decision rule (DR) is
evaluated at each lead time and a decision is made to either activate the Action or take
no Action. This is repeated at every lead time as more information becomes available.

Actions consist of low regret, minimal cost such as high-resolution forecasting,
preparation of staff and issuing warnings. For higher severity classes, actions consist of
dispatching trucks and declaring maximum preparedness. The Actions (4) are categorised
into A1, A2, A3, A4, A5, A6 and A7 which are a combination of a finite number of possible
actions (a) corresponding to a hazard and vulnerability class. The Actions (4) are
predefined as part of the standard operating procedure for each hazard and vulnerability
class. For simplicity, each vulnerability class only has the option of 4 Actions which are
assigned using a risk matrix. The list of possible actions relating to the lead time at which
the action is taken is shown in Figure 6.6. Green Actions are taken for all Actions (Al-
A7) and Dark Red Actions are taken for A7 only. For the purpose of this study, it is
assumed that by taking the correct Action for the corresponding hazard and vulnerability
class the expected loss will be reduced to zero.

Step 4: Define the loss matrix for varying vulnerabilities

As discussed in Section 6.2, the loss function represents the user's preference/ utility for
each of the possible combinations of the state of nature and is expressed as a loss matrix.
The loss function assigns a numerical value to each possible outcome, representing the
cost and/or loss associated with that outcome. In the absence of real historical data to
define the loss function, we propose to adapt the parametric loss function of L(a,x) used
by Ecomonou et al., 2016 (Eq. 6.5) to capture the different risk attitudes for different
vulnerability classes.
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Risk Matrix
x1 x2 x3 x4

Lead time in days Vi

= |
<
N

Leadtime in hours V3
Action Category 18 12

All Actions

Al

Monitoring and
Forecasting

A2 A3 A4 A5 A6 A7

Disseminate
Warnings Raise public awareness of weather events A3 A4 A5 A6 A7

Equipment and staff on standby
Event preparation Joint Flood Advisory meetings

On-site Actions Structural checks of drains and manholes A4 A5 A6 A7

Disseminate

. Issue Public Weather & Flood Warnings & impacts
Warnings

On-site Actions Dispatch and operate 1 suction truck per flood area

Event preparation

at 24h LT

. . A5 A6 A7
On-site Actions

On-site Actions

Disseminate
Warnings

On-site Actions
A6 A7

Event preparation
at 24h LT

On-site Actions

Disseminate
Warnings

) A7
Event preparation
Warnings + Onsite
Actions

Figure 6.6 Summary of Actions (4) to be implemented as part of Alexandria's Standard
Operating Procedure in response to floods

Following Economou et al.,(2016), losses are defined as C(a), the cost of taking a
protective action which increases with the severity of the class associated with the action.
LR(a)D(x) consist of two terms, where LR(a) is a decreasing function varying between 0
and 1 in which LR(a) outputs a smaller value when a higher action is selected indicating
that losses are reduced. D(x) is an increasing function of x where damage losses increase
with the severity of the hazard class x indicates the damage when no action is taken.
Collectively, this term accounts for losses from damages after an event and accounts for
the effectiveness of taking an action.
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L(a, x) =Cp(a) + LR(a)D(x) (6.5)

Discussions with Alexandria decision makers', revealed risk-averse attitudes and
relatively low protection cost compared to the potential impacts (Table 6.2). Therefore,
instead of protective action costs, a skewed loss function was used to represent
reputational costs (C;) for false alarms when actions are taken in vain and damage losses
for a missed alarm which increase in severity and with higher vulnerability classes. This
reflects unequal tolerances for false versus missed alarms and the decision makers’
preference to avoid large damages.

Similar to Sarlin (2013), a policymaker’s preference parameter scaled from 0-1 is used.
For this application, the vulnerability weight V(v) which is used to indicate how
maximum potential losses scale with vulnerability class. This allows the same hazard to
have different impacts in different zones of the city depending on the vulnerability class
of a zone. In the absence of real loss values per vulnerability class, hypothetical weights
are assumed: Very low V1:0.3; Low V2:0.5; Moderate V3:0.7; High V4:1. The maximum
loss for a high vulnerability area is assumed to be 100 and a low vulnerability area has
50% of the maximum loss of a high vulnerability area ~ 50. With more data in the future,
these numbers can be updated. They are also likely to be sensitive to study areas.

Operational actions are assumed to be based on pre-existing flood preparedness actions
shown in Figure 6.6. For simplicity, each vulnerability class has a subset of four actions
available which are assigned using the risk matrix (Figure 6.6). For example, in V1 areas,
the set of action (A) consists of 47, 42, A3 and A4 while for V4, set of available actions
includes A1, A4, A6 and A7. It is assumed that when the true state action exactly matches
the forecast action, the resulting loss is zero i.e. "Perfect Protection". Translating these
criteria into a parametric loss function. The parameters, yl: action reduction (effectiveness
of higher actions in reducing damage). yd: damage reduction (how steeply losses increase
with hazard severity). /,: max loss per vulnerability class and c: the max reputational costs.
To represent how reputational costs grow with action severity, cmax 1S represented as a
ratio of the lmax using yc and therefore yc can also be interpreted as a C/L ratio. The
components of the loss functions are calculated using Eq. 6.6-6.9 represented as a Loss
matrix Table 6.5 showing the subset of actions (Figure 6.7) per vulnerability class.

L(a, x) =C,(a,x) + LR(a)D(x) (6.6)
C,(a,x) = c(a—x,0) wherec = yc =1 (6.7)
LR(a) = 1,(1 — a"" ) v = vulnerability classes 1,2,3,4 (6.8)
D(x) = x"¢ (6.9)

This parametric loss function does not aim to assign precise monetary values to flood
impacts (as in Hudson et al., 2019), but instead to capture preferences and risk attitudes.
It reflects how decision makers balance reputational risk, damages and vulnerability
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priorities. For instance, a risk-averse decision maker may consistently favour stronger
actions, particularly in high-vulnerability areas, whereas a more risk-neutral one may
tolerate higher potential damages in exchange for fewer false alarms.

Table 6.5 Loss Matrix and Actions available for the different vulnerability classes

V1 - Low V2 - Low

State State
x1 x2 x3 x4 x1 x2 x3 x4

- 0 |L(aix) |L@x) L(alm)-l 0 |L(asx2) | L(@ixs) | Larxs)

A2 L(azx1) 0 L(a2x3) | L(az.xs) A2 L(azx1) 0 L(az2x3) | L(azx4)

L(as,

A3 L(asx2) 0 L(asxs) A4 L(asx1) | L(asx2) 0 L(asxs)

x1)
A4 | L(asx) | L(asx2) | L@asxs)| 0 A5 | L(asx) | L(asx) | L@asxs)| 0
V3 -Medium V4 -High
State State
x1 x2 x3 x4 x1 x2 x3 x4

- 0 L(aix2) | L(aixs) | L(aixa) -, 0 L(aix2) | L(aixs) | L(aixe)

A3 L(asx1) 0 L(asx3) | L(asx4) A4 L(asxi) 0 L(asx3) | L(asx4)

AS L(asxi) | L(asx2) 0 L(asx4) L(asx1) | L(asx2) 0 L(asx4)

L(asx1) | L(asx2) | L(asx3) 0 L(a7x1) | L(azx2) | L(a7x3) 0

Step S: Identify the optimal action

The final step in the decision model combines the expected value of loss and posterior
probability of flooding (or a hazard class) to determine the optimal action a* (Eq. 6.10)
which minimises the loss. The optimal action at each flood location is determined based
on the vulnerability class defined loss functions and posterior probability derived from
the prior and probability of hazard classifications from the ensemble grid rainfall.

ax* (y) =argmin), L[a,x] P(x|y) (6.10)

a€eA

6.4.2 Sensitivity Analysis, Model Calibration and Validation
Decision Model Experimental setup

Harvey et al. (2022) found that optimal actions are most sensitive to the cost to loss (C/L)
ratio. Given the loss function is one of the most important and subjective aspects of the
decision model, an initial sensitivity analysis was carried to understand how parameters
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influence the decision makers’ preferences and to determine the plausible ranges that
reflect the decision makers preference for the model calibration. The range of parameters
used are shown in Table 6.7. The initial scoping parameters and model calibration was
done using the event on October 25, 2015. First, the analysis does not consider
vulnerability weights to show when the hazard alone is considered. The analysis assumes
all the maximum loss and perceived loss due to false alarms is equal across all grids and
only 4 actions with action 4 being the highest. Then vulnerability weights are applied to
evaluate how the optimal action changes with the different decision parameters using the
Actions per vulnerability class available in Table 6.4.

The model was validated using nine additional events over the 2018-2020 winter season.
This includes low-impact, low-severity events to higher-impact, high-severity events.
Validating a decision model is a challenge especially for post ante analysis which relies
on assessing whether the decision model predicted the correct action and in the case of a
spatially varying decision model, the correct decision at the corresponding location. The
primary method of validation involved comparing the decision model results with the
true-state decision which corresponds to the observed max hourly rainfall accumulation
as well as corresponding reports of the actions and impacts reported in newspaper articles
and social media post. Observed rainfall is taken from remotely sensed GPM IMERG 1-
hrly and thresholds are defined from Alexandria's IDF curve (Table 6.2).

Table 6.6 Range of parameters values used in the experimental setup

Parameters Value Range Step
Ye 0.1-0.3 0.05
T 0.25-3 0.25
Yd 0.25-3 0.25

6.5 RESULTS

Results are presented and discussed for probabilistic density function (PDF) for the
different ensemble rainfall from the WRF for the 3.3km grid and the results of the
experimental setup which was used to determine the parameters for the decision model
calibration and validation for the different events as described in the methodology above.
The analysis first shows how the PDF varies for each rainfall grid for the Oct 2015 event
for the 1hr max thresholds. Using the prior probability P(x) (Step 1 of Section 6.4.1), the
ensemble probability distributions (Chapter 5) and the posterior probability P(x|y) for
each grid shows that there is skew towards low intensity events. First, results of the
posterior, sensitivity with and without vulnerability are presented, the model calibration
based on the suitable parameters from the sensitivity analysis and then results for the 9
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events. Finally, results are presented on how losses due to false and missed alarm vary
with parameters.

The ensembles were categorised into different hazard classifications thresholds (Figure
6.8). For example, grid (4,1) shows more ensembles in the green and yellow class
compared to (3,0) which has more ensembles in the orange and red. Once categorised into
the different hazard classifications, using the rainfall thresholds values which gives the

likelihood (P(y|x), the prior belief P(x) are used to calculate the posterior probability P(x[y).

In this case the prior P(x) is based on the city's drainage IDF curve for the different hazard
classes: x1, x2, x3 and x4 (Table 6.4) which show a higher belief for lower severity events
P (x)=0.5, 0.3, 0.15, 0.05. Therefore, as a result the posterior probability P(x|y) (Figure
6.8) for each grid tends towards sharper probability distributions which skews to a lower
intensity state. For example, Grid (0,3) despite the ensemble having a higher probability
for more severe events the priors shift the posterior to a higher belief in lower severity
events (from 0.29 to 0.639 and x4=0.42 to 0.084).
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Figure 6.7 For the Oct 25th, 2015 event. Ensemble rainfall distribution given hazard
class P(y|x) for each rainfall grid which coincides with flood locations. Posterior
Probability P(x|y) for the rainfall grids using the prior probability distribution and
evidence from the ensemble rainfall distribution
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6.5.1 Sensitivity of Optimal Action with varying loss function
parameters (without vulnerability weights)

Using the October 25th, 2015 event, a sensitivity analysis of optimal early actions under
varying values of the parametric loss function's parameters: y;C/L (sensitivity to false
alarms), v (effectiveness of protective actions) and yq4 (sensitivity of damage to hazard
severity) was conducted. This analysis assumed all the maximum loss and perceived loss
due to false alarms is equal across all grids. The analysis shows how changes in the
parameters (Table 6.6) combined with how the different posterior beliefs affect the
selection of optimal warning actions across 10 rainfall grids (Figure 6.8).

Changes in yc, y1 and yq were associated with transitions between inaction, moderate and
higher actions. As 7y. increases, the results shifts towards lower-intensity actions to
minimise the cost of false alarms. This trend is especially clear under low-hazard posterior
beliefs. Inaction becomes optimal when false alarm costs dominate. Alternatively, as 7y
increases, there are higher penalties for missed alarms associated with more severe events,
which generally lead to more protective actions. For increasing values of y1, the influence
of this parameter appears to plateau, reflecting diminishing returns.

Similarly, when y4 decreases, the model assigns greater weight to the consequences of
missed alarms, favouring higher-level actions, especially under uncertain or moderate
posterior beliefs. Because of the exponential relationship, a lower yq indicates greater
damage from missed alarms of higher-severity events.

The posterior probability distribution significantly affects the variability of the selected
actions. Grid (4,1) shows moderate actions. As y. increases, optimal actions shift from
action 3 to category 2 and eventually to category 1. Across all grids and parameter
combinations, Action 4 was selected when high-severity events are predicted with high
certainty, accompanied by low y. and high y; under the assumed loss structure. When all
three parameters (ye, 71, Yd) are high, the model typically settles on low-range actions.

Grid (0,5) with a strong belief in low-severity events (x1 = 0.7481) tends to select higher
level action with lower y. values, as y. increases beyond 0.15 the decision shift to lower-
level actions. However, Grid 3,0, although sharing the same belief in x4 as 0,5, has a
lower x1 belief and a stronger probability for x3 hazards; therefore, Action 3 is selected
across nearly all parameter combinations, indicating a preference for moderate responses
compared to 0,5 and 1,3, which exhibit more uncertainty in the ensemble spread.
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Figure 6.8 Sensitivity of Optimal Action (OA) to loss function parameters y., yi, ya for
4,1, 1,3, 0,5 and 3,0 rainfall grids at the 24hr lead time using without consideration for
vulnerability (Hazard only). Assumes the maximum damage is the same for all
neighbourhoods.

A key assumption is that the proposed actions will reduce the loss as defined in the loss
matrix. These actions were defined based on existing actions taken by local authorities
but further analysis should be done and supported by a flood model where possible.

6.5.2 Influence of vulnerability weights

Figure 6.10 shows how the optimal action varies with the combination of different values
of ye, 11, va for selected rainfall grids when the vulnerability weight is considered. A risk
matrix was used to determine Actions to the corresponding hazard class (Figure 6.7).
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Each vulnerability class has the option of 4 Actions with different maximum loss and
maximum cost false alarm costs as shown in Table 6.5. The trends remain the same as
Figure 6.9 but now increasing losses are assigned with increasing vulnerability class
resulting in higher Actions category being selected. For example, grid 3,0
neighbourhoods having a higher vulnerability and corresponding higher Actions category.
Table 6.8 shows the loss matrix used for y. = 0.1, y1 = 1.25, y¢=0.7 for the different
vulnerability classes. The variability of loss functions parameters for all rainfall grids are

shown in Appendix B.
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Figure 6.9 Sensitivity of the Optimal Action (OA) to loss function parameters e, yi, ya for
4,1, 1,3, 2,4 and 3,0 rainfall grids at the 24hr lead time for varying vulnerability classes.
Assumes the maximum damage varies with neighbourhood vulnerability class.
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6.5.3 Model Calibration using the October 25th, 2015 event

Using the Oct 25th event, the optimal action was determined by varying the different
parameters for the different ensemble rainfall grids to minimise overall expected residual
loss while balancing missed and false alarms. The "Do-nothing" (Do-not) loss refers to
the loss that would occur if no protective actions were taken and the residual loss referred
the loss after actions have been taken. The results (Table 6.7) show that the combination
of y¢ = 0.1, y1 = 1.25, y¢=0.75 achieved the lowest expected residual loss as the optimal
actions closely matched the true-state action except for a false alarm for neighbourhood

#52.

Table 6.7 Comparison of the True State and Optimal Action (A*) Action Categories
from 1-7 for all 4 vulnerability groups and corresponding Shyakha neighbourhoods for
the Oct 25th, 2015 event. It shows how A* varies with parameters across all grids.

IMERG rain grid# | 6 2 3 4 1
Forecasts grid | 4,1 | 3,0 | 3,0 3,1 32 2222123132424 14]14]05
Vulnerability | ) | v [ va | vi|vi|vi|vi]|wve v2 [ w3 | va|wa|vi|va| BExpected
Class Loss
Shyakha Do-nothing
1
neighbourhood# 52 |9 83 40 | 32 | 31 | 35 | 36 | 21 8 9 3 11 | 10 | 12 (Do-not)loss
True State Action
IMERG 2 3 4 3 3 3 3 4 4 . 4 . 3 . 644
Parameters Optimal Actions for Forecast Residual
ve, ylyd loss
(0.1,1250.75) | 3 | 3 4 [ 3 [ 3[3]3 ][4 4 4 3 - 1
(0.15,1.25,0.75) 3 3 4 3 3 3 3 4 4 3 2 3 4 148
(0.2,1.25,0.75) 2 2 4 3 3 3 3 4 4 3 2 3 2 4 201
04,1250.75) | 2 2 3| 2 - 542

Table 6.8 Example loss functions used for the calibration of the decision model based

on the sensitivity of the parameters y. = 0.1, y1 = 1.25, ya=0.75

Vi V2 V3 V4
i x1 | x2 | x3 | x4 i x1 | x2 | x3 | x4 x1 | x2 | x3 | x4 x1 | x2 | x3 | x4
0 13 ] 22 | 30 0 22 |36.6| 50 0 30 | 51 | 70 0 44 | 73 | 100
A2 1 0 17 | 23 [ A2 | 2 0 [275]375] A3 | 3 0 38 | 53 3 0 55 | 76
A3 | 2 1 0 12 | A4 | 3 2 0 20 | A5 | 5 3 0 29 7 4 0 41
A4 | 3 2 1 0 |AS | S 3 2 0 7 5 2 0 10 7 3 0

The loss matrix for y. = 0.1, y1=1.25, y4=0.75 is shown in Table 6.8. However as shown
in Figure 6.10 and Table 6.8, as y. increases the optimal action tends towards in action as
Y. increases. However, for probability distributions which had more agreement such as
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3,0 the optimal action showed minimal changes compared to more uncertain distributions
such as Gird (2,4), (1,4), (0,5). Figure 6.11 shows how the Optimal Action also varies
spatially in relation to the other neighbourhoods for the Oct 25th, 2015 event. Higher
category actions are determined for the eastern and western parts of the city, while lower
category actions are determined for the middle. These actions are to be taken at the known
hotspot and not the entire neighbourhood.

: * Flood Hotspot Locations
R oEnsemble Rain grids 3.3x3.3km

SR Districts
e ~Montazah
{ Wasat
Sharq
Gomork
Mina_Basal
Shyakha Boundaries

Figure 6.10 Spatial variation of actions to be taken at the flood hot spot location based
on the BDF for the Oct 25th, 2015 event. Actions are to be taken at the known hotspot
and not the entire neighbourhood.

6.5.4 Bayesian Decision Model Residual Loss

To further evaluate the decision model, the model was run for 9 additional events for the
period 2018-2019 and 2019-2020 and the first part of 2020 winter. The Actions based on
the GPM-IMERG rainfall data and vulnerability classes is shown in Table 6.9 and optimal
action (A) is shown in Table 6.10. The loss values based on the loss function are shown
had these actions been taken given the actual event which occurred yc = 0.1, y1 = 1.25,
va=0.75parameters. The Table also shows the residual loss changes with parameters (0.2,
1.25,0.75) and (0.4, 1.25,0.75). In general Table 6.10 shows despite using the calibrated
parameters there are residual losses which occur except for event #3 which has 0 loss.
The Total Do-nothing loss is 3381compared to y.~0.1,0.2 and 0.4 which have total
residual loss of 368,1103 and 1859 respectively. On comparison of Table 6.9 and 6.10
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Action values, it shows that the Optimal actions are higher than the True action state
which suggests the BDF model is over forecasting.

Table 6.9 True State Action using GPM-IMERG remotely sensed for the different

Shyakha boundaries and vulnerability groups for 9 events. The hypothetical loss that

would occur in the Do-nothing scenario (DN) is shown.

IMERG Grd# | 6 2 3 4 1

Forecasts grid | 4,1 | 3,0 | 3,0 3,1 132 (132(32]22(22(23|13]24]23|14]|14]|05

Vul# V2 V2 V2 V1| V2
Shyakhat 3 12 | DN
- A G -
2 | 20181204 4 . . .... 418
e N
oo - AR -
5 20191224. 3 4. 4 . . 4 3 577
6 | 20200103 . S ....... . 462
o PEEEEEEEEEER
e I l z
9 | 20201120 4.. 4. 4 4 .... 667
Total (3381

Table 6.10 Optimal Strategy based on the Bayesian Decision Model and the residual
loss values based on the loss function , (0.1, 1.25,0.75) had these actions been taken
given the actual event which occurred . The Table also shows higher residual loss for
parameters (0.2, 1.25,0.75) and (0.4, 1.25,0.75) (see Figure 6.3 for the grid layout)

6 2 3 4 1 IMERG rain grid#
1 4 5 6 |7 |8 6 9 10
Forecast Grid #
4,1 13,0 13,0 {3,0 (3,1 (3,2 3,2 {3,2 (2,2 |2,2 |23 (1,3 |24 |23 |14 |14 |05
Vi | vl [v2 V2 [Vl |[VL [Vl [Vl [v2 V2 V2 v1 [v2 |-
52| 91| 83 40 | 32| 31| 35|36 (21 8 3 10 | 12 | 0.1 0.2 0.4
1| 3] 3] 4 41 3] 3| 3] 3] 4 4 4 3141 52| o3 59
21 3] 3] 4 41 3] 3| 3] 3] 4 4 4 3040 21 | 1 | 368
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p 5 3 4 1 IMERG rain grid#
1 2 3 4 5 6 |7 8 6 9 10
Forecast Grid #
4,1 13,0 {3,0 [3,0 3,1 |3,2 {32 (3,2 |2,2 |2,2 |23 (1,3 |24 |23 |14 |14 |05
V1 | V1 | V2 V2 | VI (V1 |V1|VI V2 V2 | V3 | V2 | V3 | VI | V2 | Residual loss for yo=
52| 91| 83 40 | 32| 31 | 35| 36| 21 8] 9 30 11|10 12| 0.1 0.2 04
3 0 0 0
4 21 2] 4 2( 2 2| 2| 2| 4| 2| 3 2 30 20 2| y 105 199
51 3 3( 4 41 3 3 3 31 4| 4| 4 4 3 4| s 153 354
6| 3| 3| 4 41 3] 3| 3| 3| 4 4 4 3104107 ] 92 | 191
71 4 3 4 41 4| 4| 4 4 3 41 39 48 113
8| 2 3| 4 2( 2| 2| 2| 3| 4 4| 5 4 3 41 37 205 281
91 3 3| 4 41 3 3 3( 4 41 5 4 3 4| o5 296 293
368 | 1103 | 1858

6.5.5 Loss per event, Vulnerability and Missed and False Alarms

In addition to the previous sensitivity analysis of loss function parameters, the analysis
further examined how losses vary across different vulnerability classes and how the
balance between false alarms and missed alarms evolves with changes in false alarm cost
(vc). Figure 6.12 presents the total loss disaggregated losses by vulnerability class (V1 to
V4) for multiple events for two yc values: 0.1 and 0.2. When y. = 0.1, the total loss is
generally lower across events, with the most vulnerable neighbourhoods (V3, V4)
experiencing lower impact. It should be noted that the number of neighbourhoods is not
shared equally. There are two neighbourhoods each for V3 and V4 compared to V1 and
V2 neighbourhoods which has 6 each. However, as y. increases to 0.2, total losses
increase significantly, particularly for high-impact events like Oct 25th, 2015 and Nov
19th, 2020. This increase is primarily due to increased losses in V3 and V4
neighbourhoods which indicates that increasing y. disproportionately also increases risk
in higher vulnerability areas. However total losses still remained less than the Do-nothing
losses for most events.
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Figure 6.11 Loss for event when y.=0.1 (left) and Losses for events when y.=0.2 (right).
When vy. increases highest losses for V1andV2

Instead of vulnerability, Figure 6.13 compares the distribution of losses attributed to false
alarms and missed alarms across the same set of events and loss function parameters as
previously done in Table 6.10. When 7. value = 0.1 losses are most attributed due to
false alarms, as the BDF model mostly correctly matches the true state action and optimal.
However, when y. = 0.2, the false alarm losses decline sharply and the missed alarm losses
increase substantially, particularly during more extreme events. This confirms that raising
the C/L ratio leads to more missed alarms, particularly with events that have higher true-
state losses and that the increase in the loss y. =0.4 shows a very high proportion of missed
alarms.
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Figure 6.12 Loss disaggregated by False and Missed alarms for y. =0.1 and y. =0.2

By further disaggregating the false and missed alarm by Vulnerability class, Figure 6.14
shows how the false and missed alarms vary by vulnerability class. For Nov 20" (#9)
most losses where in Vul class 1 and 2 while for Oct 25ht, 2019 (#5) missed events in V4
classes. When y. =0.2 the missed alarms are not spread across all vulnerability classes
and this increases with values of ye.
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Figure 6.13 (Top) Total false alarm loss and missed alarm losses per vulnerability class

for the

10 events for different values of y.

6.5.6 Comparison of Bayesian Model with Maximum Probability

Class

The cumulative residual loss analysis (Figure 6.14) shows that smaller values of the risk

preferene parameter y. consistently result in lower total losses when the true optimal

station ation is not implemented. Ower the evaluation period, y.=0.1 achieved the lowest
umulative loss, followed by y.=0.15 and y.=0.2, while y.=0.4 showed highest losses of

the parameters analysed. The max-probability decision rule performed lower losses than
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v<=0.4 but higher than the y. other parameters. The "do nothing" approach resulted in the
highest residual loss overall.
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Figure 6.14 Cumulative Losses for varying values of y. and with values yi, ya
(1.25,0.75). The Do-nothing approach results in the highest cumulative losses across all
ve values analysed. The loss using the maximum probability class also shows lower
losses than the 'do nothing' approaches, but higher losses than those with y.=0.1, 0.15
and 0.2. The Max Prob approach resulted in lower losses than y.=0.4, which describes
a higher perception of losses for false alarms compared to missed alarms.

6.6 DIScussION

6.6.1 Posterior and Parameters

In Bayesian decision theory, the optimal decision/action is the one that minimises the loss.
The sensitivity analysis showed that the optimal actions in the Bayesian decision model
are highly sensitive to the prior and posterior probability distributions, as well as the loss
function parameters. In particular, the optimal action is highly sensitive to the perceived
cost-loss balance, especially under differing assumptions about hazard likelihood and
severity.

The C/L ratio (yc) is particularly influential on the decision as similarly found by
(Economou et al., 2016), Busker et al., (2023) and Lala et al., (2021) who found the C/L
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ratio has primary influence over the optimal probabilistic threshold. When the C/L is high,
the model becomes increasingly cautious, avoiding higher category actions even when
potential damage exists. This is most evident in posterior distributions, where higher
confidence is observed in low-severity scenarios and the model rapidly shifts to inaction
as C/L increases. This behaviour illustrates how higher cost actions can lead to greater
precaution, potentially increasing residual risk, especially when there is uncertainty about
the hazard state.

The parameters y; and yq collectively determine how much the model values protective
actions relative to potential damages. Higher y; values make protective actions more
attractive, especially when damage is also expected to escalate with severity (i.e when yq4
decreases). However, the diminishing returns observed with higher vy indicates that there
is a threshold beyond which increasing the action no longer justifies higher costs. It is
also important to note that the calibration event is considered a high severity event. The
validation was conducted on both high and low severity events, which may also explain
the BDF's tendency to avoid missed alarms. This suggests that results may be improved
if high and low severity events were calibrated separately. Figure 6.14 showed how false
and missed alarms vary over the two season how cumulatively the loss is reduced
highlighting the need to balancing false and missed alarms when evaluating forecast
model skill (Hossain et al., 2025).

Importantly, the prior and posterior distributions themselves significantly influence how
sensitive decisions are to parameter changes. In sharper probability distributions, the
model leans toward mid-range actions. When the probability distribution reflects greater
uncertainty, especially with higher probabilities (e.g., Grid 0,5), decisions often converge
to one or two dominant actions.

6.6.2 Incorporating Vulnerability weights

The analyses highlighted the complex interaction between cost-loss ratios, posterior
beliefs and vulnerability in selecting optimal early warning actions. The BDF tends to
favour moderate actions under uncertain beliefs. The introduction of vulnerability classes
supports the adoption of equitable actions by assigning higher protective actions in higher
vulnerability communities. Raising the ratio of C/L increases the cost of false alarms,
lowers the frequency of protective actions and lowers city wide costs from unnecessary
warnings and actions.

However, reducing overall costs comes at the expense of reduced protective coverage,
especially for the most vulnerable groups. As seen in Figure 6.12, V3 and V4 experience
the most dramatic increases in loss at high y. values, suggesting that equity is not
considered when warnings are not issued to avoid false alarm cost. While low y. reduces
the risk of missed events, it increases the frequency of protective action and over-action.
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Overall, these findings demonstrate how the model adjusts its behaviour based on both
the confidence in the risk estimates (posterior distribution) and the trade-offs and
interactions among cost, damage and intervention effectiveness. Once highlighted, the
delicate task of balancing missed and false alarms to an end user's priorities.

The decision-making behaviour reflects rational risk management: minimising expected
loss by favouring moderate, effective actions under uncertainty, while allowing for
inaction only when the belief in safety is strong and action carries high cost.

These results further show the importance of accurately estimating posterior probabilities
and calibrating the loss function parameters using additional past events or scenarios and
including tangible consequences. Together, these results advocate for decision models
that are sensitive to both the distribution of belief (posterior) and the distribution of
vulnerability.

6.6.3 Considerations for using a Bayesian Decision Framework

The BDF offers a transparent structured approach to incorporate uncertainty and user
preferences, however, important considerations arise in both the methodology and its
practical application.

The optimal action

Bayesian decision theory assumes a rational actor who makes decisions to minimise
expected loss based on known probabilities and defined utility functions. However, in
emergency and humanitarian contexts, decision-making actors may not operate purely
rationally, introducing cognitive biases, a concept explored in Prospect Theory
(Kahneman and Tversky, 1979) and further examined in emergency management (Z. X.
Zhang et al., 2018).

Therefore, each decision maker should ask, "What is an optimal action for them?". This
study defines optimality as balancing false and missed alarms to minimise expected loss.
It does not fully capture the behavioural aspects of decision-making, including emotional,
financial, political and institutional factors that often influence ways of decision-making
that diverge from optimality (Frick and Hegg, 2011; Kox et al., 2015; Morss et al., 2010).
Thus, the BDF is proposed as an information-driven decision support tool for taking the
final action, but it is assumes that expert judgment and experience will determine the final
decision. Therefore, it is essential to incorporate decision-makers' concerns into
sophisticated models while showing the value of integrating new or more detailed
information from models (Leskens et al., 2014).

This research acknowledges the limitations of incorporating vulnerability weights and
false alarm attitudes, aims to shift away from purely economic optimality toward greater
social equity. It can be further optimised based on what is regarded as an acceptable risk
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tolerance, as well as the acceptable residual loss and balance between false and missed
alarms, or other attributes important to the decision maker. For example, knowledge of
high false alarm ratios or other forecasts biases, recent flood events that may warrant more
precautionary actions and knowledge of the time of day of the event.

The Loss Function

This research builds on the parametric loss function proposed by Economou et al. (2016)
and applies it to Alexandria city, incorporating different assumed vulnerability weights.
Using a parametric loss function in a Bayesian decision theory framework offers a
structured way to capture decision-makers' risk preferences and to prioritise high-
vulnerability areas, even or perhaps especially when historical loss data is unavailable.
However, this method also has limitations which should be considered. Parameter choices
are subjective with the risk of oversimplifying complex nonlinear impacts. It assumes
static preferences, which may change in evolving emergencies and the resulting "loss"
may not align with actual social, economic, or political costs. Furthermore, without
historical data, validation depends heavily on expert judgement, making it harder to prove
the loss function truly represents reality.

Therefore, results must be carefully framed, with sensitivity testing to show the impact of
different parameter assumptions, as done in this research. As Economou et al. (2016) has
argued, end users have different loss tolerances. Context-specific loss functions should
be applied per vulnerability class, aligning with the principle that risk is not experienced
equally. In the future, when more data becomes available, the loss functions can be
tailored to capture the risk tolerances of specific neighbourhoods. In the future loss
function can also explore alternative ways of determining flood losses (Mobini et al.,
2021). Co-designed climate services are recognised as best practice from user
perspectives and should be context-specific(Fleming et al., 2023; Jacob et al., 2025;
Vincent et al., 2021). Parameter values should be co-designed with forecast providers,
decision-makers and affected populations to reflect actual preferences, local knowledge
of impacts, risk tolerances, trade-offs and actual damage, which aligns with a multi and
transdisciplinary approaches. This co-designed process can further explore location-
specific thresholds and the impact of consecutive false alarms which is often not captured
in loss functions.

The Prior and Thresholds

The prior P(x) is one of the most critical variables in Bayesian decision theory,
representing "initial beliefs" based on historical data, past evidence, and/or expert
judgment (Wesner and Pomeranz, 2021). However, priors can be considered subjective
and may lead to biased information, especially in cases where priors return skewed or
smaller probabilities (Banner et al., 2020). For example, uniform or equal priors allow
the use of a Bayesian approach however, the posterior distribution is primarily dictated
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by the likelihood function, especially when there is limited prior information or expert
knowledge (Moala and Ramos, 2024). In the case of Alexandria, the effect of the chosen
prior has a significant impact in transforming the probability distribution to the posterior.
Further research should explore updating of the subjective priors. For example, using the
False Alarm ratio based on hindcast forecast or updating priors with lead time. The peak
intensity thresholds used for the hazard classification also has an impact (Young et
al.,2021) Therefore further analysis on the sensitivity of the decision to peak intensity
thresholds is recommended. Tailoring action thresholds not just by forecast severity but
also by community vulnerability can lead to more effective and equitable outcomes.

Future Research

The research focused on a rainfall threshold approach but can be expanded to other hazard
classification methods, such as real-time flood models that utilise flood inundation depths.
User preference parameters were utilised; however, further consideration is necessary to
determine the best methods for calibrating the BDF, particularly when limited validation
data is available. Future research should refine parameters by combining actual decisions
with the BDF. There is also potential to combine this approach with machine learning
techniques to optimise parameters dynamically and to explore the uncertainty of other
decision criteria. Additionally, users could also benefit from an interactive decision model
that allows further sensitivity testing of loss parameters and other decision variables.

This research only analysed the decision at the 24h lead time which was highlighted as
critical for emergency managers, but the evolution of decision should also be considered
with increasing and decreasing lead-times. The current framework assumes static
decision-maker preferences and does not fully capture dynamic learning or context-
dependent decision behaviour over time. In the future, the BDF can be further developed
to incorporate dynamic behaviour and sequential decision-making by updating
probabilistic information over multiple lead times. Updating over time defines how
decisions may evolve with increasing or decreasing accuracy and changes in attitudes
(Taskin and Lodree, 2011). A key assumption made is also that the proposed actions will
reduce the loss as defined in the loss matrix. These actions were defined based on existing
actions taken by local authorities but further analysis should be done and supported by a
flood model where possible.

A more user-centric approach would be to integrate it into a GIS-based platform that
displays dynamically evolving maps of spatial actions over various lead times. Users can
input their own parameters, loss values, risk levels at which actions are triggered, or
operational thresholds and dynamically derive the appropriate decision thresholds. At
present, the BDF is proposed as a framework; however, training, testing and user
feedback from practitioners and decision-makers are recommended for operationalisation.
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This method can also be expanded to multiple attributes (Multi-Attribute Utility Theory),
for example, minimising traffic disruption or incorporating various stakeholder
preferences through sensitivity analyses (Haag et al., 2019; Reichert et al., 2015).
Additionally, the loss parameters were specified at a single stakeholder level or a single
objective loss function (minimising expected loss). In contrast, actual decisions often
involve multi-stakeholder inputs with differing tolerances for risk or sometimes
conflicting objectives, such as minimising operational cost while reducing traffic
disruptions.

GPM IMERG gridded rainfall data provides an opportunity in data-scarce regions
however, its application in urban areas, which require high-resolution data, remains a
challenge. Rainfall grids tend to smooth rainfall intensities, potentially underestimating
peak rainfall intensities, especially in urban catchments or for convective events. This
underestimation may partially explain the high frequency of false alarms as observations
underrepresent hazard severity and forecasts tend to overestimate the hazards. In the
future, the collection of high-resolution observations or estimates will remain a high
priority for developing early warning and flood forecasting models.

6.7 CONCLUSION

At present, emergency managers in Alexandria use weather forecasts and guidance from
the national meteorological agency, along with local knowledge of hotspot areas, to
decide on actions. This study developed and showed the value of a Bayesian Decision
Framework (BDF) that utilises Bayesian decision theory, prior knowledge of the drainage
system design capacity, ensemble rainfall forecasts and a parametric loss function, which
assigns weights to different vulnerability classes. The BDF combines well-known
concepts of Bayesian decision theory with local hazard and vulnerability knowledge to
support knowledge-driven, risk-aware decision-making.

The approach proposes going beyond the likelihood of an event by translating ensembles
into predefined actions that have the potential to effectively reduce flood damage. It
highlights how forecast probabilities can support proactive measures for a variety of
actions, which can be tailored to specific cases and cities. The findings highlight that
optimal actions are highly sensitive to both the specification of the loss function
parameters (Y, Y1, Yd) and the shape of the posterior probability distributions. There are
limits depending on the certainty with which events are forecasted. In particular, the
perceived balance between false alarm costs and potential damage strongly influences
whether the model favours precautionary or conservative strategies. The reliance on
parametric loss functions without empirical calibration also means that parameter choices
remain subjective, potentially oversimplifying complex real-world conditions. Priors,
thresholds and corresponding hazard classifications were also shown to influence
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posterior probabilities and, consequently, the resulting decisions. This highlights the need
for continuous updating of beliefs, calibration with observed data and co-development
with decision-makers, communities and stakeholders to ensure that the model reflects
local knowledge and acceptable risk tolerances.

The BDF provides a transparent, flexible and theoretically consistent framework but it
also has its limitations. The subjectivity of the framework is a strength as the loss function
can be tailored to specific contexts, stakeholder priorities and risk perceptions, as shown
with the use of vulnerability classes in Alexandria. However, this requires the
involvement of stakeholders and increased data collection. The results also showed that
BDF does not always result in "better" decisions for all events when compared with the
true-state action; however, the cumulative losses over the seasons were reduced when
compared with the maximum probability. Additionally, the concepts of assigning
numerical values to losses require further attention.

Decision theory for flood forecasting assumes rationality and provides a prescriptive
framework for how decisions should be made. However, in practice, expert judgment by
emergency managers and forecasters remains essential and often determines the final
course of action. Despite the challenges, BDF has shown it can improve the usability of
probability forecast information, particularly for decision-makers who might otherwise
overlook or be confused by the concepts of uncertainty. The BDF is not being proposed
as a replacement of traditional metrics or visualisations used in practice but is proposed
as a complimentary tool.

Ultimately, no single decision framework fits all contexts. The BDF's value is maximised
when used as part of an integrated decision-making process, where stakeholders can
engage with and understand the decision-making process. By acknowledging uncertainty
and aligning decisions with both risk profiles and the priorities of emergency managers
and communities, when possible, the credibility and usability of flood forecasting systems
can be enhanced. This is particularly valuable for anticipatory action planning in data-
scarce contexts such as Alexandria and across the Middle East, where similar challenges
may arise.

DATA AVAILABILITY STATEMENT

Other data underlying this Chapter can be found in Version 1.4TU.ResearchData. dataset.
https://doi.org/10.4121/0ee90alc-bb09-4c3a-968c-7fced78c8bea.v1
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Conclusion and Reflections

7.1 OVERVIEW OF MAIN FINDINGS: RESEARCH QUESTIONS

Pluvial flood forecasting systems rely heavily on complex models that require high-
resolution data. However, many cities, especially in data-scarce regions, lack the
necessary forecasting capabilities or damage and impact data, which leads to significant
challenges in building and maintaining effective flood forecasting and decision support
chains. Each component of the Forecast-Decision-Response chain: data, models,
knowledge, decisions and emergency response, depends on its own set of data, methods
and carries distinct challenges and uncertainties. These uncertainties can have a cascading
effect, propagating through the system and impacting not only the accuracy of flood
models but also the quality of decision-making.

The overall aim of this research was to investigate flood forecasting and decision support
approaches tailored to data-scarce urban environments, with particular emphasis on
assessing the suitability of available data and methods and on evaluating and
incorporating uncertainty into anticipatory flood management. This research was
motivated by practitioners' need to take action in advance, despite limited and uncertain
data, which is so often the case in urban areas of the Global South.

The research adopted an incremental and sequential approach, in which each research
outcome is built upon in the next step and used as input for the next objective. Thereby
integrating data, models and knowledge.

First, the research investigated how available data can be used for flood forecasting using
a rainfall threshold method, crowd-sourced information and global ensemble forecasts
(Objective 1). Next, the research evaluated the suitability and limitations of downscaled,
high-resolution, deterministic rainfall forecasts at multiple spatial scales. Two different
hazard classification methods were used: The rainfall threshold methods developed in
Objective 1 and an urban flood model (Objective 2). The research then evaluated the
skill of high-resolution ensemble rainfall forecasts and explored the application of rainfall
uncertainty for probabilistic pluvial flood forecasting (Objective 3). Finally, a Bayesian
decision framework was developed and used to incorporate rainfall uncertainty from the
ensemble rainfall forecasts. This enables translating probabilistic forecasts into actions
(Objective 4).

To achieve the research aim, the key research findings and answers to the research
questions are presented below:

How can available data be used to improve flood forecasting in data-scarce urban areas?
(Objective 1, Chapter 3)

This chapter presents a novel approach of incorporating critical rainfall thresholds,
historical flood data (crowdsourced) and ensemble precipitation forecasts for forecasting
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extreme rainfall and pluvial flooding to improve decision-making. The research identified
extreme rainfall events associated with floods using limited data and no flood models by
incorporating available data from social media and satellite precipitation products (SPPs).
Combining ensembles with a rainfall threshold approach allowed characterisation of
exceedance likelihood associated with flood thresholds and assessment of its uncertainty.
This probabilistic information was used to support decision-making from an operational
forecasting perspective.

Results were very favourable in correctly forecasting extreme events in Alexandria city.
The adopted methodology and phased warning and response approach demonstrated
alignment with practices employed by operational forecasting agencies. When combined
with the ensemble forecasting and rainfall threshold approach, this method adds some
complexity to address the limitations of deterministic rainfall forecasts, which are widely
used but suffer from high false alarms and missed events. However, it offers a balance
between methodological simplicity and the need to account for forecast uncertainty
estimation. It does not assess exposure and vulnerability or indicate possible impacts but
when combined with previous knowledge of “hot-spot” areas, can prove valuable in
supporting decision-making.

Additionally, the benefit of site-specific thresholds applied on a local scale rather than on
a national scale means local authorities can make specific, independent decisions and
increase preparedness of their cities and communities. The proposed approach is
especially useful in data-scarce areas in the genesis of developing an EWS but do not
have the means or data to build detailed hydraulic models. Further, the adoption of this
approach can capitalise on high-resolution forecast products such as ECMWF as they
become openly available.

How suitable are high-resolution rainfall forecasts at multiple spatial scales for urban
flood forecasting? (Objective 2, Chapter 4)

In the previous chapter, global rainfall forecast products were used with a rainfall
threshold approach. This research objective aimed to determine whether increasing the
resolution of WREF rainfall forecasts to meet urban flood modelling requirements will
improve the quantification of rainfall magnitude and distribution for flood forecasting in
urban pluvial cities across different flood forecasting approaches (rainfall thresholds and
an urban flood model). The results found that rainfall magnitudes, distributions and
predicted classes were influenced by lead time and model configuration. In particular,
whether scale-aware cumulus schemes or no convection schemes were used to transition
between resolved and parameterised convection.

The downscaled model effectively identified extreme weather phenomena to varying
degrees at different lead times and neighbourhood sizes. The 24h lead time was found to
be the most useful lead time. The runs also exhibited good skill in detecting extreme

155



Conclusion and Reflections

events at the 72h lead time, but skill deteriorated at the 12h lead time. The study also
highlighted that increasing the resolution does not necessarily lead to higher accuracy. In
the study, we observed that the highest resolution (<1km) did not lead to improved hazard
estimation.

Despite challenges in using high-resolution rainfall for flood forecasting, the good
performance of both the rainfall threshold and real-time simulation methods suggests the
potential for their combined use rather than relying on either alone. Combining high-
resolution forecasts with rainfall threshold methods enables early warning and flood
forecasting at longer lead times without running complex flood models. When available,
flood models can be coupled with high-resolution forecasts to provide more detailed
information on specific flood locations and depths at shorter lead times. This is valuable
for decision-makers in optimising resources and implementing location-specific measures,
particularly in conjunction with prior knowledge of high-risk areas.

How well do high-resolution ensemble rainfall forecasts capture intensities compared to
deterministic forecasts and what is the potential for their use in probabilistic decision
frameworks? (Objective 3, Chapter 5)

This chapter investigated the skill of high-resolution ensemble grid rainfall forecasts for
10 events across the city at specific known flood locations and compared them with
deterministic forecasts. The ensemble rainfall forecasts were simulated with the WRF
model forced by GEFS members and verified against GPM-IMERG rainfall products.
The evaluation used categorical metrics (POD, FAR, CSI and Accuracy) and probabilistic
scores (Brier Score and CRPS) to quantify forecast skill across rainfall thresholds and
spatial grids.

The ensemble and deterministic forecasts performed comparably across most thresholds.
When comparing the CRPS score, which represents mean error and accuracy, there was
no clear winner. Ensembles showed varying probability of detection for different severity
events and rainfall thresholds. In particular, the ensembles showed less skill at moderate
thresholds than at higher thresholds. The results highlight the challenges and
opportunities of quantifying predictive uncertainty and linking probabilistic rainfall
forecasts to hazard likelihoods. The outcomes of this chapter facilitate a move from
deterministic to probabilistic and the adoption of risk-informed decision frameworks. The
probabilistic distributions were used as input in Chapter 6 to explore how such
probabilistic information can be integrated into anticipatory flood management systems
and decision support processes.

How can forecast uncertainty be incorporated into a decision framework to support
anticipatory flood management? (Objective 4, Chapter 6)

This research component aimed to go beyond the traditional use of probabilistic forecasts
for triggering flood early actions. A Bayesian Decision Framework (BDF) was developed
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and applied to anticipatory flood management in Alexandria city, illustrating how
probabilistic flood forecasts can be combined with local knowledge and user-specific
preferences to trigger more equitable early flood actions.

The developed BDF incorporated ensemble flood forecasts with neighbourhood-scale
flood observations and vulnerability data, enabling locally tailored anticipatory flood
action. It consistently reduced cumulative seasonal losses compared with a maximum-
probability decision rule. The results showed that optimal decisions were highly sensitive
to the loss function parameters and the posterior probability distributions. Forecast
probabilities improved proactive decision-making, but this depended on forecast certainty.
Variations in users’ risk perceptions highlighted the importance of calibrating loss models
and accounting for residual risks' effects on vulnerable groups. The study further
concluded the importance of continuously updating priors, thresholds and hazard
classifications through co-production with local communities who experience flood
impacts firsthand.

The BDEF’s strength lies in its flexibility and subjectivity which uses loss functions to
represent local priorities, stakeholder preferences and perceived risks. In practice,
decision theory provides a prescriptive framework that outlines the actions decision-
makers should take under uncertainty. However, BDF remains a tool and expert judgment
remains key in operational contexts. No single decision framework fits all contexts and
the BDF thus serves as a complementary tool that translates probabilistic information into
actionable guidance and improves usability, understanding and communication among
decision-makers and communities.

7.2 REFLECTIONS

Overall, the methods and research findings developed in this research have the potential
to improve flood forecasting and decision support in urban data-scarce areas. First, by
overcoming some of the challenges that arise in the genesis of developing flood
forecasting and early warning systems and as systems become more sophisticated,
adopting higher-resolution forecasts and probabilistic approaches for anticipatory flood
actions. Nonetheless, this dissertation and research journey has also uncovered additional
insights and reinforced existing challenges.

On Creating value from imperfect data

Creating value from imperfect data and models by ensuring that information is fit for its
intended purpose has been a consistent thread throughout this research. In a data-scarce
context, data scarcity is a reality and has long been recognised as a limitation. However,
it may be more useful to view data scarcity as an operational reality and boundary
condition, one that requires adaptive and innovative approaches and trade-offs. Rather
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than solely aiming for more data and higher forecast accuracy, what is more crucial is
understanding how to align available data with model requirements and how to support
decision-making across different spatial scales, lead times and user requirements.
Moreover, flood forecasting approaches that can explicitly incorporate uncertainty into
decision-making, without compromising the usefulness of forecasts to end users, are
needed. This has been a central aim of the research. At the same time, we cannot ignore
that hydrological and flood forecasting still fundamentally rely on the quality and
integration of hydrometeorological data (Pechlivanidis et al., 2025) and this principle
extends to decision-making. This highlights the need to not only determine what data is
fit for purpose but what level of data quality is fit for purpose. “Purpose” itself also has
many dimensions, especially in systems that must balance data requirements, model
accuracy, sophistication, computational efficiency and multiple user needs, acceptable
level of risk and varying decision context which must be considered.

Developing urban flood models with limited data

Urban flood models play a critical role in flood risk management, scenario-based planning
and flood forecasting. Urban environments are dynamic and characterised by
heterogeneous built-up areas, sewer systems, localised ponding and complex pump
systems. All of which require high-resolution data and regularly updated information to
accurately simulate flood behaviour and support timely decision-making. In coastal cities,
the interactions between storm surge add an additional level of complexity. Consequently,
accurate and reliable urban pluvial flood models remain difficult to develop, particularly
in data-scarce settings.

The concepts of “fit for purpose data” and “creating value from imperfect data" have been
central themes to this research as discussed in the section above and Chapters 3, 4 and 6.
In Chapter 4, we specifically explored how varying rainfall resolutions and variability at
different scales influence flood forecasting performance. This provided useful insights
into detecting flooding at known hotspots, but the analysis was limited to a small area of
the city (< 5 km?2).

Our initial objective was to build a 1D-2D flood model capable of capturing surface
storage and demonstrate how ensemble forecasts propagate flood uncertainty in flood
maps. However, the lack of high-quality data, including a high-resolution DEM and
comprehensive drainage network information, knowledge of pump operating rules and
observed flows, constrained our ability to develop an urban flood model for ensemble
flood forecasting.

While there are many opportunities to improve models (from simplified conceptual
models to data assimilation and data-driven approaches) the fundamental challenge
remains how to calibrate, validate and operationalise models when the foundational data
is poor. Costabile et al. (2020) found that fully dynamic models are essential when the

158



7.2. Reflections

goal of the urban flood model goes beyond identifying flood locations and involves
estimating flood hazard/vulnerability. However, urban flood models for design and
extremes differ from operational ensemble forecasting models, which use varying inputs,
presenting distinct challenges. This experience has led me to reflect more broadly on the
role of modelling in flood forecasting in data-scarce cities. Given the time constraints and
limits of research, as modellers, the question becomes not how can we model this system,
but rather should we and to what end?

The Optimal Action vs The Effective Decision Maker

As was seen in the floods in Limburg 2021 and Valencia 2024, even when perfect
information is available, there is still a weak link in issuing and receiving warnings. The
Bayesian Decision Framework (BDF) can identify the optimal action given probabilistic
forecasts and defined preferences, but achieving optimal outcomes in practice depends on
the decision-maker. The framework supports predictive and prescriptive decision-making,
yet its effectiveness depends on emergency managers' ability to interpret, trust and act on
its recommendations. In many real-world contexts, decisions are not made in isolation.
Decision-makers struggle with interpreting information, competing priorities, distrust in
models and inefficient institutional capacities.

Thus, the distinction between the optimal action and the effective decision-maker is
crucial: the former is derived analytically, while the latter reflects experience, human
judgment, organisational capacity and trust in models and is outside the scope of this
research. Strengthening decision-making competence and bridging the gap between
science requires training and capacity development in interpreting uncertainty products
and institutional support is therefore as important as improving forecast skill or model
design.

The BDF should be seen not as a replacement for human judgment or traditional
probabilistic information but as a tool to improve decision competence and promote more
consistent, transparent and anticipatory flood actions of the effective decision maker.
This research did not address last-mile issues in communicating and disseminating
warnings to the community, but this remains one of the most important areas.

Revisiting the Forecast-Decision- Anticipatory Response chain

This research adopted inter-disciplinary modelling approaches: meteorological modelling,
urban hydrology and decision theory. As a result, it has also allowed me to reflect on each
discipline and role in practice as a weather forecaster, flood modeller and emergency
manager. Overall, this study advances our understanding of urban-scale flood forecasting
in data-scarce regions by emphasising the importance of considering lead time,
neighbourhood size and resolution, cumulus parameterisation, integration with drainage
models and the value of ensemble forecasting in decision models. The findings reiterate
the need to understand the interdependencies and limitations of the flood forecast chain:
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the meteorological output, the flood forecasting method and the data and methods used
for verification, with the overall goal of improved decision-making and preparedness.
Instead of being called a chain, the process should be interpreted more as a loop. To
achieve this, an important component of the loop is the “Integrator”. The roles of the
researchers, practitioner meteorologists, hydrologists, emergency managers and social
scientists in the flood forecast and early warning chain are well known, and, in many
ways, these roles continue to operate in silos, especially in practice.

The forecasting-decision-response and warning loop is itself a system that can benefit
from a systems approach, given the interconnectivity of its components. The role of the
system Integrator (an individual vs a tool) is inherently interdisciplinary, responsible for
linking the data, models, social and institutional dimensions of the flood forecast chain
(now a loop) to ensure coordination among the different components of the flood
forecasting loop. The integrator enhances the practical usefulness of forecasts for
decision-making. Their primary mandate is to ensure that probabilistic forecasts and
vulnerability assessments are translated into timely, equitable and trusted actions,
bridging the gap between science, decision-making and response.

7.3 RECOMMENDATIONS AND FUTURE RESEARCH

This thesis investigated flood forecasting and decision-making approaches suitable for
data-scarce urban environments, focusing on data and method suitability and on
evaluating and incorporating uncertainty in anticipatory flood management. The previous
section reflected on some of the challenges and more practical aspects of this research.
Despite these challenges, there are opportunities to further develop uncertainty-aware
pluvial flood forecasting and decision support for anticipatory flood management.

Rethinking Anticipatory Flood Management in Urban Data-Scarce Areas

Anticipatory Flood Management (AFMA) represents a shift from reactive to proactive
approaches in flood risk reduction. It shares similarities with humanitarian Anticipatory
Action (AA), including monitoring, forecasts, triggers and predefined standard operating
procedures. However, it differs in its pre-financing operational mechanisms. There is a
growing push to incorporate anticipatory actions within broader disaster risk management
frameworks to enhance their sustainability (IFRC, 2025). Likewise, AFMA should be
integrated into existing long-term urban resilience and climate adaptation plans.
Moreover, anticipatory interventions should be considered in the design and optimisation
of new multifunctional urban infrastructure, such as pumping systems and drainage canals.
The limitations of real-time flood forecasting could be mitigated by using pre-simulated
scenarios and/or stress-testing to identify potential impacts and disruptions in the most
critical areas. However, these endeavours must be supported by increased knowledge of
risk, exposure and vulnerability.
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Uncertainty-aware pluvial flood forecasting and decision support in urban areas with data
scarcity should be reconceptualised not merely as a limitation, but as a challenge to be
addressed within the constraints of imperfect or incomplete data. This reframing enables
the development of flexible, adaptable decision support tools that prioritise action over
data accuracy. Future research should explore how to systematically integrate multiple
data sources and co-produce fit-for-purpose solutions with end users.

A bricolage approach, initially introduced by Levi-Strauss (1966), is described as an
adaptive strategy that combines methodologies, data sources and perspectives to navigate
constraints using available resources, agility and the capacity to innovate within
limitations. This research, in some ways has adopted an informal data bricolage approach
by combining diverse data sources, local flood knowledge and vulnerability information.
However, there are opportunities to formalise this into a structured methodological
bricolage approach that spans the entire forecast—decision-response loop, as well as
institutional arrangements, operational constraints and technologies (Bardhan, 2017,
Lotteri et al., 2023). Future research could explore systematic methods for integrating
data sources of varying quality and for evaluating the suitability of different
methodological combinations.

Data Collection

One of the biggest challenges has been the availability of observed data for model
calibration and validation at suitable spatial and temporal scales. A priority will be to
obtain more accurate, higher-resolution spatial and temporal rainfall estimates at longer
lead times. Data scarcity might decrease over time as satellite and weather radar product
resolutions increase and become better calibrated. Bridging this gap by blending NWP
with nowcasting is an interesting avenue for research currently. Future research should
also explore methods for bias correction using varying scales as data become available
over longer timescales.

The prioritisation of historical flood hazard and impact databases will remain invaluable
for verifying and determining expected impacts and, in the future, can support impact-
based forecasting and warnings (Merz et al., 2020; V. Rozer et al., 2021). Citizen science
approaches utilising rain sensors and web reporting to expand local data networks are a
possible way to collect data, as done in previous projects such as FloodCitiSense
(Verbeiren et al., 2019). Further, apps such as WAZE and Google Maps can provide
information on traffic disruptions and historical floods.

User-centric Decision Support

For the BDF, the study concluded the importance of continuously updating priors,
thresholds and hazard classifications through co-production with local communities who
experience flood impacts first-hand. Decision support systems (DSS) visualise and
communicate model and GIS outputs but often do not utilise probabilistic information or
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translate forecast information into actions or alternatives. Decision analysis frameworks,
such as Bayesian decision approaches, can be built into new or existing DSSs to translate
probabilistic forecasts into actionable information while accounting for user preferences
and other decision variables. Future research should also focus on assigning real or more
representative values to damage, impacts and reputational costs. Additionally, users could
also benefit from an interactive decision model that enables further sensitivity testing of
loss parameters, thresholds and other decision variables on the action, allowing them to
evaluate and refine their actions across multiple events iteratively. The BDF is proposed
as a framework; however, training, testing and user feedback from practitioners and
decision-makers are recommended for operationalisation. Finally, this research did not
address household-level protective action decision-making; however, this remains a
critical area for ongoing investigation that could be informed and strengthened by the
findings of this study, particularly when integrated with appropriate communication and
dissemination mechanisms.
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Appendix A
Leadtime and Neighbourhood Size Analysis

Area Average Scatter Plot

Scatterplots of the 10km domain resolution (D1) forecasted and MSWEP or IMERG area
average rainfall for the event on Dec 5th, 2018 and Nov 20™ 2020, at the 72h, 48h, 24h and
12h lead time and different neighbourhood sizes (1000km, 200km, 100km, 50km, 20km
and 10km) for R1, R2 and R3. Similarly, with the Oct 25" event, the results indicate the
agreement between forecasts and observed rainfall varies with the cumulus configuration,
neighbourhood scales and lead time. In general, the forecasts perform best at the 24h LT,
especially for neighbourhood scales up to 50km but at smaller scales, this lead time shows
poorer skill. For the other lead times, the forecasts either under forecasts or over forecasts.
In particular, the results show that the forecasts did not improve at the 12h LT, but this
varies with the event.
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Figure A1 Comparison of 24h rainfall accumulation from Dec5th 9:00 to Dec 6th 9:00 (left) and
Nov 19th 21:00 to 20" Nov 21:00 (right) showing the accumulated area averaged rainfall for the
10km resolution (D1) for different neighbourhood sizes (10, 20,50, 100, 200, 500, 1000km) at lead
times of 12, 24,48 and 72 hours for domain RI
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Figure A2 Comparison of 24h rainfall accumulation from Dec5th 9:00 to Dec 6th 9:00 (left) and
Nov 19th 21:00 to 20* Nov 21:00 (right) showing the accumulated area averaged rainfall for the
10km resolution (D1) for different neighbourhoods at lead times of 12, 24,48 and 72 hours for R2
and R3
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Rainfall Temporal Distribution, Discharge and Node flooding

The temporal distribution varied within 10km2, corresponding to the area used in the
MIKE + model and immediate surrounding areas. This gives insight into the way node
flooding might vary with intensity. For the Dec 5", 2018 event the 0.37km (D4) runs
produced the lowest rainfall intensities when compared to the IMERG rainfall and
MSWEP, the worst-case scenario which assumes the 3h accumulation fell in the last hour
of a 3h accumulation and the first hour of the subsequent 3h accumulation. Similarly for
the Nov 20™ event, the 0.37km(D4) run gave the lowest intensity except for R3, which

showed a very high peak.
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Figure A2 Rainfall time series for all runs DI1(10km),D3(1km) and D4 (0.37km) from
6:00 Dec Sthth to 12:00 Dec 6" (above) and 19" Nov 21:00 to Nov2Ist 6:00 2020 at a
known flood location. IMERG and MSWEP are shown for 3h accumulations and an
extreme case 1h accumulations. R1, and R3 correspond to runs with 3 domains and
RI 4D, R2 D4 and R3 D4 correspond to 4 domains runs. Cu=3 represents the Grell
Freitas Cu scheme and 0 indicates no cumulus scheme in the respective domains. The
left axis mm/h and the right axis show mm/3h corresponding to MSWEP 3h
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Rainfall Threshold Analysis

Hazards were classified as “No to minimal flooding”, “Minor Flooding”,
“Significant flooding” and “Severe flooding” based on 24h accumulated rainfall
(Table 2 in the main document). Analysis of thresholds showed that results
varied with the treatment of convection for the different runs. Classifications are
shown for different districts in Alexandria for IMERG for the Dec 2018 and Nov
2020 event. All runs were able to detect areas of extreme rainfall in agreement
with the observations but the smaller domains detected more extreme areas as
shown in the Figure below.

IMERG - GPM IMERG - GPM

B < 12mm
T 12-19mm
[0 20-32mm

. <12
B 33- 50mm B 15 {5mm
I > 50mm 79 20-32mm

B 33- 50mm

I > 50mm

1.1 km 0.37 km

Figure A3 Forecast of hazard classes with a lead time of 24 h for the Dec 5™
2018 (left) and Nov 20™ 2020 (right) flood event for different runs based on the
24h rainfall accumulations. Left:(10 km) and Middle 1.1km grids for run
downscaled to 3 domains. Right: 0.37km grids downscaled to 4 domains
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Discharge and Node flooding outlet

Discharge was simulated at the outlet for all runs for the Dec 5th 2018 and Nov 20th 2020
and compared with the simulated results of both the MSWEP and IMERG for the 10km
(D1), 1.1km(D3) and 0.37km (D4). Peak discharges for observed MSWEP and IMERG
has a similar range ~1 m?/s. In general, R2 showed a better match of the peak discharge
values for both events with a peak of about 1.2m%/s however the peak is prematurely
predicted or delayed for the Dec 2018 and Nov 2020. In the case of R3 Dec 2018, the
1.1km resolutions over estimated the discharge with 1.5m3/s). This was also reflected in
the poor NRMSE and KGE values. Similarly, for the Nov 20" event, the R3 D4 over
forecasted the peak discharge. The capacity is 0.9m%/s so it is assumed flooding occurs
once this discharge is exceeded. The simulated discharge for R1 forecasts showed a
different pattern with two lower peaks.
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Figure A4 Simulated Discharge at outlet #1 on Dec 5"- Dec 6™ 2018 and Nov 19" -21*,

2020 for R1, R2 and R3 for DI (10km), D3 (1.1km) and (D4) 0,37km which corresponds
to runs with 4 domain and the cumulus scheme is turned off in the 4th domain

The discharge was simulated for the entire system for El Gomork. The following results

present the node following at a known flood location in the city
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Figure A5 Node flooding depths (m) at known flood location in El Gomork on from
Dec 5th 9:00 — Dec 6™ 15:00, 2018 (above) and Nov 19" 21:00 to Nov 20™ 15:00 2020
(below). For run 1 at DI1(10km), D3(1.1.km). and 0.37km- 4 domains (orange). These
events were evaluated again IMERG simulated runs (blue dashed line)

205



Appendices
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Figure A6 Node flooding depths (m) at known flood location in EI Gomork on from
Dec 5th 9:00 — Dec 6" 15:00, 2018 (above) and Nov 19" 21:00 to Nov 20™ 15:00 2020
(below). Forrun 2 and 3 at D1(10km), D3(1.1.km). and 0.37km- 4 domains (orange). These
events were evaluated again IMERG simulated runs (blue dashed line)
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Appendix B

Sensitivity analysis of loss parameters, including the influence of vulnerability
weights

Using the Oct 25th, 2015 event, a sensitivity analysis of Optimal Actions (OA) under
varying values of the parametric loss function's parameters: yc; C/L (sensitivity to false
alarms), y1 (effectiveness of protective actions) and yq (sensitivity of damage to hazard
severity). The analysis shows how changes in the parameters (Table 6.6) combined with
how the different posterior beliefs affect the selection of optimal actions across 10 rainfall
grids at the 24hr lead time and respective vulnerability classes for the Oct 25" event (See
Table 6.7 for the rainfall grid and corresponding vulnerability class). Assumes the
maximum damage varies with neighbourhood vulnerability class. The loss function
parameters are used to calibrate the decision model using the Oct 25, 2015 event. Changes
in ye, v1 and yq were associated with transitions between inaction, moderate and higher
actions. As Y. increases, the results shift towards lower-intensity actions to minimise the
cost of false alarms. This trend is especially clear under low-hazard posterior beliefs.
Inaction becomes optimal when false alarm costs dominate. Alternatively, as yl increases,
there are higher penalties for missed alarms associated with more severe events, which
generally lead to more protective actions. For increasing values of vy, the influence of this
parameter appears to plateau, reflecting diminishing returns.
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Pluvial flooding is increasing in cities
due to the combined effects of climate
change, rapid urbanisation, and
inadequate drainage infrastructure.
Anticipatory Flood Management is
proposed as a “low-regret” measure to
reduce residual risk and improve
preparedness through flood forecasting
and early action using existing
capacities rather than heavy capital
investments. Yet many cities,
particularly in data-scarce regions,

lack the capacity to produce reliable
rainfall forecasts and well-calibrated
flood predictions, resulting in cascading
uncertainties that hinder decision-
making and subsequent action. While
previous research has focused on
improving model accuracy, less
attention has been given to the
complexity of the forecast—decision
chain. This thesis addresses that gap by

utilising diverse data sources, high-
resolution deterministic and ensemble
rainfall forecasts, different flood
forecasting approaches and a Bayesian
Decision Framework. Focusing on
Alexandria, Egypt, the findings
demonstrate that there are limits to
forecasting and decision-making due to
data availability, urban rainfall forecast
scale requirements, and model
approaches. Despite limitations, the
results also suggest that fit-for-purpose
methods and probabilistic decision
frameworks can produce actionable
information and serve as valuable
decision-support tools when end-user
requirements and decision-makers’ risk
attitudes are considered. Rather than
seeking perfect accuracy, the research
emphasises uncertainty-aware decision-
making to support effective and
equitable anticipatory flood action.
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