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Abstract

In recent decades, flood early warning systems (FEWW&s) been widely used as
complementary nostructural mitigation measwein order to improve the
populaton resilience tofloods FEWS research focusses mainly on flood
forecasting techniques or social aspects of warning response, arid-eardt
modelling frameworks that represent the entire FEWS forelmssion

response/impact chain are rarely developed.

A generic Monte Carlo simulation framework has been developed that represents
an endto-end FEWS in a versatile way, allowing factors influencing FEWS
performance to be explored which cannot be analysed easily based on limited real
world data. The framewk has been applied to a simulated generic fluvial case,
where factors influencing FEWS performance in terms of reliability and economic
effectiveness are explored. A new reliability performance measure based on
inundation maps has been proposed. The fnariehas also beamsedto explore
factors controlling the performance of a simulated FEM{Sesentingan urban
polderin Nanjing China, with performance metrics based on waterlogging and
pumping costs.

For the generic fluvial case, the main resultsaskimat: i) the correlation between
forecasts and observed values controls reliability; ii) probabilistic forecasts based
on optimising a probabilistic threshold are robust to forecast biases in the mean and
variance, ii) a FEWS based on uncertain foresdastcharacterised by an optimal
lead timethatrepresenta balance between an adequate time taractsponsand

a reasonably good forecast) the performance of the proactive action is the most
important factor influencinghe economic effectivenessf a FEWS. For the
simulated flooeprone polder system case study, the results showpitblaabilistic
forecasts of storm rainfall and runoff volunoan considerably enhancthe

waterlogging and pumping metrics.

The results of this research can be usedrtprove the performance of fluvial

FEWSs, and to design FEWSs for polder systems.
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Chapter 1. Introduction

1.1 Background

Climate change and the intense urbanization of floaohe areas evidenced in the
last decades have altered the hydrological resgaristchmentsincreasing the
frequency and magnitude of floodsnranycountriesacross the globés existing
standards of protection based on structural measures are proving to be inadequate
under climate change, and the concept of flood protection has gmgto that of

flood risk management, effective and reliable flood early warning systems (FEWSS)
are becomingital complementary nestructural mitigation measusén order to
improve the population resilience to this natural hagaflO, 2011; Milionis and
Owen, 2018)Asaresult, a new science, knownksod WarningScience, which
covers a wide range of disciplines ranging from hydrometeorological science to
social psychology, has emerged from the nieesess, research, and imgtwe

process chainh@aracterizinghese system@arker, 2017)

Figure 1.1. lllustration o f a Flood Early Warning System (FEWS)

A FEWS aims to provide timely and meaningful warning information to people
threatened by floods to allow them to act in advance to reduce the risks involved.
This system can be represented by thmaén subsystem@arker and Fordham,
1996; Carsellet al, 2004) i) a flood forecasting subsysteni) a warning and
dissemination subsystem@ndiii) a response subsyste(rigurel.l).
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Theflood forecasting subsysters themost wellrecognized and studied element
and uses forecasting model to generdtgecasts on which warnings are based.
These forecasts nde generated by, for exampt®mnceptuabr physicallybased

or rainfallrunoff and/or flooding routing modelsuch as the Stanfofatershed
Model (Crawford and Linsley, 1966)ARNO (Todini, 1996) or TOPKAPI (Liu
and Todini, 2002)models among othersAdvanced datadriven models, e.g.,
machine learningnodels based ofuzzy systems, artificial neural networks,

support veair regressionare also used for these purpo@dssaviet al, 2018)

The forecasting model's inherent uncertaintgansthat flood warningsare based
on uncertain informatior{Bashetret al, 2006) The quantification and reduction of
this uncertaintyhereafter called predictive uncertaintgre the main challenges
faced by forecasters (Perera,20dDgspite the significamesearctprogressnade
in the last two decadem this topig operationaflood warnings have bedargely
based on deterministic forecasts, though probabilistic fotagaststarting to be
considered ipractice(see the Englis case irArnal et al, (2020).

One ofthe reasons for the slow uptake of probabilistic forecasting can be the

confusion in the literature over the appropriate measure of uncertainty to use in

flood warning. Predictive Uncertainty (PU) is the appropristeasure to use

(Krzysztofowicz, 1999a; Todini, 2016)odini (2008)defines PU as the predictive

density function of the unknown future quantity, typically the observed peak water

level or discharge at a specific cresecton, conditional on the forecast of that level

for a given lead tim¢]). To introduce the reader to this concept without the formal

mathematical definitions that come later, the example shown in Figure 1.2 is used.
Deterministic and probabilistic forecasts of

hours are showhigurel.2a and 1.2b.

To understand the concept of PU, the following question is posed: flood damage in
Figurel.2a will occur: (1)when theforecasted water levavertops the dykes, or

(2) when theactual futurewater levelovertops the dykes? The obvious answer is
(2), i.e., when thactual future water levedvertops the dykes. Therefore, the model
forecast must not be considered aseality but just as avirtual reality, which,
however, contains essential anfnationto reduce our uncertainty on what will
actually occur. PU is, thus, the uncertainty abaashfuture valugnot the model

forecast) i.e., the water level to be observed in 6 hours from now, conditional upon
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the model forecasF{gurel.2b). Knowing the probability distribution of the future
water level conditional on the forecast value which is the formal definition of PU,
one can estimate the probability of exceedance (PE) of the flooding level (red area
in Figure1.2b), and make a warning decision based on(fhaglini, 2010) If the

value of PE exceeds a predefined probabilitgghold PT, a warning is issued. PU,

PE and PT are used throughout this thesis to inform simulated flood warning
decisions, and any proactive actions taken in response to reduce flood damage. The

results are compared with those from deterministic forecastin

% b) '

=6 hr =6 hr Probability of overflow

N fer‘:t:l:al Expected value ¢ critical
Forecast \ = Forecast level

Figure 1.2. lllustration of the PU concept

Adapted fromTodini (2004 and Todini 2010)
On the other handhé warning and disseminatiosubsystemand the response
subsystentave notreceived the same atten astheflood forecasting subsystem
(Figure 1.1). The former involves all the processes needed to make the flood
warnings reach those at risk, wher¢hs latter component has to do wite
capacity of an atisk community to take actions that mitigate the flood impact
(Molinari et al, 2013) These elements cover vulnerability factors, which are
important to reduce flood riskand are as important as th@od forecasting
subsystenas it has been proved tletigh-quality forecast is not enough to reduce
flood impact(Basheret al, 2006)

Although it is not always the case, there is usually atmea information flow
among omponents of the FEWS. This information can be either intfingien it

is part of the system and incorporate formal warnings, or extrinsic, which involves
informal warnings used by floodplain usé@Parker and Fordham926). Therefore,

the success of the FEWS heavily depends on how effective the communication is

among the personnel involved in each component.

3



1.2 Research needs

Many studies have focused on improving individual components of a FEWS, such
as forecasts or stad vulnerability. These studies often imply that an improvement

to a component of the system suggests an improvement in the performance of the
integrated system. Thus, in the literature, one can find many studies that include
only the technical componenfsften related to flood forecasting techniques) or
social components (often related to the warning response) of a FEW--&ndl
modelling frameworks that analyse the performance of a full FEWS chain of
components (Figure 1.1) are, thus, rarely develofach frameworks should allow
forecast outputs to be linked with warning decisions and the associated responses
and flood impacts and, at the same time, evaluate the main factors influencing the
performance of the integrated system encompassing theastregarning, and
response processes. A FEWS is only as good as its weakest link, which such an

evaluation should help identify.

The endto-end simulation of a FEWS is no easy tdsken though FEWSs started

to be studied between the 1960s and 19q¥@#liams, 1964; McLuckie, 1970;

Mileti and Beck, 1975) it was not until the 1980s thktzysztofowicz and Davis
(1983)proposed aimulation framewtk to represent this system. In this work, the
FEWS chain is reduced to a flood foreesestponse process, where a forecast
system is viewed as an information system providing forecasts to a response system,
whichis, in turn, viewed as a decision systenere floodplain dwellers make their

own decisions aboutvacuatio based on a sequence of faasts they receive
Krzysztofowicz(1993 also proposed a methodology to represent the FEWS unitil
the warning component based on naonitorforecastdecision chai. This
framework is used taevaluate the performance of a FEW&here Bayesian
decision theory is used to represent warning decisions by a rule that maximizes the
expected utility. The flood warning reliability and economic benefits are used to

define theFEWS performance.

Verkade and Wernd2011) proposed a methodology to compare the benefits of a
deterministic FEWS with its probabilistic version basedtmnrelative economic
value theory. In their methodology, the foreeasirningdecision chain is uskto
obtain therelativeeconomicvalue(REV) in terms of hits, false alarnend misses.

REV is subsequently used to scaletveen the flood risk otwo benchmark
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scenarios: the no warning and perfect forecast scenarios. The flood risks of these
benchmak scenarios are computed through the response and impact components
of the framework. In this work, reaforld data and modelling are used to represent

the flood forecasting and the response/impact component. This work was the first
attempt to include theconomic consequencespredictive uncertaintyRU, in the
economic effectiveness of a FEWS. However, this methodology assumésethat

cost of the warning response is independenthef magnitude of the forecast
flooding, andit only considers the econroi ¢ consequences of
(false alarms or misses) and negates the fact thRttlban also (negatively) impact

the economic effectiveness of flood wa
preceled by a warning (hit), due to the floodang ni t udeds uncert ai
is a need to explore the negative impact of the economic consequeRi¢mad

FEWS in all possible situations, i.e., hits, misses, and false alarms situations. Other

restrictive assumptions limit the applicabilitytbis framework.

Girons Lopezet al. (2017)also considered the ettd-end modelling of &#EWS.

They used a Monte Carlo analytical framework to represent a FEWS through a
forecastdecisionresponseandimpact chain. Based on this framework, they
explored the impact of social preparedness on the economic effectiveness of a
FEWS and how it is rated to the flood warning reliability. A strong limitation of

this study is that it does not consider the impact of the lead time on the FEWS

performance, which is an important factor to be considered in this type of analysis.

Bischiniotiset al. (2019)aso used a forecaslecisionresponseandimpact chain

to represent a FEW®Based on this chain, they developed a framework to analyse
the economic value of a FEWS in which actions in the response component can be
taken at different time points. The ecorionvalue is obtained based on the
economic consequences of hits, misses, and false alarms that characterise the flood
warning reliability of the system. Likéerkade and WerngR011), this work also
considered limited reakorld data to represent thod forecasting component;
thereforethey are not able to base their results by considering a considerable range
of potential flood eventandwarning decision situations that the area monitored by

the FEWS may be subiject to.

None of the works mentioned @ uses thdorecastdecisionresponseand

impact chain to evaluate the flood warning reliability in terms of affected houses,
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i.e., warned and flooded houses. With this information, one evatuatethe
reliability of flood warningsbased on whether a weed property was or not
subsequently floodedt is a morereliable approactithan those used by these
research works and other related works, whichased on whethes warning
preceded a flood event's occurrence or-oocurrence in the floodplaiar in a
specific flood risk zone, where a pdefined threshold defines the occurrence of
the event. This common approach does not considex t f | oo d magni tudeods
uncertainty Note that,due to PU, there is always a difference between the
magnitude of the foresh and observed flooding and, therefore, a difference
between the warned and flood properties. Moreover, this approach does not exploit
the information provided by inundation maps which are now become a routine

element of the forecast component of a FEWS.

The author of the thesis could also identify that there is no generic framework to
underpin the entb-end simulation of a FEWS. Note that beyond each specific
purpose, the research works mentioned above have idealized the FEWS through the
forecast, warnig, and response/impact/components. However, they have used ad
hoc frameworks that have been designed for a specific flood type (often river
floods) or a specific response action using restrictive analytical assumptions. In this
sense, there is a need tosig@ a generic framework that defines well the main
generic components involved in the eoeend simulation of a FEWS and the type

of information generated and used by each of them during the simulation of a flood
threat. Alsoto avoid the limitationgmposed by realvorld datasuch as a limited

time span or amallnumber of registered extreme evenkss generic framework
should consider synthetic observed and forecast informationstbased on the
properties of real data. This widparallelthe £minalwork performed bydosking

and Walis (1988, 1997)whodemonstrated how Monte Carlo sampling can be used
to explore the sensitivity of the estimate ofy@ar flood to various factors and
assumptionsleading to more robust new approachekis generic framework
should underpin the ertd-end simulation of a FEW®onitoring and warning any

type of floodprone area.

The author of the thesis could not identify any research works that use-tm end
end modelling framework to explore the performance of a FEEWgSItoring and
warning aflood-prone polder systemNo research works could be identified

reporting on either the design, implementationevaluation oFEWSs operating
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for flood-prone polder areaBolders are areas tHet below the levels ahe sea or
adjacent outer riverand, tlerefore, pmping systemsnust be useduring storm
events to remove water from the inner rivi@udificial rivers inside the polder area)

to the outer rivers to enable water to drain from thegradeas into the inner rivers.

In a floodprone polder age the pumping capacity is invariably lower than the
drainage capacity (maximum runoff entering the inner rivers). Since the polder
system's storage capacity is defined by the water level of the inner rivers when the
storm arrives, flood warnings can prdgitime in advance to decrease that water
level (increase the storage capacity) and avibid storage capacity being

overwhelmed.

Based on the above assessment, there is a clear need for a generic simulation
framework that can be used to represent theethrain components of a FEWS,

and which will be driven by Monte Carlo simulations of floods and their forecasts.
This will allow the longterm performance of FEWSs to be assessed under a wide
range of conditions. Moreover, the framework can be used atualugstbed to
support the design of FEWSs by exploring the sensitivity of FEWS performance to

various controlling factors.
1.3 Aim and objectives

Based orthe research needs outlined above,dterall aim of this thesis igo
build a generic framework that can simulate and identify important factors
controlling the performance of a FEWS monitoring and warning a floodprone

area. To achieve this aimhethesis is structured around tfadlowing objectives:

1. To design dlexible generic simulation framewottkat can represent the
forecast, warningand response/impact/components of a FEWS.

2. To design aMonte Carlo flood and forecast generadfCFG) applicable
to a generic fluvial case and a flopdone polder system case

3. To design the flood warning decisicomponent (FWDC) of a FEWS and
to simulate and identify important factors controlling the flood warning
reliability of a FEWS for a generic fluvial river caseder deterministic and
probabilistic forecast information.

4. To design the response and impaanponent(RIC) of a FEWS ando

simulate and identify important factors controlling the economic
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effectiveness of a FEWS for a generic fluvial river aasgerdeterministic
and probabilistic forecast information.
5. To apply the generic framework to a caselgtof the operation of a floed

prone polder system in Nanjing, China
1.4 Thesis structure

The remaining part of the thesis is structured as foll@tspter2 reports on a
literature review covering the forecast, warniagd impat'response components

of a FEWS and discusses the research needs highlighted above. This helps to
introduce some key background information required to understand the rationale
behind the development of the generic framewdikis generic frameworks
expdained in Chapter 3 antlas three components: the Monte Carlo flood and
forecast generator (MCFG), the flood warning decision component (FWDC), and

the response and impact component (RIC) (Objective 1).

Chapter 4 gives a full description of the architeetaf the MCFG (Objective 2)
Chapter5 integrates the MCFG and the FWDC components of the framework for
simulating a generic fluvial FEWS and identifies the important factors controlling
FEWS reliability under deterministic and probiit forecasting®@bjective 3) In
Chapter 6, theRIC component of the framework is added to explore important
factors influencing the economic effectiveness of a (deterministic and probabilistic)
FEWS based on redéime flood maps (Objective 4). I€hapter 7, thegeneric
framework is applied to the case study, and a full description of the building of each
of the components for simulating a FEWS monitoring a fipozhe polder system
case is provided. This model is then used to explore factors influencing the
performance othis FEWS in polder flood management operation (Objective 5). A
discussiongconclusionsandrecommendations for further work are finally provided

in Chapter 8.

Figure 1.3illustrates the structure of the thesis and the relationship between the

objectives and chapters.



Simulated generic fluvial case

Building of the MCFG
objective 2
(CH4)
Use of the MCFG and building
Literature review of FWBC 1o ad3dress
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Use of the MCFG and building
of the FWDC and RIC to address
objective 4
Generic framework and (EHO)
overview of the components Conclusions
for each simulated case (CHS)

objective 1

Figure 1.3: Schematic representation of thesis structure and relationship betweghe
objectives andChapters 2 to 8.



Chapter 2. Literature review

2.1 Introduction

Previous research on thearation, evaluation, ansimulationof a flood early
warning system (FEWS) is reviewed here. This chaptelegcribesmportant
factors influencing the performance of a FEWS,piipvides some background
information about the actual operation and evadmabf FEWSs, 1i) reference
relevant studies whose aims have been to improve the performance of a single
component of the FEWS or the overall performance of the systemy)awppors

the research gaps identified in Chapter 1.

The Chapter is structutteas followsin section2.2, a full description of a FEWS is
given. In section2.3, the forecasting component of the FEWS is explaii®is
section describes severmgptions available to set up a flood forecasting system
(FFS) in acatchmenand how they affect the quality of the foasts Here the trade
off betweenuncertaintyandforecasting lead timand the types of forecast errors
are described. Sectidh4 explains the methods available to estimattedictive
uncertainty(PU) in flood forecasting and shaalifferent uncertainty measures can
be derived from themThe concept of ensembles is discussed briefly, and the
section focuses meron statistical models (also known as gmsicessors and
which are the methods considered in this research) and the con&ptIgction
2.5explains how flood warning decisions are made in operational FEWS, and the
most conmon warning criteria used in a local conteattd how several research
works have simulated flood warning decisions considering these warning criteria.
This section also describes the methods available for issuing flood warnings by
using probabilistic infomation.Section2.6explainsthe responst flood warnings
and describes severabtential proactive actions that can be part of the response
component oa FEWS.Section2.7 describessome attribugs used to define the
performance of FEWSs. Substantial emphasis is placed arlthlility of flood
warnings ane&conomiceffectivenessand several relevant studies are referred to in
this field. The term economic effectiveness usedin this researchto refer to
the economic flood risk reductionachievedby a FEWS relative tothe economic
flood risk of the no warning scenario Section 2.8 compiles all relevant
information provided in the prior sectigrend other researchonks to describe
how FEWSs are actually operated and evalugedtion 2.9 references research
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works that have analysed the performance of a FEWS through ato-end
modelling framework. Through the developrhehthe Chaptenimportant factors
influencing the performance of a FEWS are described the research gaps
identified are highlightedhey are thesummarisedh section2.10 and the relation

between the awsidered topicand this research is explained.
2.2 Flood early warning in a system context

Flood warnings are part of an integrated system that can be idealized as a cascade
coupling four components that are supported by several procEgga®p.1). That
integrated endo-end system is often referred to as a Flood Early Warning System
(FEWS) (Girons Lopezet al, 2017) or flood foecasting, warning, and response
system(Verkade and Werner, 2011; Parker, 201If) this research, the first

designation has been chosen. The system is explained as follows.

Flood
Timeline
FEWS
Forecast trigger
£
i
LLL : £A
s | Forecasting * | |
& Sub - System 7 S
Threat recognized < i ‘ } =
o, - ] |©T
_ < 1|5
_ = 8 |e
| Flood plain| T 1 |alE
~ users / 3 Warning | E |5
~ 3| |Sub-System(, _ | [E |
Flood warning ) | % | =
‘ decisiontaken‘g%ﬁ } } g 8’
2 3
e | ] c
Response begins " $_§ } S S o
. . __ _y & | Response ___| = T S E
. 2 Sub - System YV yE&
Flooding thresho@ i s
exceeded
Flood
Impact

Intrisic information channel

— —— - - Extrinsic information channel

—————————— Feedback loops
Figure 2.1: Flood early warning system
Adapted fromParker and Fordhani1996 andCarsellet al, (2004)
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The first milestone in a flood event is the occurrence of a forecast trigger, and the
last one is the exceedance of a stage level (floreshold) at which flood losses,

such as ecomoic damage, trauma to residents, and potential loss of lives, start.
Although trauma is importantfloods can causgocial and mental health problems

that may continue over extended periods of t{@&nkeet al, 2012)- it is very

difficult to quantify. As shall be seenlater, the current work concentrates on
economic damage only, and no attempt is made to represent psychological damage

to residents, or in the worst case, loss of life.

All components of the FEWS are between these two milestonespéiisl is
theoretically the maximum time that is available for conducting proactive action,
and it is known athe maximum potential warning tinj@arsellet al, 2004) If one

or more components fail within this time period, the FEWS is ineffective.

The forecast trigger controlee maximum potential warning timieis a simple or
compound event that is likely to precede every flood and triggers the prepafation o
flood forecasts. This event is defined in termshgirometeorologial variables

which are routinely monitored and/or forecasti€dzysztofowicz, 1993)On large

and medium rivers, examples of these triggers are threshottisatfserved river

stage and observed réail intensity and duration, respectively. The monitoring
may be done by a local system or may also be done by a meteorological agency that
triggers the preparation of the forecasts through the issue of a severe weather
warning (Parker, 2017) In any case, once the preparation of the forecasts is
triggered, time is required to collect data and transmit hydrometeorological data
from the field to a central site to be examinectdbrological forecastssually
provided ly meteorological agencies in the form of numerical weather predictions
(NWP) may also be used in this stage. This process is chtadcollectionand is

carried out by technical personnel and automated detection equipment.

At the central site, forecasteuse hardware, software, and hydrometeorological
data andapplyall their knowledge to create relevant information to recogrthe
potential flood threat (the forecast is generat&t)s process is calleelvaluation

and often compares future dischamewater level with a preefined flooding
threshold @ ), which is often set based on experience, historical data, and/or
detailed hydraulic modelling of river respondé the potential flood threat is
recognized, the time known &recasing lead timestarts and time is needed to
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provide this forecdsto the Warner (a word adopted in this research to refer to a
person involved in preparing and issuing flood warnings, usually a member of a
governmental entity). This process is knowmasfication and triggergshe flood
warning decisiorin the FEWS. h some countries, this responsibility may fall on
the forecaster(where the notification time is negligible) or professionals who have
the appropriate technical background to interpret thetireal forecast information
(Bloschl, 2008) Nevertheless, in other cases, this responsibilgysrevith non
technical decisiommakers(Orr and TwiggefRoss, 2009)The mplementation of

this decision marks the beginning of the process knowlisasminationThe flood
warnings are disseminatedltoxal flood authorities anthe populatiorat riskand

may be based omeattime flood hazard maps or pdefined flood hazardnaps
obtained from a prélood risk assessment of the area monitored by the FEWS. This
process may be carried out by media agencies, internet, text messages (SMS,
MMS), doorknocking, or phone calls, whereby sometimes intermediate warning
dissemination age#s, such as local civil protection authorities, are involved.

Once the recipients receive the warning, tegponsebegins, and the proactive
actions are implemented. These actions can be done by emergency services and
others, e.g., local flood defensmits or military personnel, and might include, for
example, raising demountable defenses or rescuing residents. The proactive actions
can also be executed by the warned householders who canameevacuate
residentialcontentdo a safe placéCarsellet al, 2004; Raiet al, 2020) The time
between the response beginning and onset of the flooding is calledtidpeation

timeor warning lead timend is the time available fonitigation. As can be noted,

this time is different from théorecasting lead timdue to the time needed to make

the warning decision and disseminateniuags (Carsell et al., 2004).

Although it is not always the case, there is usually an informatawa 8mong
components of the FEWS. This infieation can be either intrinsighen it is part

of the system and incorporate formal warnings, or extrinsic, which involves
informal warnings used by floodplain us@tarker and érdham, 1996)Therefore,

the success of the FEWS heavily depends on how effective the communication is
among the personnel involved in each component. In all of the above, it is implicit
that the flows of information take place in réi@he. Therefore, &ctors associated

with the failure of instruments/telemetry system (FITS), the failure of
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communication networks (FCN), and human errors in the forecast and warning

process (HFWP) can affect the FEWS performance.
2.3 Flood forecasting systems (FFSs)nd sourcesof uncertainty

A FFS is part of a FEWS and has an associextasting lead timewhich is a

key technical factor in théntegrated system as it provides time in advandéedo
concerned authoritie® warn and take effective proactive actions inféee of a
potential flood. In essence, the FFS must help the concerned authorities answer as
accurately as possible the following two questions: What will be the magnitude of
the flood event? And when is it going to arrive? Having an exact answer to these
guestions would imply having a perfect forecast, which is impossible as flood
forecasts arénherently uncertainin the last two decades, a lot of research has
focussedn flood forecasting techniques with the aim of reducing this uncertainty.
This literaure review does not attempt to provide a comprehensive description of
all these studies but focuses on the flood forecasting techniques that are considered
or assumed in this research, and in particular, on uncertainty (for a detailed
description of all bod forecasting techniques, the reader is referred to
Hapuarachchet al, (2011 andJainet al, (2018).

Thus, through a literature review, this section of the chapter explains the concept of
uncertaintyand the type of forecast errors associated with it. This section also
explains the forecast chain often used in FEWS and how the FFSs used in this chain

are related to thimrecasting lead timandpredictiveuncertainty PU.
2.3.1 Sources of uncertainty

Uncertainty can be defined in simple terms adabk of knowledge dhe obsergd
value(Gouldby and Samuels, 2009 flood forecastingit produces a difference
between the forecast arittued value ofthe quantity being forecasted, frequgntl
referred to as thpredictand That uncertainty can be split into two types: aleatory
and epistemic uncertainty. The aleatory uncertainty is associated with the natural
variability and describes the inherent randomness in nature, whereas the epistemic
uncertainty is associated with the limited knowledge of the system being studied
and with the inability to measure and model the physical \(Wdson, 2016)

These two uncertainties are included in the fornsgkeasment of uncertainty in
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flood forecasting, and only the epistemic uncertainty can be redBoeteeet al,
2019)

2.3.2 Uncertaintyand lead time

There is a tradeoff betweenthe forecasting lead timend uncertaintyin flood
forecasting[Bloschl, 2008; Parker, 2017y his issuewill be explainedhroughan
illustrative exampleKigure2.2) that shows a community threatenedibgr floods
due to its low standaraf protection (SoR)which needs to instalheFFS as a part
of a FEWSto improve the population resilience to this natural hazarthis case,
it is assumed forecasts of future discharges or water levels at ticadbpmints

(crosssections of the river adjacent to therigk community).
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Figure 2.2: Flood forecasting techniques, forecasting lead time, and uncertainty in flood
forecasting

Adapted fromO & C o n (2@&L8) [An illustrative example to explain the tradéf between
forecasting lead timanduncertaintyin flood forecastinghroughthe potential forecasting models
described inrable2.1. The flooding threshold) is defined by the standard of protection (SoP) of
the atrisk community. The light and dark grey between the lead timmesd ando 0 0
illustrates the uncertainty associated with gabngsed and gaugadar based QPE, respectivel
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As can be seeim Figure 2.2 the catchment area is monitoredebgauging station
(point A), and by a telemetric rain gauge network in the upper area. The forecast
point is represented by point Bigure2.2a). Due to theatchments characteristics,

the lag between points A and B is mainly dominatedhgrouting of the flood
through the main channel. Thus, one potential flood forecasting technique to be
used may be a channel routing model based on the gauging station's s¢cdrd
Assuming that there is a good quality of the hydrologic information, as well as of
the predictions, which is usually easily fulfilled by this flood forecasting technique
(Barbettaet al, 2016) one would expect that this forecasting model would have a
small level of uncertainty. Howeveheforecasting leadite of this model would

be equal to the lag time between points A anideB, , (Figure2.2c), which would

be the smallest one compared with other flood forecasting techrtltptesan be

applied in the catchment

To increasdhe forecasting lead timeone can consider the telemetric rain gauge
network and use, in addition to the flood routing model, a rainfalbff model by
using gaugdasedcatchment rainfall estimais an input which can be recorded
until the time of foecastingo. This time is, in essence, defined by the forecast
trigger that, in this example, can be a rainbalked variable. With this forecasting
chain, one can gairfiorecasting lead timehowever, one also increases the
uncertainty(Figure 2.2d). In this situation, the main source of uncertainty comes
from rainfall datg(Todini, 2004)as, br practical reasons, the densityaih gauges

in the network will often be too low to properly characterize the spatial and temporal
distribution of rainfall throughout theatchmentThis problem can be partly solved
using weather rada(€luckie and Han, 2000; Reichetl al, 2009)since they offer

an alternative method to capture rainfall data in remote areas oatbthment and
enhance the gge-based catchment rainfall estimate (referred to sometimes as a
Quantitative Precipitation Estimate (QP@rheimeret al, 2011; Acams, 2016)

In this context, a forecasting chain based on gadar based QPE that includes a
good bias correction technique will have the sdorecasting lead timef the
gaugebased one, i.e,, , , . However, its level olincertaintyis expectd

to be smallerKigure2.2b andFigure2.2d), the residual uncertainty will be due to
the remaining uncertainty in the rainfall estimate and the ranfatff model
error. Finally, suppose one desirsincrease théorecasting lead timeven more,

i.e., longer than the hydrological lead time L (catchment response). In that case, one
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must add aain-forecast lead timdy using rainfall forecast, which is typically
derived from quantitative predtption forecasts (QPFs) by NWRe., from a
Numerical Weather Prediction model. Nowadays, a QPF is delivered in the form of
an ensemble forecashich manly encapsulatethe uncertainty deriving from the
NWP initial conditions(Cloke and Pappenberger, 2009; Liguetial, 2009)
Shorter lead time precipitation forecasts can also be derived in the form of Nowcasts
based onhte propagation of weather radar images forward in space/time using a
nowcasting algorithn{Heuvelink et al, 2020) A forecasting chain under these
considerations records the rainfall until the time of forecastamyl forecasts future
rainfall for a time interval into the future . Even though this forecasting chain
provides the longest lead time relative to the previous scenarios, the uncertainty
level deriving from the Nowcasting and/or the QPF for the-temd extension Lr

is the highest due mainly to the uncertainties related to meteorological predictions
(Marty et al, 2013)(Figure2.2e).

There are several other sources of uncertainty that can be substantial in the flood
forecasting chain. For example, errors associated with initial conditions, e.g., soil
moisture, are particularly important when using rainfatioff models.Table2.1
describes the four scenarios illustratedrigure 2.2 and their primary sources of

uncertainty.

As one can see, this example explains clearly why uncertainty increases as the lead
time increases and the rationality of the traffedbetween these two variates. This
rationality is used in thisesearch to explore the reliability of flood warnings and

the economic effectiveness of river flood warnings associated with different

forecasting lead timeis Chapter$ and6, respectively.

The preeding depiction of how uncertainty increases with lead time implicitly
assumes that data assimilation/forecast updating is carried out as new data are
received at each time point, so that, at the current time point t, the model forecast
and the observedalue agree within the limits of measurement error, before the
next forecast is issued. The effect of data assimilation dies out as the lead time
increases, and the forecast reverts to the simulation mode model farecaisat
resulting from the forcig input variable(s). This is also the case with NWP model

forecasts.
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Table 2.1 Source of uncertainty for four potential flood forecasting techniques in a FEWS
The four forecasting models described in thid¢ave the ones describedrigure2.2.

: Model configuration | Forecasting II® (2D Levels_of
Scenario : . source of uncertainty
option. lead time )
uncertainty
1 High Flow
Ratings
9 Hydraulic/Rout
ing Model
Structure and
1 Flood routing model , Parameters The lowest one
1 River
channel/floodpl
ain
9 Survey
Flood routing model+ 1 Type of rainfall
2 rainfall-runoff model event Higher than
(precipitation data from (convective, scenarig1 and 3.
rain gauge network) frontal,
orographic,
etc.)
Flood routing model+ ' ' q Rainfal-Runoff
rainfall-runoff model Model Smaller than
3 (precipitation data from Structure and Sscenario 2
rain gauge network Parameters '
and/or weather radars
1 Antecedent
Conditions
9 Type of rainfall
event
(convective,
frontal,
orographic,
Flood routing model+ etc.)
rainfall-runoff model T Nowcasting
(observed rainfall and Algorithm
quantitative Structure and
4 precipitation forecast . Parameterizatid The highest one.
(QPF) from a n
numerical weather
prediction (NWP) TNWP Mocel
mode) Structure and
Parameterizatio
n
1 Rainfall-Runoff
Model Strucure
andParameters

Also, it is important to notéhat the exampleshown in Figure 2.2ssumes that
forecasts are done by using a rainfathoff model and/or flood routing modgiat
can bephysicallybased or conceptual. Note, howevhat forecastcanalso be

generated through dataiven models that rely on historical data without directly
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considering the underlying physical hydrological processes. These methods can
representhe existing nonlinear rainfatlinoff relationship with high computational
speed. The sources of uncertaitfy these modelsare related to the aéory
uncertainty- included in the training dataand the inability of the algorithm to
represent the @erved values. The popularity of advanced-datzen models, e.g.,
machine learning models, has dramatically increased in recent(Vezavi et al.,

2018) Machine learning methods.g., fuzzy systems or artificial neural networks,
have been used foroifecasting rainfall, discharge, water levelsr for
assimilation/forecast updatin@areghian and Kashefipour, 2007; Kambalimath
and Deka, 2020)

2.3.3 Types of forecasting errors

Given the existence ahherentuncertainty, flood forecasts are subject to several
types of forecasting errors, which have to do with ek of fit between the
predictand, often a discharge or water level, and predictor. Based on a forecast and
observedhydrographof a potential flood, they are classifiedasplitude phase,

and shape erro8VMO, 2011) and their presence also affects the forecast of the

main variables involved during the émast process, i.e., peaB,(timing (© ), and

volume ) of the potential flood.

The amplitude error implies both errors in the magniti@é¢ &nd volume Q)
(Figure 2.3a). They often occur due to structural diefincies inthe hydrological
model, parameter estimation erraaaderrors in the input and/or output datde

phase errors show errarsthe timing of the hydrograpfQ ), i.e., dthoughwis

correctly estimatedt is delayed or advanced fime (Figure 2.3b). Finally, shape

errors may show , Q, andQ . This type of error may be attributablehe routing

component of the modelot representing well theedistribution of the generated
runoff volumes over timgFigure 2.3c). If the error is systematic for any of these
scenarios, it is said that the forecasts are biased. FFSs operatingupdaimg

mode, i.e., the ones that do not considertiea information to mody forecasts,

are more likely to have these errors than the FFSs operating in updating mode, i.e.,
the ones that consideforecast updating based on recemydro-climatic
observations (this is a pegtocessing technique named data assimilation). The

literature offers severdbiascorrection methodsvhen dealing with streamflow
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forecastyHashinoet al, 2007) These methods ofteaddress the issue of the bias
in the mean value of the predictarahd the issue of the bias in the variancthef

predictanchas been poorly analysed in flood forecasting and warning process.

Hydrograph - based - errors

a) Amplitude errors b) Phase errors ¢) Shape errors

Discharges or
water level
Discharges or
water level
Discharges or
water level

Time Time Time

Figure 2.3: Types of forecast errors
Adapted fromWMO (2011)
In this research, a potential flood is represented by its peak flow ordinate i.e.,
and only the erro€ is considered in the representatiof its forecast. The primary
impact is created by the magnitude of the flood peak.tifinag of the flood can

be considered a secondary impact and negle€@Qinmainly affects theeconomic

effectivenessf flood warnings because the damageesaby a proactive action
depends on thmitigation timewhich, in turn, depends on the onset of the flooding.

The errorfQ is notconsidered in the analysis done in Chaftgince it is assumed

that'Q will dominate oveithese timing errorsThe impact of the bias in the mean

and variance on the reliability of flood warnings is explored in Chapter 5.
2.4 Estimation of predictive uncertainty (PU)

From more than one decades ago, the concept of umtgritaiflood forecasting

has started to be considered more and more in research and practice
(Krzysztofowicz and Kelly, 20007 odini, 2004; Cloke and Pappenberger, 2009)
This issue has been studied through two philosophies: ensembles methods and
statistical methods (also known as ppsicessorgBoeleeet al, 2019) Ensembles
methods definencertaintyfrom a set of plausible forecasts, whereas the statistical
methods use prior forecast and observed values to detintarough statistical
analysis. Some methods also usest two philosophies to estimate it.

Ensembles methods assume that the space of the forcing data, forecasting model
structure, and parameters can be defined. Thus, ensembles are often obtained by

running the forecasting model several times, frequentynfdifferent initial
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conditions, and where each run is within this assumed $paea et al, 2009)

Since @semble methods measure the spread of the forecasts descending from these
multiple scenarios, it is said that they do not provide an appropriate meaBle of

but rather a measure of forecasting sensitiitydini, 2017)(Figure2.4a).

a) b)
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Figure 2.4: lllustration of methods used tocharacterise (a) uncertainty in forecasts and (b)
predictive uncertainty
The flood even is defined by the Standard of protection (29Bhncertaintyin forecastglescribed
by ensembles arg) predictiveuncertainty defined by conditional distributidios different forecast

horizons.
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Figure 2.5: Uncertainty measures
From the methods used to quantify uncertaifipm ensemblesseveral uncertainty measures
(confidence limits, error bars, probability dibtitiong can be obtainedNote that in practiceonly
1 or 2 measures would be used on the same figiume flood event is defined by the standard of

protection SoP.

Statistical methods assess the uncertainty in flood forecasts indéfs They

use hstorical observed and predicted values to derive PU as the predictive density
of the unknown future quantity conditional on the forecasted one. PU is quantified
when forecasting a predictand (often water level or discharges) with a specific

forecast horizo (forecasting lead timgFigure2.4b).
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Figure 2.5 illustrates the uncertainty measures that can be derived from the
ensembles. Given that this research considers the statistical philosophy to represent
PU, the PU concept, and the methods used to estimate it, are analysed in the

following subsections.
2.4.1 Predictive uncertainty(PU) definition

I n studies of hydr ol ogipredictive tincerteangya taisng, the t
been widely used. PU is define¢ Bodini (2016) as the probability that the

predictand, typically the observed pea#ter level or dischargat a specific cross

section at the timé 0 ( where L isforecast lead timeconditional on a single or

multiple predictor(s), namely model predictih The predictand is conditional on

the structure, parameters, and forcing data of the forecasting model(s). The

t er mi npoelidigeyncéitainty has been popul ar because it F
is associated with the uncertainty around the prediaifaiie predictand, rather

t h a n sinulateon dncertainy ( SU) , al so known as fAemul ati on
Avalidation uncertaintyo, t hat defines the wu
knowledge of what actually occurred. SU, in essence, defineskilh@fsthe

forecasting model to reproduce the realijein et al, 2016) If one assumes peak

water levebs the predictand, i.ey and only one predictor (the forecast peaiter

level of a forecasting model), i.ewy the joint probability okwandw PU and SU

are defined byQufw , Qo and™ QI |, respectively. Since, in the case of

SU, wis the uncertainty quantity, it can only be based on past observations and not

in predictive mode, whereas PU can be used in both simulation (or hindcast) and

predictive mode Figure2.6 illustrates the concepts of SU and PU.

It is important to realise that PU encapsulates all the different sources of uncertainty
in the forecast chain into one measure, thus making it unnecessansidacthe

sources themselves.

Throughout t his t hesi s, the ter ms 6predicti
uncertaintyd are used interchangeably, wher e

term has exactly the same interpretation as the former.
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Figure 2.6: lllustration of SU and PU
a) Simulation uncertainty (SU). Once the joint distribution between the observed and forecast
values is built, knowing an observed vatiig, one can evaluate the uncertainty ofhedictor
w(forecasting model). b) Predictive uncertainty (PU). With the joint distribution, knowing the
predictoray, one can assess the uncertainty on the predictand. Adapteddtin (2016)

2.4.2 Predictive uncertaintyPU) estimation

The statistal methods (which are the methods considered in this research), in
essence, calculate the forecasting model's error and assume the erded's
obtained from past observations and their forecasts representative of the
uncertainty in the future. Hse methods estimatke PUof a predictand (often
water level/discharge) for a specific forecast horiZzonetasting lead timeand
location. Thus, statistical methods have been applied to a fixed location with
discharge/water level da(Boeleeet al, 2019)

The statistical methods most commonly used in hydrology are the Hydrological
Uncertainty processor (HUErzysztofowicz and Kelly2000) Model Conditional
Processor (MCP)Todini, 2008; Barbettaet al, 2016) and Bayesian Joint
Probability (BJP) mode(Wang et al, 2009; Zhaoet al, 2015) All of these
methods, which have been reviewed lhy et al. (2017) share similarities; for
example, 1) they use parametric approa
distributions needed to estimate PU; ii) a sample of forecasts and the resulting
observations, obtaineddim historical records or simulated forecasiisdcas}, is

used t o i denti fy t he di stributions i
distributions of the original samples are transformed to Gaussian to apply the
Bayesian inference technique; and iv)$henples used are comprised of values that
represent the four different states when dealing with flood forecastingyeak,

flow, base flow and transitory states occurring during the rising and recession

limbs.
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In the same way, these methods have thein particularities. For example, HUP
takes into account the strong autocorrelation property of hydrological time series to
base the derived probability distributions on recent past observations
(Krzysztofowicz, 1999a; Bogner and Pappenberger, 20MCP is an alternative

to HUP, but it has the advantage that the derivation for uateagituations (a single
model provides probabilistic forecasts at a spedifiecasting lead timeand
location) can be conveniently extended to multivariate situations, which can be
used for example for multimodel, multisite, and mdiiad time probles (Coccia

and Todini, 2011)Both HUP and MCP use the normal quantile transformation
(NQT) as a Gaussiamansform methodBogneret al, 2012) BJP differs from
these two models in that: i) the lsgh transformation is used instead of NQT; and

ii) it considers the uncertainty of the parameters used to describe the PU, where the
Bayesian inference technique is applied fag #stimation of these parameters
(Zhaoet al, 2015) MCP and BJP deal with the exiting heteraissicity of the
residuals when forecasting streamfldwihat is, the error between forecasts and
observations tend to be much higher at high flow than at low tloneugh the use

of the multivariate truncated Normal (MTN) distributions and the-siodp

transformation, respectively.

The main disadvantage of these statistical methods is that thegrrelgserved
values. This problem is particularly important for the methods that use NQT as a
Gaussiartransform method. It might happen that, during rapenal use for
forecastingthe sampled data points in the normal space fall outside the range of
the historical sample, aride inversion of the empirical NQT is not possible. These
methods deal with this issue as extreme values are rarely observedistidhiedh
records due to the limited amount of available data. Thus, to estimate future possible
extreme values, different approaches have been proposed, which in essence seek to
identify the besturve for fitting thesample distribution tails. One of timeis, for
example, to extend the historical observed sample with extreme values estimated
by fitting a PeakgOver Threshold (POT) model to the upper tail of the sample and
apply a norparametric regression method called Generalized Additive Model
(GAM) asan extrapolation methd@ogneret al, 2012) Other approaches suggest
extending the sample by the hyperbolicrxmmation for the uppermosail of the
distribution (Seo et al., 2006) or applying a linear extrapolation on a number of
points in the tails of the sample distributibVeertset al, 2011) Coccia(2011)
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suggests applying a specific modelhe tails of the historical sample by setting,
for the upper tailthe maximum valugor which the probability is assumed to be
equal to 1to twice the maximum value ever obseryvadd, for the lower tail, by

setting the minimum valuéor which the probbility is assumed to be null, to zero.

This research does not explicitly use a statistical method to estimate PU from
observed data. Rather, it selects realistic parameter values for the distributions used
in deriving PU Figure 2.6b) within a Monte Carlo sampling framework; these
parameter values are supported by the analysis of observed flood peak data. A joint
distribution is assumed for the predictand and predictor. Then, using the method
known as the conditional approach (Lewand Orav, 2018), bivariate values
associated with a conditional distribution (representing&&/generated from this
assumed joint distributiofmhis is done for a simulated fluvial case (Chaptand

Chapte 6) and the case study (Chapt®r Chapter3 describes the predictands
considered in each case, whereas Chaptiatails the statistical concepts used in

this approach.

2.5 Warning decisions in flood early warning systems

The prediction problem in FEWS has been addressed by a plethora of research
studies, ranging from simple to complenethods and forecasting models. In
contrast, the warning problem, particularly the warning decision issue, has received
relatively little attention. FEWSs often have an associated warning critiabn
determines which warning decision process must dreducted. This warning
criterion, in turn, depends on the flood forecasting technique used in the system.
Based on a literature review, this section of the Chapter explains how flood warning
decisions are actually made in operational FEWSs and the forgoastften used.
Furthermore, it describes the most common warning criteria used in a local context
and how several research works have simulated flood warning decisions

considering these warning criteria.
2.5.1 Common forecast type and warning decision

Most FEWSs use deterministic forecasts in the wardexsionmaking process.

However, due to the significant progress in the last two decades in assessing and

estimatingPU, the probabilistic forecast is starting to be considered in operational

FEWSs. Foexample, the Environmental Agency (EA), the entity responsible for
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managing the risk of flooding in England, is transitioning toward using this forecast

type through the use of ensemb(asnal et al, 2020)

Regardless of the type of forecased, the warninglecisioamaking process is
complex. Before issuing a warning, the Warner often meticulously assesses the
forecasts and uses his/her previous experience (built up over past events) to make
the best decisiofRamoset al, 2010; Verkade and Werner, 201Dther factors

such as the type of event (e.g., local small flood events vsdarde extreme flood
events), the codienefit analysis of warning vs not warning, risk attitude (e.qg., risk
aversion vs risk kaing), and the cultural environment in which decisions are made,
also influence the warning decisiohrfial et al, 2020) All these factors associated

with the human behaviour of the Warner have been sotated in this research in

a factor called the human component of the flood warning decisions (HFWD)
which, as was mentioned above, affects the flood warning decision and, therefore,

the FEWS performance.
2.5.2 Warning criteria in a local context

FEWSs may us for the warning criterion a singtkscharge water level threshold
(e.g., definingdefence overtopping or first property floodjngvhere forecast
values (often discharge or water levels) are compared with theefireed
threshold, which is, in essendbg flooding thresholdo . If the forecast values
crossw , a warning should be issueBidure 2.7a). These FEWSs daot target
warnings to individual properties or small areas within thes&tcommunitybut
mainly aimto alert flood authorities of a potigad flood that, in turn, uses proactive
actionsto mitigate the flood impacA commonproactive actiorin this type of
FEWSsis raising demouiable defenses, which can neee@4h aheadwvarning to
be erectedFlooding-thresholdbased waiing decisions have been the basis of
some important researWerkade and Werner, 2011; Daeal, 2014)

FEWSs may also use several warning criteria based on different discharge/water
level thresholds. These thresholds are often assativith different return periods

and are called flood warning thresholds. They split the level of impact in the
floodplain into flood zones (also called flood warning areas) which allows warnings
to be targeted on small arg&ene 2008) This warning criterion represents a more

phased approach to warning or evacuating properties than the single flooding
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thresholdbased criterion since each flood zone has its own flood warning threshold.
In this case, a flood zone is warned ifaresponding flood warning threshold is
exceededKigure 2.7b). These thresholds are often set basegrar hydraulic

modelling and flood risk assessment of the area monitored by the FEWSs.

a) b)

Warning decision

Flooding SN
threshold y; N |

——Observed
- - - - Forecasts

> FZ=Flood zone

Figure 2.7: lllustration of warning criteria based on discharge or water levels thresholds
a) Single flood warninghresholdbased criterion, b) multiple floedarningthresholds based
criterion (adapted fronSene, 2009)
SomeFEWSsmay use a hydraulic inundation/hydrodynamic model in the forecast
chain to transform the hydrogna of a potential flood into the expected sacio
economic impacts through retine flood hazard mapsn this case, these maps
andthe floodingthresholdw are used in the warning criterioklVarning decisions
are based on the direct comparisonfafure discharge or water levedsmd the
flooding thresholdw , andthe reattime flood hazard maps are used to identify
individual vulnerable propert® and disseminate flood warnin@Sigure 2.8a).
Flood hazard maps are built by intersecting the maps of the property locatthns
the inundation forecastingrhis flood warning service is considered the most
sophisticated one ard considered complex and computationally expensive, and
its use has been limited FEWSs(FernandeN6voaet d., 2020) Despite that,
with the development of higherformance computing techniques, it is now feasible
to usethese flood forecasting techniques in flood warning serJiksg et al,
2020; Ritteret al, 2020) In some cas a library of pregenerated hazanthaps
correspondig to different flood levels is created and stored, and the maps are then

interpolated in realime, which is computationally light.

Some FEWSs may use a warning criterion basecklatively simple forecasting
tools such ashe rainfall threshold (RT) miebd (Georgakakos, 2006; Golian al,

2015) These methods allow the fooaster ® use local precipitation angredict
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flooding without running complex forecasting models. Furthermore, they can be
used asa backup approach when there is failure or instability in the main FFS
( O06 Co n n e linthis m2thod, & kritical RT value is defined as the minimum
cumulative rainfall volume necessary to cause a critical river discharge at the
forecast pointd cross section of the river). A rainfall threshold curve is that b

by plotting critical RT valuesersus time, all corresponding toetBame critical

river dischargeWhen the cumulative rainfall volume of an event crosses the RT
curve, the peak discharge at the forecast point is expected to beécsgugiteater

than theRT curve's critical river discharge. Thus, FEWSs that use this flood
forecasting technique use a warning criterion based on future precipitation (often
expressed in terms QPF) and ®RE curve In that case, a warning is issued if the
QPF crosseshe RT curve(Martina et al, 2006)Figure 2.8b). Like the FEWSs
based on a flooding thresholBigure 2.7a), these systems do not target warnings
to small areas or individual properties but @aoralert thegeneral public antead

local flood authorities of a potgal flood in the floodplainThese methods often
assume a prdefined rainfall pattern, preefined soil conditions, and fige
catchmen characteristics, and, therefore, relatively langeertainty in the flood
predictionsmaycome from these assumptiofMartina et al., 2006; Hapuarachchi

et al., 2011; Wu et al., 2015)
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Figure 2.8: lllustration of warning criteria based on a) inundation forecasting and b) rainfall
threshold curve

This research in Chapté&r explores the reliability of flood warnings of FEWS
whose warning criterion is basemh realtime flood hazard maps and/or the
flooding thresholdo (Figure2.8aandFigure2.7a, respectively). Furthermore, in
Chapter6, the reliability of flood warnings and theconomiceffectivenessf a
FEWS based on the first warning criterion are explored. In Chapter 7, the case

study, a rainfalthresholdbased warning criterion is used. This research does not
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simulate tle warning criterion illustrated ifrigure 2.8b; however, it takes the

concept of the RT curve to adapt it to a flqgmdne polder system
2.5.3 Simulation of warning decisions

Most research works that have consideredvning decision problem in FEVES
have assumed that they can be made following a detexfastdriven rules. For
example, a common method when simulating determirfistecastbased warning
decisions is to assume that a warning is automatically issbed the forecasting
model's deterministic output(s) cross a -gedined threshold/s. Under this
assumptionYerkade and Werng¢R011)show, using a quasinalytical framework
with some limithg assumptions, how floodirtgresholdbased warning decisions
based on deterministsinglevalue forecastsin which forecast errors are not

acknowledgedgeadto suboptimal decisionsn a FEWS.

The use of probabilistic forests allows, on the otheahd,optimal flood warnings

to be issued a®U is explicitly quantified. It can be used within appropriate
decisionmaking procedures to minimize costs, economic lodess,of life and

social disruptn. These procedures can be split into probabilistesholdshased
methods and riskased methods. In essence, the former ones assume that a warning
is automatically issued when the probability of exceedance of -algbireed
threshold of the predictand (discharge, water level, rainfall ameto)texceels a
predefined probabilistic threshold. This method has been considered by assuming a
warning criterion based on a flooding threshtrkade and Werner, 201by

flood warning threshold@lfieri et al, 2012; Bischinioti®t al, 2019)Figure2.7).
Probabilistic thresholds are often set in such a way that they meet specific
requirements, such as maximizing tiediability or economiceffectivenessf the
FEWS.

Risk-based methods are often used in a Bayesian decsiheme where the
predictive density, i.ethe PU, and a utility/loss functipare used to set rules
based on expected valu@sconomouet al, 2016; Todini, 2017)The utility/loss
function gives information about the utilities/losses in the FEWS with and without
the warning action. Thiuinction, along with the predictive density, is used in-real
time. Bayesian warning decisions assume that the warning is automatically issued

when the warning action's expected utility /losses are higher/lower than that without

29



the warning action. BayesidFEWS have been designed to predict floods based

on rainfall (Martina et al, 2006; Economouet al, 2016) or water levels
(Krzysztofowicz, 1993 Bayesian warning decisions are rarely used in operational
systems, and they have mainly been considered in research works to show the

advantage of using probabilistic forecasts in FEWS.

This research simulates warning decisions through forelcaeh decision rules.
Deterministiewarning decisions assume that the warning is automatically issued
when the deterministic forecast crosses a predefined threshold. The probabilistic
threshold approach is, on the other hand, used to represent the probalalising
decisions. These approaches are used to simulate warning decisions in a FEWS
operating for a riveflood-prone area (Chaptefsand6) and a floogprone polde

system (Chapter).
2.6 Response to flood warnings

The aim ofa FEWS is to redce human and damage lossbsough the
implementation oeveral proactive actions triggered by the flood warnings. These
actions repreent the response of the FEWS and define the benefits of the system.
Priestet al, (2011)developed a model to quantify the benefits of a FEBASd on
several response pathways to flood warnings or risk reduction actionssyRRA
their work, eight principaRRAs were identifiegwhich cover the mitigation othe
economic and human loss@sgure2.9). These RRAs provide a good insight into
the potential proactive actions that can be part ofrésponse component af

FEWS and are explained as follows.

Six of these RRAs relate to damagelucing responses and two to the reduction of
human lossesThe former responses covafflood defence operatiofFDO) and
commurty-based options (CBQhat considerfor example, community pumping
schemes othe placement of measures to protect propeidit a community scale.

The damageeducing responses also involve actions at the household level, such as
contingent resilience measures (CRdA}Yhe contents moved or evacuatédME)

by householder€CRM is a set of lanned measures to be conducteddveace of

a flood, sich as the use of sandbaygatercourse capacity maintenance (WCM)
also reduceflood damageActivities to mitigate he economic damage in business,

such asnoving equiment or stock out of the path of floodwatarealsoincluded
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in the damageeducing response®n the other handhé RRAs associated with the
reduction of human losses relate to search and rescue (SAR) and evacuation

measures (EVAC).

[ [ I 1 T | e
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Figure 2.9: Potential RRAs used ina FEWS
SourcePriestet al, (2011)
Several resarch worksthat havestudiedthe response component thie FEWS
through a modelling framewotkave considered one of these RRRAgst example,
Dawsonet al. (2011) and Liu and Lim (2018) used an ageriiasel modelling
framework to explore théenefitsof EVAC in a FEWS.Verkade and Werner
(2011)andBischiniotiset al.(2019)used aquastanalytical frameworko analyse
the economiceffectivenessf a FEWS based on CME and CMR, respectivéty.
this researchthe response component of the FEW$epresented through CME
for the fluvial case Chapter6) andCRM for the floodprone polder system case
(Chapter7). The CME is simulated by usirthe functions proposed hyarsellet
al. (2004) which representhe damage reduction of this RRA in a floodplain
property as a function of thmitigation time(which is assumed in this thesis to be
equal totheforecasting lead timeand flood depthThe furctions were developed
from the statistical analysis of surveys completed by floodplain management and
flood damage expert3.he CRM in the case study represents a pumpagme
operating in thdlood-prone poldebefore orduring storm events to remove t@a
from the inner rivers to the outer rivers, to enable water to drain from therpold

areas into the inner riverAn overview of these RR&is provided in ChapteB,
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and a detailed explanation of its simulation is providedeach corresponding

Chapter.

As was mentioned at the beginning of this sectiba,RRAs shown inFigure2.9
define the benefits c FEWS. Rarticularly,the RRAs relate to damageducing
responseslefine theeconomic effectivengsf the systemwhichis considered as
one of the performance meastwéa FEWSParker, 2017)Since this performance
measure is one of the measures to be explored in this resbarpbtential damage

savedasseiated with damageeducing responses are analysed in the next section.
2.7 Evaluation of the performance of a FEWS

Parker(2017)suggests several measures to define the performaadeENS. He

split them into technical and social measures. The former ones consider technical
aspects associated wittrecastquality, such as the accuracy, reliability, timeliness

of flood warnings and flood detection, as well as aspects related tedgeaghical
coverage. These measures can be characteristics of the FEWS or be evaluated based
on a record of observed data and their forecasts. On the other hand, social measures
are evaluated based on social survey responses and measure the accefftance of
flood warning service. Social aspects include information quality and satisfaction

of the warning service, life protection, and economic factors such as damage
reduction and benefitost ratio. Social measures cousdso considethereduction

of psyosocial impacts of flood eventss it haveen proved that floods can cause
social and mental health problems that may continue over extended periods of time
(Stankeet al, 2012) however, these measures are rarely considdfemin these
measureggliability andeconomieffectiveneskave been the attributes of a FEWS

that have received more attention in research works. This research is based on these
two performance attributes, and, therefore, substantial emphasis is placed on them
in this section.This literature review supports the research gaps identified in
Chapter 1, which are, in turn, highlighted in Chapger6, and 7.

2.7.1 Reliability

Thereliability of the flood warnings is one of the foremost attributes of a FEWS.

In general termgegliability is defined as an object's capability to achieve a required

function under stated conditions for a stated period of {Be®rge and Modaes,

1994) Thus,Satteleet al. (2015) state that reliable warning systems for natural
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hazards can be considered as those that detect all hazard events in a timely manner
andtransfer the warning to tredfected people, leading to actions that avoid damage
and loss of life. They also split the reliability of a warning system for natural hazards
into technical reliability and inherent system reliability based on this concept. The
former has to do with thesystem's ability to work correctlyn extreme
circumstancesand the latter witlihe skill of the system tdetect and alerthe

hazard event

In terms of flood warning systems, theiability of the flood warnings is often
evaluated only in terms of theherent system reliabilityTherefore, it isdefined

by skill scores that determingarning decisiorobservations combination results
Thus,it has been analysed based on the concept of signal detection theory through
the probability of detection (PODMd the probability of false detection, also known

as false alarm rate (f®rzysztofowiczet al, 1994) It has also been evaluated in
terms of hits, missed events, and false alarms for different thregiMdegesarchio

et al, 2009; Alfieriet al, 2012) In line with this, Parker 2017)defines PODF,

and the false alarm rati6AR) as reliability measures of a FEWRable2.2). Other

works define this attribute of the FEWS through the critical success index (CSI)

also known ashreat scorégJolliffe and Stephenson, 2012)

The works mentioned above have evaluatedehability of flood warningsased

on whethema warning preceded a flood event's occurrence oogoarrence in the
floodplainor in a specific flood risk zone, where a fatefined threshold defines

the occurrence of the eveffigure 2.7) The skill scoes used to define this
attribute, in a$€9¢ 0 cembilitygpithedood vaarnifigs in a p
the floodplainor a specific flood risk zone. Even though these works suggest
methods to reasonably estimate tiediability of flood warnings, hey do not
consider the uncertainty in the estimation of the flood magnitude. Notel tigati
the forecast 6s , themehie alveagst a difference rbétvaeem they
magnitude of the forecast and observed flooding, and, therefore, a difference
between the warned and flood properties. This undoubtedly impactslialeility

of flood warnings. For exampl@®arkeret al. (2007) found in a floodwarning
customeroriented research project that, due to a bad performance in the
dissemination procedure, only 37.5% of flooded propen#eeived a warning
before flooding. This occurs due to not only poor communication but also due to

uncertainty in the estimation of the flood magnitude.
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Therefore, a more reliable approach would be the one that evaluatebabiity

of flood warning based on whether a warned property was or not subsequently
flooded. This target information for this approach is the number of warned and
flooded houses after the observed realization of a potential flood in the area
monitored by the FEWS. Tothe bestoh e aut hor 6 s Kkn-bagededge,
framework that explorebereliability of flood warnings based on this criterion has

not been reported in the literature.

This criterion, which is becoming increasingly relevant to operational FEWS as
flood hazad maps are being used to assess which properties might be flooded
(Figure2.8a), is called in this research a floodplain propdsised criterion (FPC)
and is used to explore flood warning reliability for a simedafluvial case in
Chapterss and6. In these Chapters, the FPC is compared with the criterion that
evaluates theeliability of flood warningshased on whether warning preceded a
flood event's ocawence or noroccurrence in the floodplain, where tfieoding
thresholdw at a specific river crossection defines the occurrence of the event.
This criterion is called in this reseh a floodingthresholdbasedcriterion (FTC)

and can be used ®valuate the reliability of flood warnings of FEWS with the
warning criterion illustrated ifrigure 2.7a. Thesame skill scores can define the
reliability of flood warnings in the FTC and FPQable 2.2 indicates the
interpretation of the skills scores POD and FAR in the FTC and FPC.

Table 2.2 Metrics to evaluate the flood warning performance

Abbrev In the FTC, In the FPC,
Metric iation answer the arswer the Equation Interpretation
question: guestion:
. What is the
Probability Vghgﬁ.'s thfe probability of Rarges from
of probability of an | g 04eq | 0 0-1.
: POD observed event ; VU0 —
detection bei di house being Q a Perfect
or hit rate NG Warhea I | -\ amed in the f
the floodplain? . orecast 1.
floodplain?
What is the
What is the probability of
probabilityof a a warned ) Rangedrom
False forecast event | housebeing | Q 0-1.
io| FAR ing i incorrectl 00 Y =
alarm ratio being incorrectly ctly Q "Q Perfect
warned in the | warned in the forecast O.
floodplain? floodplain?
LegendGxhits; & =misses;false alarms.
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2.7.2 Economiceffectiveness

The termeconomic effectivenebsis been used to refer to fih@od risk reduction

of a FEWS relative to thi#ood riskof the no warning scenar{&éatteleet al, 2015;

Parker, 2017)As was mentioned in sectiah6, the RRAs relate to damage
reducing responses define #gonomic effectivenes$a FEWS which is, in turn,
considered aa perfornance measure of the system. The potential damage saved
associated witthese RRAs hebeen often estimated through social survey research
projects. From the RRAs shownhigure2.9, CME was perhaps the first RRA that
wasresearchedDay (1970) was the first to do this. Based on research conducted

in Susquehanna Rivelasin  he devel oped what i s c¢omil
c u r,whkidh shows he relationship between the mitigation time and potential
damage saved (expressed in percentage) associated with CME. Based on this curve,
Day (1970) suggest predicting theconomic effectivenessf the FEWS as a
percentage of a metric that defines the flood damage of the floodplain without the
warning service, where the expected annual damage (EAD) is often used for these
purposes. After this work, a long series of social eyresearch projects were
devel oped to i mprove t GaselBtaly200:t)critiesseé h o d .
the D a g method and mentions that the flood depth is an important factor
influencing the damage reduction. Therefore, it should be considered in the
estimation othe potential damagesaved They al so menti on t|
too optimistic as it assumes tHktodplain residents act rationally and efficiently.

In this context, based on a social survey research pr@jacsdl et al. (2004)
developed damage reduction curves associated with CME as a function of the
mitigation timeand flood depth and suggest a method to estinttaéeeconomic
effectivenes®f a FEWS as the difference between the EAD of the floodplain
associaté with and without a warning scenario. The latter EAD is estimated based
on these damage reduction curvBlse economic effectivenessthen reduced by

considering an efficiency parameter of the RRA.

The potential damage savday other damageeducing reponses tmalso been
studied. For examplePriestet al. (2011) propose a method to estimate the
economiceffectivenessof a FEWS considering several RRAs in the response
component of the system. Their method considers all the daredgeing
responseshown inFigure2.9 and defines theconomic effectivenesd the FEWS

as:
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Where FDA is the potential flood damage avoided by the FEét®nomic
effectivenegsPFPandUFPis the poportion of properties at risk that are protected
and unprotected by structural flood defence systenmespectively.The other
parameter corresponds to the proportion of BA&l is likely to be saved lgach
RRA shown inFigure 2.9. Table 2.3 shows the values suggested Pryestet al.
(2011)to be used for each of them. These values were obtained from several social
survey research projects conducted in England and Wales.

Table 2.3 Damage avoided for several RRAs

RRA Avoided damages due to early warnings [%]
Flood defence operations (FDO) 28
Watercourse capacity maintenance (WClI 10
Community based operations (CBO) 1
Contingent resilience measures (CRM) 2
Contents moved and evacuated (CME) 5
Business continity planning (BCP) 5

The methods mentioned above do not consider technical or social factors associated
with the FEWS that can influendts economic benefitsSThe Environment Agency
National Flood Warning Centr2003) proposed a method that considers these
factors in theeconomic effectiveness of floadarnings for the residential sector.

This model was based on the work dond”lyker(1991) and has been applied in
England and Wakmainly to estimate the economic benefits associated with CME.
This methodyives a good insighinto factors influencing the FEWS performance

which corsiders the following equation.

0086 06 @OYDS Y'Y Omd Y'Y 'O Eq.2.2

WhereFDA has already introduced above (Eq. 2.DR is the proportion of EAD

that is likely to be saved by preflooding action, C is the coverage of the flood
warning service represented by the proportidmoafses in the floodplain monitored

by the system, R is the service effectiveness understood as the proportion of flooded

serviced properties that received a timely, accurate and reliable flood warning, RA
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is the availability of the flood warnings define¢ the proportion of flooded
services properties that received such a warning, PR is the abilityfadddplain
dwellersto respond to a flood warning defined as the portion of residents able to
understand and respond to such a warning, and RE is fibetivef action
(proportion of serviced properties either willing to take effective action or which
have actually taken effective action following a flood warning to reduce flood
damages)in this research, PR and REem encapsulated in a factor named the

response human factor (RHF).

All the methodsdesribedabove are often considered in a eoshefit analysis of

a FEWS where the costs eétting up operatingandmaintainingthe systentan

be includedPappenbergest al, 2015) These approaches fail in that the cost of
the warning respons& (perevent costsgannot be included in the cebenefit
analysislt is a cost incurred every time a warning is issuedcamgiders the cost

of issuing a warning and any cost incurred in the dissemination process and by the
RRA. It is, therefore an important factor contriahg the economieffectivenessf

a FEWS.It depend=n the forecasts because it is the only information available
when the warning is issued@he cost of the warning responsg,, is, therefore,
affected bythe accuracy of the forecastand its inclusion in theeconomic
effectivenesef a FEWS ionsidered a difficult task/erkade and Werng011)
proposed a quasianalytical framework to included into the economic
effectivenesef a FEWS by combining aAydroeconomic EAD model with the
theory of relative economic alue However, their framework has two main
assumptions: iYhe cost of the warning respse is assumed to be independent of
the magnitude of the forecast flooding, and it is not estimated as a function of this
variate, and ii) cost and damage (net damage) associatdeihdite only estimated
asaresutofiwr ongo fl ood wiasemnandfaglse dlajpsTheii on s
framework, therefore, negates the fact that the net damage associated Wwith the
can also be present in a hit event (a flood proegleg a warning in the floodplain)

; this net damage is present in hits due to the differémtween the warned and

flooded houses

In Chapter6, the economieffectivenes®f a FEWSis quantified for a simulated
fluvial case which considers the net damage aasatiwithPU in all possible
situatonsThi s anal ysi s, to the best of the

before. In the case study (a FEWS operating for a fflwode polder system),
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Chapter7, the proactive action benefits are jointly analysegether with their

costs
2.8 Operational FEWS

This section of the Chapter compiles relevant informasibaut real operational
FEWSs to describe howthese realvorld FEWS are actually operated and
evaluated. It is important to understand the relevanck raativation of the

researchThe actual operation of FEWS can be summarized as follows.

V Lead time: A hydrometeorologicalmodéling chain- QPE/QPF plus a
hydrological model for long-term flood forecasts (b days) have not been
used very extensivelyue primarily to that: i) the technology for QREPF
procedures are navailable and applied easily in many countries and
regions; ii) the lack of techniques that include hydrological models in the
calibration/validation of the QPEDPF products; and i)i its inadequate
spatial and temporal resolutidor hydrological modelling purposésiu,
2012) Thus, longterm flood forecasts have been generated by local FFS
through meteorological forecasts, mainly QPF, (globalnationalscale
product$ often provided by meteorological agencies in the form of NWP
(Rabuffetti and Barbero, 2005; Dugat al, 2017; Flacket al, 2019)
However these forecasts have been used only qualitatively, i.e., to track the
threat of flooding and sometimes to warn only flood authorities (not specific
risk zones) to prepare the warning response. Thus, in practicdinreal
FFSs have been used in FEWS dhdrefore, flood warning decisions have
been based on forecasts based on-thes hydremeteorological
information(Arheimeret al, 2011; Adams, 2016; Javek al, 2016; Liu
et al, 2018; BOM, 2019)That has caused FEWSs to consider short lead
times (lower than the hydrological lead time&gpecidly for small to
medium sizecatchmerd. For example, in England, the EA issues flood
warnings with &orecasting lead timéetween 30 min and 6 hougrnal
et al, 2020)

V Forecast variates The timing and the peak of the flogddong with the
inundation extent, at key locatigrare the most relevant variables to be
forecastedIbbitt and Woods, 2003; WMO, 2011; Parker, 2017; Jain et al.,
2018) From these variates, the peak and timing of floods are often
forecasted becaus&WSs often predict flads baed on discharge or water
levels;the inundation extent is rarely forecast@eernandedNovoa et al.,
2020. Some FEWSs also preditte flood peaksbased on rainfall, where
the rainfall threshold (RT) methg®olian et al., 20155 a canmon choice

V Forecast typeand warning decisions Flood warning decisions have been
based on deterministic forecgghough probabilistic forecast is starting to
be considered in operational FEWSs due to the significant progress in the
last two decadem the assessment and estimation of uncertamfiood
forecastingthrough ensembles (see the case for Englandrmial et al,
(2020). The warningdecisionmaking process is complex, and forecasts
represent only one factor influencing this decisicactérs such as expert
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judgementtype of event, risk attitude, and cultural environment in which
decisions are made also influence the warning deciRamoset al, 2010;
Verkade and Werner, 2011; Arretlal, 2020)

V Common methods to evaluate performanceOperational FEWSéave
been often evaluated in terms of tleéiability of flood warnings and their
economiceffectivenessThe former attribute is often evaluated based
whethera warning preceded a flood eventccurrence or neoccurrence
in the floodplainor in a specific flood risk zone, where a ftefined
threshold defines the occurrence of the ev&he metrics such as POD,
FAR, F, or CSI are -9oh o tedfloadivertitgg o h a
reliahlity in the floodplain or a specific flood risk zorsection2.7.1).
Operational FEWSs often compute these metrics based on a flood warning
validation databasélhis is a common practice in, for example, England
(Arnal et al., 2020) These metrics do not considéetuncertainty in the
estimation of the flood magnitude and, therefore, the difference between the
warned and flooded propertieQuantifying theeconomiceffectivenessf
an operational FEWS is, on the otliiand, considered a challenging task
due to the complex nature of the warning response proq€sggsenberger
et al, 2015; Girons Lopeet al, 2017) Thus, operational FEWSs rarely
have information about theeconomic benefits they may produce
(Economouet al, 2016) Most studies in this field have estimated this
attribute by doinghe ex-post evaluation of theystem's benefitsased on
interviews or surveys.Several methods to estimate theconomic
effectivenes®f a FEWS have emerged from these studies, which often
neglect the net damage associatét the accuracyf aforecasie.g., costs
of false alarms and damage resulting from misses)

Based on the operational characteristitthe real FEWS mentioned abovie,
would not be easy, but not impossible,otatain relevant information associated
with the influence ofhe factorsdescribed through this Chaptend Chaptel on

the FEWS performanceThis research consideflexible Monte Carlo frameworks
for these purposghat consider thendto-end modellinggf a FEWSn this sense,

the next section of this chapter describes research works that havbelerckto-

end simulation of these systeri$is research takes some concepts of them to build
a generic framework (explained in Chap®r which is the basis to do the

investigationsf this research.
2.9 End-to-end mocelling of FEWS

Few research projects have considered anteeaddmodelling framework to
analyse the performance of a FEWE&ction1.2 provides a discussion of about
severalmportant research works this field, whereas TabP.4a summary of their
aims and their main assumptionBeyond each particular work's specifics, all of

these works have idealized the FEWS through the forelemssion
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responsémpactchain illustrated irfFrigure2.10. By doingthat, they have simplified

several processes consideraliyolved in the integrated system obtaining, thus,

more or less versatile frameworks that meet their gé&atsn though theseorks

providegood insights into the representation and evaluatioheoperformance of
a FEWS, none of them have exploredthe mp a c t
uncertainty on the FEWS performanag have explored the impact of the bias in
the variance on the reliability of flood warningg) have explored the impact of
several factors on the economic effectiveness of a FE®f8,v) have used the

forecastdecisionresponsémpactchain to represent a FEWS operating for a flood

prone polder system.

Table 2.4 Important research works that have addressed the FEWS performance through an

of t he

end-to-end modelling framework.

Research work

Aim

Representation of the FEWS
and main assumptions

Krzysztofowicz and Davis

To evaluate the economic

The FEWS chain is reduced t
a flood forecastesponse

(1983) effectiveness of FEWS process; warning decisions al
not considered
To evaluate the reliability and tgrgi FrI]E Zvn%rllsit:)i?c:?;f::d
Krzysztofowicz(1993) economic effectiveness of a 9

FEWS

decision chain; the response
not simulated.

Verkade and Werner
(2011)

To evaluate the economic
effectiveness of a (probability
and deterministic) FEWS
based onherelativeeconomic
value(REV) theory.

FEWS is represented through
forecastdecisionresponse
andimpact chainREV isused
to scale the imperfedbrecast
basdeconomic flood risk
between theeconomicflood
risk of the perfect and no
warning scenario; the
imperfect forecast is not
explicitly simulated.

Girons Lopezt al (2017)

To explore the impact of socig
preparedness on the econom
effectiveness of a FEWS

FEWS is represented through
forecastdecisionresponse
andimpact chain; the impact
of the lead time on the FEWS
performance is not explored,

Bischiniotiset al.(2019)

To explore the decision
makersoé dil e
acting upon limiteequality

forecast information and takin
less effective actions

FEWS is represented through
forecastdecisionresponse
andimpact chain; results are
not based oaconsiderable

range of potential flood event

andwarning decision
situations that the area
monitored by the FEWS may
be subject to.
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Figure 2.10: Forecastdecisionresponse/impact chain often used to analyse FEWS
Adapted fromVerkade(2019)
This research uses the foastdecisionresponsémpactchain and Monte Carlo
simulation to fill the research gaps mentioned abdMa@nte Carlo simulation has
for many decadebBeen usedo address uncertainties in hydrologic series and the
impact these have on decision makilmgthe seminal work oHosking and Wallis
(1997) it wasdemonstrated how Monte Carlo galing can be used to explottee
sensitivity of the estimate of-Jear flood to various factors and assumptions.
However, few studies have utilised Monte Carlo simulation in flood forecasting.
Examples includ&an Steenbergen and Willerfg014) whoinvestigated whether
ensemble predicting systems (ER8Yyer the uncertainty produced by Numerical
Weather Prediction model rainfall forecasend Golian et al (2010) who
developed a probabilistic rainfall threshold curve for flood forecasGhgpter3

describes how this research addresses these issues and the methodology used.
2.10 Main Findings

Based on the research gagbsntified in this literature revievilexible Monte Carlo
frameworks have been designed to do émetto-end modelling of a FEWS
operating for a fluviaflood-prone area (Chaptebsand6) and a flooeprone polder
system (case study, Chap#r Theseframeworls allow simulatingsome of the

factorsinfluencing the performance of a FEVientified through thihapter

Table2.5 summarises all of them according to the component they correspond to
in the FEWS. Factors dhke failure @ instruments/telemetry system (FIT$he

failure of communication networks (FCN), the flood warning service effectbgene
(R), and the coverage of the flood warning servicegi@)not considered in this
thesis. Likewise, human errors in the forecast and warning process (HFWP) are also
ignored. These omissions are supported by the fact that perfect operability and
communi@tion and coverage of 100% of the flood warning service is assumed in

the frameworks designed to simulate the FEWSs. The human component in the
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flood warning decisiommaking process (HFWD) is also ignored since it is assumed

that warning decisions are maolesed on prstated decision rules.

Table 2.5 Main factors influencing the performance of a FEWS

Symbol or acronym Description Factor associated with:
HEWP Human errors in the forecas
and warning process

The tuman component in the

HFWD flood warning decision
making process
LT Lead time
FBM Forecast bias in the mean
FBV Forecast bias in the varianc

Flood forecasting and warnin

FITS ) Failure d System
instruments/telemetry systen

Failure of communication

FCN networks
Flood warning service
R .
effectiveness
C Coverage of the flood warnin
service

0 Cost of the warning respons

HRF Human response factor
CRRA Cost of the RRA Response_ system and the a
risk area

SoP Standard of protection

Factors influencing the performance of the FEWS considered in this research were
forecast bias in thmmean (FBM) and variance (FBV) of the predictand, the cost of
the warning response (), the cost of the RRA (CRRA), the lead time (LT), and

the standard of protection (SoP). On the other hand, only one human factor was
considered; the response hunfactor (RHF), whichas was mentioned in section
2.7.2 includes the ability of théoodplain dwellergo respond to a flood warning

and the effectiveness of the RRA. These factors have been parametrised in flexible
Monte Carldrameworks designed in this research. Thanks to the versatility of these
frameworks, this research obtains relevant information associated with the
influence of these factors on a FEWS performance based on several scenarios
associated with the setting tfe systems. Part of this information represents a
contribution of this research, and would not be easyo be derived from
information provided by reakorld FEWSs due to its operational characteristics
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detailed in sectio.8. This information was generated by answeringdfiewing

main research questions:

V What levels of correlation between observed flood and their forecasts are
needed to obtain target levels of reliability of flood warnings, and how this
varieswith the kad time? (Chapter 5)

V How sensitive is flood warning reliability to biases in the mean and variance
of deterministic and probabilistic forecasts? (Chapter 5)

V How is the economic effectiveness of FEWSs affected by various factors?

Other questions that do nmvolve these factors but can be answeredh \thie

adopted methodology are:

V How should the i mpact of trhFEWS | oo d
performance be exploref@hapters)

V How does thauncertaintyin forecasts and itguantification throughPU
impact theperformancef a FEWS{Chapters, 6, and7)

V Can the management of éids in polder areas be improved through the use
of flood forecast and warnings, and how the response component be
designed? (Chapter 7)

The answer to these questions and the MC frameworks considered to fill out the
research gaps mentioned above are desttirough the thesis and highlighted in

the thesis conclusions (Chap8&r
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Chapter 3. Methodology

A generic framework has been designed to address the research needs identified in
Chapter 1 and highlighted in Chapter 2. Héine aim is to provide an overview of

the framework, to introduce the components that are developed in the following
chapters, and to show how they relate to each other. This can be viewed as a thesis
roadmap, thus helping ¢hreader to navigate the thesin addition, after the
introduction of this generic framework, this Chapter closes by describing the type
of sensitivity analysis (SA) adopted in this research to identify the sensitivity of
important factors controlling the performance of the FEWSsidened in this

thesis, which is one of the primary research objectives of this research.
3.1 The generic framework

The generic frameworkhas been designed based on the forebassion
responsémpactchain used to characterize the @¢adénd modelling of &lood

early warning system (FEWSFigure2.10). When it was designed, it was thought
that it should represerhis chain through sampieMonte Carlo realizations of
observedralues and theiforecasts, the resulting decision(3da, andthe impact

of theobservedealizations on the floodplain, conditional on the decision(s) taken.
Based on this approach, the resulting generic framework is made up of three

componentsas illustrated irFigure3.1. It is explained as follows.

v

Obaservations

Monte Carlo Flood Forecasts Flood warning
and Forecast Generator »_decision component
(MCFG) J . (FWDC)

Response and
P |  Impact Component
(RIC)

Figure 3.1: Generic framework of this research

V Monte Carlo flood and forecast generator (MCFG) It is used to generate
the full range of flood forecasts in terms of deterministic awtatilistic
forecasts and their observed reatians for an atisk community.

V Flood warning decisioncomponent(FWDC): It represents the warning
decision, and it is simulated by decision rules which represent rational
decisionmaking. The FWDC is driven by the forecasting information
generated by the MCFG.

V Response and impactcomponent (RIC). This component is used to
simulate the proactive action and the resulting impact. The proactive action
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is driven by forecast information and warning decisiongreds the impact
is estimated based on the observealizations generated from the MCFG
and conditional on the warning decisions.

3.2 Component description

The generic framework depicted kigure 3.1 has been used to explore the
performance of a FEWS operating for a generic fluvial flood case (Chapters 5 and
6 ) and a real flooghrone polder system (Chapters 7). Evieased modelling and
continuous simulation are used in the former and latter cases, respectively; the
MCFG is used to ample the driving forecasts and their observed realizations
(Chapter 4). The parameters of the components vary according to the research
objectives addressed and the assumptions considered to explore them; they are

supported by the analysis of observeddat
3.2.1 The Monte Carlo Flood and Forecast Generator (MCFG)

The MCFG assumes a bivariate parametric probabilistic model for the predictand
(the observed value) and predictor (the forecast) and assumes perfect knowledge
about its parameter values, which areia@rto explorethe FEWS performance
sensitivity to different factors. Under this assumption, the MCFG generates
bivariate values of these two variatesed on the method knownthae conditional
approach(Lewis and Orav, 2018)lhus, it firstobtains the conditional probability
density of the predictand given a value of the predictor; and, therfoliserved)
realization of the predictor is obtained as a value sampled from this conditional
probability distribution. The predictor's value represents the deterministic forecast,
and the probabilistic forecast is derived from the conditional probability
distribution. Even though the aim of the MCFG for the simulagaericfluvial

case and flooghronepolder system case is the same, icegenerat@otential long

term scenarios of flooding in an-atsk community, the predictand and predictor

consideed, and the architecture of the MCFG, is different in each of them.

GenericFluvial Case

In the simulated fluvial case (Chaptdrsaand 6), a potential flood in the atsk
community is defined by obsved peakvaterlevels (). Thus, herewis assumed

to be the predictand, and its forecas}, the predictor. Thdivariate parametric
probabilistic modelis, therefore, defined by the parameters that describe the
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marginal distributions afbandw and the correlationoefficient { ) that defines
the dependence structure of the paigs). The MCFG in the generic fluvial case,
therefore, generates a deterministiicgle value forecast, represented by the values
of 3 and its associated probabilisticrdoasts derived from the conditional

distribution ofwgivena i.e.,"Quaw .

Lead-time-correlation
function

a) A
1P

p

~
= ”
Lead time T

Bivarite
simulation

~
7

Yi 5‘7
Figure 3.2: Schematic of the MCFG for the simulated fluvial case
Thisfigure illustrateshe bivariate modelling ofgirs () from a preassumed parametric bivariate
model (b), where the value df of this bivariate model is associated with a given valulead
time Uand derived from theubjective leadime-correlation function (a).

The correlation cdécient ” in the bivariate parametric model, in essence,
establishes the scatter of the bivariate points and is one of the parameters of the
bivariate model that define theredictive uncertainty (PU). In this sense, the
MCFG, in the simulatedldvial case, uses a subjective ldade-correlation
functionto associaté  with a given forecast horizon @arecasting lead tim¢ U) .
This function isanalogous to that found WBychroteret al. (2008) and aims to
represent the tradaff betweenU  aPt.dThis function depicted graphically in
Figure 3.2a, describegshe commorbehaviourof forecasting modelforced with

precipitation. That is, it regquchmeegnt s
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lag time (L), with a weltcalibrated hydrological modeind forecast updating in
reakttime, the performaaoe of a forecasting modelrelatively highas forecasts are
based on observed precipitation by using, for example, gaaggedquantitative
precipitation estimatiofiQPE).Past this valud, the forecasting model has to be
forced with quantitative precipitation foresta (QPH)Figure 2.2) and its
performance is hypothesized to drop monotonic&8bhf{tteret al2008) The slope

of this functionbefore L defines the quality of forecasting models based on QPE,
suchas models based on gaudgased QPE or gaugadarbased QPE, anthe
slopeafter L defines the quality of the forecasts based on. QIRE architecture of

the MCFG in the simulated fluvial case is, therefore, made up of the bivariate
parametric model of the pairsa® and the subjective leadime-correlation
function. Figure 3.2b illustrates the bivariate modelling of paitgd) from a pre
assumed parameteric bivariate model, where the valde obf this bivariate
model is associated with a given valueJaind derived from tasubjective lead
time-correlation function. In this sense, the MCFG in the fluvial case generates
(deterministic and probabilistic) singlkal ue f orecasts associ
which are provided to thEWDC, and their singlealue observed realizains,

which are delivered to the RIC.
Polder Case

In the simulated flooghronepolder system case (Chap®r a flood in the polder

area is predicted based on forecasting rairda#lr a 24hour forecast horizon
(forecast leadime). A Rainfall Forecast Generator (RFG) is constructed that first
usesthe spacdime rainfall generatoRAINSIM v3 to generate 2four forecasts

and observed values at hourly resolution with a prescribed correlation using the
model in spatial mode; he spatial correlation is used as a surrogate for the
correlation between forecast and observed values. Then, to obtain a probabilistic
24-h rainfall forecast, a bivariate model is constructed based on the daily observed
rainfalls’yY and thei forecastsY  A£OI2i! ) . 8Thus, here, the daily
rainfall (Y ) is assumed to be the predictand, and its foreCést (), the
predictor. Thebivariate parametric probabilistic model thus, defined by the
parametes that describe the marginal distributionsf and’Y |, and the

correlation coefficient”( ) that defineghe dependence structure of the

pairs Y )Y ).Thereforethe MCFQG in this casegenerates (deterministic
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and probabilistic) 24 rainfall forecasts, which are provided to the FWDC, and
their 24h hourly observed realizations, which are delivered to the RIC to perform
continuous hourly simulations of the polagreration over a 2hour storm period.

A detailed description of the potential bivariate parametric probabilistic models one
can use to represent the pa{t§w) is provided in Chapted, together with
supporting data analysis for some UK rivers. The data analysis supporting the

choice of a bivariate distribution foly( ,'Y ) isdescriledin Chapter 7.

3.2.2 Theflood warning decision componenHWDC)

The FWDC is used in the framework to simulate the warning decision of a FEWS.
The warning decision, driven by the forecast, is represented by decision rules set

based on the warning criteria adieg in the analysis of the FEWS.

GenericFluvial Case

In the simulated fluvial case, this research considers FEWSs based on a flooding
threshold @ ) with and without reattime flood mapsFigure 3.3 illustrates the
deterministic and probabilistic rules used in the simulated generic fluvial case.
Chaptel5 uses these rules to explore the fleaatning reliability of these two types

of FEWSs. In the deterministic forecast scenario, the warning decisions in these two
systems assume that warning isautomatically issued whethe singlevalue
forecast is greater than the warning thresllgvhich is determined by the-ffear
standard of protection (SoP). In the probabilistic forecast scenario, warning
decisions are simulated through a probabilistic threshold (PT) approach. In the
FEWSwithoutreaktime flood mapsprobabilistic warning decisierassume that a
warning is automatically issued when the probability of exceedance (R&) of
conditional on the forecast exceeds a-geéned probabilistic threshold PT
(Chapterb). In the FEWSswith reaktime flood inundationmaps probabilistic
warning decisions assume that a warning is automatically issuex avivarning

level (@ ) defined from™Quaw is greater thawo , wherew is also defined by a

PT. In both types of FEWSWthoutwith reattime flood map} PT is a value to be
optimized by assuming that the Warner acts to incrédaseeliability of flood
warnings evaluated based on the flooding threshaked criterion (FTC) for the
FEWSwithoutreattime flood mapsor floodplain propertypased criterion (FPC),

for the FEWSwith reattime flood mapgsee sectio.7.1to recall the difference
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between FTC and FPQh Chapter 6, theconomieffectivenessf flood warnings
based orreattime flood mapsgs explored, and those decision rules used for this
type of FEWS in Chapter 5 are also considéhede However, in this case, the PT
associated with the probabilistic ruleoistimized by assuming that thiéarner acts

to increase theconomiceffectivenessf flood warnings

Decision rules in the simulated generic fluvial case

Deterministic decision rule in

Deterministic decision rule in - -
FEWS with real-time flood map

FEWS wihtout real-time flood map

(Chapter 5) (Chapters 5 and 6)
16>y, wam, 9> 37) wam,
else, not warn, ) else, not warn. s
= ] g PR
B - e mmm - § Pe=mmemeeadaa
= &
e £73
2 5 5
8~ < g - “ Real-time flood map
& Flooding =W Flooding
threshold y, threshold y,
Probabilistic decision rule in Probabilistic decision rule in )
FEWS wihtout real-time flood map FEWS with real-time flood map \
(Chapter 5) (Chapters 5 and 6)
,.’f(PE> PT ) warn, [f(f‘” > }'T) warn,

else, not wamn,

level

A Wamed properly
g Residential property

Peak river
Peak river

4
Flooding Flooding

threshold y; threshold y; Fleodplain

Figure 3.3: Description of the FWDC for the simulated fluvial case

To analyse the flood warning reliability of a FEWS through the FPC, one needs to
distinguish between houséisat have been warned and those which have been
flooded, and POD and FAR are estimated from these quaniitigss context, the
framework does not simulate the generation of thethes forecast and observed
flood maps explicitly but simulates their target information, i.e., the number of
warned houses ( ) which is determined bgo , and the number of flooded

houses which is determined tbyvherew>w . The numbers of warned and

floodede are obtained by interpolating the valueswofandw respectivel,

in an assumeitnpact curvewhich gives an estimate thfe percentage of floodplain

properties affected by different floodsigure3.4). The impact curve assumes that
when the SoP is overtoppexhd water spills into the flogalain, houses start to be

flooded aboven
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Impact Curve
(Chapters 5 and 6)
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at-risk
houses
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Figure 3.4: Description of the FWDC for the case study
This impact curve assumes that the flood impact starts Wigebankfull level is overtoppedhe

figureillustrates the computan of ¢ andé for a pair ¢fw .

Polder Case

Figure3.5illustrates the deterministic and probabilistic rules used in the polder case
study. A rainfall threshold (RT) erve is used as a tool for issuing flood warnings.
The RT curve defines critical volumes of daily raintailthe polder area that bring

the inner rivers to the critical condition. This curve is made up of different critical
values associated wiieveralinitial conditions of the water level of the inner rivers
("Q) at the time the forecast is issued. Thoghe deterministic forecast scenario,

it is assumed that warnings are automatically issued when the deterministic 24h
forecasts, i.e.Y , cross theRT curve. In the probabilistic forecastenario,
probabilistic warning decisions assume that a warning is automatically issued when
the PE of the RT curve exceeds a-gedined probabilistic threshold P®. Os
obtained fromQ'Y Y , and PT is a value to be deténed when analysing

the performance of the FEWS in terms of the costs of the response
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Decision rules in simulated flood-prone polder system
(Case study,Chapter 7)

A o A . (if (PE> PT)  warn,
; . if (Raatty > RTaanty warn, Probabilistic decision =

Det.warning decision = f (Raany datly) else not warn

else, not warn

4 PE

A
® Raaily

Rdaity

» RTgajly T
X : Rl daily

Rdml_\

> \
h“ hu >

Figure 3.5: Description of the FWDC for the case study

3.2.3 The response and impact component (RIC)

After the warning desion is made, the rpense and the occurrence mon
occurrenceof the flooding, along with its impact, Yato be simulated. These

processes are simulated in the RIC.

Generic fuvial Case

In Chaptes6, theeconomieeffectivenssof flood warnings based aeattime flood
mapsis analysed. In this case, the RIC is used to estimate the flood impact and the

response to flood warnings. The observed flood impact is estimated in terms of

€ and flood dept. The former variate is estimated based on the impact
curvebased approach adopted in Chaptir estimate the flood warning reliability

in terms of FPC, whereas the flood depth in the houses is computedidfetkace
between the magnitude of the flooding (defined by the valuesgoéater thamno )
andthe bankfull level © ). The economic flood damage in each floodplain
property is estimated by using a damage function, which represents the damage to
the residential content as a function of thiggation ime(which is assumed in this
research to be equal to tfreecasting lead timeand flood depthA schematic of a
damage function associated with a specific mitigation time is showigumne 3.6.

A family of these curves prepatby Carsell et a(2004) for a sample of US houses
and range of mitigation times is used in Chapter 6. The RIC is also useulkate

the realtime forecast of flood damage. This information is obtained based on the

same approach adopted for the obsgruember of houses flooded. In this cake
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forecast valuesf ware used to estimage , the forecast flood depth, and the

associated flood damage.

Response simulation in the generic fluvial case
(Chapters 6)

% Damage to Content (D)

Depth [m]
Figure 3.6: Schematic of adamage function used in the RIC for aspecific mitigation time in
the generic fluvial case
The RICsimulates theesponse of householders to flood warnings through the fundtand by
Carsellet al.(2004)

Polder Case

The RIC in the polder cas€ifure3.7) considers a polder system wherenping
system®peratebefore orduring storm event®tremove water from the inner rivers

to the outer rivers a selected polder area of Nanjihg enable water to drain from

the poler areas into the inner rivers. In that case, the response repeggentping

schene operating in a polder systeand the impact is estimated as the resulting
areaof waterlogging(w ) in the polder afterite pumping action has been done.
These two processes are simulated in a lumped water balance model that uses an
assumed impact curve to estimate the inundated area as a funcbioA dimped

water balance model is used to repreghe response of the polder to rainfall and

to represent the effects of the proactive and reactive pumping actions (responses).
The forecasts and the warning decisions drive the responses, and, therefore, they
start before the storm arrives in the poldeea. The reactive pumping actions start
when the storms arrive in the polder area and are driven by the inflow entering the
polder's inner rivers. The tradeoff between the waterlogged area and the pumping
cost is explored as a function of the proactwel reactive actions and both the

deterministic and probabilistic forecast scenarios.
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Response and impact simulation in simulated flood-prone polder system
(Case study,Chapter 7)

Impact curve

Proactive and Lumped water
it l
| adtiors T s balance model
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Figure 3.7: Description of RIC in the polder systemcase study

3.2.4 Benchmark scenarios

When evaluating a FEWS in econom&rs, it is customary to simulate the no
warning scenario and the perfect forecast scenario. The aim is to compare the
economic performance of the FEWS, assuming the warning service does not exist
in the area monitored by the FEWS, or assuming perfect lkadge of the future

values. Thus, these two scenarios are used as benchmark cases to analyse the
0l ocationé of the economic performance
definition, the perfect forecast scenario results are never outperformed ésuhg r

of the imperfect FEWS, but the results of the no warning scenario may be better
than the imperfeetorecastbased results due to the economic consequences of high
PU. Benchmark scenarios are used in Chagfiersd7. Since there are no foretas

in the no warning scenarithe FWDC is removed in this case

Generic fuvial Case

For the perfect forecast scenario aradwarning scenario ithe simulated generic
fluvial case (Chapte6), potential floods in the aisk community are simulated
from the marginal distribution abof the bivariate parametric model considered in
the MCFG. The flood depth is estimated bg #ipproach described above fioe
imperfect forecast FEWS.

For the no warning scenarié, is simulated through the assumed impact
curve, and the flood damage in each floodplain propergtimmated by using the

functions proposed b@arsellet al.(2004)and assuming a mitigation time of zero.

These functions are also used to estirbate andthe economic damage in the
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perfect forecast scenario, which assumes that each warned house is subsequently

flooded, i.e.,& =£
Polder Case

In the simulated floogbronepolder system case, the no warning scenario is
simulated by considering only reactive pumping actions in the lumped water
balance model. The perfect forecast scenario is simulated by considering only
proactive pumping actions in the lumped wateabaé model and assuming perfect

knowledge of the storm's profile and volume.
3.3 Performance measure estimation

As one can seeh¢ generic entb-end modelling framework allosvforecast
outputs to be linked with warning decisions and the associated respodsiésod
impacts.Thus, based on a representative sample of (deterministic or probabilistic)
forecasts and their observed realizations, the average performance of a FEWS can
be synthetized based on metrics computed from the outputs of the-end

simuation of the system associated with the sample.

For the simulated fluvial case, thestricsused tcanalysehe reliability of a FEWS

are the probability of detection (POD) and false alarm ratio (FAR)each lead
time (Table 2.2), while the economianetric used § the expectedamage (ED)
derived by taking the convolution of the frequency distribution of flood depth with
the house damage function for each lead tifinereliability of flood warnings is
explored through FAR and@D estimated based on the FTC and FPC criteria in
Chapter 5, whereas ED values are used in Chd&pter define theeconomic
effectivenesef flood warninggelative to the no warning scenario. In the simulated
flood-pronepolder system case, metrics such as the average of the maximum
inundated aread("Op and the waterlogging duratiort3() are considered for
evaluating the performance of the FEWEce these performance measures are
related to the pumping costs, theerage pumping cost® § arealso included in

the analysis.
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3.4 Sensitivity analysis

One of the primary research objectives of this thesis is to explore how the
performance of a FEWSbehave under different factors controlling the
performance of the symm. Since these factors have been parametrised in the Monte
Carlo frameworks that represent the FEWSs considered in this research, this overall
research aim of the thesis was addressed by conducting a (sensitivity analysis) SA
of the parameters represetithese factors. The methods commonly adopted for
doing a SA can be classified as tvimcal and globa(Pianosiet al, 2016; Devak

and Dhanya, 2017).ocal SA is a onat-atime (OAT) technique that, in essence,
analysathe effect of one parametelnangeat a time orthe model being evaluated
keeping the other parameters fixedlobal SA, on the other handpnsiders
variations within the entire space of variability of {@rametersSince the main

aim in the SA was to da firstorder analysis that wodl reveal the main
sensitivities of theéctors controlling the FEWS performance, a local SA analysis
was adopted. Thus, this type of SA was conducted in the simulated generic fluvial

case (Chaptes and6) and floodprone polder system ca@éhapter7).
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Chapter 4. Monte Carlo Flood Peak and Forecast Generator
(MCFG)

4.1 Introduction

This document gives a detailed descdptiof the first component of the generic

frameworkof the research; the Monte Carlo flood dackcast generator (MCFG)

(seeFigure4.l). The MCFG is associated with a giviemecast horizon or lead time

(U) and is based on a bivari e)ytamdthpir obabi |l i sti c
forecasts @ whose marginals anepresented by appropriate distributioHgre,

the generic fluvial case is takenaeferenceThe deterministic and probabilistic

forecasts, and a measure of predictive uncertainty (PU), are derived from that

Y
Flood Forecast System (FFS)
‘ Measured | | Single QFP
| Raintan+u ‘ Ensemble QFP
vy
Rainfall - Runoff
Model + U
/ | v
/ FloodRouing +U |
/
gauging U = Uncertainit
station The at-risk
A\ community
\ A T T N, /
A”" Floodable A
area A\ Observation (). lead time(r)
town 1 ; ( Forecast, v
) ° | Mot Carlo Flood Forecast(y) /Floodwaming.  raccast  (* Response and
“ and <l bdeasloncomponem | Impact Component
| S | (FWDC) (RIC)
gFlood | Floodplain &
e 200-year floodplain
L
—% town 2 < Lead Time

K e /’

Floodoain I

Figured.1 lllustration of a type of forecasting model to be represented in the fieviaticase
The figure shoagpotential configuration of a forecastingopestatiing fan atrisk community wh
the lead timé)(is bigger thametresponse time of the catchinehis case, the hydrological mc
forced with quantitative precipitation forecasts (QPFs).

Thus, this Chapter is organized as follow: Secddhgives a descriptiownf the
probability distributions considered as candidates to represamduy sectior4.3
describe the theory used when doing the bivarraddellingof these two variates
andshows the algorithms built ®mulatepairs (3¢) and to build the PU assuming
they can be represented by a fparameter bivariate Exponential distribution

(BED) and a seveparameters bivariate Legormal distribution (BLND). Section
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4.5presents data analysis whivalidates some assumptions made when choosing
the shape of the marginal distributionsadndcy and when choosing the bivariate
model of these two variates. Sectibi® explains the criteria used to associdie
depenénce structure of the pair&)@), embedded in the bivariate probabilistic
model, with U and a given forecadting
shows the parametrization of the MCFG and the sensitivity analys)ss{f&ategy
adopted to define the parameters of the MQWkich are considered in the SA of

the performance of a flood early warning system (FEWS).
4.2 Univariate distributions

It is well-known that Exponential and generalized Pareto (GP) distributions can be
used to simulatgpeaksthrough the pealover thresholdnethod (POT-method
(Claps and Laio, 2003; Bezak al, 2014) However, some worksuggest that this
variable canalso be simulated through the Logrmal (LNYAdamson and
Zucchini, 1984)Gammg B a |-Mitko§a and Onderka, 2010r the Generalized
Logistic (GL) distributions(Bhunyaet al, 2012) In this work, three of these
distributions were considered as candidates for describing real data: the two
parameter exponential distribution, the thpsgameter logNormal distribution,
and the thregparameteGammadistribution. Sincexandwwill be analyzed based
on the same probability distribution®, avoid too many different symbolshe
following notationis used throughout this section:
V 0 : variable used to represahbr U
V U :variable used to represent the losatparameter aborw i.e.w orw,
respectively.
V & for the tweparameter Exponential distribution and thpsgameter
Gamma distribution, it represexthe transformed variablear ®© o or

W ® . Forthe case ohe threegparameter Lognormal distribution, it
represerdgthe natural log ofoor

A summary of the equations of thengulative density function (CDFmean, and
variance for the three probabilistic models considered in this asodandidatet®
representw and w is shown inTable 4.1. A brief description of each of them

includingthe moment equationis detailedas follows.
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Table 4.1 Equations of the CDF, mean, and variance of the probabilistic modelsconsidered
as candidates to represent and «.
Theequations of the random variablesndd can be obtained by replaciggwith wandw and
for the case of the Exponential and Gamma distributi@msth wanda

CDF Mean Variance
Two parameteExponential distribution
Qwr b 0 & 0 h o 1 I
00 P ) n
T 0 0
Threeparameter Loghormal distribution
N a8 0 A , 0 QwA Qwp CA Qwri)
O]] B — 0 ™, p
Threeparameter Gamma distribution
P 0 o o
0]§] 30 [ Qh T hy ©
Notation:

0 : Variable to represenbor «
0 : Location parameter @bor «

&: For the tweparameter Eponential distribution and thrggarameteGammadistribution, it
represents the transformed variabtes: ® ® or® ® . Forthe case of the three
parameter Lognormal distribution, it represents the natural logpota

I : Shape parameter for the typarameters Exponential distribution and the thpaeameter
gamma distribution.

Q: Scale prameter for the threggarameter Gamma distribution.
A : Scale parameter of the thrparameter Lognormal distribution.
» . Shape parameter for the thiparameter loghormal distribution.
i3 : The CDF of the standard normal distribution.

4.2.1 Theoneand twotwo-parameterExponentialdistributions

If ©® w U has an exponential distribution with scale paranjeteandv is
known thenthe distribution ofbbecomes ane parametefExponential distribution

with parameter .

The CDF of &in this cases:

¢

S « S
p Qon—Mm U Eq.41
i 0 0

joli]

with mean:

A O ] Eq.42
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variance:

» f Eq.4.3

and skewness coefficient:

T C Eq.44

If ® w O has an exponential distribution with scale paranjeteandv is
unknown then the distribution ofo becomes atwo-parameter Exponential
distribution withparametes® 0 i (Thomopoulos, 2017)The CDF ofthis
distribution isobtained by replacingby0 0 in Eq. 4.1.

Parameterestimation: Method of moments

If 0 is known(oneparameterfExponential distribution), can be estimated from

the sample mean by:

f L U Eq.45
whereU is the sample mean af .

If 0 is unknown (two-parameterExponential distributionsthent andi can

be estimated from the mean and the standard deviation of the sample by:

I i Eq.4.6
0 0 Eq.4.7
wherei is the sample standard deviationuof
4.2.2 Thetwo andthree-parameter Lognormal distribution

If O & & U isnormally distributedvith ameanA and standard deviation
. , and 0 is known, then the distribution of becomes atwo-parameter
Lognormal distribution with paramete® A h, (Stedinger, 1980; Stedinger
et al, 1993; Thomopoulos, 2017)

The CDF ofdin this cases:

59



joli] — hh 0 Eq.4.8
with mean:
A 0 QoA ™, Eq.49
variance:
, Qwi) CA QwJ P Eq.4.10

and skewness coefficient:

T on 0 Eq.4.11
where is the CDF of the standardized normal distribution amd
Qo p 8.

If & & & 0 is normally distributed wittmeanA and standard deviation
. ,and0 is unknown then the distribution ofo becomes dhreeparameter
Lognormal distribution with parametes ? 0 PA h, (Thomopoulos, 2017)

The CDF of this distribution is obtained by replacinigy0 0 in Eq. 4.8

Parameter estimation: Method of moments

If O is known (two-parameter Lognormal distributipnthenA and, can be

estimated from the mean and variance of the sample by:

A ¢coe TaE 0 Eq.4.12

. caed ad 0 Eq.4.13
wherei s the variance of the samplef.

If O is unknown(threeparameter Lognormal distributionthen, has to be first
estimated from the sample estimatetltd skewness coefficiert  based on the
following relationship given bZhow (1954)and byWilson & Worceste(1945)
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Qwi) p ™ T T 1 71

R Eq.4.14
p ™ 1 T 1 7 p
A and0 can be then estimated by:
A T ¢ | Eq.4.15
“Yqen Qen  p A
0 0 Qwg ™™, Eq.4.16

4.2.3 Thetwo andthreeparameter Gamma distributio

If & w 0 isarandom variable distributed according to a Gamma distribution
with scale parametdr and shape paramet&, and 0 is known, then the
distribution of(obecomes a twiparameter Gamma distribution with paraméer

I hAQ (Bowman and Shenton, 2011)

The CDF of (is:

— P 0L
ov ~— Qh— h 0 Eq.4.17
3°Q f
with mean:
A 0 O Eq.4.18
variance:
. Eq.4.19

and skewness coefficient:

T — Eq.4.20

Wheres is the gamma function.

If & w U isarandom variable distributed accordinga Gamma distribution

with scale parametgr and shape paramet&, and 0 is unknown then the
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distribution of ® becomes a thregarameter Gamma distribution with parameter
P 0 h hQ

Parameter estimation: Method ofoments

If 0 is known (two-parameter Gamma distributipnthent and 'Q can be

estimated from the mean and variance of the sample by:

Eq.4.21

Eq.4.22

If 0 is unknown(threeparameter Gamma distributiprthen’Q has to be first

estimated from the sample estimater@fskewness coefficient by:

~

0 = Eq.4.23
3
I can be themstimatedy usingEq.4.22. Finally, 0 can be estimated by:

0 O T Q Eq.4.24
4.3 Bivariate distributions.

Thissection describes/explains the theory of some bivariate distributibich are
important to understand the criteria used in this work to do the bivartdelling

of wandw
4.3.1 The standardized bariate Normal distribution (BND).

The bivariate normal distribution (BNDn its standard form is usually the basis,
and this work is not an exception, of algorithms used to simulate any bivariate
distribution. The BND is not in itself a suitable modelfloiod peaks and their
forecasts, but it underpins models that can be, for example, the Lognormal.
Therefore, this section of the chapter describes the properties of this bivariate
distribution in the standardized form with ip variables whichareimportant to

understand the algorithms which can be used to simwlaite
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Univariate properties

Both marginal distributions aredimal Thus, suppose thgtandd are correlated

standardized Normahndomvariables; tle correspondin@DFsof these marginals

are defined by:

os  Poi o Eq.4.25
C g
. P... .U
o+ -Qi & Eq.4.26
C g
whereQi iXa fundion called the error function.
Bivariate properties
The jointprobabilitydensity functionPDF)is:
- P p :
Q-h+u QN — +H - U EQ.
« " cp 4.27
¢ P
where ” is the produemoment correlation coefficient between theo

standardized variables

Conditional properties

The conditional density of~s-His Normal and, for the case gfgivend

the following characteristics:

S YY - —
¢ p

Q- H

¢ p 7

with conditional mean:
Oodd fs U

and conditional variance:
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LY d s P Eq.4.30

The mean regression of on d, i.e, the regression of the values defined by

Oodd , Is linea, the conditional variance is constant, ahe probability
distribution of the estimation errors, namely — * ¢ is a Normal distribution
with mean’ mtand variance p 7

4.3.2 The bivariate Exponential distribution (BED).

If wandwcan be represented by tAgponential distribution, then the BED can be
a potential candidate to conduct the bivariatedelling of these variates. The
properties of this distribution can be derived frone tMorari Downton BED
(Downton, 1970)An extensive discussion of this BED is foundNiagao & Kadoya
(1971) Thus, this section first describes the standardized, BBi2h is the basis
for describing the three and fiveparameters BED

4.3.2.1 The standardized BED

The following considerations are for a BEIstributionfunction in which every

variable is standardez.

Univariate properties

Both marginal distributions arexponential. Thus, suppose thatand w are
correlated standardized exponential variables; the corresponding CDFs of these
marginals are defined by:

v p Q Eq.4.31
o0 p Q Eq.4.32
Bivariate properties
The jointPDFis:
QUM L,,'Qd)r‘] 0 ,,0 o UU Eq.4.33
p Y Y



whereOis the modified Besd function of the first kind of order zero, arid is
the productmoment correlation coefficient between the twandom variates
(Balakrishna and Lai, 2009)

Expressed as an infinite series, the joint GHfBalakrishna and Lai, 2009)

ey o : : nosom A aa Eq.
Ovho p Q p Q 2 o O 00 UOLQ 434

where thed are Laguerre polynomials.

Conditional properties

The conditional PDF for the case ofw given w 0, has the following
characteristics:

DT

QLY P qopl Y oS W Eq.435
Y Y Y
with conditional mean:
Oww 0 "¢ p " 0 p Eq.4.36
andconditional variance:
whiww U, p 7 U p 7 Eq.4.37

The mean regression of on w, i.e, the regression of the values defined by

O ww U, is linear with varying dispersion. The latter is based on the fact that,
unlike the Normal distibution, the conditional variance is a function of the
independent variable, in this case, denoted.byhatmeans thatn the BED the
conditional variance increases as the value of the independent variable increases.
This is an important propertyfanodellingthe conditional variance of an observed
peak watewalue, given the forecast, as it has been observed to increase with the
forecast valu¢Coccia and Todini, 2011; Zhaat al, 2015)
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4.3.2.2 The threeparametes BED

If wandware correlated andd andw are known a priorithen the transformed

variables:

O D O Eq.4.38
D D O Eq.4.39

can ke represented kyyone parameteExponential distributionvith parameters
andf , respectively (sesection4.2.]). These variables are usually known as
threshold exceedancéSlaps and Laio, 2003; Bezak al, 2014) and they will be
referred to as such herBairs ofto can be, therefore, represented yhree
parameter BED with parameteRs, 1 R i, where” is the product
moment correlation betweew and a The designation of these variables is
aix 8 00 A it

For this BED, the analytical expression@&hi and Qoo can be easily obtained
from the analytical expressions of the standardized BER @.36 and 4.3)7by

doing the following replacement:

.ow

V) - Eq 440

LW

V) T_ Eq.441
” ” Eq.442

and adding the product] and to the denominators of the factors that represent
the normalizing constant ¢ and "Qagw , respectively. The expression of
"Ocfo is not needed a@®U  "Ocfto . The conditional moments are defined

as:

Ohw ® "¢ T p " — Eq.443

WO ©® ¢ P —" P @ Eq.4.44



4.3.2.3 The fiveparameer BED

If wandwcan be represented liye two-parameteExponential distributionwith
parameter$ wh andP wh  respectively and they are correlated,
the direct bivariateanodelling of w and w shouldbe based on the fivgarameter
BED with parametersP T B B hohd , where” is the product
moment correlation betweet and wa The designation of these variables is
ahox 6 O R R hoho . The standardized BED caiso beused to obtain
the analytical expressions for this distribution. In this case, to olfaio and

"Quaw the replacemestin Eq. 4.33 and 4.35hould be:

b —— Eq.4.45

0 — Eq.4.46

o Eq.447

Since the bivariate modeilj of the pairs «fto can be based on the conditional
moments of the standardized exponential variables, this work did not derive the

equations of the conditional momerits; and which should include the

” s
location and scale pareeters and which can be obtained from Eq 4.36 and Eq 4.37,

respectively.

Thefive-parameter BED is convenient since it allows us to explore the case when
the means ofbandware the same but their variances are different. This analysis
could not be dne if they would be represented by the thyaeameter BED where

the mean and standard deviation are equal.

4.3.3 The bivariate Lognormal distribution (BLND)

If wandwcan be represented lmyivariate Log-normal distributiors, then the
BLND can be a potdial candidate to conduct the bivariateodelling of these
variates.A description of this bivariate distribution is found Yue (2000) and
Thomopoulog2017) Thissection first describes tliwe-parameteBLND, which
is the basis for describing the seymaraneterBLND.
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4.3.3.1 The fiveparametes BLND

If wandware correlated andd andw are known a priori, then the natural log of
their thresholds exceedancese, a @ & and OHU & &, ae normally
distributed with meané andA and standard deviations and, hrespectively
(see sectiord.2.?. Therefore, the pairsafto can be represented by a five
parameter BLND with paramete® Ah PR B w where” .js the
productmoment correlation coefficient betwe@mnddHT he designation of these
variablesis@e)* 6 0 0 ®h, PA R F w

Univariate properties

Both marginal distributions adegnormally distributed. Assuming th#ie pairs

ofto have these distributionthe corresponding CDFs are defined as:

s asw A
Ow — o 7 Eq.4.48
s a& A L,
Oow ——— hw 7 Eq.4.49
Bivariate properties
The jointPDFis:
"Qafis d Qan o
cu (Em, ., p ”
where
Eq.450
. A " A A
n C
A

Conditional properties

The conditional PDF ilngnormaly distributedand for the casef given® @

has the following characteristics:
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aE
Qg ——Qan b W Eq.451

d)y%MCT C " SHJ

with conditional mean:
e 1 T o oy Eq.452
andconditional variance:

ws o P 7 Eq.4.53

Note that, for the sake of simplicity,atproperties of , . & h PARQ B
characterising thpairs ¢fto have been described by taking the natural log of each

of the two variables where the Normal distribution emerged this distribution is
easier to hadlle. Thus, in fact, the above equations represent the BND of the
variablesa & &» and atUu & &». Therefore, the characteristics of the mean
regression and conditional variance are the sasti®se described in sectidi3.1

Some further properties of tHe, . & h, PAh H  in terms of the log
normal variables, in this cas#enoted asoandw can be found iBalakrishna and

Lai (2009) It should be noted that, while the conditional variance in the Normal
space is constant, this is not the case in the logNormal space where it is a function

of was a result of the logarithmic transformation (Eq 4.53).
4.3.3.2 The seveiparameterdBLND.

If wandwcan be represented byttaeeparameter LogNormal distributionwith
parameters?, wMAh andP, GDPAR  respectively, and they are
correlated the bivariatemodelling of w and w should be basednothe seven
parameters BLND with parameter®,; Ah PAk{ Fohol , The
designation of these variables @d)* 6 0 0 @h, AR oo, For this
BLND, the analytical expression of univariate and bivariate properties can be easily
obtained from the analytical expressions of the -paeameter BLND by

substitutingoy  ® ® and® ®  hrespectively (sethe previous section).
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4.4 Bivariate simulation.

The simulation of any bivariate distribution can be tackled by different approaches
(Balakrishna & Lai, 2009; Lewigt al, 2017) In this research, the bivariate
simulation ofwwvandwwas based on the method knowrthes conditional approach
(Lewis and Orav, 2018)y using algorithmghathave no restrictions on the shapes

of the marginal distributions. The Gaussian copula was employed for these
purposes. This section thus starts by explaining the conditional approach and how
it is related to the concept of PU, thenaéses the Gaussian copula approach, and
finally shows the algorithms built teimulatepairs ¢yw) and to build the PU of
cgwassuming they can be represented by a BED or a BLND. By way of example,
for the case when the pair&y@®* 6 O® K hohoH , an algorithm that
considersestrictionson the shape of the marginal distribution was considered. This
algorithm is based on thidoran-Downton BED, and an analysis of @dvantages

and disadvantages with respt the Gaussiaocopulabased algorithm is provided.
4.4.1 The conditionalsimulation approach andopredictive uncertainty (PU)

SincePU can be defined as the uncertainty of a future realization of a predictand
(the future quantity of interest) conditionath, for example, one model forecast
(Todini, 2016) the conditional distribution ab given w, i.e."Qugo , can be used

to derivePU. This concept can be further used to represent the realizationi @f

w, through avalue drawn fromQuRo . This approach is known in bivariate
simulation aghe conditional approacfLewis and Orav, 2018\When using this
approach, the ideal situationvden one has the moment equation¥ign . If

these equations are not available or are not easy to h&ddgsy can be built via

a sampling technique where the conditional approach is applied in a different space
and, then, thesealues are convied to the real space by using a transformation
techhique In the next subséions, it is shown how this approacan beused to do

the bivariate simulation @bandwassuming different bivariate probabilistic models

(BED and BLND)through a Gaussian coptib@sed approach.
4.4.2 Bivariate simulation based orthe Gaussian copula

The most convenient approachesltoabivariate simulation are those that do not
impose any restriction on the range of association between variates or wittmthe fo

of the marginal distribution&elly and Krzysztofowicz, 1997).e, marginatfree
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bivariate generatordn this work, one of these methods, the Gaussian copula, was

employed to do the bivariate simulationcedndm

The Gaussian copula, in the bivariate version, is, in essence, the bivariate CDF
derived from the standatulvariate Normal distribution (BND)Wwhose univariate
marginal CDFs are unifornty distributed on the rangf®,1]. Thus, thismethod
basially uses the standard BND to simulate bivariate variables with a specific
correlation structurandthen transform the standardized normal distributions into
uniform distributions through the probability integral transform (PIT). Finally, the
uniform distibutions are transformed into argquireddistributions by computing

the inverse of the required distributions associated with the values of the uniform

distributions.

The Gaussian copula approach must first generate jointly sthneldh Normal
random ariables, i.e.pairs( h ) with a specified correlatioh (according tahe

notation used in sectioh3.]). Based on thsebivariate points, generc Gaussian
copula generator sonstructed as folles. Let "YO) denote a vector of continuous
random variables with arbitrarily specified, strictly increasing, and continuous
probability distributions. Then, the bivariate simulation of the joint distribution of

the bivariate pairsi 1} can be done bihe following approach.

V Step 1:Generate a set éfrandom values af, i.e-Hy fromGx T1ip .

V Step 2: Generate from "Q¢E (seeEq. 4.28), i.e, the conditional
distribution ofé& given the value of & generated in Step 1, by drawing a
random value from each tiieseconditional distributior.

V Step 4. Compute the CDFs of each of the corresponding pains),(
denoted a¥0 and’O [Ithese then define Uniformly distributed pairs of
random variables as

6 O andi O

V Step5: Using the probability integral transform (PIT), obtaiandn as:
i O 6 andnp O i
where'O and'O are the inverses of the CDFsioéndrhrespectivey.

Figure4.2 illustratesthe bivariate simulation gdairs( h ) through Step1 and 2

of the algorithm mentioned above.
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Figure 4.2: lllustration of how pairs ( , ) are generded from a standard BND based on the
conditional approach

4.4.3 Bivariate simulation of« and « based orthe BED

The bivariate simulation @bandwbased on the BED was addressed by considering
two algorithms: i) an algorithm based on tierari Downton BED; and ii) an
algorithm based on the Gaussian copula. The concepts, progeahareslvantages

and disadvantages of each of them are explained as follows.
4.4.3.1 Simulation ofvandw based orthe MoranDownton BED

The MoranDownton BED algorithm is basesh the generation of standardized
bivariate Exponential random variableélus this section first explains how it is
done based on the conditional approach and then describes the algorithms used to

simulatepairs (u0) and to derive the PU.

Using thenotationof section4.3.2 pairs (ODh)) of a standard BED with a specified

correlation” can be simulated based on the conditional approgch

V Step 1: Generate a random value af, i.e. 0, from Q¥ p i.e.,
standardised exponential distribution wdlmean 1

V Step 2: Generateb from QU (seeEq. 4.35), i.e, the conditional
distribution of wgiven the valu& of wgenerated in Step 1, lyawing a
random value from this conditional distribution.

Assuming Q@)* 6 O® R hohol , pairs (3w) can be simulateérom the

MoranDownton BED by following the steps:

V Step 1:Define the momenfs and , the coefficient ofcorrelation”
and the thresholds andw.
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V Step 2:Use the relationship " to generate pair®fD) based on the
conditional approach (séggure4.3a).

V Step3: Obtain the exceedanceswfandw i.e. the pairs @o), by:
w T 0
w T 0

V Step 4 Obtain the values ofband w by adding the thresholds to the
exceedances:

Figure4.3 illustrates the abovalgorithm.

VBx+Yo

y:

x>

=By ¥=U83+3,

<>

Figure 4.3: lllustration of the Moran-Downton modetbased algorithm used to generate pairs
(¢.0)

The algorithm starts generating paits) based on the conditional approach (Figure a); then the

pairs (o) are obtained by multiplying and 0 by the scale parametdrs andf respectively

(Figure b); Finally, the pairg{) are obtained by adding to each valuexaindwa constant value

defined by the threshold® and , respectively (Figure c). In this algorithrthe following

relationship is met:

Building of PU

The PU can be built by simply samplirgvalues fronthe conditional distribution
"QUY obtained in the algorithm used to obtain the paiyre)((Step 2)and then
conveying the resulting values to real space by following the steps of the algorithm
in terms ofa PU can be finally expressed terms of density values by, for
example, computing the Kernel density estimati(@tseather and Jones, 19@f)

the sampling values.

4.4.3.2 Bivariate simulatiorof wandwbased on the Gaussian copula

Assuming W)* 6 OQ R hohoR |, pairs (3w can be simulated based on
the Gaussian copuldhroughthe following algorithm
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Step 1 Define the moments and , the coefficient ofcorrelation”
associated with , and the thresholds andw.

Step 2 Generate pairs fi ) basedn the conditional approachigure4.2).
Step 3 Compute the CDBf the coresponding pairs f ).

6 O andi O

Step 4 Compute standardized exponential variablesmdy as

O O 6 andu O i

where’O and™O are the inverse of the distributions @andu which are
in turn defined as:

b — HER —
Step 5 Pairs () can befinally obtained as:
W 0w v
W 0w v

Building the PU

The PUcan be built by siply samplinge values from the conditional distribution

0 s

obtained in the algorithm used to obtain the paire)((Step 2)and then

converting the resulting values to real space by following the steps of the algorithm

in terms ofa PU can be finally expressed terms of density values lmpmputing

the Kernel density estimation$ the sampling values.

4.4.3.3 Advantages and disadvantages of MeBowntonrmodel and Gaussian

copulabased algorithm

The advantages and disadvantages of the #igasiused to simulate pair@Q

based on the BED are listed below.

V The Morani Downton modebased algorithmuses the value of the

correlation coefficient in the real space,,i’e. . It can be considered an
advantage with respect to the Gaussian cepated approach aset latter
bases the bivariate modelling on the normal sgacevhich they must use

a transformation technique to obtain the value of the correlation coefficient
in the real spacéhis could be an issue if one does not have an analytical
relationship beteen these two variables.

Both algorithms have nestriction with the range of association between
andw

The Morani Downton model has a restriction with the shape of the
marginals; they must be exponentially distributed, ités a noamarginal

free bivariate generator. The Gaussian copula isrginatfree bivariate
generator.

The Morari Downton-mode} based algorithm allows the theoretical joint
probabilities to be computed (sdgy. 4.34). It can be considered an
advantage in terms of the Bivariate Goodness of fit test (GoF) since one can
compare them with the resulgirempirical joint probabilities obtained from
the standardized variables of a sample of paw® (
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4.4.4 Bivariate Simulation of « and « based on the seveparameters BLND

Sincethere & a close relationship between Normal amgjhormal distributions
several analytical expression has been developed to show that relatidasiep

al., 1999; Thomopoulos, 2017n this work, some of these expressions have been
used to build an algorithm that ll@avs us to simulate pairs
(W)* 6 00 Bh PAR oo (see section.3.3.9 and build the PU. This

algorithm is detailed below.

Considering the notation used in sectio®.3.3 and assuming
(X 60 0A®Hh MR ohoH , pairs (aw) can be simulatethrough the
following algorithm.
V Step 1:Define the momenta ,A , A ,, , the coefficient ofcorrelation
", and the thresholdd andw.

V Step 2 Use the expressioA A w,A A w,A K, and
A K toobtainthe mean and variancé the logtransformed values of

wandwin the Normal spaceytusing the following analytical relationships
between thé&ormal and logNormal distribution:
A cliA mliA

., cl 1A 1T1A
Ay cl 1A ml 1A,
n HU C‘I TA i TA ”
V Step 3 Use the expressioi =" to compute the coefficient of

correlation of z=Ing anddi 1 in the normal space by:

117" z Agp pzABP, p P

” z ” |—U
V Step 4 Use the relationship ., ” to generate pairs fi ) based on the
conditional approach (séegure4.2).

V Step 5 Obtain the values of the transformed variablesvaind win the
normal space, i.ethe pairga,oHuby:
a A, 7
(:ﬂ_U Al—U ” FEI

V Step 6 Obtain the pairgxw) by.

w AJ®
© Agau o
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Building the PU

The PU of each paifw,w) can be built by simply sampling values from the
conditional distributionQ s obtained in the algorithm used to obtain the pairs
(0w (Step 4)and thenconveying the resulting values to real spacddbipwing

the steps of the algorithm in termswfPU can be finally expressed terms of

density values bgomputing the Kernel density estimations of the sampling values.
4.5 Data analysis.

Data analysis was conducted to support the assumptions madedwihgnthe
bivariatemodellingof pairs (3w), which basicallyconsisted ofioing a univariate

and bivariate analysis of these variates.
4.5.1 Observed dta(y)

The analysis ofowas based on the records of four gauging stations located close to
or in a foodplain in England (sdégure4.4). These stations were selected because
they are at locations with known floodinthe observed discharges were converted
into water levelsoby using the rating curves of thesate gauges takefrom the
National River Flow Archive (NRFA, segtps://nrfa.ceh.ac.uk/

[t F o, e
Y
@ Sootland 22007
72300
P
ik
24003
Ireland
England
-~
e
"y

Figure 4.4: Geographical location of the gauging stations uskto analyse« and «

Table 4.2 shows general information for the stations used in the univariate and

bivariate analysis o
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Table 4.2 Description of the avalable information used toanalyse « and «.

NRFA Name Lat | Lon Record length (15nin Period
Code 9 time step) simulated
24003 | River Wear at Stanhopg 54.75| -2.03| Janrl1961/ Apr2014 -

River South Tyne at

23006 54.94| -2.51| Oct1967/ Apr2014

Featherstone
op007| RiverWansbeckat | oo 1o\ 1 751 \ar1963/ Jar015
Mitford
76007 River Eden at 54.90| -2.95| Jan1976/ Nov2012 | Jar1990/ Dee
Sheepmount 2006

4.5.2 Simulated forecast datas ()

The analysis otowas done for only one of these gauging stations, the Eiden

at Sheepmounfor which a previously calibrated SHETRAN model was available.
The main criterion to be satisfied was that a sufficiently long record was available
to calibrate and validate the model, to support the analysisindcy and the Eden
SHETRAN model met this terion. Setting up and calibrating models for other
stations would have taken a disproportionate amount of time and was not the main

focus of the study.

SHETRAN (Ewen et al, 2000)is a stateof-the-art physicallybased, spatially
distributed model that has been developed at Newcastle University and applied
widely to catchments in the UK and across the wdtldwis et al, 2018)
SHETRAN uses a grithased re@sentation of the catchment, and inputs are often
gridded at a resolutiobetween 50 m and 5knThe timestep used is often hourly
or daily, althoughthis temporal resolutiodecreasesuding storm events to better
representrapid infiltration and surfaceunoff processeslt has been used in
countless applications in hydrology, such as in the analysiheofimpact of
groundwater abstractions on streamflo@arkin et al, 2007) deforestation
impacts on peak flows and sediments yie{B#kinshaw et al, 2011) nitrate
transpor{i Koo and OO0 Caodreakne flood f@drdstthgMellor et al,
2000)to name but a few.

Detailed information on the SHETRAN model used to denivgthe Eden

SHETRANmMode) can be found idanest al.(2018. It was built to study the bank

erosion process in tHeden catchmenand its calibrated hydrological component
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was used in this research to represent simulated discharges of th&&eved
SheepmountFigure4.5). The Eden SHETRANMnodel was applied to 2400 kn?
predominately ruraEden catchmen# 1-km? grid resolution and a timestep of 1
hour were considered. A GIS methodology was used to set up the modebbased
a 30 m digital elevation model, lanude and soil maps. The spatial hourly rainfall
was derived by disaggregatingdaily 1 knt gridded daily rainfallproduct from
1990 2007. The 19912001 period was used for the calibration procedure, whereas
the 20012007 period for validation (with-y e a r -u@p Ot g.rétre cabbdation
and validation procedure considered hourly and daily datatiieidRFA gauging
stations and HiFlows data sethie hourly hydrological performance of the mbde
based on the dat# the RiverEden at Sheepmoumwas characterised by a value
of the NashkSutcliffe Efficiency (NSE) of 0.90, and a coefficient of determination
('Y ) of 0.91.Figure 4.6 shows the simulated and observed hourly discharges for

the validation period.

e Sediment data

W Flow data

Figure 4.5: Eden catchment, Cumbria UK.
Locations of gauging stations (bl and sediment data (brown) used fbe calibration and
validation of the modedre showr({taken fromJanest al(2018).
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The SHETRAN model was developed for simulation, nottiea forecasting, and

so no da assimilation/ forecast updating was undertaken. The forecasts of the peak

discharges were therefore represented through simulation mode, valpegh no

data assimilation/updating. These 0si

thought of as regsenting longer lead time forecasts where the effect of updating

has died out.

1500

NSE=0.90

— Observed

— Simulated

1000 A

Discharge [m’s "]

(%)

o

o
!

00 01 ene. 2002 00 01 ene. 2004 00 01 ene. 2006 00 01 ene. 200
Date

Figure 4.6: Simulated and observed discharges of the River Eden at Sheepmount.
The simulated and observed discharge cormedgito the validation period (2082007). The NSE
of the Eden SHETRANnNodelin the validation procedure was 0.90.

4.5.3 Selection of peak flows and their forecasts.

The peak flowsoand their forecasteare sampled in later chapters from a bivariate
distribution with marginal distributions represented by a POT mddwd.variable
wis here defined as the cresttbk resulting hydrograph generated by a given
rainfall event that crosses a given threshold lexél ¢f the river. The value ab
must be set neither so high that oaliew floods are considered in the hydrologic
frequency analysis (HFA), i,at should be lower than the flooding threshafa )

nor so low that too many peaks are considestch are not relevant to the HFA

(seeFigure4.7).

As one can imply, thegak flow selection is strongly linked to. The problem
with @ arisesfrom the fact that the basic model hypothediany statistical model
to be applied tay the independenaef consecutive peaks, can be affected when

considering lowthresholds (sedor example the first peak inFigure 4.7). This
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issue can be tackled by imposing further requirementthe basic criterion of
choosing all the peak flossabovew . These requirements are usually based on the
area of the catchment, the time period between two consecutive fBaksd the
difference between the magnitudes of the latter. For exampienane (1979)
imposes that consecutive peaks must be separated by three times the average time
to peak ofthe hydrographs, or that the smallest discharge valeveen the
magnitude of two consecutive peaks must be higher tharthivas of the
magnitude of the first peak. The Water Resources Co(d&8WRC, 1982)lso
suggests that two consecutive peaks are considered independent if they are
separated by at least as many days as five plus the natural logarithm of square miles
of thebasin @aea. Other authors simply consider tbansecutive independemeaks

are characterized by a value®f YT @ VA A (BOgneret al 2012; Karimet al

2017)

A

——Observations
Forecasts

A
/

L ,A
PLRINAVIG)

A

Water level

4

time

Figure 4.7: lllustration of « and « and the main thresholds {4 and «.) involved in the
selection criterion for performing an HFA of these variates

On the other handpis defined as the crest of the forecast hydrograph used to
forecast the peak flowa The selection ofvis, therefore, linked to the selected
values ofowhere the forecast values might or might not fall aleverhis could,

for example, occur when the valuecofs relatively close tav, such aghe last
peak inFigure4.7. Thus, one has two criteria to selezandw The first one has

to do with selecting the values@fand then selecting the valuesiedissociatavith

« and the other with selectimanly the values ofwywhose associated values @f

fall abovew , such as the first three peaks showirigure4.7. The latter option
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increases the chances of using the same POT model (probability distribution) to

representoandw

Thus, he value ofw considered in this work was a threshold level that has been
set for all gauging stations used for flood warning purposes in England. When the
water level of the river reaches that threshold, minor flupds possible inhe
floodplain. Table 4.3 and Table 4.4describes the value of this threshold for each
gauging sation analysed, where&sgure 4.8 shows an example of ttiereshold

valueagainstactual reashgs for one of the gauging stations.

River level
River Eden at Sheepmount Now
8.00m Y
6.00m
4.00
" Yb
2.00m
0.00m
Fri, 20 Sep 12:00 PM Sat, 21Sep Sun, 22 Sep Mon, 23 Sep Tue, 24 Sep 6:00 PM
When the water
levelreaches
== Measured level 3.45m here, == Highest recorded
minor flooding is level.

possible in this
area

Figure 4.8: Value of « 4 considered for one of the gauging stations considered in the agsis
(River Eden at Sheepmount)
Source(Environment Agency, 2019)

Table 4.3 Value of the thresholdu&and the resulting values of, v, and &, for t
stations where only the values of y were availahle

® @ i
Code Name (3
[m] | (m] | [m]
24003 River Wear at Stanhope 2.10| 2.48| 0.40| 1.45

23006 | River South Tyne at Feattstone| 1.90| 2.06 | 0.20| 1.29
22007 River Wansbeck at Mitford | 2.00| 2.49 | 0.46 | 1.60
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Table 4.4 Value of the threshold« 4 for the gauging station River Eden at Sheepmount and
the resulting values ofc, ¥,«, %, and a&.

® ® i ® i
[m] | [m] | [m] | [m] | [m]
76007 | River Eden at Sheepmoun| 3.45| 4.16 | 0.73 | 4.24 | 0.64 | 2.86

Code Name

Once the values @b were defined for each gauging station, the valuesofere
selectedfirst defining the individual peaks aboue, and then selecting the peaks
which were separated by at least eight dBgsthe case where the valuesafere
representedRiver Eden at Sheepmointhe criterion for choosing theairs ¢hw
was to seleabnly the values ofowhose associated valuescofall abovew . Table
4.3 and4.4 show the resulting value of the averagenber ofpeals per year §),
the mean (wandw), and standrd deviatios ( andi ) of wandwwhen applying

that criteriato each gaging stationranalysed wheread-igure4.9 illustrates some

values ofwfor the river Eden at Sheepmount.

64 — River level

Peak

River level (m)

T T T L
00 01 ene. 1990 00 01 ene. 1995 00 01 ene. 2000 00 01 ene. 2005
Date

Figure 4.9: Hydrologic time series, and values of for the period 1990:2006 obtained at the
gauging station 76007 River Eden at Sheepmount
The green squares indicate the valuemahd the red lin¢he value of the threshotd .
The averagewumber ofpeals per yeara-can be used to estimatiee value ofw
associated with theeturn period of a Standard of protectiéi (). To compute

w , first the probability of exceedance associated With is estimatedy:
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. p

Oy 5 _"Y : Eq 454

Then,w is estimated asthe  quantile in themarginal distribution oéa This

approach will be used to estimate important \deis described in Chapter 5 and 6,

such as the flooding threshalul.
4.5.4 Univariate analysis ok and «

The aim of the univariate analysis af and w was to analyse what the best
probabilities distributions are to represent the marginal diskoisiin the bivariate
analysis. It was done based on the GoF of the valuesnflwy for which,as was
mentioned in sectiod.2, three distributions were considerd¢de twoparameter
exponential distribution, the thrgerameter lognormal distribution, and the three

parameter Gamma distribution (SEable4.1).
4.5.4.1 Parameter estimation

The distribution parameters can be estimated through different methods, such as the
method of moments (MOM), the ithed of L-moments (ML), and the maxium
likelihood estimation (MLE). In this wotkhe MOM was usedwhose equations

were previously described in secti: (achieving high statistical efficiency in the
estimats is not important here). To apply these equations, one can assume that the
threshold parameter is known or unknown. The parameter estimation of the
Lognormal distribution for the latter option is not straightforward (see section
4.2.2); thus, for the sake of simplicity, one can take the first option whose value can
be assumed as the minimum value of the samplemafic It is a common practice

in a peakover threshold analys{€laps and Laio, 2003)

Table 4.5 and Table@shows the parameter estimates obtained when applying the

moment equations described in secdoband the abowenentioned assumptions.
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Table 4.5 Estimation of the parametersof the three probabilistic models considered as

candidates to represent .

Location Exponential | Log-Normal | Gamma
Code Name parameter
.« R A, a, a, | B
24003 River Wear at 2.12 0.36 1.60| 1.29 | 0.40| 0.94
Stanhope
23006| Hiver South Tyne at 1.01 0.15 2.33| 0.97| 0.24 | 0.64
Featherstone
20007| River Wansbeck at 2.03 046 | -1.06| 0.80| 0.44| 1.10
Mitford
76007 River Eden at 346 0.70 -0.68| 0.83] 0.72| 1.0
Sheepmount

Table 4.6 Estimation of the parameters of the three probabilistic models considedeas

candidates to represent .

Location : Log-
Exponential Gamma
Code Name parameter Normal
< T A, a | 4 | &,
76007|  River Edenat 3.47 0.77 | -050| 0.70| 0.50| 1.56
Sheepmount

4.5.4.2 Goodness of fit (GoR)f w

A Goodness of Fit test (GoEpn be basedn avisual inspection and/or through

statistical GoFtess D6 Agost i no

and

Stephens),).

1986,

A common approach for the first one has to do with plotting the theoretical CDF

against the empirical one. For this purpose, the empirical probabilities can be

computed by using the Weibull equation.

where™O is the probability of norexceedance of the event mhich is defined

o

E P

q

Eq.455

through the rank of descending values, arnslthe sample size.

Since the visual inspection of Gaan be quite subjective, the computation of

statistical GoF tests is usually suggesteltich can be used to know whether or not

it is reasonable to assume that the random sampdecomes from an assumed
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probability distribution based on a hypothdsisting where the null and alternative

hypothess are:
Ho: Sample data come from the assumed probability distribution.
Ha: Sample data do not come from the assumed probability distribution.

The null hypothesis is rejected if the probability of the computdde, i.e, the p
value, is lower than a defined level of significance. The level of significance

considered in this work was 5%.

When the population parameters are unknown and must be estimated by sample
statistics, the Lillieforecorrected Kolmogorossmirnov (correcKS) test can be
used to check the model assumptidilliefors, 1969; Crutcher, 1975)These
values were estimated by using the R rlaa g e A K(8levackGottshatl and

Wang, 2019)which is based on MLE

a 400 = b T
/++
+
r
0.754 0.75
w w
0O 0.50 4 D 0.50
(8] (@]
0.254 0.25 4
23006
0.00 4 0.00 4
1 2 3
y(m)
c 1.00 4 d 1.00 4 » e
0754 0751
w [T
0 0.50 0 0.50
(] (&)
0.25 49 0254
22007 76007
0.00 4 0.00 4
1 3 2 i 6 8
y (m) y(m)

+ Empirical == Exp

Gam LN

Figure 4.10: Comparison of the empirical and theretical CDF for the values of« obtained
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The GoF results abare shown in Table 4.7 and Figure 4.A8.0ne can see, only
for one of the gauging stations (230B6ver South Tyne at Featherstypnéhe
statistical GoF test indates the suitability of one of the probabilistic models (Log
normal distribution) by rejecting the null hypothesis of the others. For some
samplesone must, therefore, choose one probability distribution among the ones
that pass the statistical test. Whikis occurs, it is usually suggested to consider the
complexity of the probabilistic model as a discriminatory factor. Therefore, for
these cases, the Exponential distribution can be considered as the main option to
represent the values dfgiven the low complexity of the univariate probabilistic
model (two parameters: s@éable4.1). However, any of the distributions accepted
under the null hypothesis for each station can be used.

Table 4.7 Statistical GoF of « based on the correcKS test for each gauging station

In this tableYesmeans that the null hypothesis was not rejectedthe sample data passed the
test.No means the null hypothesis wageacted, i.e.the samfe data did not pass the test.

Kolmogorov Smirnov test
Code Name =
Lognormal | Gamma | Exponential
24003 River Wear at Stanhope Yes Yes Yes
23006 | River South Tyne at Feathersto Yes No No
22007 River Wansbeck at Mitford Yes Yes Yes
76007 River Eden at Sheepmount No Yes Yes

4.5.4.3 Goodness of fit (GoF) @b

As was mentioned before, the GoFafas only done for the gauging station 76007
River Eden at Sheepmount. The results based on the ek@etgst and the
comparison of the empirical and theoretical CDF are showalie 4.8 and Figure
4.11, respectively. As one can see, the null hypothesis is not rejected for all the
assumed probability distributions, so the same conclusion drawn above for the case
of wapplies here.

Table 4.8 Statistical GoF basedon the correctKS test for the values ofe corresponding to

the values of« obtained from the gauging station 76007 River Eden at Sheepmount.

In this tableYesmeans that the null hypothesis was not rejected, i.e. the sample data passed the
test.No means the null hypothesis was rejected, i.e. the sample datatdiass the test.

Kolmogorov Smirnov test

Variable Lognormal | Gamma | Exponential

Values ofwcorresponding to the values wobtained
from the gauging station 76007 River Eden at Yes Yes Yes
Sheepmount.
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Figure 4.11: Comparison of the empirical and theoretical CDF for the values of
corresponding to the values of obtained from the gauging station 76007 River Eden at
Sheepmount

4.5.5 Bivariate analysis ok and « based on the MorafDownton BED

In terms ofGoF, the principle of bivariate frequency analysis should be the same
as in the case of singlariable frequency analysis. Although the statistical GoF
test for bivariate frequey analysis is not straightforward, an intuitive investigation
of the agreement between empirical and theoretical joint probabilities such as the
approaches used in the work dfue (2000)and Yue (2001) might be usefufor
checking the suitability of any bivariate probabilistic modelthis approachg
bivariate observations ) , are arranged in ascending order, thus obtaining pairs

i M} . The empirical norexceedance joint probabilities are then computed as:

. MOQim 0 i GER 7

"Oi hr Eq.4.56
Oi m : 1 q

"Oi M can be then compared with the theoretical joint probabilities of

"O°Y i 1 ofthe bivariate model to be tested.

In thiswork, that method was applied to the sample of the pai$ ¢btained from
thegauging station River Eden 8heepmoun{lThe aim was toest the assumption

that the sample of pairfgyw* 6 O® K hoho i is cansistent with the
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Moran-Downton BED Figure 4.12 showsthe estimation of”  based on the

sample correlation coefficient betweenand «y whereasTable 4.9 shows the
estimated MOM values of thearameters of the fivparameter BEDFigure4.12
showsthatthe values otoshow a relatively small error for high valueswodvhich

is not the bahaviour commonly observed when making forecasts. However, the
upper range of Jaes is poorly sampled because of the small sample size, so this
can have happened by chance, but also perhaps through overfitting to the highest
peaks when calibrating the SHETRAN model.

76007 O
71 p=0.94
8-
E
. ofe}
o 00
6 00
4 O O

¥ (m)

Figure 4.12: plot « versus« for the values obtained from the gauging station 76007 River
Eden at Sheepmount

Table 4.9 Estimated values of the parameters of the fivgparameters BED for the gauging
station River Eden at Sheemount.

Code Name (@) W | i
76007 | River Eden at Sheepmou| 3.46| 3.47| 0.77| 0.70| 0.94

The bivariate GoF of the pairgyw) based on the MoraDownton BED was thus

based on the following steps:

V Step 1 Based onthe estimated values of the parameters, compute the

standardized exponential variables of the pairs)(as:
U — e —

V Step 2:Arrange the observation$ h) in ascending orel and obtain the
pairs 0 fb

V Step 3 Compute theempirical norexceedance joint probabilitied the
pairs 0 ,0),i.e."O0 ,u , based orkq. 4.56.
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V Step 4 By using the relationship ", computethe theoreticajoint
probabilitiesof the pairs§ ,0 ), i.e, 'O0 ,0 , based orkEq.4.34.
V Step5: Do a bivariate GOWia visual inspection by plotting in the-axis
the order of thepairs @ ,0) and in the yaxis the values ofOOR) and
"Ouh .
The results of the aboveentioned steps are showrHigure4.13. As one can see,
the plot indicates that there is no sigeuiint differencébetween the observed and
theoretical probabilitiesTherefore, one can conclude that the-fna@ameters BED
is suitable to represent the joint probabilities of the pai®) Ebtained fronthe

gauging station River Eden &heepmount.

1.00

+ Empirical
0.75 — Theoretical

Joint CDF
o
S

0.25 1

0.00

T T T T T
0 10 20 30 40
Order number of (vi,{\ri)

Figure 4.13: Bivariate GoF of the pairs (¢,«) based on the MoranDownton BED for the
values obtained from the gauging station 76007 River Eden at Sheepmount

Based on the outcome of this test, it is assumed thatwaaspeak levels, and their
forecasts from a calibrated model with a relatively high NSE and correlation, can
be described by the BED model. Moreover, it is reasonably assumed, although not
proven here, that any of the candidate distributions that p#ss€slOF test fow

at the other sites can be used to descihilteereby allowing corresponding bivariate

distributions to be used for simulation experiments in later chapters.
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4.6 Forecast performance

The prior sections showed how to represent pais) (with a given dependence

structure and associated errors through different bivariate probabilistic models; it

provides the basis of the MCFG. This also provides the starting point for the

sensitivity analysis used to explore the importance of the different factors

influencing the performance of a FEWS. However, the description of the

dependence structure of paicsd) through a correlation coefficient is not enough

since one needs to associate itwitneven f orecast handazon or | ead
performance measure, whicis a common characteristicised to define a

forecasting model. A MCFG can be set fufighese two characteristics are taken

into account. This section, therefore, explains how the dependence structure of pairs

(0w was associated witiand the forecasting performance.

It is well known that there is a traadf between the forecaseformance and the

forecast hor i(Bloschl, 2008; Parkera201The comrelatiohi s

thereforenecessaly associatedvith a givenU . I n this research, t hat
was represented through subjectiveleadtime-correlationfunction (see Figure

4.14) analogous to that found [8chroteret al. (2008) This function describes the

common behaviar of forecastingmodels forced with precipitation. That is, it
represents the fact that timef(orwiththwelal ues | ower
calibrated hydrological model, the perfornsarof a forecasting modesirelatively

high, as the forecasts araded on observed precipitation by using, for example,

gaugebased quantitative precipitation estimatio(QPE). Moreover, forecast

updating will improve the correlation for short lead timeast this valué., the

forecasting model has to be forced with quantitative precipitation &ise(@PFs)

and its performancerdps monotonically. The slopef this functionbefore L

defines the quality of forecasting models based on QPE, such us models based on

gaugebased QPE or gaugadar based QPE, and the slggdter L defines the

quality of the forecasts based on QPHsisfunction is defined by:

mpdt O OO t
Mot 0 OO0 T 0

Eq.457

where"O0Uis the value of  at the nflection point of the correlatieleadtime

function and represent the correlation associatedc@tchment lag Un Eq. 4.57
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L and U are defined i mhetsénsitivitg of foeecast ni t s

performance to perturbations in ti@value is explored in Chapteh and 6.

Biases in the mean and variance of forecasts relative to the obsatuedalso
affect the forecast performance, and these are explored in the sensitivity

experiments in Chapter 5.

~

Lead time,T

Figure 4.14: Lead-time-correlation function used to represent the forecast performance as a
function of lead time.

4.7 Sensitivity analysis

In Chapters 5 and 6sensitivity analyses (SA) of the factors controlling the
performance of a FEWS aperformed. The basic approach to the SA is to state a
baseline scenario and then test several scenarios which take into account the main
assumptions in the estimation of the performance. The forecast performance was
one of themwhich, as was explained @, is linked with the setting of the MCFG
parameters. Tdrefore, this section of the chapter describes the parametdo

represent the MCFG and which of them were considered in the SA.

The baskne scenaricconsidered the results obtained for thagiagstation River
Wansbeck at Mitford as reference values. Based on the results in Tabieig.7,
assumed thaband wcan be represented by the sdmgnormal POT model type
which, in turn, leads to the assumption thatthe pairs

()*x 6 ® OAQ PAR oo |, Furthermore, e baseline model assumes
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an ideal case of the forecasting system where the marginal distribution of the

observations is equal to that of their forecasts; therefore mtimeents ofw are

equal to those ofa The | ead ti me

U was assumed

lagtime L, whichin turn, was assumed to be equal to 6 hours. FinallyOtbealue

was assumed to be 0.85; the justification for this is discuss€tapter 5Based

on this analysis, the MCFG was representedeleyven parameters in the SA

framework, wherdive of them represent the characteristics of the basin and the

others the charactstics of the forecasting modelable 4.10 shows these

parameters and their assumed values for the baseline scenario.

Table 4.10: Assumed input parameter values for theVICFG in the baselinegenericfluvial

case
Parameter
. —r Value :
Abbreviation Description associated
adopted o
with:
Mean ofw 251
» Thevarianceof & 0.20 The river
@ Location parameter @b 2.03 basin
L Basin lagtime L 6 hrs
Mean of the forecasts of
The variance of the forecasts af
_ _ _ . Flood
@ Location parameter of the forecastsuof w forecasting
. : : : : system
ob The inflection point of th_e lead timgerformance 0.85
function
T Lead time 6 hr

4.8 Main findings

The architecture of the M@is novel; it allows forecast uncertainty to be linked

with a forecasting lead time in the simulated generic fluvial CHse univariate

analysis of POT data foroandw at selected gauging statiossggestedhat the

probability distribution type ow is that ofy and that a number of different

distributions could be used to describe This allowed the assumption to be made

that the fiveparameter bivariate exponential distribution (BED), the seven

parameters bivariate lagormal distributon (BLND), and the seveparameter

bivariate gamma distribution (BGM) are suitable models to reprdbergairs

(0 ). Algorithms for sampling bivariate pairs afand w from two of these

bivariate distribution4BED and BLND were presented’he algorithm relateto
BGM will be desciibed in Chapter 7.
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A formal criterion for selecting the threshald defining the peak water levels in

the POT frequency analysis was proposed.
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Chapter 5. Evaluation of flood warning performancein terms

of reliability

There are a considerable mber of acronyms in thi€hapter. Terefore, the

Chapter starts with a list of them with the aim of helping the re&den the

beginningto be familiar with the conceptssed in the analysis of this part of the

thesis.The concepts adeveralacronyms have alreadheenintroduced inthe prior

Chaptes; therefore, the list of acronyroan also be used by the readen&wvigate

the thesigo look for more detailed information

Acronym

BLND
DFDR

FAR

FEWS

FPC

FWDC

FTC

NSE
MCFG

PE

PDR

POD

PT

PTDR

PU
RIC

RRA

SoP

Meaning
Bivariate Lognormal dstribution
Deterministic forecadhased decision ruléDecision ruleused ina deterministic
FEWSto represent warning decisiobased on the values @fsection3.2.2. Used
in conjunction with theFloodplain propertypased criterion(FPC) and the
Floodplainthresholdbased criteriorfFTC).
False alarm ratidSkill score used to define the reliability of flood warninigdined
as the ratio of the number of hits ahd sum of hits and false alarfsection2.7.1).
Flood early warning system
Floodplain propertybased criterionCriterion to evaluate the reliability of floo
warnings in terms of warned and flooded housedues of FAR and POD aabe
derived from this criterionsgction2.7.1).
Flood warning decision componenfomponent of the generic framework (secti
3.2.)
Floodingthreshold ctierion. Criterion to evaluate the reliability of flood warnin
basedon whether the occurrence or roccurrence of a flood event in theragk
community was preceded by a warnindplues of FAR and POD can be deriv
from this criterion $ection2.7.1).
NashSutcliffe Efficiency
Monte Carlo flood and forecast generatGomponent of the generic framewo
(section3.2.])
Probability of exceedancef a predefined level derived fronthe conditional
distribution ofwgivenaw i.e.,"Quan . Variate used by the probabilistic rules PTI
and PDR (sectioB3.2.2
Probabilistic decision ruléDecision rule useih a probabilistic FEWS to represe
warning decision ksed on a warning leveb derived fromQuao (section3.2.2
Used in conjunction with thEloodplain propertybased criterioffFPC).
Probability of detectionSkill score used to define the iaility of flood warnings
defined as the ratio of the number of hits and the sum of hitsnéssks(section
2.7.0).
Probabilistic thresholdised for the probabilistic rules PDR and PTHRction
3.2.2.
Probabilisticthresholdbaseddecision rule
Decision rule used in a probabilistic FEWS to représvarning decision based ¢
the PE of the flooding thresholl derived from™Quan (section3.2.2. Used in
conjunction with thé-loodplainthresholdbased criteriofFTC)
Predictive mcertainty
Response and impact compone@ibmponent of the genericafnework (sectior
3.21)
Risk-reduction action A proactive action conducted after a warning has &
issued.
Standard of protection
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5.1 Introduction

In the Monte Carlo(MC) framework used to explore thenformance of a flood

early warning system (FEWS3)r the generic fluvial cas@Chapter 3) the peak

river levels () and their forecastsy are generated from tihdC flood and forecast
generator (MCFG). Chaptdrgives a detailed descripti of how this component

of the framework can create pairsd and thepredictive uncertaigt (PU)
associated witha Different bivariate probabilistic models are assuyraadl the
dependence structure of this model (represented by the correlation coefficient

is associated with a |-coraethtion funotm.Inthts) t hr
component, a return peridslalso associated with each valuaof

In this chaptera full descriptionof the second anplart of thethird componenbf
thisMC framework is providedThe former componems called theflood warning
decision omponent FWDC) andrepresents the decisions made by a Warner (a
word adopted in this research to refer to a person involved in preparing and issuing
flood warnings, usually a member of a governmental entity) based on the forecasts
generated by the MCFG dm flooding threshold & ) associated with an -aisk
community.The third component, i.e., the response and impact component (RIC),
is used partially to only represent the forecast and observedtinmpgerms of
affected housed he adopted bivariate model used in the MQBGepresent the

peak river levelsn and their forecasted is the bivariate Logrormal distribution
(BLND). The reliabilityor credibility of a FEWS is the flood warning performance
characteristic to be explored in this chapfenis analysisdepends o warning
decisions and the uncertainty of the forecastd requires the addition of two
parameters to the ones considered in the MCFG. These parameters are associated
with the characterization of the-ask community and have to do with the return
periad of its standard of protection (SoPY( ), and the number of houses at risk

in the floodplain § ). How these parameters are included in ME
framework is explained laterh&genericframework(Figure3.1) is, thus, partially
usedto build a MC framework to explore the reliability of flood warnings (Figure
5.1). Thus, in this case, the response is leftwhich is the basis of its economic
component thain turn, allows the performance of a FEWS to be explored in terms
of theeamnomic effectivenes$his analysis will be done in Chapter 6.
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| Repeat |

FTC

Sample a peak water level y and
its (deterministic or probabilistic)
forecast from the MCFG

il ‘7 e

Use the observed peak value y and its
(deterministic or probabilistic) forccast 0" or PE), A
the (deterministic or probabilistic)
warning strategy (DFDR or PTDR),
and {looding threshold y,. to define event as
hit,miss, falsc alarm, or correct ncgative

. Repeat |

b)
FPC

Samplc a peak water level y and
> its (deterministic or probabilistic)
forecast [rom the MCFG

\ 4

Use the observed peak value y and its
(deterministic or probabilistic) forecast (' or Ji,),
the (deterministic or probabilistic)
warning strategy (DFDR or PDR),
and flooding threshold y; to define houscs as
hit,miss, falsc alarm, or correct negative

A 4

Build the contingency table and
compute POD and FAR

A 4

Build the contingency table and
compute POD and FAR

FTC: Flooding-threshold criterion. Criterion to evaluate the reliability of flood warnings based on whether the occurrence or non-occurrence of a flood event in the
al-risk community was preceded by a warning.

FPC: Floodplain property-based criterion. Criterion to evaluate the reliability of flood warnings in terms of warned and flooded houses.

MCFG: Component of the MC framework to gencrate pairs (y,y) with its associated conditional distribution f(y | ).

¥: Decision variable in a determinsitic scenario. Used in conjunction with FTC and FPC.

PE: Decision variable in a probabilistic scenario. Probability of exceedance of the flooding threshold y, derived from the conditional distribution of y given ¥, i.e.,
f{y | ). Used in conjunction with FTC.

Yw: Decision variable in a probabilistic scenario. Forecast level derived from f{y | ) as the probability of exceedence of probabilistic threshold PT.

DFDR: Deterministic [orecast-based decision rule. . Decision rule used in a deterministic scenario o represent warning decision based on the values of y. Used in
conjunction with FPC and FTC.

PTDR: Probabilistic-threshold-based decision rule. Decision rule used in a probabilistic scearion  to represent warning decision based on the PE. Used in
conjunction with FTC

PDR: Probabilistic decision rule. Decision rule used in a probabilistic scenario to represent warning decision based on a warning level ¥, derived from f{y | ¥). Used
in conjunction with FPC.

Figure 5.1: lllustration of the MC framework to explore the reliability of flood warnings.
TheMC frameworkexploregheflood warning reliabdity estimated based ahe flooding threshold
based criteriofrTC (a) andfloodplain propertybased criteriofrPC(b) by usinga (deterministic or
probabilistic) warning strategy
The reliability of a FEWS which, according td?arker (2017)is associated with
the presence of false and missed alarms, is evaluated thhasgliil scoreknown
as the probability of detection (POD) and false alarm ratio (FAR)s flood
warning peformance attribute is captured based on a conting&idgbased
method that represents the outcomes of determutiased and probabilistizased
warning decisions. Contingency tables are built based on two criteria: a flooding
thresholdbased (FTC) anfloodplain propertybased (FPC) criterion. The former
assesses the performamsfea FEWSbased on whether the occurrence or-non
occurrence of a flood in the-eisk community was preceded by a warning, whereas
the latter based on whether a warned propeaty or was not subsequently flooded
(Figure 5.1) The FTC is a welknown criterion used in several research works
(Verkade and Werner, 2011; Pappenbergal, 2015; Bischiniotist al, 2019)
whereas the FPC is a contribution of this researcich gives a more consistent
estimation of flood warmigs' reliability because it is estimated based on warned

and flooded houses.
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The MC framework is used to explore theliability of a FEWS through several
sensitivity experiments. To do so, a set of values for the input parameters is first
assumed to chacterise the baseline scenario, where thas&tcommunity, the

river system, and the flood forecasting system are characterised. Then, the
sensitivity of theeliability to perturbations of the main parameters is fully explored

through a onattime methal.

This chapter is structured as follows: In secto? the rationality of the FTC and
FPCused to define the performance dFBBWS is explained based on the warning
criterion used in two types of FEWSEhen, in sectio®.3, the simulation of the
target information for evaluating the performance &EAVSbased on the FPC is
described. Next, in sectidh4, the contingencyablebased method for the FTC
and FPC used tovaluate the reliability of flood warnings is explainddter this,

in section5.5, the skill scores used to describe the performafiGe FEWS are
introduced, and, in sectidn6, thedecision rules used to describe FWDC based
on different types of forecast information are explained. Finally, in sestihthe

results of the sensitivity experiments are shown.
5.2 Flood warning criteria for fluvial floods

The FTC and FPC utded in this work to explore the performarafea FEWS have

been defined based on the warning criterion usually used in two types of FEWSs.
Based on the flood forecasting technique they use, they have been called in this
work a hydrologic forecadtasedFEWS and an inundation forecastitgsed
FEWS Table 5.1 gives a brief description of these systems, &iglre 5.2
illustrates the warningriterion for each of them. They are explained as follows.

The flood forecasting techniques appliechiydrologic forecasbased FEW&re
usually based on hydrological and/or flood routing models (hydrologic or hydraulic
models) and offer a relatively spte approach for flood predictions. They have
been the dominant choice of river flood warning systems, where a thrdsssd
approach for issuing a warning is normally used. The FTC evaluates the
performance ofthis type of FEWSwhere the warning critesh is based on a
flooding threshold approach. In this case, forecast water levels at a river section in
or close to the atisk community are compared with a mfefined flooding

thresholdw , which is often set based on experience, adpfened return period,

97



historical data, and/or detailed hydraulic modelling of river response. tdeis,

assigned a return perioihe warning decision is based on the direct comparison

between he forecasts ané . Figure5.2a shows an example when considering a

deterministic forecast; in this case, a warning is issued when the forecast indicates

the exceedance of this threshold. This type of FEWS dogtarget warnings on

individual properties or small areas within theiak community but aims to alert

the flood autbrity of a potential flood that, in turn, uses a figkluction action
(RRA) to mitigate the flood impact. Acommon RRA in this tgb&EWS is raising

demountable defenses, which can need -& 2barning leadime to be erected.

Flooding thresholdbased warning decisions have been the basis of some important
research{Verkade and Werner, 2011; Daeal, 2014)

Table 5.1 Description of two types of FEWS

flood risk community

Type of river flood . BLEl] Risk reduction
: Aim decision ;
warning system . action (RRA)
criterion
Hydrologic forecast | Issue flood warnings ) dei?jlnntgble
based”EWS to flood authority Direct def
comparison erenses
Issue flood warnings petes Moving house
Inundation 0 vulnerable 95 forecastsand |  contents upstairs
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Figure 5.2: lllustration of the warning criterion for a flooding threshold-based (a) and
inundation forecasting-based (b) warning system.

Theinundation forecastinased FEW$ considered to be the most sophisticated
flood warning servicWMO, 2011) The flood forecamg system of this FEWS

is usually made up of a hydrological and hydraulic inundation model, e.g., a
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hydrodynamic model, where the output of the former is used to feed the latter to
forecast the floodplain inundation. Even though these flood forecagttenss are
considered complex and computationally expensive (particularly for a catechment
wide integrated hydrological and hydrodynamic modelling approach), with the
development of higiperformance computing techniques, it is now feasible to use
these floal forecasting techniques in flood warning servifddag et al, 2020)

The FPC evaluates the performance of this type of FEWS. In this case, the warning
decisions can also be based on the direct comparison between faaeasevels

and the flooding threshol@ , and the forecast of the flood extent can be used to
disseminate flood warning§&igure5.2b). Vulnerable properties are identified by
intersecting the maps of the perty locations and the forecast inundation area. In
this context, a inundation forecastinased FEWSims to target warning on
vulnerable properties in the-atsk community, and the RRA, in this case, is done
by houseowners, which can be, for examjlg, mounting flood defences for
individual flood properties and/or moving house contents upstairs or evacuating
contents and residents.

5.3 Simulation of the flooded and warnedproperties

As was explained above, evaluating the performance of a FEWS batsedrPC

i's one of the aims in this chapter. To
a work that has reported such an analysis. The target information for this task is the
flooded and warned properties in the flood risk community after a fleedte
occurs. A rational method to do that would be one that represents: i) the
infrastructure of the aisk community, ii) the observed and forecast hydrograph of
potential floods event at a river section in or close to tmslacommunity, and iii)

the associated observed and forecast flood extent through a hydraulic inundation
model Figure 5.3a). The MC framework represents this rational approach
indirectly. The aim of this section of the chapter is, thereforexplain this indirect

method.

To quantify the number of flooded propertiés ( ), theMC framework uses

an assumetmpact arvefor the flood risk community, i.e., a curve that relates the
return period of a current or future flood event to the magnitude of the impact
(Sayerset al, 2018) in this case, the number of properties that would be flooded.

This type of curve has been used for performing a national flood risk assessment in
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the United Kingdom through the UK Future Flood Expld&ayerset al, 2015) a
flexible tool to simulate flood risk scenarios throughout the country.
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Figure 5.3: lllustration of the impact curve used to quantify the number of flooded and
warned houses.

Figure5.3b shows the impact curve used by W€ framework.The values of this
impact curve were taken from Table 4.6 of Melti-Coloured ManuaHandbook
(PenningRowsellet al, 2020) which suggests using these values in a method
estimate the economic damage in a floodplain. This method is used when
knowledge of flood depth and its associated retenod is poor, but the Standard
of Protection SoP, property type, and numbers are kndtwe.number of houses
flooded was set to zero at thater levelthat defines the bankfull conditipthe
return periodseported in the literaturfer the latterappeato fall somewheren the
rangé-4 yearsbased on annuahaximumseriegWilliams, 1978; Andrews, 1980;
Petit and Pauquet, 1997; Castro and Jackson, 2007; Adtilanh 2013) These
values would be longer if partiduration seriegare considered as it contains more
flood events thatheannualmaximumseriegEdwardset al, 2019) In this context,

a 25 yearreturn period wasassumed in this worko represent the bankfull
condition
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The assumed impact cur{€igure 5.3b) gives an estimate of the number of
properties affected by different floods by taking as rezfee the number of
properties flooded by a 26@ar flood € ). The MC framework
assumes that the floodplain is defined by a2€ar flood extent. The total number

of houses at risk is, therefore, assumed to be affected 2p@year flood
extenti.e. & € . Thus¢ arecomputed based on the

return period ofwby taking as reference that is an input parameter of the

MC framework.

The assumed impact curve is also used to estimate the number of warned properties
(& ), which represents the vulnerable properties warned bynthrelation
forecastingpased FEWSFigure5.2b). The number of houses warned in
theMC framework is estimated as a functiofitoby interpolating this value on the
impact curve. With this approach, one tries to explore/represent the uncertainty of
the nundation forecasting related to the magnitude of the flood event (peak water
level). Figure5.3b illustrates the computation &f and¢ for a pair

ofto based on the impacurvebased method and what they would represent in

reality.
5.4 Analysis of the flood warning performance

Parker (2017yefinesreliability as one of the commoiobd warning performance
characteristics. This attribute of the FEWS is associatedthetipresence of false
and missed alarms. The skill scores knowthagrobability of detection (POD)
andthe false alarm ratio (FAR) are often used as reliability omeaswhich in
essence, -ghoto ao fisdithepFEWS (beke sectihid.?) e

Based on this concept, a contingency tdi@eed method was used to define the
reliability of a FEWS based on the FT@daFPC. In the former, it is evaluated
based on whethehe occurrence or nemccurrence of a flood event in the flood
risk community was preceded by a warning. In the latiter reliability is, on the
other hand, evaluated based on whether a warneényapas or not subsequently

flooded. They are explained as follows.
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5.4.1 Flooding thresholdbasedcriterion (FTC)

A flood in an atrisk community is defined as the overtopping tife flooding
thresholdw , which is the river level at which the flood impacts begig@re5.2a).

This valueis set at'Y , i.e.,the return period that defines SoP, the Standard of
Protection, whichs an input parameter t¢fie MC framework. As was mentioned
above, the FTC evaluates the performance &E&VS based on whether the
occurrence or noeonccurrence of a flood event in therek community was
preceded by a warning. In other words, both the warning decision and the
continuous value ofo defined by Quan are viewed categorically (or binary for
6yesd/ 6énod decisions and eventethatespectively
exceeded or not tHwoding thresholdo was preceded by a warning. The thwp

two contingency tile shown inTable5.2 was used to describe the resulting four
potential outcomes one can find under this criterion. They are defined as: a hit, if
the flood event occurred and a warning was issi@tegcribes theotal number of

hits); a miss, if the flood event occurred and a warning was not issuaesgcribes

the total number of misses); a false alarm, if the flood event did not occur and a
warning was issued@describes the total number of false alarms); amrrect
negative, if the flood event did not occur and a warning was not issugeddgcribes

the total number of correct negatives). The sum of the total number of occurrences
(Q and noroccurrences@) of a flood event define the total numbs=revents
analysed ). The total number of warnings is denoted)asand the total number

of nowarnings a® .

Table 5.2 Two-by-two contingency tableto analyse the performance of &EWS based on the
flooding threshold-based criterion FTC.

Observations | Warning | No Warning| Total
Flood event Q a Q
Non-flood event Q e Q
Total 0 0 3

5.4.2 Floodplain property-basedcriterion (FPC)

As was explained in sectidn2, the FPC can be used in FEWSs that consider the
forecast of the flood extent to warn vulnerable properties. In this case, the warning
procedure can first include a 6yesd/ O6nod war

forecasts and the floing thresholdo , and, then, a dissemination process can be
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done based on the inundation forecasting. Thus, the performance of this type of
FEWSs depends on the warning decision and the uncertainty of the inundation
forecast, and its analysis can be based on wh#tkervarned properties were or

were not subsequently flooded. The target information for this analysis is, therefore,

the number of housegarnede and the number of housisoded¢

which, as wasxplained in sectiorm.3, in this work, is represented by an impact
curvebased methodA two-by-two contingency tablelT@ble5.3) can also be built
based on this informatn. In this case, the four potential outcomes after the
occurrence or nenccurrence of a flood event are defined as: a hé,hbuse is
warned and flooded®describes the total number of hits); a miss, if a house is not
warned and floodedd( describes the total number of misses), a false alarm, if a
house was warned and not floodé@describes the total number of false alarms);
and correct negative, iffouse is not warned and not floodén&lescribes the total
number of correct negatives). The sum of the total number of houses flooded and
not flooded defines the total number of houses analysed.

Table 5.3 Two-by-two contingency tableto analyse the performance of a FEWS based on the
floodplain property -based criterion FPC

Observations Warning No Warning Total
House flooded Q a Total no. houses floode
House not 0 O Total no. of no flooded
flooded houses
Total no. houses | Total no. of no warned Total no. houses
Total
warned houses analysed

Figure5.4 illustrates how the warning decision and uncertainty of the inundation
forecasting affect the performance loikttype ofFEWS.Figure5.4a shows the case
when a flood was preceded by a warninyote that this would represent a hit in

the FTC; in the FPC, however, depending on the magnitude of the forecast and
observed fhod event, i.eandw one can find misses or false alarfigure5.4b
andFigure5.4c show the case when a wrong warning decision was made. In this
case, misses atkie to the fact that the warning dissemination was not conducted
before a flood occurredrigure5.4b), and false alarm#${gure5.4c) due to the fact

that the disseminatiomwas conducted when a flood did not occur.
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Figure 5.4: lllustration of the potential outcomes in thefloodplain property -based criterion
FPC.

5.5 Metrics for evaluating the flood warning performance

As was metioned in section$.4and?2.7.], the probability of detection POD and

the false alarm ratio FARave been defined arker (2017astwo measures of
thereliability of a FEWS. In this work, two of these measures have been chosen to
describe this important characteristic of the flood warning performance. These
metrics are computed based on the-tw-two contingency tables explained in the
prior sectionTable2.2 gives a description of them, which are briefly described as

follows.

POD is also known as hit rateadprovides an estimate of the probabilityattan
observed event being warned. It ranges from 0 to 1, and a perfect forecast is 1. It is
computed as the ratio between the total number of®@atsd the total number of
observed event&#a ). As it is based only on observed events, it is only sessiti

to miss events and not to false alarms. This skill score is, therefore, incomplete by
itself and should be used in conjunction with, for examipheRR that provides an
estimate of the probability that a forecast event being incorrectly warned. It ranges
from O to 1, with O representing a perfect forecast. It is computed as the ratio
between the total number of false alar@snd the total number of forecast events
('&"Q. This skill score is also incomplete, as it is not sensitive to miss e\RO(3.

can be artificially inflated by issuing more warnings, and FAR can be artificially

reducedoy issuing fewer warningfiencethese metrics are used together
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In the FTC, the POD and FAR answer the following questions: What is the
probability of an observed event being correctly warned? and What is the
probability ofa forecastevent being incorrectly warned? respectively. INRRE,
the POD and FAR answer the following questions: What is the probability of a
flooded house being correctly warned? What is the probabilitywdraedhouse

being incorrectly warned®spectively.
5.6 Flood warning decision rule approaches

As was explaing in section5.4, the contingency tableased method used in the
MC framework to define theeliability of a FEWS depends on the warning
decisions This section of the chapter describes hlogse decisions arepgeesented

in the MC framework in the FTC and FPC. Deterministic foredzested and
probabilistic forecasbased decisions are considered in the analysis. They are

represented through a decision rule approach and are described as follows.
5.6.1 The deterministicforecastbased decision rule

The notation used for this rulel$=DR. This decision rule assumes that the warning
decision is driven by the deterministic forecast of the flood magnitudeyilear

the FTC and FPGhe DFDR assumes that a warningssued whemois greater
than the flooding threshold .

® ® U®ihs

5 Eq.5.1

h Q¢ el ¢
For the FPCthe number of warned properties associated with galue of
wis derived from thémpact curve of the aisk community(Figure5.3b). Figure
5.5 gives an illustration of the DFDR for the FTC and FPC, wheTedde 5.4

describes them.
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Figure 5.5: lllustration of the deterministic forecast-based decision rule (DFDR) for a pair
«he  for the flooding threshold-based criterion FTC (a) andfloodplain property -based
criterion FPC (b).

Table 5.4 Description of the deterministic forecastbased decision rule (DFDR) for the
flooding threshold-based criterion FTC and floodplain property -basedcriterion FPC.

Decision rule| Abbreviation Criterion Decision rule
(> ) warn,
Deterministic FTC .
> not warn
et | oror o
e (w>w ) warng ,
decision rule FPC
> not warn

5.6.2 The pobabilistic-based decision ruke

Two types of probabilistic decision rules were considered. One was optimized
based on the FT.@nd the othr based on the FPC. The notation used for the former

is PTDR, which assumes that the Warner makes a decision based on a probabilistic
threshold § "Yandthe probability of exceedanceé (Qof the flooding threshold .

i.e., theprobability of haing an observed river peak levélgreater or equal than

® . The probability of exceedande'Qs a valuedeliveredby the MCFG which is
obtained through theonditional distribution ofo given «y i.e., " Qugn , derived

from thejoint probaility of these two variate®cio that is assmed here to be a

bivariate Lognormal distributionThe decision rule, in this case, is given by:

D0 0"YO &ihe
Eq.52

~

h Q¢ ¢ ¢

The notation of the other probabilistic rule is PDR. It also uses a probabilistic

threshold) "YHowever, in this cas@, “defines the warning leved from "Qugn
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at which the Warner should sshis/her decisionslhen, the warningecision can

be based on the direct comparison betwseand the flooding threshold as:

®» o 0owig h
Eq.53

h Ot ¢BOT &
The aim of the PTDR and PDR, thus, to find an optimal probabilistic threshold
0 "Ythat maximises the difference between POD and FAR based Bif thand
FPC, respectivelyrigure5.6 illustrates the applicein of PTDR and PDR for the
FTC and FPC, respectively, wherdable5.5 gives a description of them.

Table 5.5 Description of the probabilistic threshold-based decimon rule (PTDR) for the

flooding threshold-based and floodplain propertybased criterion, FTC and FPC,
respectively.

Decision rule| Abbreviation Criterion Decision rule Description
(PE>PT) PT optimized
Probabilistic PTDR FTC warn, based on FTC
threshold . not warn
based
decision rules (0 >w) g
: PT optimize
warng ,
PDR FPC based on FPC
: not warn
a) b)
¥, >y, ) wam, P
g | el
If (PE>PT ) warn, %3 <
else, not warn. ‘ A~ e, T
5 PE
S \
>
= R , v
ﬁ 4 Leyend i
F]OOdlI‘lg A Wamed property
threshold y; A Atrisk property -\
i Floodplain

Figure 5.6: lllustration of the probabilistic rules PTDR and PDRfor flooding threshold-
based criterion FTC (a) and floodplain property -based criterion FPC (b), respectively.

5.7 Sensitivity experiments

In the prior sections, the criteria, metrics, and warning decision rules considered in
the MC framework to eplore the reliability of a FEWS were introduced. As was

mentioned in the introductory part, the analysis of this characteristic of the FEWS
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requires the addition of two parameters to the ones considered in the MCFG. In this
last section of the chaptehe sensitivity of FEWSperformance to several of these
parameters that represent the main assumptions in the estimation of the reliability
of a FEWSis explored. This is done through several sensitivity experiments based
on the oneatatime (OAT) method(Pianosiet al, 2016) which, in essence,
varies/perturbs the input parameters of M€ framework from its reference
parameter valuebgseline scenario) one at a time and assesses the impacts on the
metrics used to define the reliabiliyf a FEWS. Thus, in this section, the
parameters and reliability that define the baseline scenario are first described, and

then, the results of the stivity analysis are shown.
5.7.1 BaselineCase

The key parameter controlling the performance of a flood fotiacasmodel is the
correlation between the forecast and observed
There is a large and varied literature on the performance of raiafeff models

when used in simulation mode; this is typically measured by the-Slassliffe
Efficiency (NSE) which, for an unbiased model, equals Values of NSE are
computed from continuous simulations and are dependent on the time unit. The
most widely quoted values in the literature are for daily streamflow simulations; for
exampe, a study where TOPMODEL was calibrated for a set of 1013 UK
catchments reported a range of NSE values ranging 2ot to 0.94 with a
median of 0.7{Laneet al, 2019) Similar studies for hourly streamflow are not
reported due to the lack of long records of hourly rainfall data. Views of what is an
acceptable value of NSE vary widely and depend on the intended application, but
typically, a value greater than 0.80 mighg bonsidered acceptable. For hourly
streamflow, there are no definitive findings on whether the NSE values might be
larger or smaller than for daily values. Consequently, if just the peaks are sampled
from continuous simulations, the NSE can be expectdiktower than for the
continuous simulation case where the smaller errors in recession periods will

increase the correlation.

In the case of a redilme forecasting model, forecast updating will lead to much
higher NSE values for short lead times; asldst i me U increases up to
catchment lag L, the effect of updating will die ard the NSE values will decline

towards the simulation mode value. The selected time unit will be a function of the
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catchment lag L. Values of NSE for rdathe flood faecasts are rarely quoted by
agencies responsible for operational flood forecasting. A research study for the
Eden at Sheepmou(iteedalet al, 2013)quoted a value of NSE = 0.98 for six hour
ahead forecasts of water levels (using hodata, with updating) for levels less
than 2m, and 0.45 for values greater than 2m; the latter figure represents only a
small percentage of the data but highlights the problem of declining performance in
forecasting large floods. It should be noted thatbivariate sampling of forecast

and observed flood levels from the BLND represents this very well, as the

forecasting errors increase with level.

Taking the above points into account, it was decided to adopt a correlation of 0.85
for the peak levels ithe baseline casevhich, for an unbiased model, corresponds

to an NSE of 0.72; the corresponding NSE for continuous simulation would be
higher. This correlation was taken to correspond to a catchment lag L and lead time
U of 6.e,the@ivaue in the lead timeorrelation functior(Figure4.14).

The aim then is first to find where in the POD/FAR performance space this model
is located and then to explore how perturbations to the set of chosen baseline
parametersand the correlatignn particular, can enhance or degrade POD/FAR
performance. In particular, the aim is to identify the levels of correlation and NSE
needed to achieve different levels of reliability for flood warnings, as measured by
POD and FAR.

The baeline case assumes that there are 1000 houssk g the floodplain, and

it has 1 inb-yearSoP (Tsor=5years). When the water level overtops the SoP, houses
are assumed flooded from the bankfull height upwards (Figure MT).
simulations were perfored using 30 replications, where each replcatonsisted

of 10,000 events=inally, theMC estimates were obtained from the average values
of 30 replications, where each replication consisted of 10,000 simulated events.

Table5.6 depicts the input parameters of i€ framework and the values which
define the baseline scenario. They are split according to the component they
represent. The baseline model assumes an ideal case of the forecasting system
where the maginal distribution of the observations is equal to that of their forecasts;
therefore, the moments dfare equal to those of The moments abhave been
adopted by taking as reference the parameters obtained for the station River
Wansbeck at Mitford (Chapter 4).
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Figure 5.7: The impact curve used toquantify the number of flooded houses

Table 5.6: Assumed input parameter values for the baselinease

Value Parameter
Abbreviation Description associated
adopted o
with:
Mean ofw 251
" Thevarianceof 0.20
; - The river
W Location parameter @b 2.03 basn
r The averag@umber of peakper year 1.60
L Basin lagtime L 6 hrs
Mean of the forecasts of
" Varianceof the forecasts afy "
@ Location parameter of the forecastsinf W
Flood
' The averagaumber of peakger yearnf the F forecasting
forecasts otd system
ob The inflection pomtfof th_e lead timgerformance 0.85
unction
T Lead time 6 hr
vy Return period associated with theoding 5
thresholdw . years The atrisk
community
3 Total number of houses at risk in thenefit area 1000
. Sample size or number of simulated ev¢B6s Monte Carlo
€ L 10000 - .
replications) simulation

Figure5.8a shows the joint density of 10,000 paitif) generated from the MCFG

which, as was exgined above, uses a bivariategnormal distributionBLND, to
represent the bivariate values. Since the momerdsaoé equal to those of the
generated bivariate values represent an ideal forecast scenario where the statistics

of the observations are equal to their forecasts. This bivariate simulation was done
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based on the algorithm shown in sectibA.4 Figure5.8b shows an example of
the PU expressed &uRo for a forecasty and the probability of the flooding

threshold being eceeded

a b |
Density 0.9 - “"-‘.‘
°7 16 \
12 _ \
,g < 0.6 4 'w.
— . = \
>6 08 = \
0.4 0.3 1
# o )
0.0 1 T
r T T T T T
2 4 6 8 2 3 4 5
y [m] ym]

Figure 5.8: Joint density of pairs (¢ ,¢) generated from theMonte Carlo flood and forecast
generator MCFG) assuming abivariate lognormal distribution ( BLND).

Figure a shows the joint densitly10,000 bivariate pairsfw) generated from the MCFG assuming
a BLND defined by the values of momentsweéndwassumed in the baseline scenaFigure b
shows the conditional distributidugo associated with the forecast valuesofepresented by a
greydot in Figure a’QuRn is obtained by slicing the joint distributicghrough agrey line that
crosses the forecast valugrdy dot). Knowing this predictive density, one can estimate the
probability of exceedance (PE) of thedting level (red area), which is the probability value
considered in the PTDR. The flooding level is defined by the assumed SoP in the baseline scenario
(5 years).
The analysis of the performance of the baseline FEWS under the mieov®ned
criteria issummarised ifrigure5.9. This figure shows the optimization procedure
to find the optimal probabilistic threshold “Yfor the PTDR and PDR. IRigure
5.9a andFigure5.9b, the blue angdreylines indicatehow the values of POD and
FAR change when considering several values of thiegmbstic threshold PT for
the PTDR and PDR, respectively. These values are summarised in tReGBR
curve shown in c. A point on these lines is associated with a value of PT. The values
associated with the optimal probabilistic thresholdyY are reresented with a
square and circle for the PTDR and PDR, respectively. The figure also shows the
results of the DFDR for the FTC and FPC. They represent a point on th€ ©BR
curve and are represented with a triangle and diamond, respectively. The main

conclusions of this figure are explained as follows.
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Figure 5.9: Analysis of the performance of the baselin€EWS through the POD-FAR curves
for the flooding threshold-based and floodplairproperty -based crierion, FTC and FPC,
respectively.
This figure shows the FAR and POD results for different values of PT for the PTDR (a) and PDR
(b). These values are summarised in the F®D curve shown in c. These decision rules' optimal
values are represented withquare (PTDR) and circle (PDR). A triangle and diamond are used to
show the results of the DFDR for the FTC and FPC, respectively.

POD: Probability of detection; FAR: false alarm ratio; PT: probabilistic threlsh DFDR: deterministic forecadtased
decision rule (DFDR), PTDR: probabilistic rule based on a PT and the probability of exceedance (PEPDR:
probabilistic rule based on a PT and the PExof
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The performance of the baseline FEWS basedhe probabilistic decision rules

PTDR and PDR can be regarded as better than that obtained with the deterministic

decision rule DFDR for the FTC and FPC, respectively, because the associated

difference between POD and FAR is highEalgle5.7, column §. The results also

show that the POD and FAR values associated with the probabilistic rules are higher

than those obtained with DFPRable5.7, columns 6 and 7)That meanshat the

former decision rules tend to increase the value of POD, which necessarily increases

FAR. Thus, even though the flood warning performance associated with PTDR and

PDR is better than its deterministic version, the probabHgsitisionrules based
results tend to deliver relatively high values of FARI3 and 0.5%r PTDR and
PDR, respectivelyTable5.7). These values are higher than those obtained with
DFDR, and it is due to the fact that the optimizatwiterion for PTDR and PDR

does not place any restriction on the value of FAR, and it looks for the biggest

difference between POD and FAR, regardless of the value of the latter. It can be

understood as the price being paid for obtaining a high vall®Odf, which is
considerably higher than for the deterministic ca$able 5.7). Thus, the
optimization criterion adopted in this research (maximize POD minus FAR) gives

higher weight to the reduction of missed evemnt®se economic consequences, in

terms of floods, far outweigh those associated with false alarms. The effect of

havi

ng

hi gh

val ues

of

FAR

i n ,ahiclvlzas n i

to do with the disregarding of flood warnings due to their tfssredibility as a

ng

result of the high percentage of false alarms. Target values of FAR are usually

between 0.2 and 0(3olliffe and Stephenson, 2012jowever Barneset al.(2007)

advocate that there is little evidence that a high value of FAR causes users to ignore

warnings of severevents.

Table 5.7: Contingency table based othe flooding threshold-based and floodplain property
based criterion, FTC and FPC, respectively,for the baselineFEWS for deterministic and

probabilistic decision rules and optimal probabilistic thresholds.

Lead
time | Prob. POD- | Decision | Criteri
( U] Thres. n m f POD | FAR | FAR rule on
[h]
858 395 389 0.68 | 0.31| 0.36 FTC
DFDR
5 170315| 110467| 110668| 0.61 | 0.39 | 0.20 FPC
0.62 1041 212 812 0.83 | 0.43| 0.39 PTDR FTC
0.59 | 220819| 59962 | 283208| 0.79 | 0.55| 0.23 PDR FPC
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An interesting point in the analysis is to see how the performance of a FEWS
obtained based on FPC is related to the performance one would obtain if it is
guantified in terms of FTC. These results can be analysed directly from the values
obtained basedoFTC and FPC for the DFDR (first and second rowable5.7).

The results show that the performance based on the FPC is lower than that obtained
based on the FTC. That difference is directly related to the umtgrtéd the flood
magnitude, i.e., the difference betweemndwwhich define the difference between

the warned and flooded properties. Note that a hit in the FTC does not mean a hit
in the FPC; due to the difference between these two varjablasin the former

might include misses or false alarms in the laffégure5.4a). This implies that if
inundation level forecasting is undertaken (FPC), then the performance in terms of
POD and FAR will drop relativéo the FTC, which implies improved forecasts

would be needed to achieve the sgmerformance level as for FTC.
5.7.2 Sensitivity experiments

In this last suksection of the chapter, the sensitivity se#veral parameters with
respect to the results shownTiable5.7 is explored. Three sensitivity experiments.

have been carried out.
5.7.2.1 Sensitivity experiment 1

It is well known that the forecast performance decreases as the lead time increases

(Bloschl, 2008; Parker, 2017)he forecast @rformance in the joint distribution is

controlled by the moments of andthe correlation coefficient . The latter is

assigned to a | ead -domelaton flhctiorhshownifigare t he | ead t i |
4.14. As has been explained, UrkiGsecam i nput par e
assume thato are outputs of different flood forecasting systems associated with

different lead timedJ and that forecasts are represented by the same moments.

Under this assumption, it is hypothesized that the forgeasbrmancas mainky

controlled by” (a bias in the mean or variance of the forecasts can also affect

performance) which, in turns, depends on the inputvallle.of Thi s first experim
is based on this assumption and aims to analysetth@wutcomes of the bagedi

scenario change when considering different foregadbrmancesepresented by

differentvaluesoff and assumi ng twleeach afthenTable ment s of

5.8 gives a description of this experiment and the range oésatbe explored.
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Table 5.8: Description of sensitivity experiment 1

Parameter to| Lower Baseline Upper Aim

be modified bound bound
Analyse howtheflood
warningperformance

T 3 hr 6 hr 24 hr obtained in the baseline
(-50%) (+200%) X
scenaricchanges as the lead
time changes.

The results of the sensitivity experiment are describ&dguare5.10, which shows

two diagram types t hatsassodiatetpair df vatues efa ¢ h
POD and FAR obtained from the FTC and FPC for DFDR, PTDR, and PDR. Points
on the blue line are skill scores computed based on FTC, and pointsgoeytiee

are those computed by considering FPC. One of the diagras(&ypadc) shows

POD and FAR on the left axis and le@ale on the abscissa, whereas the other, a
quadrant plotlf and d), shows these values on the POD/FAR performance space.
In the quadrant plots, the value of POD and FAR equal to 0.5 have also been added
as a referencelhese values define four quadrants: the-ugfper quadrant with
values of POD > 0.5 and FAR < 0.5; rigifgper quadrant with values of POD >

0.5 and FAR > 0.5; lefbottom quadrant with values of POD < 0.5 and FAR < 0.5;
and rightbottomquadrant with values of POD < 0.5 and FAR > 0.5. The 1:1 line
(greydashed line) also defines points with values of POD greater than FAR (points
above this line) or the opposite (points below this line). Three target levels of
reliability are defined herkased on POD and FAR:

Low: POD > 0.5, FAR < 0.5
Medium: POD > 0.7, FAR < 0.3
High: POD > 0.8, FAR < 0.2

These levels represent a simplifitdm of that usedn Englandfor the national
assessment of flood forecasting syst@dabsonet al, 2017) The results of the
sensitivity experiments can be judged against these target levels. They are explained

as follows.
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Figure 5.10: Results ofthe sensitivity experiment 1 for theflooding threshold-based and
floodplain property -based criterion, FTC and FPC, respectively based on thedeterministic
rule DFDR and probabilistic rules PTDR and PDR

Figure a shows FAR and POD results for diffeferg a d

ti

me s

U based

b shows these values for the PTDR and PPRC-based results (blue line) are shown for the DFDR
and PTDR, and FRBased resultgyteyline) are shown for the DFDR and PDR. The values of these

figures are summised

in the FARPOD curves shown

in b

and d,

POD: Probability of detection; FAR: false alarm ratio; PT: probabilistic threshold, DFDR: deterministic forbeastd
decision rule, PTDR: probabilistic ruledlsed on a PT and the probability of exceedance (P&),d?DR: probabilistic rule
based on a PT and PE af, FTC: flooding thresholdased criterion, FPC: floodplain properyased criterion

Figure5.10a andFigure5.10b showsh ow P OD
based on the deterministic decision rule DFDR for the FTC and FPC casss. Th

and

FAR

on the
respectively.
change

figures confirm, what was shown in the baseline case, that theeR@OPAR values

are lower for the FPC than the FT&s was explained, it is due to the results based
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on the FPQlepend on the warning decision and the uncertainty of the inundation
forecastingFigure5.4). The latte is represented in this framework as the difference
between the warned and flooded properties which are obtained as a funetion of
andwrespectively Figure5.3). In addition, as one can see in the quadrant plot, as
the value of U increases, the skill sc
to the right bottom quadrant, whichase of the worse scenarios of the system as

the value of POD is lower than 0.5 and lower than FAR, which, in turn, is higher
than 0.5. The lead time at which this occurapproximag¢ly 13hr (" =0.64 for

the performance based on the FTC, &@dr (” =0.73 for the skills scores based

on the FPC. FEWS with POD and FAR values in this quadrant can be considered
as not operationally useful. In this sense, the results show that, for the FTC,
deterministic FEWS, ” c#089,0hmav,8==68)dilawm ( U=
rel i abij”l #0t7§ 0 ( UE 9 £®67. However, if one considers the FPC,
deterministic FEWS ca@n=0B%oe ,Uc@85% el i ab

Figure5.10c andFigure5.10d show how POD and FAR change with the lead time

U based on the probabilistic decision rules PTDR (based on the FTC) and PDR
(based on the FPC). These figurgaia confirm that the flood warning reliability

based on the FPC is worse than that based on the FTC. In addition, the quadrant
pl ot shows that as the value of U incr
left upper quadrant to the right upper quadr This occurs because, as was
mentioned abovethese probabilistibased decision rules tend to deliver high
values of POD and FARue to the fact their optimization criterion does not place

any restriction on the value of FAR, and it looks for the ésgglifference between

POD and FAR, regardless of the value of the latter. The results show that this
drawback of the optimization criterion makes the FAR value ineseas the lead
time U increases. The right upper quad
as the value of FARs higher than 0.5. The lead time at which this occurs is

approximately8 hr (" =0.79 for the performance based on the PTCRd
approximatly 5hr (* =0.87) for the skills scores based on the PDR. FEWS with

POD and FAR values in this quadrant eso beconsidered as not operationally
useful. In this sense, the results show that probabilistic FEWSs based on the PTDR
canhave medi um=08%=30rhrl ow rel”i b8yl ity

However, if one considers the probabilistic decision rule PDR, a probabilistic
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FEWS can have | oW =0.89. Thase resuitstsyggest that the h r
deterministic decision rule allows the FEWS to use longer lead fiilowsr ”

valueg with POD and FAR values operationally useful. The probabilistic decision
rules tend to deliver high FAR values, as, as was mentioned above, they give higher
weight to the reduction of missed events whose economic consequences, in terms

of floods, far outweigh those associated with false alarms.

An interesting point in the DFDRased results is to have an idea about the scatter
of the pairs @) associated wh the lead time at which the skill scores start to be
in the right bottom quadrant Figure5.10b (13 hrs and 10 hipproximatelyfor

the FTC and FPC, respectively). This allows us to have a good insight tihéo
bivariate values look for these poor performance c&sgsre5.11 shows a sample

of the bivariate values of the critical lead time for the FPC (10 hrs). These pairs
(0w are characterised by the momentsbahdwused in the baseline scenario and

the value of” =0.73 assigned to this critical lead time based orighé time

correlationfunction shown irFigure4.14

y[m]

Figure 5.11: Scatter of the pairs ,«) associated with the critical lead time in thdloodplain
property-based criterion FPC based on theleterministic decision ruleDFDR.
This figure illustrags a bivariate sample of the joint distribution that defines the critical leadrnime
the FPC based on the DFORO hr)in the sensitivity experiment (Figure5.10b). The red dashed
lines define the value dheflooding threshal w that define the hits, misses, false alarms, correct
negative in DFDRn FTC. The value of  for this joint distribution is 0.73.
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5.7.2.2 Sensitivityexperimeng

This experiment explores the sensitivity to a change in the inflexion'paiof the

lead timecorrelation function shown iRigure4.14 in conjunction with a change

in lead time Thus, the sensitivity 6D 0with respect to the results of the baseline

scenario Table5.7) is analysed by modifying this parameter by a small percentage

(£ 10%). For a better interpretation of the results, this experiment also includes

other values o) perturbed from the baseline case of 6 houfable5.9 gives a

description of this experiment and the range of values to be explored. In this case,

sever al

val ues w

it hi

n the

values of the lower and upper bounmdre included in the analysis.

Table 5.9: Description of sensitivity experiment2

r a ri0ghenlythe r U

Parameter to | Lower Baseline Upper Aim
be modified bound bound
f 3 hr 6 hr 24 hr Analyse howthe resilts of the
(-50%) (+200%) | baseline scenario change as
assumed forecast quality
0 0.77 0.85 94 assigned to the lead time
(-10%) (+10%) changes

The results of this sensitivity experiment are describddguare 5.12 for the FTC

and in Figure5.13 for the FPC. These figures show how the values of POD and

FAR asso
the | ead

ci ated w

it h

t he

basel

fiOdand e a d

me diagram tipes uded ia thespaior experiment are also used

in this analysis. In the quadrant plots, points on the solid blue line are skill scores

computed by considering the baseline valuéOsf(.85), points on the soligrey

line are those comped by considering the lower bound®®)(.77), and points on

the solid green line are those computed based on the upper boani{.e4), all

v a | u Eigure D12 andFigureb.hi3g6hrddach ¢ k

times) provides a reference point for showing how the results of the baseline

for di fferent

scenario for the FTC and FPTable5.7), respectively, change whemodifying

the valueOl

The upper plots irFigure 5.12 and Figure 5.13 show the results based on the

deterministic decision rule DFDR for the FTC and FPC, respectively. Only the

baseline éad time is considered here, and, as one can see, the resué&syare

sensitive tochanges in"O0 For the upper bound value ‘@ the values of POD
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and FAR are improved considerably (higher values and lower values, respectively).
For the bwer bound value, they worsen to a lesser degree, but the change is still
considerable. The same behaviour can be seen in the probabilistic fiesect
decisions, PTDR (bottom plots kigure5.12) and PDR (bottm plotsFigure5.13).

To have a broader view of this behaviour, the analysis included other lead times.
Note that thidbehaviours the same if the baseline lead time would be 3hr (black
square); however, if it wdd be 24h (black crossthe sensitivity ofOvis reduced
considerably. This occurs in larger degree in the results based on probabilistic
forecastbased decisions, PTDR (bottom plotsFigure 5.12) and PDR(bottom

plots Figure 5.13). These resultsbring an interesting conclusion; small
improvements in the forecast quality (represented in this work as an increase of
10% of the value 6D0(Table5.9) ) improve considerably the reliability of FEWS
whose forecast quality is relatively good, the same benefits cannot be seen in FEWS
whose forecast quality is relatively bad. Systems with good or bad forecast quality
are presertd inFigure 5.12 andFigure5.13 as the points with small or long lead
times whose values 6f is relatively high and low according to the lead time

correlation function shown iRigure4.14, respectively.

The quadrant plots depicted Figure 5.12 and Figure 5.13 also show further
interesting points. Note that for the upper bound valuéaf more points are
moved to the upper left quadrant which should be the target quadrant for a FEWS;
this occurs for the detministic and probabilistic scenarios for lead time beyond
the assumedatchment lag I(6 hr). This showhow FEWSs improving the forecast
guality can extend the lead time and, at the same time, have levels of POD and FAR
that are operational useful. Hoermore, the quadrant plots for the probabilistic
results Figure 5.12d andFigure5.13d) show differentoehaviourof the POD and

FAR values for the FEWS with high correlati¢upper bound value 609. The

results show that the probabilistic decision rules tends to decrease the FAR value
until a given level of correlatiohh . This correlation value can be obtained by
analysing the correlation associated with kead time at which the FAR value start

to increase. For the PTDRFigure 5.12d) and PDR [igure 5.13d), it occurs
between a lead time of 6 and 9 hrs. According to theelationlead time function

and the’ Ovof this case’O0.94), the’  values associated with these lead times
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are 0.94 and 0.85, respectively. Tlewel of correlation”

probabilistic results decrease the FAR value fall in this range.
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Figure5.12: Results of the sensitivity experiment 2 based on th#ooding threshold-based
criterion FTC

Figures a and ¢ shows

FA

R and

POD

resul

ts

for

and differat values ofO() respectively The values of these figures are summarised in the-FAR

POD curves shown in b and d, respectively.

POD: Probability of detection; FAR: false alarm ratio; PT: probabilistic threshold, DFDR: deterministic forbeastd

decision rule, PTDR: probabilistic rule based on a PT and the probability of exceedance (FRbC)BS: baseline value of

"0() LB: thelower bound value ofO0considered in the sensitivity analysis, UB: tiper bound value of OUconsidered
in the sensitivity analysi§TC: flooding thresholébased criterion
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Figure 5.13: Results of the sensitivity experiment 2 based on thBoodplain property -based
criterion FPC
Figuresaands hows FAR and POD results for different
and different values 6D{ respectively The values of these figures are summarised in the-FAR

POD curves shown in b and d, respectively.

POD: Probability of detectionFAR: false alarm ratio; PT: probabilistic threshold, DFDR: deterministic foredssted
decision rule , PDR: probabilistic rule based on a PT and the probability of exceedance (PEB&: baseline value of
"00 LB: thelower bound valueof ‘O0considered in the sensitivity analysis, UB: tipper bound value ofOUconsidered
in the sensitivity analysi§:PC: floodplain propertybased criterion.

5.7.2.3 Sensitivity experiment 3

The sensitivity experiments 1 and 2 analysed the $atsibf "'O0and”  with
respect to the baseline results. These experiments, in essence, explored how the

forecast quality can affect flood warning performance and assumed that the
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moments ofw are the same for each condition analyseds Tast experiment

assumes the opposite,.j.®0and” are assumed to be fixed values, and two
moments ofo(* and, ) that also control the forecast quality are perturbed one

at atime. The upper and lower bounds tbe perturbations are shown Tiable
5.10. The impacts of the perturbations on the marginal distribution of the forecasts

relative to that of the observed valweshown schematically in Figure 5.14.

Table 5.10: Description of sensitivity experiment 3

Parameter to | Lower Baseline Upper Aim
be modified bound bound
. 0.36 0.48 0.6 o
(-25%) . (+25%) Analyse the bias in the
mean and variance for the
0.10 0.20 0.30 baseline case
" (-50%) : (+50%)
a) ; b)
= . | Mp < Hy
s My =y )
M, ‘.‘.v; My ',\A‘U o -;'6\ i My ",‘A'u UV, - _V/)/: g
¢) 49
A = 2 2
X & 05 < Gy
-9
KTV, or ; vy HytYo or A vy -
Uy ’:‘A'u - #ot S

.Y
A
.1.

Figure 5.14: lllustration of how the marginal distribution of the forecast is perturbed in
Experiment 3
The left and right upper and diagrams illustrate hogvvidriations to* and, perturbs the

marginal distribution ofowith respect to the marginal distribution@frespectively.

It is well known that most forecasting models suffer from biases in the mean and
variance, so the aim heretprovide insight into the impacts of these biases on
POD and FAR for the deterministic and probabilistic forecasting cases. While

bias in the mean can be corrected, it is much less obvious what to do about a bias
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in the variance. For all models which are fitted using least squares, there will be a
loss of variance, expressed by the N8&sitcliffe Efficiency (NSE). In the case of
forecasts of peak levels, a value of NSE = 0.80 implies that there is a 20% loss of
variance in the forecasts, so the experiment conducted here investigates the impact
of this on POD and FAR, as well as an increase in variance relative to the baseline

case.

The upper and lower bounds for perturbations to the mean and variabhaeeof

given inTable5.10.

Bias in the mean

Figure5.15 shows the results of the sensitivity experiment with the forecast mean
for the DFDR Figure5.15a and b) and PTDR and PDRdure5.15c and d) based
on the FTC and FPC criteria. The immediate impression gained from Figure 5.15
is that there is strong sensitivity for the deterministic case (Figures mii5ha) a
while there is weak sensitivity for the probabilistic case (Figures 5.15c¢ and d). The

results are now analysed in this order.

a) Deterministic forecasts

FTC Criterion: A negative bias makes the valuesabwer than the values of

It reduces the number of hits and false akramd increases the misses, and
therefore reduces the POD and FARues (igure5.15andTable5.11). Positive
bias produces thcontrary effect, i.e., inakes the values @b greater than the

values ofwand makes the POD and FAR values increase.

FPC Criterion: To recapitulate, in the FPC case, a hit represents a flooded house

that was warned, a miss represents a floodeddthat was not warned, and a false

alarm represents a house that was warned and not flooded. The FPC results are

different from the FTC results because FPC considers, apart from the misses and

false alarms produced due alsecalarimsvinthemg deci si on:
FTC) , Afadditional 06 mi sses or false alarms ex
when a warning in the aitsk community preceded a flogaut the event magnitude

was incorrectly forecagtonsidered a hit in the FTC).

The results sha that, for the FP&ased POD, the greater the negative bias of the

mean, theowert he wei ght of misses due to Awrong deci
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in this metric. I n other words, the
considered in the FP@ecreasesas the negative bias of the mean incredSgsire

5.15a shows that there is a point when HR&3ed POD equals FHigased POD,
which means that the negative i-mapedct o
POD is negligibleThe FPGbased FAR shows different behaviour. The negative

i mpact of the fAadditi onal Oincfeasksasetheal ar

negative bias of the mean increases.

When there is a positive bias, the opposite effect occurs. The negative inpact of
Afaddi tional 0 mi s s iaseaseasihe poditye baslof thermeanh e

i ncreases. I n addition, t he negative
considered in the FP@ecreasess the positive bias of the mean increaBegure

5.15a shows that there is a point when FHP&3ed FAR equals FFRased FAR,
which means that the negative I mp-act o

based FAR is negligible.
a) Probabilistic Forecasts

FTC Criterion: As already obserd, the POD and FAR results are largely
insensitive to perturbations in the mean. To understand this result, it is necessary to
consider what is happening to the bivariate distributiorsid and thepredictive
density' Quyw). Figure5.16 shows plots of the bivariate distributions corresponding

to the lower boundHigure5.16a) and the upper bounBigure5.16b) perturbations.

The baseline case is also shown in the plots. The predictive density for a given value
of wis obtained by slicing the bivariate distribution in the vertical, as shown in
Figure5.8. The mean of the predigé density iy and once that is defined, the
predictive density is controlled by the variability @f but this, and the marginal
distribution oforemain unchanged in this experimefigure5.16 illustrates this
graphicaly where the bivariate plots for the perturbations shift left or right for the
negative and positive perturbations, respectively. This can be explained further by
considering the expression for the mean of the predictive density in the Normal

casewhich isreproduced here from equatidéq. 4.52) as
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Figure 5.15: Results of the sensitivity experiment foH, for the flooding threshold-based and

floodplain property -based criterion, FTC and FPC, respectively, based on thedeterministic
rule DFDR, and probabilistic rules PTDR and PDR

Figure a shows FAR and POD results for different variatiorls dfased on the DFDR, whereas
Figure ¢ shows these values for the PTDR and PDR:itased results (blue line) are shown for the
DFDR and PTDR, and FRBased resultgfeyline) are shown for the DFDR and PDR. The values

of these figures are summarised in the HFAGD curves shown in b and d, respectively.

POD: Probability of detectionfFAR: false alarm ratio; PT: probabilistic threshold, DFDR: deterministic foredzsted
decision rule, PTDR: probabilistic rule based on a PT and the probability of exceedance (P°EPDR: probabilistic rule
based on a PT and PE a@f, FTC: flooding thresholdbased criterion, FPC: floodplain property based criterion
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Table 5.11: Contingency table used to build the plots of PO and FAR in Figure 5.15
h, m, f, cn averaged over 30 replications

Variation - FTC FPC FTC FPC
of H, PT Decision
h m f cn h m f POD FAR POD FAR
-0.25 DFDR 667.25 591.05 142.25 8599.5 146660 135444 64076 0.53 0.18 0.52 0.30
-0.15 DFDR 7424 510.7 221.55 8525.4 154851 126050 80479 0.59 0.23 0.55 0.34
-0.1 DFDR 782.15 464.6 275.55 8477.7 158075 119941 91266 0.63 0.26 0.57 0.37
-0.05 DFDR 817.3 441.5 334.2 8407 167184 117329 101036 0.65 0.29 0.59 0.38
0 DFDR 869.35 386.05 395.8 8348.8 171716 110644 112030 0.70 0.31 0.61 0.40
0.05 DFDR 886.2 353.1 465.4 8295.3 173886 104115 122879 0.72 0.34 0.62 0.41
0.1 DFDR 927.6 323.6 531.35 8217.5 176779 101010 134280 0.74 0.36 0.64 0.43
0.15 DFDR 966.3 283.7 622.6 8127.4 185704 96093 14492 0.77 0.39 0.66 0.44
0.25 DFDR 1029.7 223.75 821.9 7924.7 195418 84666 180995 0.82 0.44 0.70 0.48
-0.25 0.63 PTDR 1012.9 245.45 623.7 8118 0.80 0.38
-0.15 0.63 PTDR 1007.7 245.4 674.05 8072.9 0.80 0.39
-0.1 0.62 PTDR 1024.4 222.3 762.4 7990.9 0.82 0.42
-0.05 0.61 PTDR 1052.7 206.1 845.95 7895.3 0.84 0.44
0 0.63 PTDR 1024.4 231.05 751.4 7993.2 0.82 0.41
0.05 0.63 PTDR 1004.9 234.4 770.85 7989.9 0.82 0.43
0.1 0.63 PTDR 1027.1 224.15 801.H5 7947.1 0.82 0.43
0.15 0.63 PTDR 1003.8 246.2 747.75 8002.3 0.80 0.42
0.25 0.64 PTDR 989.65 263.75 691.45 8055.2 0.79 0.40
-0.25 0.60 PDR 1076.2 182.1 856.95 7884.8 216502 65603 219893 0.77 0.49
-0.15 0.59 PDR 1088.5 164.65 992.35 7754.6 219574 61327 257640 0.78 0.53
-0.1 0.58 PDR 1105.8 140.95 1098.9 7654.4 222747 55269 291396 0.80 0.56
-0.05 0.58 PDR 1104.3 154.5 1107 7634.2 224665 59848 291191 0.79 0.55
0 0.59 PDR 1100.2 155.2 1050.4 7694.2 221480 60830 273767 0.79 0.55
0.05 0.57 PDR 1100.7 138.6 1218.1 7542.6 225803 52199 323607 0.81 0.58
0.1 0.58 PDR 1103.8 147.4 1139.4 7609.5 220750 57039 302536 0.79 0.57
0.15 0.58 PDR 1099.4 150.65 1140.3 7609.7 223162 58634 294506 0.79 0.56
0.5 0.57 PDR 1116.5 136.9 1237.4 7509.2 228067 52017 336869 0.81 0.58
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So for a giverw(recall thatw= ®- ®) anddH-u & & hthe mean of the predictive

density will be shifted up or down relative‘to by the second term in brackets on

the rhs, scaled By— which is a constant in this expent. The mean of this term

will be zero across all the forecasts considered, which means that the optimal
probabilistic threshold PT and POD and FAR will not chande ;@nd’ change,
bearing in mind that the conditional mean in the Ndrapace is related to the

meanin the real space (Table 4.1) as:
‘s W Quhgw T, ¢
The minor fuctuations shown ifrigure5.15 are due to sampling variability.

As a consequence tiis lack of sensitivity, the optimal POD and FAR values for

all the perturbations cluster closely around the baseline case in th&RRPlot,

with all POD values around 0.8 and FAR values around 0.4. This is in contrast to
the deterministic forecast @asvhere POD degrades towards 0.5 for the lower
bound, but on the other hand, POD increases to just above 0.8 at the upper bound,
with FAR tending towards 0.5. Therefore, probabilistic forecasting can be seen to
be robust to biases in the mean by maintairstability in POD and FAR, while

this is not the case for deterministic forecasting. However, the results obtained here
suggest that there might be merit in increasing the meanodbe greater than that

of win deterministic forecasting models tetdrigher values of POD.

FPC Criterion: the results for this criterion mimic those for the FTC case in terms
of lack of sensitivity, with POD being slightly lower than for the FTC case, but with
much higher values of FAR, thus placing nearly all the wbid?OD and FAR in

a cluster in the upper right quadrant (POD>0.5,FAR>0.5). Therefore, probabilistic
forecasting is also robust to biases in the mea diased on the FPC criterion,
while deterministic forecasting is not. However, the deterministic results suggest
that increasing themean ofwrelative to that otocan lead to higher values of POD,

but with increasing FAR.

128



a 10 A
[ ]
8" L ® e
. °* * Scenario
[ ]
> 61 § . e . BS
e ® v e
2 5ol ¢
-"'""J u)‘? >
44 < "#." L) L ]
.'!(.
’
o
2{ =~
2 4 6 8 10
A
y
b
104
[ ]
8' L4 ® ¢ ®
PR By . Scenario
[ ]
> 6 ® v . . BS
20 L T )
(XY :‘ e uy =125y,
’.‘ "t
DS
41 [ ‘. ®
,®
2-' 4
2 4 6 8 10
A
y

Figure 5.16: Pairs («,¢) for the baseline scenario and for the cases of the lower (a) and upper
(b) bounds of the sensitivity experiment of,

These bivariate plots represent one replication of 10,000 valulks tfity used to build Figure

5.15

BS Baseline scenario.

Bias in the variance

Figure 5.17 shows the results of the sensitivity experiment with the forecast
variance for the DFDRKigure5.17a andrigure5.17b) and PTDR and PDRF{gure
5.17c andFigure5.17d) based on the FTC and FPC critefiie values of this
Figure are described ifable5.12. The immediate imm@ssion gained frorigure
5.17is that there is strong sensitivity for the deterministic cggife5.17 and b)
while there is very weak sensitivity for the probabilistic c&sgure5.17c and d).

The resultsare now analysed in this order.
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a) Deterministic forecasts

FTC and FPC Criteria: The results irFigure5.17a show that, for the FRGased

POD, the greater the negative bias in the vagatite greater the weight of misses

after fAgoodo decisions (hits in the FTC) on t
i mpact of dAadditional mi sseso considered in t
bias in the variance increasésgure5.17a). The FPCbased FAR, however, shows

different behaviour,i.et, he negati ve I mpact of Aadditional f
in the FPCdecreasess the negative bias in the variance increasggie5.17a).

Figure5.17a also shows that there is a point when HiSed FAR equals FFC

based FAR, which means that the negative i mpa
on the FP@based FAR is negligle.

When there is a positive bias in the variance, the opposite effect occurs. The

negative i mpact of the fadddecteasessthé 0 mi sses co
positive bias increaseBigure5.17a shows thathere is a point when FRGased

POD equals FTdased POD, which means that the negative impact of the

Afaddi ti onal 0 rasedsPOB is mayligibleh Ehe FH@SEd FAR

shows different behaviour . The negative | mpe
corsidered in the FPncreasesas the positive bias in the variance increases

(Figureb5.17a).

The PODFAR plot inFigure5.17b shows again that the FPC plot is below that of
the FTC, reflecting the more demanding FPC criterion. In the FPC case, POD and
FAR show a much wider range of variation than FTC, with a negative bias in the
variance resulting in values in the lower left quadrant. On the other hand, a positive
bias increass the POD value towards 0.7, but the FAR value also increases towards
0.5.

A comparison ofigure5.17b with Figure5.15b shows that in the FTC case, there
is higher sensitivity to a bias the mean than for FPC, while the opposite is the

case for bhias in the variance.
a) Probabilistic Forecasts

FTC Ciriterion: As already observed, the POD and FAR results are largely
insensitive to perturbations in the variance for both the FTC and FP@Gacrite
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understand this result, it is necessary, as in the case of the mean, to consider what
is happening to the bivariate distribution éfto and thepredictive densitjQuas).
Figure5.18 shows plots of the bivariate distributions corresponding to the lower
bound Figure 5.18a) and the upper boundrigure 5.18b) perturbations. The
baseline case is also shown in the plots. The predictive density for a given value of
wis obtained by slicing the bivariate distribution in the vertical, as showigure

5.8. The mean of the predictive densityisand once that is defined, the predictive
density is largely controlled by the variability af but this, and the marginal
distribution ofcoremain unchanged in this expeent. Figure5.18 illustrates this
graphically where the bivariate plots for the perturbations contract and expand
along the xaxis for the negative and positive perturbations, respectively. This can
be explainedurther by considering the expression for the variance of the predictive
density in the Normal space which is reproduced here from equation (4.53) as

So the variance of the predictive density in the Normal space is uniquely controlled
by the variance ofihas the correlatiori is unchanged in this experiment. This
means that the optimal probabilistic threshold PT and R@® FAR will not

change as nand , change, bearing in mind that the conditional variance in the

Normal space is related to thit the real space (Table 4.1) as:
n s 'Q(hugl—U q‘ §|—U!Q(bm§|-U pﬁ
and that s unchanged for this experiment.
The minor fluctuations shown iigure5.17 are due to sampling variability.

As a consequence of this lack of sensitivity, the optimal POD and FAR values for
all the perturbations cluster closely around the baseline case in thé&RRPlot,

with all POD values just above 0.8 and FAR values around 0.4. This is in contrast
to the deterministic forecast case where POD degrades towards 0.6 for the lower
bound and toyst above 0.7 at the upper bound, with FAR tending towards 0.3.
Therefore, as in the case of the mean, probabilistic forecasting can be seen to be
robust to bias in the variance by maintaining stability in POD and FAR, while this

is not the case for detemistic forecasting. However, the results obtained here

suggest that there might be some merit in increasing the variano® &fe equal
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to or greater than that dfin deterministic forecasting models to get higher values
of POD.
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Figure 5.17: Results of the sensitivity experiment foiQ, for the flooding threshold-based and

floodplain property -based criterion, FTC and FPC, respectively, based on thedeterministic
rule DFDR, and probabilistic rules PTDR and PDR

Figures a shows POD and FAR results for different variations dfased on the DFDR, whereas

Figure ¢ shows these values for the PTDR and PDR-#&8€d results (blue line) are shown for

the DFDR and PTDR, and FHsased esults greyline) are shown for the DFDR and PDR. The

values of these figures are summarised in the #@R curves shown in b and d, respectively.

POD: Probability of detection; FAR: false alarm ratio; PT: probabilistic threshold, DFDR: deterministecé&stbased
decision rule, PTDR: probabilistic rule based on a PT and the probability of exceedance (PEPDR: probabilistic rule
based on a PT and PE af, FTC: flooding thresholdased criterion, FPC: floodplain property based criterion
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Table 5.12: Contingency table used to build the plots of PORnd FAR in Figure 5.17
h, m, f, cn averaged over 30 replications.

Variation
of . FTC FPC FTC FPC
PT Decision

H m f Cn h m f POD FAR POD FAR
-0.5 DFDR 748.85 516.85| 243.8 | 8490.5 111581 171468| 33933 0.59 0.246 0.39 0.23
-0.25 DFDR 827.2 423.95| 340.45| 8408.4 151198 132433| 74061 0.66 0.291 0.53 0.33
-0.15 DFDR 834.2 4175 | 364.3 | 8384 155661 124191| 88184 0.67 0.3035 0.56 0.36
-0.05 DFDR 849.4 402.35| 377.7 | 8370.6 169254 115800| 103354 0.68 0.3085 0.59 0.38
0 DFDR 860.75 388.3 | 393.15| 8357.8 166485 110574| 111090 0.69 0.314 0.60 0.40
0.05 DFDR 868.55 387.4 | 400.7 | 8343.4 174652 107950| 119561 0.69 0.3145 0.62 0.41
0.15 DFDR 872.65 379.7 | 406.4 | 8341.3 180153 103605| 129422 0.69 0.3185 0.63 0.42
0.25 DFDR 886.35 376.35| 419.4 | 8317.9 187547 96908 | 142766 0.70 0.3205 0.66 0.43
0.5 DFDR 900.85 346.4 | 434.5 | 8318.3 192498 85472 | 169217 0.72 0.325 0.69 0.47
-0.5 0.63 PTDR 1022.6 243.1 | 722.9 | 8011.4 0.81 0.40
-0.25 0.63 PTDR 1011.6 239.6 | 735.65| 8013.2 0.81 0.41
-0.15 0.63 PTDR 1027 224.75| 791.25| 7957.1 0.82 0.43
-0.05 0.63 PTDR 1016.4 235.35| 770.15| 7978.1 0.81 0.42
0 0.63 PTDR 1021.2 227.9 | 751.4 | 7999.6 0.82 0.42
0.05 0.63 PTDR 1012.5 243.5 | 715.05| 8029 0.81 0.41
0.15 0.63 PTDR 1013.7 238.7 | 709.5 | 8038.2 0.81 0.40
0.25 0.62 PTDR 1040.2 2225 | 775.85| 7961.5 0.82 0.42
0.5 0.63 PTDR 1014.5 232.8 | 684.75| 8068 0.81 0.40
-0.5 0.58 PDR 1116.5 149.25| 1098.9| 7635.4 225300 57748 | 288296 0.80 0.55
-0.25 0.60 PDR 1081.3 169.85| 1004.7| 7744.2 218747 64885 | 258115 0.78 0.53
-0.15 0.58 PDR 1108.6 143.1 | 1144.9| 7603.4 223263 56590 | 299956 0.80 0.57
-0.05 0.59 PDR 1089.2 162.55| 1065.6| 7682.7 222940 62114 | 276753 0.78 0.54
0 0.58 PDR 1109.2 139.85| 1150.7| 7600.3 222143 54916 | 306534 0.80 0.57
0.05 0.58 PDR 1112.3 143.65| 1138.7| 7605.4 225486 57115 | 302658 0.80 0.56
0.15 0.59 PDR 1087.1 165.3 | 1040.5| 7707.2 218713 65045 | 268172 0.78 0.53
0.25 0.59 PDR 1097.7 165.05| 1018 | 7719.4 222144 62310 | 262491 0.78 0.53
0.5 0.58 PDR 1109 138.25| 1086.3| 7666.5 223423 54547 | 285619 0.80 0.55
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FPC Criterion: The results for this criterion mimic those for the FTC case in terms
of lack of sensitivity, with POD being slightly lower than for the FTC case, but with
much highe values of FAR, thus placing nearly all the values of POD and FAR in
a cluster in the upper right quadrant (POD>0.5,FAR>0.5). Therefore, probabilistic
forecasting is also robust to a bias in the varianag béased on the FPC criterion,
while deterministic forecasting is not. In particular, the POD values degrade
substantially towards the lower bound, suggesting that increasing the varfiance

to be equal to or greater than thatmdan lead to higér values of POD, but with

increasing FAR.
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Figure 5.18: Pairs («,¢) for the baseline scenario and for the cases of the lower (a) and upper
(b) bounds of the sensitivity experiment of],
Thesebivariate plots represent one replication of 10,000 values of the thirty used to build Figure

5.17
BS: Baseline scenario.
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5.7.2.4 Relevance to the case of Morpeth flooding

The baseline scenario is based on the statistics of observed peak water levels
derived for he Mitford gauging station on the River Wansbeck which is adjacent
to Morpeth (Section 4.5.2). However, it was intended that the baseline should be
generic and not be viewed as particular to a FEWS system for any specific location.
However, by modifying tb SoP from a fyear to a 16/ear flood, this reflects the
Morpeth case more accurately and allows an assessment of what level of correlation
between forecast and observed peak levels might be needed to pré\EIESA

with a medium to high warning standaes defined in sectiof.7.2.1above for

POD and FAR. Moreover, it allows the effect of increasing the SoP on POD and
FAR to be assessed.

Figure5.19 shows the effect of an increase i t8oP from 5 to 10 years on the
behaviour of POD and FAR,; this figure isettly comparable t&igure5.9 for the
baseline case. As the correlation between the forecast and observed values will
decrease as a highi#areshold (SoP) is applied, the overall levels of POD drop for
the FTC criterion, but interestinglhe PODFAR curve inFigure5.19c for the

FPC criterion is closer to that for the FTC criterion than for thelibassase Figure

5.9¢). This suggests that the results for FPC are less affected than FTC for the SoP
of 10 years.

Table 5.13: Optimal values of POD and FAR for the tiree cases described by Figures 5.9,

5.19 and 5.20
Case Prob. POD | FAR | POD-FAR | DECISION | ~inrion
threshold rule
- 0.68 0.32 0.36 FTC
DFDR
Baseline - 0.60 0.40 0.20 FPC
(Figure 5.9) 0.62 0.83 0.44 0.39 PTDR FTC
0.58 0.80 0.57 0.23 PDR FPC
- 0.63 0.37 0.26 FTC
Morrieth case DEDR
(SoP=10 years, ; 0.58 0.42 0.16 FPC
o ™Y
0.61 0.78 0.48 0.30 PTDR FTC
(Figure 5.19) 0.55 0.82 0.63 0.19 PDR FPC
Morpeth case - 0.76 0.24 0.52 DFDR FTC
(SoP=10 years, - 0.72 0.27 0.45 DFDR FPC
00 o)
0.60 0.80 0.27 0.53 PTDR FTC
(Figure 5.20) 0.58 0.77 0.32 0.45 PDR FPC
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Tableb5.13 gives the optimal values of POD and FAR that are shown graphically in
Figures 5.19a and 5.19b; for probabilistic forecasting, theyr@® = 0.78 and
FAR 0.48 (FTC) and POD = 0.82 and FAR = 0.63 (FPC). The values of FAR are
too high to be classified in the Medium Performance category, so a further
experiment was performed in which ti@)value (correlation for a lead time of 6
hours) was increased by 10% to 0.94e corresponding metrics aP®©D = 0.80

and FAR 0.27 (FTC) and POD = 0.77 and FAR = 0.32 (FPC), showing significant
reductions in FAR, and placing the performance inMieglium to High category.
This would require a model with a high level of performance in forecasting peak

water levels.

Overall, improving by 10% the assumed forecast performance of Morpeth case
(expressed a®©0.94 and no biases in the mean andaved, the reliability of

flood warning improves significantly under both the deterministic and probabilistic
scenarios Table 5.13). The results of experiment 2 show that this significant
improvement occurs only in FEVE®iith relatively good forecast performance; the

assumed forecast performance of the Morpeth case falls in this category.

The advantage of using probabilistic forecasting is more noticeable in FEWS with
considerable forecast uncertainty. If one assumes that anadpiEWS is obtained
by optimizing the difference between POD and FARble5.13 shows that when
the forecast performance of a FEWS is very good (express@ds94 and no
biases in the mean and variaycthe reliability of flood warnings under the

deterministic and probabilistic scenario is practically the same.
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Figure 5.19: Analysis of the performance of the baseline FEWS for thBooding threshold-
based and floogblain property -based criterion, FTC and FPC, respectively,by assuming a
standard of protection SoP of 10 years
This figure shows the results one would obtain by perturbing the baseline case (Figure 5.9) by
assuming a SoP of 10 years.
POD: Probability ofdetection; FAR: false alarm ratio; PT: probabilistic threshold, DFDR: deterministic fordeaséd

decision rule (DFDR), PTDR: probabilistic rule based on a PT and the probability of exceedance (®BE)RDR:
probabilistic rule based on a PT ancetPE ofw .
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Figure 5.20: Analysis of the performance of the baseline FEWS for th#ooding threshold-
based and floodplainproperty based,FTC and FPC, respectively, by assuming astandard
of protection SoP of 10 years and= u-:0.94(correlation value to the catchment lag L).
This figure shows the results one would obtain by perturbing the baseline case (Figure 5.9) by
assuming a SoP of 10 years ari®(=0.94.

POD: Probability of detectionFAR: false alarm ratio; PT: probabilistic threshold, DFDR: deterministic foredssted

decision rule (DFDR), PTDR: probabilistic rule based on a PT and the probability of exceedance (BE)RDR:
probabilistic rule based on a PT and the PExof
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5.8 Main Findings

A thresholdbased approach has been used as a warning criterion, where
deterministic and probabilistic decision rules were used to simulate them. The
probabilisticbased decision rule PDR used to simulate FEWSs withinealflood

maps is novel. This rule uses a warning lewelderived from™Qugo to make the
warning decision, where is defined by a probabilistic threshold PT, which has

to be optimised based on ajatefined criterion. The PDR was used becaus&/SE

based onredgimef | ood maps must wuse a magni tud
flood to generate them. Impact curves defining the number of affected houses can
be used for exploring the flood warnin
FPC) An impact curve can be built with few flood events, and its use exploits the
process done by inundation models well and contributes to the integrated
framework's versatility defining a FEWS.

It was analysed that theerformance based on the FPC is lothamn that obtained
based on the FTC. That differenamsdirectly related to the uncertainty of the
flood magnitude, i.e., the difference betwéssndU which define the difference
between the warned and flooded propertieghis context, it was caruded that
the flood magnitude's uncertainty is an important faatfluencing the flood
warning reliability of a FEWS.

The warning strategy msnother important factonfluencing the reliability of flood
warnings. This research showed that a detestiirbased warning strategy in the
FEWS produces subptimal decisions and that a probabilidti@sed warning
strategy, where the forecast errors are acknowledged, can use an optimization
criterion to improve the reliability of flood warnings. In this ras#, the biggest
difference between POD and FAR was used as an optimization criterion. The results
showed that an optimal warning strategy based on this criterion tends to deliver
FAR values greater than tbeeone would obtain based on deterministiefasts.

Thus, this strategy can be used when one wants to give more weight to the reduction
of missed events whose economic consequences, in terms of floods, are far greater
than those associated with false alarifiBef or ecast i ngasblsmad t
idertified as important factor influencing the flood warning reliability. As expected,
flood warning reliability declines with lead time according to the performance

function used, which shaa faster decline in correlation for lead times greater
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than the cathment lag, reflecting the greater uncertainty resulting from QPFs. In
particular, probabilistic forecasting copes much better witb increasing
uncertainty thamleterministic forecasting, where the POD values are much higher
for the probabilistic caseub at the expense of higher FAR valu€kse SoP waa
factorimpacting the reliability of the FEWS. As the correlation between the forecast
and observed values will decrease as a higher threshold SoP is applied, this flood
warning attribute decreases as 80P increases.

The biases in the forecast mean and variance were also identified as important
factors influencing the flood waing reliability. Remarkable robustness to biases

in these two variatebas been observed for probabilistic forecastigich is a
consequence of using PWhich is based on the conditional densityuadiven w
whereas deterministic forecasting shows high sensitivity. The results for the latter
case suggest that increasing the mean and variance of the forecasts rdladise to

of the observed could improve reliability in this céSigures 5.17a and b.

The correlation between the observed and forecast peak water levels has been
shown to beinimportant factor contibng flood warning reliability. The analysis

done in ths Chaptel(section5.7.2.9 suggests thaf the forecast performance is
mainly controlled by  (a bias in the mean or variance of the forecasts can also
affect performance)an improvement of 10% of this factor, in terms of flood
warning reliability, is more beneficial in FEWSs with relatively small than
considerable forecast uncertainurthermore, @me indicative results for the case

of a hypothetical Morpeth FEWS suggest that a correlation of 0.94 in peak
discharges would be needed to obtain POD and FAR values in the Medium to High

categoy for probabilistic forecasting
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Chapter 6. Hydro-economic modelling of the benefits of flood

early warning systems(FEWS)

6.1 Introduction

In chapter 5, the generic framework was partially used to explore the performance
of a river flood early warning system (FEWS) in terms of reliabilltye Monte
Carlo flood and forecast generator (MCF@)e flood warningdecision making
model (FWDC) and part of thaesponse and impact component (RWgre
considered to analyse this flood warning performance attribute based on two
performance criteria and considerimdeterministic and probabilist-based

warning decisions

In this Chapter te generic framework is employed fully to build a hydomnomic
expected damage (ED) modeFigure 6.1a) which is used to explore the
performance of amundation forecastinased FEWS in terms of both economic
effectiveness and reliability. The hydesonomic ED model is based on three
components: i) the MCFG that defines the univariate and bivariate probability of
the magnitude of flood threats, i.@aeak water levelsij and their forecastsy, ii)

the FWDC that simulates warning decisions in the FEWS, and iii) the RIC that
simul ates the O6actual 6 and forecast f|
flood extent and depth as the main variates measuring @amhagse three linked
components are used to do a Monte C#Ni&) flood risk analysis inthe no
warning scenario (NWS), the perfect forecast scenario (PFS), and in the imperfect
forecast scenarios, i.e., the deterministic forecast scenario (DFS) and the
probabilistic forecast scenario (PrFS). This flood risk analgsiwides a single
aggregated value of the relationship between flood threats intis& abmmunity

and its economic consequences. That single value isxjpected damage En

the NWS andPFS, part of the MCFG and RIC is used, andgbés estimated from
events generated from the probability distributionuofFigure 6.1b andFigure

6.1c), whereas in the imperfect forecast scenarios R® and PrFS), the three
components of the hycieconomic ED model are fully exploited, and the ED is
estimated from bivariate events generated from the joint distributionamid
(Figure6.1d). The ED in each scenario istaimed based on damage functions and
the frequencies of that damage obtained from Nt@ results. Since theED

associated with the witvarning scenarios includes the cost of the warning
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responsed ), the word O6damaged sthenétbaenage scenar i

that considers flood damage, mitigated and not mitigated by a proactive antion,

0 . The net damage associated with forecast

deci sions (false alarms and mi saees) and
considered in the analysis (this net damage is present in hits due to the difference

between the warned and flooded houses).

Since the hydr@conomic ED model in the imperfect forecast scenarios simulates,
the warning decision and the resulting waraed flooded houses, it evaluates the
reliability of flood warnings in terms of the floodplain propebgsedcriterion
(FPC) and the economic consequendée reliability is evaluated in terms of the
probability of detection (POD) and false alarm raBéR).

TheED values are used to estimate ¢laenomic effectiveness afFEWSas

0O Mp T Eq.6.1
00
whereO is the economic effectiveness of a FEVBD is the ED of the atrisk
community under the NWS, ar@dO is theED of the atrisk community with the
warning serviceSince the ED ithe metricused in this worko define the economic
flood risk, The economic effectivene€d , in essence, repredsnthe expected

economic benefits associated with a warning semélzive to theNWS.

The hydreeconomic ED model is, thus, used to gain an insight into the relationship
between the reliabilitf{ POD/FAR) and'O of a FEWS , as these are different
measures of performance, and into the impact of the forecast uncertainty on its
economic benefits. That is donedwaluating the sensitivity @ to the main input

parameters and controlling factors through a-attme method.

This chapter is striiared as follows. In sectiof.2, the concept of net damage
associated with forecast uncertainty is explained. Then, from se6tRt0%.6, the
hydro-economic ED modeis introduced. Thus, in sectigh3, the metrics and
concepts used by the model to define the reliability@naf flood warnirgs are
explained. In sectio®.4, each component of the hydesonomic ED model is
described. In sectioB.5, the concept of flood risk and the basis of kh& flood

risk analyss is introduced. In sectidh6, the algorithms of the hydieconomic ED
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model to estimate the economic effectiveri@ssand reliability in terms oPOD
and FAR, are introduced. Finally, in sectiér/ the results of the sensitivity

experiments are presented.
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Figure 6.1: lllustration of the MC framework to explore the reliability and economic
effectiveness of flood warnings

The hydreeconomicED model has three main componen() that are fully usednly in the
imperfect forecast scenariad)(In each scenario, the modsstimates the economic consequences
within the full range of potential flood events in therisk community The concept ofexpected
damage(ED) is then used toobtain a single aggregated valoEthese onsequences in theo
warning scenari¢b), perfect forecast scenario (c), andiriraperfect forecast scenario (dhe ED
values are then used ewmnomisdfféctmenese astha ED réductoo of war
a forecasting scenario relative to the NVW&e flood warning reliability is estimated in terms of
POD and FAR based on warned and flooded houses
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6.2 Net damage associated with forecast uncertainty

As was explaing in the introductory part of this Chapterthe economic
effectivenessO is evaluated in this work in terms of the expecéadnomic
benefits of aFEWS and it should, therefore, include the costs incurred by the
system. These costhauld be somehwe derived by considering tlemsts for setting

up, operating, and maintainirige systemand the cost of the warning respose
(perevent costs). All these costs, excépt can be considered o6fixed?éd
can be included in the analysistioe expecteéconomidenefits by prorating them
through the economic lifespan of the systdime cost of the warning response

is, on the other hand, a cost incurred every time a warning is issued and depends on
the magnitude of the forecast fitinga n d t h e .lIt ecasitlerd theroast otJ
issuing a warning and any cost incurred in the dissemination process and by the
public taking action due to the flood warniqgdactive actioh This cosis affected

by the forecast uncertainty, and srthis research is related to this topic, it is the

only cost included in the analysis Of .

In an inundationforecasting baseBEWS, the warning decision is first made, and
then, the warning dissemination is done based on the forecast of thexXteod e

In this process, the number of houses warged () can be overestimated or
underestimated due to the forecast uncertainty. They are overestimated or
underestimated in the sense that the system waame or fewerhouses tha it

should warn, i.e.§ is higher or lower than the number of houses flooded

(€ ), respectively. AEWSmitigates flood damage in an@k community
througha proactive actiothat is driven by 8ood warning. Therefore, the damage
mitigated by the proactive actio®( ) only occurs in flooded houses previously

warned.

The overestimation cf (Figure 6.2aproducesO  and a necessarg ()

and/or unnecessary cost of the warning respodisg ¢ is the cost associated

with warning houses that were subsequently flooded, whdyeais the cost

associated withvarned properties that were not subsequently floodedccurs

when i) there was a fAwrongo decision due to a
did notoccur in the atisk community false alarm (Figure 6.2a2)or ii) there is a

6gooddé decision, and t he mamgheittanutdee of t he f ol
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observed on¢Figure 6.2al)A gpodd6 deci si on refers to

in the atrisk community is preceded by a warning (hit). In the case of false alarms,

the following condition is fulfilled:& T, € M andd 0 ;
whereas in the case of hits: 3 moé o 0 ,andO
1t (Figure6.2a).

Figure 6.2: lllustration of the net damage associated with forecast uncertainty
Figure a and b illustrate the economic consequences of the four potential situations during the
operation of an imperfecFEWS In these systeshthe net damage associate with forecast
uncertainty’© andd ) are present in misses (b2), false alarms, @) hits (al and b1) events.
Figure c illustratethe economic consequences in the PFS.
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