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Abstract 

In recent decades, flood early warning systems (FEWSs) have been widely used as 

complementary non-structural mitigation measures in order to improve the 

population resilience to floods. FEWS research focusses mainly on flood 

forecasting techniques or social aspects of warning response, and end-to-end 

modelling frameworks that represent the entire FEWS forecast-decision-

response/impact chain are rarely developed.  

A generic Monte Carlo simulation framework has been developed that represents 

an end-to-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 framework 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 framework has also been used to explore 

factors controlling the performance of a simulated FEWS representing an urban 

polder in Nanjing, China, with performance metrics based on waterlogging and 

pumping costs.  

For the generic fluvial case, the main results show that: 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, iii) a FEWS based on uncertain forecasts is characterised by an optimal 

lead time that represents a balance between an adequate time to act in response and 

a reasonably good forecast; iv) the performance of the proactive action is the most 

important factor influencing the economic effectiveness of a FEWS. For the 

simulated flood-prone polder system case study, the results show that probabilistic 

forecasts of storm rainfall and runoff volume can considerably enhance the 

waterlogging and pumping metrics.  

The results of this research can be used to improve 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 flood-prone areas evidenced in the 

last decades have altered the hydrological responses of catchments, increasing the 

frequency and magnitude of floods in many countries across the globe. As existing 

standards of protection based on structural measures are proving to be inadequate 

under climate change, and the concept of flood protection has given way to that of 

flood risk management, effective and reliable flood early warning systems (FEWSs)  

are becoming vital complementary non-structural mitigation measures in order to 

improve the population resilience to this natural hazard (WMO, 2011; Milionis and 

Owen, 2018). As a result, a new science, known as Flood Warning Science, which 

covers a wide range of disciplines ranging from hydrometeorological science to 

social psychology, has emerged from the need to assess, research, and improve the 

process chain characterizing these systems (Parker, 2017). 

 

Figure 1.1. Illustration 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 three main subsystems (Parker and Fordham, 

1996; Carsell et al., 2004): i) a flood forecasting subsystem, ii) a warning and 

dissemination subsystem, and iii) a response subsystem  (Figure 1.1).  
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The flood forecasting subsystem is the most well-recognized and studied element 

and uses a forecasting model to generate forecasts on which warnings are based. 

These forecasts can be generated by, for example, conceptual or physically-based 

or rainfall-runoff and/or flooding routing models, such as the Stanford Watershed 

Model (Crawford and Linsley, 1966), ARNO (Todini, 1996), or TOPKAPI (Liu 

and Todini, 2002) models, among others. Advanced data-driven models, e.g., 

machine learning models based on fuzzy systems, artificial neural networks, or 

support vector regression, are also used for these purposes (Mosavi et al., 2018). 

The forecasting model's inherent uncertainty means that flood warnings are based 

on uncertain information  (Basher et al., 2006). The quantification and reduction of 

this uncertainty (hereafter called predictive uncertainty) are the main challenges 

faced by forecasters (Perera,2020). Despite the significant research progress made 

in the last two decades on this topic, operational flood warnings have been largely 

based on deterministic forecasts, though probabilistic forecasting is starting to be 

considered in practice (see the English case in Arnal et al., (2020)). 

One of the 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 appropriate measure to use 

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

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

level or discharge at a specific cross-section, conditional on the forecast of that level 

for a given lead time (Ű). 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 the water levels for a lead time of Ű = 6 

hours are shown Figure 1.2a and 1.2b. 

To understand the concept of PU, the following question is posed: flood damage in 

Figure 1.2a will occur: (1) when the forecasted water level overtops the dykes, or 

(2) when the actual future water level overtops the dykes? The obvious answer is 

(2), i.e., when the actual future water level overtops the dykes. Therefore, the model 

forecast must not be considered as a reality but just as a virtual reality, which, 

however, contains essential information to reduce our uncertainty on what will 

actually occur. PU is, thus, the uncertainty about a real future value (not the model 

forecast) i.e., the water level to be observed in 6 hours from now, conditional upon 
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the model forecast (Figure 1.2b). 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 Figure 1.2b), and make a warning decision based on this (Todini, 2010). If the 

value of PE exceeds a predefined probability threshold 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 forecasting.  

 

Figure 1.2. Illustration of the PU concept 

Adapted from Todini (2004) and  Todini (2010) 

On the other hand, the warning and dissemination subsystem and the response 

subsystem have not received the same attention as the flood forecasting subsystem 

(Figure 1.1). The former involves all the processes needed to make the flood 

warnings reach those at risk, whereas the latter component has to do with the 

capacity of an at-risk community to take actions that mitigate the flood impact 

(Molinari et al., 2013). These elements cover vulnerability factors, which are 

important to reduce flood risk, and are as important as the flood forecasting 

subsystem as it has been proved that a high-quality forecast is not enough to reduce 

flood impact (Basher et al., 2006).   

Although it is not always the case, there is usually a real-time information flow 

among components of the FEWS. This information can be either intrinsic, when it 

is part of the system and incorporate formal warnings, or extrinsic, which involves 

informal warnings used by floodplain users (Parker and Fordham, 1996). Therefore, 

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

among the personnel involved in each component.  
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1.2 Research needs 

Many studies have focused on improving individual components of a FEWS, such 

as forecasts or social 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 components (often related to flood forecasting techniques) or 

social components (often related to the warning response) of a FEWS. End-to-end 

modelling frameworks that analyse the performance of a full FEWS chain of 

components (Figure 1.1) are, thus, rarely developed. Such 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 the forecast, warning, and 

response processes. A FEWS is only as good as its weakest link, which such an 

evaluation should help identify. 

The end-to-end simulation of a FEWS is no easy task. Even though FEWSs started 

to be studied between the 1960s and 1970s (Williams, 1964; McLuckie, 1970; 

Mileti and Beck, 1975),  it was not until the 1980s that Krzysztofowicz and Davis 

(1983) proposed a simulation framework to represent this system. In this work, the 

FEWS chain is reduced to a flood forecast-response process, where a forecast 

system is viewed as an information system providing forecasts to a response system, 

which is, in turn,  viewed as a decision system where floodplain dwellers make their 

own decisions about evacuation based on a sequence of forecasts they receive. 

Krzysztofowicz (1993) also proposed a methodology to represent the FEWS until 

the warning component based on a monitor-forecast-decision chain. This 

framework is used to evaluate the performance of a FEWS, where 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 the FEWS performance. 

Verkade and Werner (2011) proposed a methodology to compare the benefits of a 

deterministic FEWS with its probabilistic version based on the relative economic 

value theory. In their methodology, the forecast-warning-decision chain is used to 

obtain the relative economic value (REV) in terms of hits, false alarms, and misses.  

REV is subsequently used to scale between the flood risk of two benchmark 
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scenarios: the no warning and perfect forecast scenarios. The flood risks of these 

benchmark scenarios are computed through the response and impact components 

of the framework. In this work, real-world data and modelling are used to represent 

the flood forecasting and the response/impact component.  This work was the first 

attempt to include the economic consequences of predictive uncertainty, PU, in the 

economic effectiveness of a FEWS. However, this methodology assumes that the 

cost of the warning response is independent of the magnitude of the forecast 

flooding, and it only considers the economic consequences of ñwrongò decisions 

(false alarms or misses) and negates the fact that the PU can also (negatively) impact 

the economic effectiveness of flood warnings after a ñgood decisionò, i..e, a flood 

preceded by a warning (hit), due to the flood magnitudeôs uncertainty. Thus, there 

is a need to explore the negative impact of the economic consequences of PU in a 

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

restrictive assumptions limit the applicability of this framework. 

Girons Lopez et al. (2017) also considered the end-to-end modelling of a FEWS. 

They used a Monte Carlo analytical framework to represent a FEWS through a 

forecast-decision-response-and-impact chain. Based on this framework, they 

explored the impact of social preparedness on the economic effectiveness of a 

FEWS and how it is related 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.  

Bischiniotis et al. (2019) also used a forecast-decision-response-and-impact chain 

to represent a FEWS. 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 economic value is obtained based on the 

economic consequences of hits, misses, and false alarms that characterise the flood 

warning reliability of the system.  Like Verkade and Werner (2011), this work also 

considered limited real-world data to represent the flood forecasting component; 

therefore, they are not able to base their results by considering a considerable range 

of potential flood events and warning decision situations that the area monitored by 

the FEWS may be subject to. 

None of the works mentioned above uses the forecast-decision-response-and-

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 can evaluate the 

reliability of flood warnings based on whether a warned property was or not 

subsequently flooded. It is a more reliable approach than those used by these 

research works and other related works, which is based on whether a warning 

preceded a flood event's occurrence or non-occurrence in the floodplain or in a 

specific flood risk zone, where a pre-defined threshold defines the occurrence of 

the event. This common approach does not consider the flood magnitudeôs 

uncertainty. Note that, due to PU, there is always a difference between the 

magnitude of the forecast 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 end-to-end simulation of a FEWS. Note that beyond each specific 

purpose, the research works mentioned above have idealized the FEWS through the 

forecast, warning, 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 to design a generic framework that defines well the main 

generic components involved in the end-to-end simulation of a FEWS and the type 

of information generated and used by each of them during the simulation of a flood 

threat. Also, to avoid the limitations imposed by real-world data, such as a limited 

time span or a small number of registered extreme events, this generic framework 

should consider synthetic observed and forecast information that is based on the 

properties of real data. This would parallel the seminal work performed by Hosking 

and Wallis (1988, 1997), who demonstrated how Monte Carlo sampling can be used 

to explore the sensitivity of the estimate of T-year flood to various factors and 

assumptions, leading to more robust new approaches. This generic framework 

should underpin the end-to-end simulation of a FEWS monitoring and warning any 

type of flood-prone area.  

The author of the thesis could not identify any research works that use an end-to-

end modelling framework to explore the performance of a FEWS monitoring and 

warning a flood-prone polder system. No research works could be identified 

reporting on either the design, implementation, or evaluation of FEWSs operating 
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for flood-prone polder areas. Polders are areas that lie below the levels of the sea or 

adjacent outer rivers, and, therefore, pumping systems must be used during storm 

events to remove water from the inner rivers (artificial rivers inside the polder area) 

to the outer rivers to enable water to drain from the polder areas into the inner rivers. 

In a flood-prone polder area, 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 provide time in advance to decrease that water 

level (increase the storage capacity) and avoid the 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 the three main components of a FEWS, 

and which will be driven by Monte Carlo simulations of floods and their forecasts. 

This will allow the long-term performance of FEWSs to be assessed under a wide 

range of conditions. Moreover, the framework can be used as a virtual test-bed to 

support the design of FEWSs by exploring the sensitivity of FEWS performance to 

various controlling factors.  

1.3 Aim and objectives  

Based on the research needs outlined above, the overall aim of this thesis is to 

build a generic framework th at can simulate and identify important factors 

controlling the performance of a FEWS monitoring and warning a flood-prone 

area. To achieve this aim, the thesis is structured around the following objectives: 

1. To design a flexible generic simulation framework that can represent the 

forecast, warning, and response/impact/components of a FEWS. 

2. To design a Monte Carlo flood and forecast generator (MCFG) applicable 

to a generic fluvial case and a flood-prone polder system case. 

3. To design the flood warning decision component (FWDC) of a FEWS and 

to simulate and identify important factors controlling the flood warning 

reliability of a FEWS for a generic fluvial river case under deterministic and 

probabilistic forecast information. 

4. To design the response and impact component (RIC) of a FEWS and to 

simulate and identify important factors controlling the economic 
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effectiveness of a FEWS for a generic fluvial river case under deterministic 

and probabilistic forecast information. 

5. To apply the generic framework to a case study of the operation of a flood-

prone polder system in Nanjing, China 

1.4 Thesis structure 

The remaining part of the thesis is structured as follows. Chapter 2 reports on a 

literature review covering the forecast, warning, and impact/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 framework. This generic framework is 

explained in Chapter 3 and has 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 architecture of the MCFG (Objective 2). 

Chapter 5 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 probabilistic forecasting (Objective 3). In 

Chapter 6, the RIC component of the framework is added to explore important 

factors influencing the economic effectiveness of a (deterministic and probabilistic) 

FEWS based on real-time flood maps (Objective 4). In Chapter 7, the generic 

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 flood-prone polder system 

case is provided. This model is then used to explore factors influencing the 

performance of this FEWS in polder flood management operation (Objective 5).  A 

discussion, conclusions, and recommendations for further work are finally provided 

in Chapter 8.  

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

objectives and chapters. 
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Figure 1.3: Schematic representation of thesis structure and relationship between the 

objectives and Chapters 2 to 8. 
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 Chapter 2. Literature review  

2.1 Introduction  

Previous research on the operation, evaluation, and simulation of a flood early 

warning system (FEWS) is reviewed here. This chapter i) describes important 

factors influencing the performance of a FEWS, ii) provides some background 

information about the actual operation and evaluation of FEWSs, iii) references 

relevant studies whose aims have been to improve the performance of a single 

component of the FEWS or the overall performance of the system, and iv) supports 

the research gaps identified in Chapter 1.  

The Chapter is structured as follows: In section 2.2, a full description of a FEWS is 

given. In section 2.3, the forecasting component of the FEWS is explained. This 

section describes several options available to set up a flood forecasting system 

(FFS) in a catchment and how they affect the quality of the forecasts. Here the trade-

off between uncertainty and forecasting lead time and the types of forecast errors 

are described. Section 2.4 explains the methods available to estimate predictive 

uncertainty (PU) in flood forecasting and shows different uncertainty measures can 

be derived from them. The concept of ensembles is discussed briefly, and the 

section focuses more on statistical models (also known as post-processors and 

which are the methods considered in this research) and the concept of PU. Section 

2.5 explains how flood warning decisions are made in operational FEWS, and the 

most common warning criteria used in a local context, and 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 information. Section 2.6 explains the response to flood warnings 

and describes several potential proactive actions that can be part of the response 

component of a FEWS. Section 2.7 describes some attributes used to define the 

performance of FEWSs. Substantial emphasis is placed on the reliability of flood 

warnings and economic effectiveness, and several relevant studies are referred to in 

this field. The term economic effectiveness is used in this research to refer to 

the economic flood risk reduction achieved by a FEWS relative to the economic 

flood risk of the no warning scenario. Section 2.8 compiles all relevant 

information provided in the prior sections, and other research works to describe 

how FEWSs are actually operated and evaluated. Section 2.9 references research 
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works that have analysed the performance of a FEWS through an end-to-end 

modelling framework. Through the development of the Chapter, important factors 

influencing the performance of a FEWS are described and the research gaps 

identified are highlighted; they are then summarised in section 2.10, and the relation 

between the considered topics and 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 processes (Figure 2.1). That 

integrated end-to-end system is often referred to as a Flood Early Warning System 

(FEWS) (Girons Lopez et al., 2017), or flood forecasting, warning, and response 

system (Verkade and Werner, 2011; Parker, 2017). In this research, the first 

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

 
Figure 2.1: Flood early warning system 

Adapted from Parker and Fordham, (1996) and Carsell et 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 (flood threshold) at which flood losses, 

such as economic damage, trauma to residents, and potential loss of lives, start. 

Although trauma is important - floods can cause social and mental health problems 

that may continue over extended periods of time (Stanke et al., 2012) - it is very 

difficult to quantify. As shall be seen later, 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 milestones. This period is 

theoretically the maximum time that is available for conducting proactive action, 

and it is known as the maximum potential warning time (Carsell et al., 2004). If one 

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

The forecast trigger controls the maximum potential warning time. It is a simple or 

compound event that is likely to precede every flood and triggers the preparation of 

flood forecasts. This event is defined in terms of hydrometeorological variables 

which are routinely monitored and/or forecasted (Krzysztofowicz, 1993). On large 

and medium rivers, examples of these triggers are thresholds of an observed river 

stage and observed rainfall 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 examined. Meteorological forecasts usually 

provided by meteorological agencies in the form of numerical weather predictions 

(NWP) may also be used in this stage. This process is called data collection and is 

carried out by technical personnel and automated detection equipment.  

At the central site, forecasters use hardware, software, and hydrometeorological 

data and apply all their knowledge to create relevant information to recognize the 

potential flood threat (the forecast is generated). This process is called evaluation 

and often compares future discharge or water level with a pre-defined flooding 

threshold (ώ), which is often set based on experience, historical data, and/or 

detailed hydraulic modelling of river response. If the potential flood threat is 

recognized, the time known as forecasting lead time starts, and time is needed to 
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provide this forecast to 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 known as notification and triggers the flood 

warning decision in the FEWS. In some countries, this responsibility may fall on 

the forecasters (where the notification time is negligible) or professionals who have 

the appropriate technical background to interpret the real-time forecast information 

(Blöschl, 2008). Nevertheless, in other cases, this responsibility rests with non-

technical decision-makers (Orr and Twigger-Ross, 2009). The implementation of 

this decision marks the beginning of the process known as dissemination. The flood 

warnings are disseminated to local flood authorities and the population at risk and 

may be based on real-time flood hazard maps or pre-defined flood hazard maps 

obtained from a pre-flood risk assessment of the area monitored by the FEWS. This 

process may be carried out by media agencies, internet, text messages (SMS, 

MMS), door-knocking, or phone calls, whereby sometimes intermediate warning 

dissemination agents, such as local civil protection authorities, are involved.  

Once the recipients receive the warning, the response begins, and the proactive 

actions are implemented. These actions can be done by emergency services and 

others, e.g., local flood defense units 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 can move and/or evacuate 

residential contents to a safe place (Carsell et al., 2004; Rai et al., 2020). The time 

between the response beginning and onset of the flooding is called the mitigation 

time or warning lead time and is the time available for mitigation. As can be noted, 

this time is different from the forecasting lead time due to the time needed to make 

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

Although it is not always the case, there is usually an information flow among 

components of the FEWS. This information can be either intrinsic, when it is part 

of the system and incorporate formal warnings, or extrinsic, which involves 

informal warnings used by floodplain users(Parker and Fordham, 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 real-time. Therefore, factors 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) and sources of uncertainty 

A FFS is part of a FEWS and has an associated forecasting lead time, which is a 

key technical factor in the integrated system as it provides time in advance to the 

concerned authorities to warn and take effective proactive actions in the face 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 

questions would imply having a perfect forecast, which is impossible as flood 

forecasts are inherently uncertain. In the last two decades, a lot of research has 

focussed on flood forecasting techniques with the aim of reducing this uncertainty. 

This literature 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 flood forecasting techniques, the reader is referred to 

Hapuarachchi et al., (2011) and Jain et al., (2018)).   

Thus, through a literature review, this section of the chapter explains the concept of 

uncertainty and 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 the forecasting lead time and predictive uncertainty, PU. 

2.3.1 Sources of uncertainty 

Uncertainty can be defined in simple terms as the lack of knowledge of the observed 

value (Gouldby and Samuels, 2009). In flood forecasting, it produces a difference 

between the forecast and ñtrueò value of the quantity being forecasted, frequently 

referred to as the predictand. 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 world(Wasson, 2016). 

These two uncertainties are included in the formal assessment of uncertainty in 
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flood forecasting, and only the epistemic uncertainty can be reduced (Boelee et al., 

2019).  

2.3.2 Uncertainty and lead time 

There is a trade-off between the forecasting lead time and uncertainty in flood 

forecasting (Blöschl, 2008; Parker, 2017). This issue will be explained through an 

illustrative example (Figure 2.2) that shows a community threatened by river floods 

due to its low standard of protection (SoP), which needs to install an FFS as a part 

of a FEWS to improve the population resilience to this natural hazard. In this case, 

it is assumed forecasts of future discharges or water levels at the forecast points 

(cross-sections of the river adjacent to the at-risk community).  

 
Figure 2.2: Flood forecasting techniques, forecasting lead time, and  uncertainty in flood 

forecasting 

Adapted from OôConnell (2018). An illustrative example to explain the trade-off between 

forecasting lead time and uncertainty in flood forecasting through the potential forecasting models 

described in Table 2.1. The flooding threshold ώ is defined by the standard of protection (SoP) of 

the at-risk community.  The light and dark grey between the lead times ὸ ὒ and ὸ ὒ ὒ 

illustrates the uncertainty associated with gauge-based and gauge-radar based QPE, respectively. 
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As can be seen in Figure 2.2, the catchment area is monitored by a gauging station 

(point A), and by a telemetric rain gauge network in the upper area. The forecast 

point is represented by point B (Figure 2.2a). Due to the catchment's characteristics, 

the lag between points A and B is mainly dominated by the routing 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 records at A. 

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 

(Barbetta et al., 2016), one would expect that this forecasting model would have a 

small level of uncertainty. However, the forecasting lead time of this model would 

be equal to the lag time between points A and B, i.e. ,, (Figure 2.2c), which would 

be the smallest one compared with other flood forecasting techniques that can be 

applied in the catchment.  

To increase the forecasting lead time, one can consider the telemetric rain gauge 

network and use, in addition to the flood routing model, a rainfall-runoff model by 

using gauge-based catchment rainfall estimate as an input which can be recorded 

until the time of forecasting ὸ. This time is, in essence, defined by the forecast 

trigger that, in this example, can be a rainfall-based variable. With this forecasting 

chain, one can gain forecasting lead time; however, one also increases the 

uncertainty (Figure 2.2d). In this situation, the main source of uncertainty comes 

from rainfall data (Todini, 2004) as, for practical reasons, the density of rain gauges 

in the network will often be too low to properly characterize the spatial and temporal 

distribution of rainfall throughout the catchment. This problem can be partly solved 

using weather radars (Cluckie and Han, 2000; Reichel et al., 2009) since they offer 

an alternative method to capture rainfall data in remote areas of the catchment and 

enhance the gauge-based catchment rainfall estimate (referred to sometimes as a 

Quantitative Precipitation Estimate (QPE) (Arheimer et al., 2011; Adams, 2016). 

In this context, a forecasting chain based on gage-radar based QPE that includes a 

good bias correction technique will have the same forecasting lead time of the 

gauge-based one, i.e., , , ,. However, its level of uncertainty is expected 

to be smaller (Figure 2.2b and Figure 2.2d), the residual uncertainty will be due to 

the remaining uncertainty in the rainfall estimate and the rainfall-runoff model 

error.  Finally, suppose one desires to increase the forecasting lead time even more, 

i.e., longer than the hydrological lead time L (catchment response). In that case, one 
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must add a rain-forecast lead time by using rainfall forecast, which is typically 

derived from quantitative precipitation forecasts (QPFs) by NWP, i.e., from a 

Numerical Weather Prediction model. Nowadays, a QPF is delivered in the form of 

an ensemble forecast which mainly encapsulates the uncertainty deriving from the 

NWP initial conditions (Cloke and Pappenberger, 2009; Liguori et al., 2009). 

Shorter lead time precipitation forecasts can also be derived in the form of Nowcasts 

based on the propagation of weather radar images forward in space/time using a 

nowcasting algorithm (Heuvelink et al., 2020). A forecasting chain under these 

considerations records the rainfall until the time of forecasting ὸ and 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 lead-time extension Lr 

is the highest due mainly to the uncertainties related to meteorological predictions 

(Marty et al., 2013) (Figure 2.2e).  

 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 rainfall-runoff models. Table 2.1 

describes the four scenarios illustrated in Figure 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 trade-off between these two variates.  This 

rationality is used in this research to explore the reliability of flood warnings and 

the economic effectiveness of river flood warnings associated with different 

forecasting lead times in Chapters 5 and 6, respectively. 

The preceding 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 observed value 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 forecast, i.e., that 

resulting from the forcing 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 this table are the ones described in Figure 2.2. 

Also, it is important to note that the example shown in Figure 2.2 assumes that 

forecasts are done by using a rainfall-runoff model and/or flood routing model that 

can be physically based or conceptual. Note, however, that forecasts can also be 

generated through data-driven models that rely on historical data without directly 

Scenario 
Model configuration 

option. 

Forecasting 

lead time  

The primary 

source of 

uncertainty 

Levels of 

uncertainty 

1 Flood routing model , 

¶ High Flow 

Ratings 

¶ Hydraulic/Rout

ing Model 

Structure and 

Parameters 

¶ River 

channel/floodpl

ain 

¶ Survey 

The lowest one 

2 

Flood routing model+ 

rainfall-runoff model 

(precipitation data from 

rain gauge network) 

, , , 

¶ Type of rainfall 

event 

(convective, 

frontal, 

orographic, 

etc.) 

¶ Rainfall-Runoff 

Model 

Structure and 

Parameters 

¶ Antecedent 

Conditions 

Higher than 

scenarios 1 and 3. 

3 

Flood routing model+ 

rainfall-runoff model 

(precipitation data from 

rain gauge network 

and/or weather radars) 

Smaller than 

scenario 2. 

4 

Flood routing model+ 

rainfall-runoff model 

(observed rainfall and 

quantitative 

precipitation forecast 

(QPF) from a  

numerical weather 

prediction (NWP) 

model) 

, , 

¶ Type of rainfall 

event 

(convective, 

frontal, 

orographic, 

etc.) 

¶ Nowcasting 

Algorithm 

Structure and 

Parameterizatio

n 

¶ NWP Model 

Structure and 

Parameterizatio

n 

¶ Rainfall-Runoff 

Model Strucure 

and Parameters 

The highest one. 
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considering the underlying physical hydrological processes. These methods can 

represent the existing nonlinear rainfall-runoff relationship with high computational 

speed. The sources of uncertainty of these models are related to the aleatory 

uncertainty - included in the training data - and the inability of the algorithm to 

represent the observed values. The popularity of advanced data-driven models, e.g., 

machine learning models, has dramatically increased in recent years (Mosavi et al., 

2018). Machine learning methods, e.g., fuzzy systems or artificial neural networks, 

have been used for forecasting rainfall, discharge, water levels, or for 

assimilation/forecast updating (Tareghian and Kashefipour, 2007; Kambalimath 

and Deka, 2020). 

2.3.3 Types of forecasting errors 

Given the existence of inherent uncertainty, flood forecasts are subject to several 

types of forecasting errors, which have to do with the lack of fit between the 

predictand, often a discharge or water level, and predictor. Based on a forecast and 

observed hydrograph of a potential flood, they are classified as amplitude, phase, 

and shape errors (WMO, 2011), and their presence also affects the forecast of the 

main variables involved during the forecast process, i.e., peak (ώ), timing (ὸ), and 

volume (V) of the potential flood. 

The amplitude error implies both errors in the magnitude (Ὡ) and volume (Ὡ) 

(Figure 2.3a). They often occur due to structural deficiencies in the hydrological 

model, parameter estimation errors, and errors in the input and/or output data. The 

phase errors show errors in the timing of the hydrograph (Ὡ ), i.e., although ώ is 

correctly estimated, it is delayed or advanced in time (Figure 2.3b). Finally, shape 

errors may show Ὡ, Ὡ, and Ὡ . This type of error may be attributable to the routing 

component of the model not representing well the redistribution of the generated 

runoff volumes over time (Figure 2.3c). If the error is systematic for any of these 

scenarios, it is said that the forecasts are biased. FFSs operating in non-updating 

mode, i.e., the ones that do not consider real-time information to modify forecasts, 

are more likely to have these errors than the FFSs operating in updating mode, i.e., 

the ones that consider forecast updating based on recent hydro-climatic 

observations (this is a post-processing technique named data assimilation). The 

literature offers several bias-correction methods when dealing with streamflow 
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forecasts (Hashino et al., 2007). These methods often address the issue of the bias 

in the mean value of the predictand, and the issue of the bias in the variance of the 

predictand has been poorly analysed in flood forecasting and warning process.  

 
Figure 2.3: Types of forecast errors 

Adapted from WMO (2011). 

In this research, a potential flood is represented by its peak flow ordinate, i.e., ώ, 

and only the error Ὡ is considered in the representation of its forecast. The primary 

impact is created by the magnitude of the flood peak. The timing of the flood can 

be considered a secondary impact and neglecting Ὡ  mainly affects the economic 

effectiveness of flood warnings because the damage saved by a proactive action 

depends on the mitigation time, which, in turn, depends on the onset of the flooding. 

The error Ὡ  is not considered in the analysis done in Chapter 6 since it is assumed 

that Ὡ will dominate over these timing errors. The 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 uncertainty in flood forecasting 

has started to be considered more and more in research and practice 

(Krzysztofowicz and Kelly, 2000; Todini, 2004; Cloke and Pappenberger, 2009). 

This issue has been studied through two philosophies: ensembles methods and 

statistical methods (also known as post-processors)(Boelee et al., 2019). Ensembles 

methods define uncertainty from a set of plausible forecasts, whereas the statistical 

methods use prior forecast and observed values to define PU through statistical 

analysis. Some methods also use these 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, frequently from different initial 
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conditions, and where each run is within this assumed space (Xuan et al., 2009). 

Since ensemble methods measure the spread of the forecasts descending from these 

multiple scenarios, it is said that they do not provide an appropriate measure of PU, 

but rather a measure of forecasting sensitivity (Todini, 2017) (Figure 2.4a).  

 
Figure 2.4: Illustration of methods used to characterise  (a) uncertainty in forecasts and (b) 

predictive uncertainty 

The flood even is defined by the Standard of protection (SoP). a) Uncertainty in forecasts described 

by ensembles and b) predictive uncertainty defined by conditional distributions for different forecast 

horizons. 

 
Figure 2.5: Uncertainty measures 

From the methods used to quantify uncertainty from ensembles, several uncertainty measures 

(confidence limits, error bars, probability distributions) can be obtained. Note that in practice, only 

1 or 2 measures would be used on the same figure. The flood event is defined by the standard of 

protection SoP. 

Statistical methods assess the uncertainty in flood forecasts in terms of PU. They 

use historical 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 horizon (forecasting lead time) (Figure 2.4b).  
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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 

In studies of hydrological forecasting, the terminology ñpredictive uncertaintyò has 

been widely used. PU is defined by Todini (2016) as the probability that the 

predictand, typically the observed peak water level or discharge at a specific cross 

section at the time ὸ ὒ ( where L is forecast lead time) conditional on a single or 

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

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

terminology ñpredictive uncertaintyò has been popular because it highlights that it 

is associated with the uncertainty around the prediction of the predictand, rather 

than the ñsimulation uncertaintyò (SU), also known as ñemulation uncertaintyò or 

ñvalidation uncertaintyò, that defines the uncertainty of the predictor given the 

knowledge of what actually occurred.  SU, in essence, defines the skill of the 

forecasting model to reproduce the reality (Klein et al., 2016). If one assumes peak 

water level as the predictand, i.e., ώ, and only one predictor (the forecast peak water 

level of a forecasting model), i.e., ώ, the joint probability of ώ and ώ, PU and SU 

are defined by Ὢώȟώ, Ὢώȿώ  and Ὢώȿώ , respectively. Since, in the case of 

SU, ώ is 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. Figure 2.6 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 unnecessary to consider the 

sources themselves.  

Throughout this thesis, the terms ópredictive uncertaintyô and óforecast 

uncertaintyô are used interchangeably, where it is understood that the latter 

term has exactly the same interpretation as the former. 
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Figure 2.6: Illustration of SU and PU 

a) Simulation uncertainty (SU). Once the joint distribution between the observed and forecast 

values is built, knowing an observed value ώᶻ , one can evaluate the uncertainty of the predictor 

ώ (forecasting model). b) Predictive uncertainty (PU). With the joint distribution, knowing the 

predictor ώᶻ, one can assess the uncertainty on the predictand. Adapted from Todini (2016). 

2.4.2 Predictive uncertainty (PU) estimation 

The statistical methods (which are the methods considered in this research), in 

essence, calculate the forecasting model's error and assume the model's errors, 

obtained from past observations and their forecasts, are representative of the 

uncertainty in the future. These methods estimate the PU of a predictand (often 

water level/discharge) for a specific forecast horizon (forecasting lead time) and 

location. Thus, statistical methods have been applied to a fixed location with 

discharge/water level data (Boelee et al., 2019).  

The statistical methods most commonly used in hydrology are the Hydrological 

Uncertainty processor (HUP)(Krzysztofowicz and Kelly, 2000), Model Conditional 

Processor  (MCP)(Todini, 2008; Barbetta et al., 2016), and Bayesian Joint 

Probability (BJP) model (Wang et al., 2009; Zhao et al., 2015). All of these 

methods, which have been reviewed by  Li et al. (2017), share similarities; for 

example, i) they use parametric approaches based on  Bayesô theorem to derive the 

distributions needed to estimate PU;  ii) a sample of forecasts and the resulting 

observations, obtained from historical records or simulated forecasts (hindcast), is 

used to identify the distributions involved in the Bayesô theorem; iii) the 

distributions of the original samples are transformed to Gaussian to apply the 

Bayesian inference technique; and iv) the samples used are comprised of values that 

represent the four different states when dealing with flood forecasting, i.e., peak 

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

limbs.  
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In the same way, these methods have their own 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, 2011). MCP is an alternative 

to HUP, but it has the advantage that the derivation for univariate situations (a single 

model provides probabilistic forecasts at a specific forecasting lead time and 

location) can be conveniently extended to multivariate situations, which can be 

used, for example for multimodel, multisite, and multi-lead time problems (Coccia 

and Todini, 2011). Both HUP and MCP use the normal quantile transformation 

(NQT) as a Gaussian-transform method (Bogner et al., 2012). BJP differs from 

these two models in that: i) the log-sinh 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 for the estimation of these parameters 

(Zhao et al., 2015). MCP and BJP deal with the exiting heteroscedasticity of the 

residuals when forecasting streamflow ï that is, the error between forecasts and 

observations tend to be much higher at high flow than at low flow- through the use 

of the multivariate truncated Normal (MTN) distributions and the log-sinh 

transformation, respectively.   

The main disadvantage of these statistical methods is that they rely on observed 

values. This problem is particularly important for the methods that use NQT as a 

Gaussian-transform method. It might happen that, during operational use for 

forecasting, the sampled data points in the normal space fall outside the range of 

the historical sample, and the inversion of the empirical NQT is not possible. These 

methods deal with this issue as extreme values are rarely observed in the historical 

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 best curve for fitting the sample distribution tails. One of them is, for 

example, to extend the historical observed sample with extreme values estimated 

by fitting a Peaks-Over Threshold (POT) model to the upper tail of the sample and 

apply a non-parametric regression method called Generalized Additive Model 

(GAM) as an extrapolation method (Bogner et al., 2012). Other approaches suggest 

extending the sample by the hyperbolic approximation for the uppermost-tail of the 

distribution (Seo et al., 2006) or applying a linear extrapolation on a number of 

points in the tails of the sample distribution (Weerts et al., 2011). Coccia (2011) 
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suggests applying a specific model to the tails of the historical sample by setting, 

for the upper tail, the maximum value, for which the probability is assumed to be 

equal to 1, to twice the maximum value ever observed, and, for the lower tail, by 

setting the minimum value, for which the probability 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 (Lewis and Orav, 2018), bivariate values 

associated with a conditional distribution (representing PU) are generated from this 

assumed joint distribution. This is done for a simulated fluvial case (Chapter 5 and 

Chapter 6) and the case study (Chapter 7). Chapter 3 describes the predictands 

considered in each case, whereas Chapter 4 details 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 complex methods and forecasting models. In 

contrast, the warning problem, particularly the warning decision issue, has received 

relatively little attention. FEWSs often have an associated warning criterion that 

determines which warning decision process must be conducted. 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 forecast type often 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 warning-decision-making process. 

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

estimating PU, the probabilistic forecast is starting to be considered in operational 

FEWSs. For example, 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 ensembles (Arnal et al., 2020).  

Regardless of the type of forecast used, the warning-decision-making 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 decision (Ramos et al., 2010; Verkade and Werner, 2011). Other factors 

such as the type of event (e.g., local small flood events vs large-scale extreme flood 

events), the cost-benefit analysis of warning vs not warning, risk attitude (e.g., risk 

aversion vs risk loving), and the cultural environment in which decisions are made, 

also influence the warning decision (Arnal et al., 2020). All these factors associated 

with the human behaviour of the Warner have been encapsulated 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 use for the warning criterion a single-discharge water level threshold 

(e.g., defining defence overtopping or first property flooding), where forecast 

values (often discharge or water levels) are compared with the pre-defined 

threshold, which is, in essence, the flooding threshold ώ. If the forecast values 

cross ώ, a warning should be issued (Figure 2.7a). These FEWSs do not target 

warnings to individual properties or small areas within the at-risk community but 

mainly aim to alert flood authorities of a potential flood that, in turn, uses proactive 

actions to mitigate the flood impact. A common proactive action in this type of 

FEWSs is raising demountable defenses, which can need a 24-h ahead warning to 

be erected. Flooding-threshold-based warning decisions have been the basis of 

some important research (Verkade and Werner, 2011; Dale et al., 2014).  

FEWSs may also use several warning criteria based on different discharge/water 

level thresholds. These thresholds are often associated with 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 areas (Sene, 2008). This warning criterion represents a more 

phased approach to warning or evacuating properties than the single flooding-
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threshold-based criterion since each flood zone has its own flood warning threshold. 

In this case, a flood zone is warned if its corresponding flood warning threshold is 

exceeded (Figure 2.7b). These thresholds are often set based on prior hydraulic 

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

 
Figure 2.7: Illustration of warning criteria based on discharge or water levels thresholds 

a) Single flood warning-threshold-based criterion, b) multiple flood-warning-thresholds based 

criterion (adapted from (Sene, 2008)). 

Some FEWSs may use a hydraulic inundation/hydrodynamic model in the forecast 

chain to transform the hydrograph of a potential flood into the expected socio-

economic impacts through real-time flood hazard maps. In this case, these maps 

and the flooding threshold ώ are used in the warning criterion.  Warning decisions 

are based on the direct comparison of future discharge or water levels and the 

flooding threshold ώ, and the real-time flood hazard maps are used to identify 

individual vulnerable properties and disseminate flood warnings (Figure 2.8a). 

Flood hazard maps are built by intersecting the maps of the property locations and 

the inundation forecasting. This flood warning service is considered the most 

sophisticated one and is considered complex and computationally expensive, and 

its use has been limited in FEWSs (Fernández-Nóvoa et al., 2020). Despite that, 

with the development of high-performance computing techniques, it is now feasible 

to use these flood forecasting techniques in flood warning services (Ming et al., 

2020; Ritter et al., 2020). In some cases, a library of pre-generated hazard maps 

corresponding to different flood levels is created and stored, and the maps are then 

interpolated in real-time, which is computationally light. 

Some FEWSs may use a warning criterion based on relatively simple forecasting 

tools, such as the rainfall threshold (RT) method (Georgakakos, 2006; Golian et al., 

2015). These methods allow the forecaster to use local precipitation and predict 
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flooding without running complex forecasting models. Furthermore, they can be 

used as a backup approach when there is failure or instability in the main FFS 

(OôConnell, 2005).  In this method, a critical RT value is defined as the minimum 

cumulative rainfall volume necessary to cause a critical river discharge at the 

forecast point (a cross section of the river). A rainfall threshold curve is then built 

by plotting critical RT values versus time, all corresponding to the same critical 

river discharge. When the cumulative rainfall volume of an event crosses the RT 

curve, the peak discharge at the forecast point is expected to be equal to or greater 

than the RT 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 the RT curve. In that case, a warning is issued if the  

QPF crosses the RT curve (Martina et al., 2006)(Figure 2.8b). Like the FEWSs 

based on a flooding threshold (Figure 2.7a), these systems do not target warnings 

to small areas or individual properties but aim to alert the general public and lead 

local flood authorities of a potential flood in the floodplain. These methods often 

assume a pre-defined rainfall pattern, pre-defined soil conditions, and fixed 

catchment characteristics, and, therefore, relatively large uncertainty in the flood 

predictions may come from these assumptions (Martina et al., 2006; Hapuarachchi 

et al., 2011; Wu et al., 2015). 

 
Figure 2.8: Illustration of warning criteria based on a) inundation forecasting and b) rainfall 

threshold curve 

This research in Chapter 5 explores the reliability of flood warnings of FEWS 

whose warning criterion is based on real-time flood hazard maps and/or the 

flooding threshold ώ (Figure 2.8a and Figure 2.7a, respectively). Furthermore, in 

Chapter 6, the reliability of flood warnings and the economic effectiveness of a 

FEWS based on the first warning criterion are explored. In Chapter 7, the case 

study, a rainfall-threshold-based warning criterion is used. This research does not 
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simulate the warning criterion illustrated in Figure 2.8b; however, it takes the 

concept of the RT curve to adapt it to a flood-prone polder system. 

2.5.3 Simulation of warning decisions 

Most research works that have considered the warning decision problem in FEWSs 

have assumed that they can be made following a set of forecast-driven rules. For 

example, a common method when simulating deterministic-forecast-based warning 

decisions is to assume that a warning is automatically issued when the forecasting 

model's deterministic output(s) cross a pre-defined threshold/s. Under this 

assumption, Verkade and Werner (2011) show, using a quasi-analytical framework 

with some limiting assumptions, how flooding-threshold-based warning decisions 

based on deterministic-single-value forecasts, in which forecast errors are not 

acknowledged, lead to sub-optimal decisions in a FEWS.  

The use of probabilistic forecasts allows, on the other hand, optimal flood warnings 

to be issued as PU is explicitly quantified. It can be used within appropriate 

decision-making procedures to minimize costs, economic losses, loss of life, and 

social disruption. These procedures can be split into probabilistic thresholds-based 

methods and risk-based methods. In essence, the former ones assume that a warning 

is automatically issued when the probability of exceedance of a pre-defined 

threshold of the predictand (discharge, water level, rainfall amount, etc.) exceeds a 

predefined probabilistic threshold. This method has been considered by assuming a 

warning criterion based on a flooding threshold (Verkade and Werner, 2011) or 

flood warning thresholds (Alfieri et al., 2012; Bischiniotis et al., 2019)(Figure 2.7). 

Probabilistic thresholds are often set in such a way that they meet specific 

requirements, such as maximizing the reliability or economic effectiveness of the 

FEWS. 

Risk-based methods are often used in a Bayesian decision scheme where the 

predictive density, i.e., the PU,  and a utility/loss function, are used to set rules 

based on expected values (Economou et al., 2016; Todini, 2017). The utility/loss 

function gives information about the utilities/losses in the FEWS with and without 

the warning action. This function, 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 
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the warning action. Bayesian FEWSs have been designed to predict floods based 

on rainfall (Martina et al., 2006; Economou et 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 forecast-driven decision rules. 

Deterministic-warning 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 probabilistic warning 

decisions. These approaches are used to simulate warning decisions in a FEWS 

operating for a river-flood-prone area (Chapters 5 and 6) and a flood-prone polder 

system (Chapter 7). 

2.6 Response to flood warnings 

The aim of a FEWS is to reduce human and damage losses through the 

implementation of several proactive actions triggered by the flood warnings. These 

actions represent the response of the FEWS and define the benefits of the system. 

Priest et al., (2011) developed a model to quantify the benefits of a FEWS based on 

several response pathways to flood warnings or risk reduction actions (RRAs). In 

their work, eight principal RRAs were identified, which cover the mitigation of the 

economic and human losses (Figure 2.9). These RRAs provide a good insight into 

the potential proactive actions that can be part of the response component of a 

FEWS and are explained as follows.  

Six of these RRAs relate to damage-reducing responses and two to the reduction of 

human losses. The former responses cover a flood defence operation (FDO) and 

community-based options (CBO) that consider, for example, community pumping 

schemes or the placement of measures to protect properties at a community scale. 

The damage-reducing responses also involve actions at the household level, such as 

contingent resilience measures (CRM) or the contents moved or evacuated (CME) 

by householders. CRM is a set of planned measures to be conducted in advance of 

a flood, such as the use of sandbags. Watercourse capacity maintenance (WCM) 

also reduces flood damage. Activities to mitigate the economic damage in business, 

such as moving equipment or stock out of the path of floodwater, are also included 
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in the damage-reducing responses. On the other hand, the RRAs associated with the 

reduction of human losses relate to search and rescue (SAR) and evacuation 

measures (EVAC). 

 

Figure 2.9: Potential RRAs used in a FEWS 

Source: Priest et al., (2011). 

Several research works that have studied the response component of the FEWS 

through a modelling framework have considered one of these RRAs. For example, 

Dawson et al. (2011) and Liu and Lim (2018) used an agent-based modelling 

framework to explore the benefits of EVAC in a FEWS. Verkade and Werner 

(2011) and Bischiniotis et al. (2019) used a quasi-analytical framework to analyse 

the economic effectiveness of a FEWS based on CME and CMR, respectively. In 

this research, the response component of the FEWS is represented through CME 

for the fluvial case (Chapter 6) and CRM for the flood-prone polder system case 

(Chapter 7). The CME is simulated by using the functions proposed by Carsell et 

al. (2004), which represent the damage reduction of this RRA in a floodplain 

property as a function of the mitigation time (which is assumed in this thesis to be 

equal to the forecasting lead time) and flood depth. The functions were developed 

from the statistical analysis of surveys completed by floodplain management and 

flood damage experts. The CRM in the case study represents a pumping scheme 

operating in the flood-prone polder before or during storm events to remove water 

from the inner rivers to the outer rivers, to enable water to drain from the polder 

areas into the inner rivers. An overview of these RRAs is provided in Chapter 3, 
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and a detailed explanation of its simulation is provided in each corresponding 

Chapter. 

As was mentioned at the beginning of this section, the RRAs shown in Figure 2.9 

define the benefits of a FEWS. Particularly, the RRAs relate to damage-reducing 

responses define the economic effectiveness of the system, which is considered as 

one of the performance measures of a FEWS (Parker, 2017). Since this performance 

measure is one of the measures to be explored in this research, the potential damage 

saved associated with damage-reducing responses are analysed in the next section.  

2.7 Evaluation of the performance of a FEWS 

Parker (2017) suggests several measures to define the performance of a FEWS. He 

split them into technical and social measures. The former ones consider technical 

aspects associated with forecast quality, such as the accuracy, reliability, timeliness 

of flood warnings and flood detection, as well as aspects related to the geographical 

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 acceptance of the 

flood warning service. Social aspects include information quality and satisfaction 

of the warning service, life protection, and economic factors such as damage 

reduction and benefit-cost ratio.  Social measures could also consider the reduction 

of psychosocial impacts of flood events, as it has been proved that floods can cause 

social and mental health problems that may continue over extended periods of time 

(Stanke et al., 2012); however, these measures are rarely considered.  From these 

measures, reliability and economic effectiveness have 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 Chapters 5, 6, and 7. 

2.7.1 Reliability  

The reliability of the flood warnings is one of the foremost attributes of a FEWS. 

In general terms, reliabilit y is defined as an object's capability to achieve a required 

function under stated conditions for a stated period of time (George and Modarres, 

1994). Thus, Sättele et 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 

and transfer the warning to the affected 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 the system's ability to work correctly in extreme 

circumstances, and the latter with the skill of the system to detect and alert the 

hazard event. 

In terms of flood warning systems, the reliability of the flood warnings is often 

evaluated only in terms of the inherent system reliability. Therefore, it is defined 

by skill scores that determine warning decision-observations combination results. 

Thus, it has been analysed based on the concept of signal detection theory through 

the probability of detection (POD) and the probability of false detection, also known 

as false alarm rate (F)(Krzysztofowicz et al., 1994). It has also been evaluated in 

terms of hits, missed events, and false alarms for different thresholds (Montesarchio 

et al., 2009; Alfieri et al., 2012). In line with this,  Parker (2017) defines POD, F, 

and the false alarm ratio (FAR) as reliability measures of a FEWS (Table 2.2). Other 

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

also known as threat score (Jolliffe and Stephenson, 2012). 

The works mentioned above have evaluated the reliability of flood warnings based 

on whether a warning preceded a flood event's occurrence or non-occurrence in the 

floodplain or in a specific flood risk zone, where a pre-defined threshold defines 

the occurrence of the event (Figure 2.7). The skill scores used to define this 

attribute, in essence, gives a ñsnap-shotò of the reliability of the flood warnings in 

the floodplain or a specific flood risk zone. Even though these works suggest 

methods to reasonably estimate the reliability of flood warnings, they do not 

consider the uncertainty in the estimation of the flood magnitude. Note that, due to 

the forecastôs inherent uncertainty, there is always a difference between the 

magnitude of the forecast and observed flooding, and, therefore, a difference 

between the warned and flood properties. This undoubtedly impacts the reliability 

of flood warnings. For example, Parker et al. (2007) found in a flood-warning-

customer-oriented research project that, due to a bad performance in the 

dissemination procedure,  only 37.5% of flooded properties received a warning 

before flooding. This occurs due to not only poor communication but also due to 

uncertainty in the estimation of the flood magnitude.  



34 

 

Therefore, a more reliable approach would be the one that evaluates the reliability 

of flood warnings 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. To the best of the authorôs knowledge, a modelling-based 

framework that explores the reliability 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 hazard maps are being used to assess which properties might be flooded 

(Figure 2.8a), is called in this research a floodplain property-based criterion (FPC) 

and is used to explore flood warning reliability for a simulated fluvial case in 

Chapters 5 and 6. In these Chapters, the FPC is compared with the criterion that 

evaluates the reliability of flood warnings based on whether a warning preceded a 

flood event's occurrence or non-occurrence in the floodplain, where the flooding 

threshold ώ at a specific river cross-section defines the occurrence of the event.  

This criterion is called in this research a flooding threshold-based criterion (FTC) 

and can be used to evaluate the reliability of flood warnings of FEWS with the 

warning criterion illustrated in Figure 2.7a. The same skill scores can define the 

reliability of flood warnings in the FTC and FPC. Table 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. 

Metric 
Abbrev

iation 

In the FTC, 

answer the 

question: 

In the FPC, 

answer the 

question: 

Equation Interpretation 

Probability 

of 

detection 

or hit rate 

POD 

What is the 

probability of an 

observed event 

being warned in 

the floodplain? 

What is the 

probability of 

a flooded 

house being 

warned in the 

floodplain? 

ὖὕὈ
Ὤ

Ὤ ά
 

Ranges from 

0-1.  

Perfect 

forecast 1. 

False 

alarm ratio 
FAR 

What is the 

probability of a 

forecast event 

being incorrectly 

warned in the 

floodplain? 

What is the 

probability of 

a warned 

house being 

incorrectly 

warned in the 

floodplain? 

 

ὊὃὙ
Ὢ

Ὤ Ὢ
 

Ranges from 

0-1.  

Perfect 

forecast 0. 

Legend:Ὤ=hits; ά=misses, Ὢ=false alarms. 
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2.7.2 Economic effectiveness 

The term economic effectiveness has been used to refer to the flood risk reduction 

of a FEWS relative to the flood risk of the no warning scenario (Sättele et al., 2015; 

Parker, 2017). As was mentioned in section 2.6, the RRAs relate to damage-

reducing responses define the economic effectiveness of a FEWS which is, in turn, 

considered as a performance measure of the system. The potential damage saved 

associated with these RRAs has been often estimated through social survey research 

projects. From the RRAs shown in Figure 2.9, CME was perhaps the first RRA that 

was researched. Day (1970)  was the first to do this. Based on research conducted 

in Susquehanna River basin, he developed what is commonly known as the óDay 

curveô, which shows the relationship between the mitigation time and potential 

damage saved (expressed in percentage) associated with CME. Based on this curve, 

Day (1970) suggest predicting the economic effectiveness of 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 survey research projects were 

developed to improve the Dayôs method. For example, Carsell et al. (2004) criticise 

the Dayôs method and mentions that the flood depth is an important factor 

influencing the damage reduction. Therefore, it should be considered in the 

estimation of the potential damage saved. They also mention that Dayôs method is 

too optimistic as it assumes that floodplain residents act rationally and efficiently. 

In this context, based on a social survey research project, Carsell et al. (2004) 

developed damage reduction curves associated with CME as a function of the 

mitigation time and flood depth and suggest a method to estimate the economic 

effectiveness of a FEWS as the difference between the EAD of the floodplain 

associated with and without a warning scenario. The latter EAD is estimated based 

on these damage reduction curves. The economic effectiveness is then reduced by 

considering an efficiency parameter of the RRA.  

The potential damage saved by other damage-reducing responses has also been 

studied. For example, Priest et al. (2011) propose a method to estimate the 

economic effectiveness of a FEWS considering several RRAs in the response 

component of the system. Their method considers all the damage-reducing 

responses shown in Figure 2.9 and defines the economic effectiveness of the FEWS 

as: 
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 ὊὈὃ ὉὃὈ ὼ ὖὊὖ ὼ ὊὈὕ
ὉὃὈ ὼ ὟὊὖ ὼ ὅὄὕὡὅὓ ὄὅὖὅὙὓ
ὅὓὉ 

Eq. 2.1 

Where FDA is the potential flood damage avoided by the FEWS (economic 

effectiveness), PFP and UFP is the proportion of properties at risk that are protected 

and unprotected by structural flood defence systems, respectively. The other 

parameter corresponds to the proportion of EAD that is likely to be saved by each 

RRA shown in Figure 2.9. Table 2.3 shows the values suggested by Priest et 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. 

The methods mentioned above do not consider technical or social factors associated 

with the FEWS that can influence its economic benefits. The Environment Agency 

National Flood Warning Centre (2003) proposed a method that considers these 

factors in the economic effectiveness of flood warnings for the residential sector. 

This model was based on the work done by Parker (1991)  and has been applied in 

England and Wales mainly to estimate the economic benefits associated with CME. 

This method gives a good insight into factors influencing the FEWS performance, 

which considers the following equation.  

 
ὊὈὃ ὉὃὈ ὼ ὈὙ ὼ ὅ Ὑ ὼ Ὑὃ ὼ ὖὙ ὼ ὙὉ Eq. 2.2 

Where FDA has already introduced above (Eq. 2.1),   DR is the proportion of EAD 

that is likely to be saved by a pre-flooding action, C is the coverage of the flood 

warning service represented by the proportion of houses 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 

RRA Avoided damages due to early warnings [%] 

Flood defence operations        (FDO) 28 

Watercourse capacity maintenance (WCM) 10 

Community based operations (CBO) 1 

Contingent resilience measures (CRM) 2 

Contents moved and evacuated (CME) 5 

Business continuity planning  (BCP) 5 
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is the availability of the flood warnings defined by the proportion of flooded 

services properties that received such a warning, PR is the ability of the floodplain 

dwellers to respond to a flood warning defined as the portion of residents able to 

understand and respond to such a warning,  and RE is the effective 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 RE were encapsulated in a factor named the 

response human factor (RHF).  

All the methods described above are often considered in a cost-benefit analysis of 

a FEWS where the costs of setting up, operating, and maintaining the system can 

be included (Pappenberger et al., 2015). These approaches fail in that the cost of 

the warning response ὅ  (per-event costs) cannot be included in the cost-benefit 

analysis. It is a cost incurred every time a warning is issued and considers the cost 

of issuing a warning and any cost incurred in the dissemination process and by the 

RRA. It is, therefore, an important factor controlling the economic effectiveness of 

a FEWS. It depends on the forecasts because it is the only information available 

when the warning is issued. The cost of the warning response, ὅ , is, therefore, 

affected by the accuracy of the forecasts, and its inclusion in the economic 

effectiveness of a FEWS is considered a difficult task. Verkade and Werner (2011) 

proposed a quasi-analytical framework to include ὅ  into the economic 

effectiveness of a FEWS by combining a hydro-economic EAD model with the 

theory of relative economic value. However, their framework has two main 

assumptions: i) The cost of the warning response 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) associated with PU are only estimated 

as a result of ñwrongò flood warning decisions (misses and false alarms). Their 

framework, therefore, negates the fact that the net damage associated with the PU 

can also be present in a hit event (a flood proceeded by a warning in the floodplain) 

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

flooded houses  

In Chapter 6, the economic effectiveness of a FEWS is quantified for a simulated 

fluvial case which considers the net damage associated with PU in all possible 

situations. This analysis, to the best of the authorôs knowledge, has not been done 

before. In the case study (a FEWS operating for a flood-prone polder system), 
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Chapter 7, the proactive action benefits are jointly analysed together with their 

costs.  

2.8 Operational FEWS  

This section of the Chapter compiles relevant information about real operational 

FEWSs to describe how these real-world FEWSs are actually operated and 

evaluated. It is important to understand the relevance and motivation of the 

research. The actual operation of FEWS can be summarized as follows.  

V Lead time: A hydro-meteorological modelling chain - QPE/QPF plus a 

hydrological model -  for long-term flood forecasts (1-5 days) have not been 

used very extensively due primarily to that: i) the technology for QPE/ QPF 

procedures are not available and applied easily in many countries and 

regions; ii) the lack of techniques that include hydrological models in the 

calibration/validation of the QPE/ QPF products; and iii) its inadequate 

spatial and temporal resolution for hydrological modelling purposes (Liu, 

2012). Thus, long-term flood forecasts have been generated by local FFS 

through meteorological forecasts, mainly QPF, (global- or national-scale 

products) often provided by meteorological agencies in the form of NWP 

(Rabuffetti and Barbero, 2005; Dugar et al., 2017; Flack et 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 practice, real-time 

FFSs have been used in FEWS and, therefore, flood warning decisions have 

been based on forecasts based on real-time hydro-meteorological 

information (Arheimer et al., 2011; Adams, 2016; Javelle et al., 2016; Liu 

et al., 2018; BOM, 2019). That has caused FEWSs to consider short lead 

times (lower than the hydrological lead time), especially for small to 

medium size catchments. For example, in England, the EA issues flood 

warnings with a forecasting lead time between 30 min and 6 hours (Arnal 

et al., 2020). 

 

V Forecast variates: The timing and the peak of the floods, along with the 

inundation extent, at key locations, are the most relevant variables to be 

forecasted (Ibbitt and Woods, 2003; WMO, 2011; Parker, 2017; Jain et al., 

2018).  From these variates, the peak and timing of floods are often 

forecasted because FEWSs often predict floods based on discharge or water 

levels; the inundation extent is rarely forecasted (Fernández-Nóvoa et al., 

2020). Some FEWSs also predict the flood peaks based on rainfall, where 

the rainfall threshold (RT) method (Golian et al., 2015) is a common choice.   

 

V Forecast type and warning decisions: Flood warning decisions have been 

based on deterministic forecasts, though probabilistic forecast is starting to 

be considered in operational FEWSs due to the significant progress in the 

last two decades in the assessment and estimation of uncertainty in flood 

forecasting through ensembles (see the case for England in Arnal et al., 

(2020)). The warning-decision-making process is complex, and forecasts 

represent only one factor influencing this decision. Factors such as expert 
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judgement, type of event, risk attitude, and cultural environment in which 

decisions are made also influence the warning decision (Ramos et al., 2010; 

Verkade and Werner, 2011; Arnal et al., 2020). 

 

V Common methods to evaluate performance: Operational FEWSs have 

been often evaluated in terms of the reliability of flood warnings and their 

economic effectiveness. The former attribute is often evaluated based on 

whether a warning preceded a flood event's occurrence or non-occurrence 

in the floodplain or in a specific flood risk zone, where a pre-defined 

threshold defines the occurrence of the event. The metrics such as POD, 

FAR, F, or CSI are often used to have a ñsnap-shotò of the flood warnings' 

reliability  in the floodplain or a specific flood risk zone (section 2.7.1). 

Operational FEWSs often compute these metrics based on a flood warning 

validation database. This is a common practice in, for example, England 

(Arnal et al., 2020). These metrics do not consider the uncertainty in the 

estimation of the flood magnitude and, therefore, the difference between the 

warned and flooded properties. Quantifying the economic effectiveness of 

an operational FEWS is, on the other hand, considered a challenging task 

due to the complex nature of the warning response processes (Pappenberger 

et al., 2015; Girons Lopez et al., 2017). Thus, operational FEWSs rarely 

have information about the economic benefits they may produce 

(Economou et al., 2016). Most studies in this field have estimated this 

attribute by doing the ex-post evaluation of the system's benefits based on 

interviews or surveys. Several methods to estimate the economic 

effectiveness of a FEWS have emerged from these studies, which often 

neglect the net damage associated with the accuracy of a forecast (e.g., costs 

of false alarms and damage resulting from misses).   

Based on the operational characteristics of the real FEWS mentioned above, it 

would not be easy, but not impossible, to obtain relevant information associated 

with the influence of the factors described through this Chapter and Chapter 1 on 

the FEWS performance. This research considers flexible Monte Carlo frameworks 

for these purposes that consider the end-to-end modelling of a FEWS. In this sense, 

the next section of this chapter describes research works that have done the end-to-

end simulation of these systems. This research takes some concepts of them to build 

a generic framework (explained in Chapter 3), which is the basis to do the 

investigations of this research. 

2.9 End-to-end modelling of FEWS 

Few research projects have considered an end-to-end-modelling framework to 

analyse the performance of a FEWS. Section 1.2 provides a discussion of about 

several important research works in this field, whereas Table 2.4 a summary of their 

aims and their main assumptions.  Beyond each particular work's specifics, all of 

these works have idealized the FEWS through the forecast-decision-
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response/impact chain illustrated in Figure 2.10. By doing that, they have simplified 

several processes considerably involved in the integrated system obtaining, thus, 

more or less versatile frameworks that meet their goals. Even though these works 

provide good insights into the representation and evaluation of the performance of 

a FEWS, none of them i) have explored the impact of the flood magnitudeôs 

uncertainty on the FEWS performance, ii) have explored the impact of the bias in 

the variance on the reliability of flood warnings, iv) have explored the impact of 

several factors on the economic effectiveness of a FEWS,  and v) have used the 

forecast-decision-response/impact chain 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 

end-to-end modelling framework. 

Research work Aim 
Representation of the FEWS 

and main assumptions 

Krzysztofowicz and Davis 

(1983) 

To evaluate the economic 

effectiveness of FEWS 

The FEWS chain is reduced to 

a flood forecast-response 

process; warning decisions are 

not considered 

Krzysztofowicz (1993) 

To evaluate the reliability and 

economic effectiveness of a 

FEWS 

The FEWS is represented 

through a monitor-forecast-

decision chain; the response is 

not simulated. 

 

Verkade and Werner 

(2011) 

To evaluate the economic 

effectiveness of a (probability 

and deterministic) FEWS 

based on the relative economic 

value (REV) theory. 

FEWS is represented through a 

forecast-decision-response-

and-impact chain. REV is used 

to scale the imperfect-forecast-

based-economic flood risk 

between the economic flood 

risk of the perfect and no 

warning scenario; the 

imperfect forecast is not 

explicitly simulated. 

Girons Lopez et al. (2017) 

To explore the impact of social 

preparedness on the economic 

effectiveness of a FEWS 

FEWS is represented through a 

forecast-decision-response-

and-impact chain; the impact 

of the lead time on the FEWS 

performance is not explored. 

Bischiniotis et al. (2019) 

To explore the decision-

makersô dilemma between 

acting upon limited-quality 

forecast information and taking 

less effective actions 

FEWS is represented through a 

forecast-decision-response-

and-impact chain; results are 

not based on a considerable 

range of potential flood events 

and warning decision 

situations that the area 

monitored by the FEWS may 

be subject to. 
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Figure 2.10: Forecast-decision-response/impact chain often used to analyse FEWS 

Adapted from Verkade (2019). 

This research uses the forecast-decision-response/impact chain and Monte Carlo 

simulation to fill the research gaps mentioned above. Monte Carlo simulation has 

for many decades been used to address uncertainties in hydrologic series and the 

impact these have on decision making. In the seminal work of Hosking and Wallis 

(1997), it was demonstrated how Monte Carlo sampling can be used to explore the 

sensitivity of the estimate of T-year flood to various factors and assumptions. 

However, few studies have utilised Monte Carlo simulation in flood forecasting. 

Examples include Van Steenbergen and Willems (2014), who investigated whether 

ensemble predicting systems (EPS) cover the uncertainty produced by Numerical 

Weather Prediction model rainfall forecasts, and Golian et al. (2010), who 

developed a probabilistic rainfall threshold curve for flood forecasting. Chapter 3 

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

2.10 Main Findings 

Based on the research gaps identified in this literature review, flexible Monte Carlo 

frameworks have been designed to do the end-to-end modelling of a FEWS 

operating for a fluvial-flood-prone area (Chapters 5 and 6) and a flood-prone polder 

system (case study, Chapter 7). These frameworks allow simulating some of the 

factors influencing the performance of a FEWS identified through this Chapter.  

Table 2.5 summarises all of them according to the component they correspond to 

in the FEWS. Factors as the failure of instruments/telemetry system (FITS), the 

failure of communication networks (FCN), the flood warning service effectiveness 

(R), and the coverage of the flood warning service (C) are 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 

communication 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 decision-making process (HFWD) is also ignored since it is assumed 

that warning decisions are made based on pre-stated decision rules.  

Table 2.5 Main factors influencing the performance of a FEWS 

Factors influencing the performance of the FEWS considered in this research were 

forecast bias in the mean (FBM) and variance (FBV) of the predictand, the cost of 

the warning response (ὅ ), 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 human factor (RHF), which, as was mentioned in section 

2.7.2, includes the ability of the floodplain dwellers to respond to a flood warning 

and the effectiveness of the RRA. These factors have been parametrised in flexible 

Monte Carlo frameworks 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 of the systems. Part of this information represents a 

contribution of this research, and it would not be easy to be derived from 

information provided by real-world FEWSs due to its operational characteristics 

Symbol or acronym  Description Factor associated with: 

HFWP 
Human errors in the forecast 

and warning process 

Flood forecasting and warning 

system 

HFWD 

The human component in the 

flood warning decision-

making process 

LT Lead time 

FBM Forecast bias in the mean 

FBV Forecast bias in the  variance 

FITS 
Failure of 

instruments/telemetry system 

FCN 
Failure of communication 

networks 

R 
Flood warning service 

effectiveness 

C 
Coverage of the flood warning 

service 

ὅ  Cost of the warning response 

HRF Human response factor 

Response system and the at-

risk area  
CRRA Cost of the RRA 

SoP Standard of protection 



43 

 

detailed in section 2.8. This information was generated by answering the following 

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 

varies with the lead 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 not involve these factors but can be answered with the 

adopted methodology are:  

V How should the impact of the flood magnitudeôs uncertainty on FEWS 

performance be explored?(Chapter 5) 

V How does the uncertainty in forecasts and its quantification through PU 

impact the performance of a FEWS? (Chapter 5, 6, and 7)  

V Can the management of floods 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 described through the thesis and highlighted in 

the thesis conclusions (Chapter 8). 
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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. Here, the 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 the reader to navigate the thesis. In 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 FEWSs considered in this 

thesis, which is one of the primary research objectives of this research. 

3.1 The generic framework 

The generic framework has been designed based on the forecast-decision-

response/impact chain used to characterize the end-to-end modelling of a flood 

early warning system (FEWS) (Figure 2.10). When it was designed, it was thought 

that it should represent this chain through sampled Monte Carlo realizations of 

observed values and their forecasts, the resulting decision(s) taken, and the impact 

of the observed realizations on the floodplain, conditional on the decision(s) taken. 

Based on this approach, the resulting generic framework is made up of three 

components, as illustrated in Figure 3.1. It is explained as follows. 

 
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 and probabilistic 

forecasts and their observed realizations for an at-risk community.  

 

V Flood warning decision component (FWDC): It represents the warning 

decision, and it is simulated by decision rules which represent rational 

decision-making. The FWDC is driven by the forecasting information 

generated by the MCFG. 

 

V Response and impact component (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 decisions, whereas the impact 

is estimated based on the observed realizations generated from the MCFG 

and conditional on the warning decisions. 

3.2 Component description 

The generic framework depicted in Figure 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 flood-prone polder system (Chapters 7). Event-based modelling and 

continuous simulation are used in the former and latter cases, respectively; the 

MCFG is used to sample 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 observed data.  

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 are varied to explore the FEWS performance 

sensitivity to different factors.   Under this assumption, the MCFG generates 

bivariate values of these two variates based on the method known as the conditional 

approach (Lewis and Orav, 2018). Thus, it first obtains the conditional probability 

density of the predictand given a value of the predictor; and, then, the (observed) 

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 simulated generic fluvial 

case and flood-prone-polder system case is the same, i.e., to generate potential long-

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

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

Generic Fluvial Case 

In the simulated fluvial case (Chapters 5 and 6), a potential flood in the at-risk 

community is defined by observed peak water levels (ώ). Thus, here, ώ is assumed 

to be the predictand, and its forecast (ώ), the predictor. The bivariate parametric 

probabilistic model is, therefore, defined by the parameters that describe the 
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marginal distributions of ώ and ώ, and the correlation coefficient (” ) that defines 

the dependence structure of the pairs (ώ,ώ). The MCFG in the generic fluvial case, 

therefore, generates a deterministic-single-value forecast, represented by the values 

of ώ, and its associated probabilistic forecasts derived from the conditional 

distribution of ώ given ώ, i.e., Ὢώȿώ. 

 

 
Figure 3.2: Schematic  of the MCFG for the simulated fluvial case 

This figure illustrates the bivariate modelling of pairs (ώ,ώ) from a pre-assumed parametric bivariate 

model (b), where the value of ”  of this bivariate model is associated with a given value of lead 

time Ű and derived from the subjective lead-time-correlation function (a). 

The correlation coefficient ”  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 the predictive uncertainty (PU). In this sense, the 

MCFG, in the simulated fluvial case, uses a subjective lead-time-correlation 

function to associate ”  with a given forecast horizon or forecasting lead time (Ű). 

This function is analogous to that found by Schröter et al. (2008) and aims to 

represent the trade-off between Ű and PU.  This function, depicted graphically in 

Figure 3.2a, describes the common behaviour of forecasting models forced with 

precipitation. That is, it represents the fact that, for Ű values lower than catchment 
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lag time (L), with a well-calibrated hydrological model, and forecast updating in 

real-time, the performance of a forecasting model is relatively high as forecasts are 

based on observed precipitation by using, for example, gauge-based quantitative 

precipitation estimation (QPE). Past this value L, the forecasting model has to be 

forced with quantitative precipitation forecasts (QPF)(Figure 2.2), and its 

performance is hypothesized to drop monotonically (Schröter et al.2008). The slope 

of this function before L defines the quality of forecasting models based on QPE, 

such as models based on gauge-based QPE or gauge-radar-based QPE, and the 

slope after L defines the quality of the forecasts based on QPF.  The architecture of 

the MCFG in the simulated fluvial case is, therefore, made up of the bivariate 

parametric model of the pairs (ώ,ώ) and the subjective lead-time-correlation 

function. Figure 3.2b illustrates the bivariate modelling of pairs (ώ,ώ) from a pre-

assumed parameteric bivariate model, where the value of ”  of this bivariate 

model is associated with a given value of Ű and derived from the subjective lead-

time-correlation function. In this sense, the MCFG in the fluvial case generates 

(deterministic and probabilistic) single-value forecasts associated with a Ű value, 

which are provided to the FWDC, and their single-value- observed realizations, 

which are delivered to the RIC.  

Polder Case 

In the simulated flood-prone-polder system case (Chapter 7), a flood in the polder 

area is predicted based on forecasting rainfall over a 24-hour forecast horizon 

(forecast lead time). A Rainfall Forecast Generator (RFG) is constructed that first 

uses the space-time rainfall generator RAINSIM v3 to generate 24-hour forecasts 

and observed values at hourly resolution with a prescribed correlation using the 

model in spatial mode; here, 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 Ὑ  and their forecasts Ὑ ÆÒÏÍ 2!).3)-Ȣ Thus, here, the daily 

rainfall (Ὑ ) is assumed to be the predictand, and its forecast (Ὑ ), the 

predictor. The bivariate parametric probabilistic model is, thus, defined by the 

parameters that describe the marginal distributions of Ὑ  and Ὑ , and the 

correlation coefficient (” ) that defines the dependence structure of the 

pairs (Ὑ ,Ὑ ).Therefore, the MCFG, in this case, generates (deterministic 
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and probabilistic) 24-h rainfall forecasts, which are provided to the FWDC, and 

their 24-h hourly observed realizations, which are delivered to the RIC to perform 

continuous hourly simulations of the polder operation over a 24-hour storm period.  

A detailed description of the potential bivariate parametric probabilistic models one 

can use to represent the pairs (ώ,ώ) is provided in Chapter 4, together with 

supporting data analysis for some UK rivers. The data analysis supporting the 

choice of a bivariate distribution for (Ὑ ,Ὑ ) is described in Chapter 7. 

3.2.2 The flood warning decision component (FWDC) 

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 adopted in the analysis of the FEWS.   

Generic Fluvial Case 

In the simulated fluvial case, this research considers FEWSs based on a flooding 

threshold (ώ) with and without real-time flood maps. Figure 3.3 illustrates the 

deterministic and probabilistic rules used in the simulated generic fluvial case. 

Chapter 5 uses these rules to explore the flood warning reliability of these two types 

of FEWs. In the deterministic forecast scenario, the warning decisions in these two 

systems assume that a warning is automatically issued when the single-value 

forecast is greater than the warning threshold ώ which is determined by the T-year 

standard of protection (SoP). In the probabilistic forecast scenario, warning 

decisions are simulated through a probabilistic threshold (PT) approach. In the 

FEWS without real-time flood maps, probabilistic warning decisions assume that a 

warning is automatically issued when the probability of exceedance (PE) of ώ 

conditional on the forecast exceeds a pre-defined probabilistic threshold PT 

(Chapter 5). In the FEWSs with real-time flood inundation maps, probabilistic 

warning decisions assume that a warning is automatically issued when a warning 

level (ώ ) defined from Ὢώȿώ is greater than ώ, where ώ  is also defined by a 

PT. In both types of FEWS (without/with real-time flood maps), PT is a value to be 

optimized by assuming that the Warner acts to increase the reliability of flood 

warnings evaluated based on the flooding threshold-based criterion (FTC) for the 

FEWS without real-time flood maps, or floodplain property-based criterion (FPC), 

for the FEWS with real-time flood maps (see section 2.7.1 to recall the difference 
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between FTC and FPC). In Chapter 6, the economic effectiveness of flood warnings 

based on real-time flood maps is explored, and those decision rules used for this 

type of FEWS in Chapter 5 are also considered there. However, in this case, the PT 

associated with the probabilistic rule is optimized by assuming that the Warner acts 

to increase the economic effectiveness of flood warnings.  

 

 

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 houses that have been warned and those which have been 

flooded, and POD and FAR are estimated from these quantities. In this context, the 

framework does not simulate the generation of the real-time forecast and observed 

flood maps explicitly but simulates their target information, i.e., the number of 

warned houses (ὲ ) which is determined by ώ , and the number of flooded 

houses which is determined by ώ where ώ>ώ. The numbers of warned ὲ  and 

flooded ὲ  are obtained by interpolating the values of ώ  and ώ, respectively, 

in an assumed impact curve, which gives an estimate of the percentage of floodplain 

properties affected by different floods (Figure 3.4). The impact curve assumes that 

when the SoP is overtopped, and water spills into the flood plain, houses start to be 

flooded above ώ . 
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Figure 3.4: Description of the FWDC for the case study 

This impact curve assumes that the flood impact starts when the bankfull level is overtopped. The 

figure illustrates the computation of ὲ  and ὲ  for a pair ώȟώ. 

Polder Case 

Figure 3.5 illustrates the deterministic and probabilistic rules used in the polder case 

study.  A rainfall threshold (RT) curve is used as a tool for issuing flood warnings. 

The RT curve defines critical volumes of daily rainfall on the polder area that bring 

the inner rivers to the critical condition. This curve is made up of different critical 

values associated with several initial conditions of the water level of the inner rivers 

(Ὤ) at the time the forecast is issued. Thus, in the deterministic forecast scenario, 

it is assumed that warnings are automatically issued when the deterministic 24h- 

forecasts, i.e., Ὑ , cross the RT curve.  In the probabilistic forecast scenario, 

probabilistic warning decisions assume that a warning is automatically issued when 

the PE of the RT curve exceeds a pre-defined probabilistic threshold PT. ὖὉ is 

obtained from ὪὙ Ὑ , and PT is a value to be determined when analysing 

the performance of the FEWS in terms of the costs of the response.  



51 

 

 
Figure 3.5: Description of the FWDC for the case study 

3.2.3 The response and impact component (RIC) 

After the warning decision is made, the response and the occurrence or non-

occurrence of the flooding, along with its impact, have to be simulated. These 

processes are simulated in the RIC.  

Generic fluvial Case 

In Chapter 6, the economic effectiveness of flood warnings based on real-time flood 

maps is 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 

ὲ  and flood depth. The former variate is estimated based on the impact 

curve-based approach adopted in Chapter 5 to estimate the flood warning reliability 

in terms of FPC, whereas the flood depth in the houses is computed as the difference 

between the magnitude of the flooding (defined by the values of ώ greater than ώ) 

and the bankfull level (ώ ). 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 the mitigation time (which is assumed in this 

research to be equal to the forecasting lead time) and flood depth. A schematic of a 

damage function associated with a specific mitigation time is shown in Figure 3.6.  

A family of these curves prepared by Carsell et al. (2004) for a sample of US houses 

and range of mitigation times is used in Chapter 6. The RIC is also used to emulate 

the real-time forecast of flood damage. This information is obtained based on the 

same approach adopted for the observed number of houses flooded. In this case, the 
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forecast values of  ώ are used to estimate ὲ , the forecast flood depth, and the 

associated flood damage. 

 
Figure 3.6: Schematic of a damage function used in the RIC for a specific mitigation time in 

the generic fluvial case 

The RIC simulates the response of householders to flood warnings through the functions found by 

Carsell et al. (2004). 

Polder Case 

The RIC in the polder case (Figure 3.7) considers a polder system where pumping 

systems operate before or during storm events to remove water from the inner rivers 

to the outer rivers in a selected polder area of Nanjing, to enable water to drain from 

the polder areas into the inner rivers. In that case, the response represents a pumping 

scheme operating in a polder system, and the impact is estimated as the resulting 

area of waterlogging (ὡ) in the polder after the 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 function of ὡ. A lumped 

water balance model is used to represent the 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 polder area. 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 proactive and reactive actions and both the 

deterministic and probabilistic forecast scenarios. 
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Figure 3.7: Description of RIC in the polder system case study 

3.2.4 Benchmark scenarios  

When evaluating a FEWS in economic terms, 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 knowledge of the future 

values. Thus, these two scenarios are used as benchmark cases to analyse the 

ólocationô of the economic performance of the imperfect FEWS between them. By 

definition, the perfect forecast scenario results are never outperformed by the results 

of the imperfect FEWS, but the results of the no warning scenario may be better 

than the imperfect-forecast-based results due to the economic consequences of high 

PU. Benchmark scenarios are used in Chapters 6 and 7. Since there are no forecasts 

in the no warning scenario, the FWDC is removed in this case 

Generic fluvial Case 

For the perfect forecast scenario and no warning scenario in the simulated generic 

fluvial case (Chapter 6), potential floods in the at-risk community are simulated 

from the marginal distribution of ώ of the bivariate parametric model considered in 

the MCFG. The flood depth is estimated by the approach described above for the 

imperfect forecast FEWS.  

For the no warning scenario, ὲ  is simulated through the assumed impact 

curve, and the flood damage in each floodplain property is estimated by using the 

functions proposed by Carsell et al. (2004) and assuming a mitigation time of zero. 

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

flooded, i.e.,  ὲ =ὲ .  

Polder Case 

In the simulated flood-prone-polder 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 water balance model and assuming perfect 

knowledge of the storm's profile and volume.  

3.3 Performance measure estimation 

As one can see, the generic end-to-end modelling framework allows forecast 

outputs to be linked with warning decisions and the associated responses and flood 

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-to-end 

simulation of the system associated with the sample.  

For the simulated fluvial case, the metrics used to analyse the reliability of a FEWS 

are the probability of detection (POD) and false alarm ratio (FAR) for each lead 

time (Table 2.2), while the economic metric used is the expected damage (ED) 

derived by taking the convolution of the frequency distribution of flood depth with 

the house damage function for each lead time. The reliability of flood warnings is 

explored through FAR and POD estimated based on the FTC and FPC criteria in 

Chapter 5, whereas ED values are used in Chapter 6 to define the economic 

effectiveness of flood warnings relative to the no warning scenario. In the simulated 

flood-prone-polder system case, metrics such as the average of the maximum 

inundated area (ὓὍὃ) and the waterlogging duration (ὨӶ) are considered for 

evaluating the performance of the FEWS. Since these performance measures are 

related to the pumping costs, the average pumping costs (ὖὅ) are also 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 FEWS behaves under different factors controlling the 

performance of the system. 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 representing these factors. The methods commonly adopted for 

doing a SA can be classified as two: local and global (Pianosi et al., 2016; Devak 

and Dhanya, 2017). Local SA is a one-at-a-time (OAT) technique that, in essence, 

analyses the effect of one parameter change at a time on the model being evaluated, 

keeping the other parameters fixed. Global SA, on the other hand, considers 

variations within the entire space of variability of the parameters. Since the main 

aim in the SA was to do a first-order analysis that would reveal the main 

sensitivities of the factors controlling the FEWS performance, a local SA analysis 

was adopted. Thus, this type of SA was conducted in the simulated generic fluvial 

case (Chapter 5 and 6) and flood-prone polder system case (Chapter 7).  
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 Chapter 4. Monte Carlo Flood Peak and Forecast Generator 

(MCFG) 

4.1 Introduction  

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

framework of the research; the Monte Carlo flood and forecast generator (MCFG) 

(see Figure 4.1). The MCFG is associated with a given forecast horizon or lead time 

(Ű) and is based on a bivariate probabilistic model of the peak flows (ώ) and their 

forecasts (ώ) whose marginals are represented by appropriate distributions. Here, 

the generic fluvial case is taken as a reference. The deterministic and probabilistic 

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

model.  

Thus, this Chapter is organized as follow: Section 4.2 gives a description of the 

probability distributions considered as candidates to represent ώ and ώ; section 4.3 

describe the theory used when doing the bivariate modelling of these two variates 

and shows the algorithms built to simulate pairs (ώ,ώ) and to build the PU  assuming 

they can be represented by a five-parameter bivariate Exponential distribution 

(BED) and a seven-parameters bivariate Log-normal distribution (BLND). Section 

 

Figure 4.1 Illustration of a type of forecasting model to be represented in the generic fluvial case. 
The figure shows a potential configuration of a forecasting system operating for an at-risk community when 

the lead time (†) is bigger than the response time of the catchment. In this case, the hydrological model is 
forced with quantitative precipitation forecasts (QPFs). 
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4.5 presents  data analysis which validates some assumptions made when choosing 

the shape of the marginal distributions of ώ and ώ, and when choosing the bivariate 

model of these two variates. Section 4.6 explains the criteria used to associate the 

dependence structure of the pairs (ώ,ώ), embedded in the bivariate probabilistic 

model, with Ű and a given forecasting performance measure. Finally, section 4.7 

shows the parametrization of the MCFG and the sensitivity analysis (SA) strategy 

adopted to define the parameters of the MCFG, which 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 simulate peaks through the peak over threshold-method (POT-method)  

(Claps and Laio, 2003; Bezak et al., 2014). However, some works suggest that this 

variable can also be simulated through the Lognormal (LN)(Adamson and 

Zucchini, 1984), Gamma (Baļov§-Mitková and Onderka, 2010), or the Generalized 

Logistic (GL) distributions (Bhunya et al., 2012). In this work, three of these 

distributions were considered as candidates for describing real data: the two-

parameter exponential distribution, the three-parameter log-Normal distribution, 

and the three-parameter Gamma distribution. Since ώ and ώ will be analyzed based 

on the same probability distributions, to avoid too many different symbols,  the 

following notation is used throughout this section: 

V ύ: variable used to represent ώ or Ù. 
V ύ : variable used to represent the location parameter of ώ or ώ, i.e. ώ or ώ, 

respectively. 

V ᾀ: for the two-parameter Exponential distribution and three-parameter 

Gamma distribution, it represents the transformed variables: ὼ ώ ώ or 

ὼ ώ ώ. For the case of the three-parameter Lognormal distribution, it 

represents the natural log of ὼ or ὼ. 

A summary of the equations of the cumulative density function (CDF), mean, and 

variance for the three probabilistic models considered in this work as candidates to 

represent ώ and ώ is shown in Table 4.1. A brief description of each of them, 

including the moment equations, is detailed as follows.  
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Table 4.1 Equations of the CDF, mean, and variance of the probabilistic models considered 

as candidates to represent ◐ and ◐.  

The equations of the random variables ὣ and ὣ can be obtained by replacing ύ with ώ and ώ, and, 

for the case of the Exponential and Gamma distributions, ᾀ with ὼ and ὼ. 

4.2.1 The one and two two-parameter Exponential distributions  

If ὤ ὡ ύ  has an exponential distribution with scale parameter ‍, and ύ  is 

known, then the distribution of ὤ becomes a one-parameter Exponential distribution 

with parameter ‍. 

The CDF of ὤ in this case is: 

 

Ὂύ
ρ Ὡὼὴ

ᾀ

‍
ȟύ ύȟ

πȟ                                   ύ ύ 
 Eq. 4.1 

with mean: 

 А ύ ‍ Eq. 4.2 

CDF Mean Variance 

Two parameter-Exponential distribution 

Ὂύ
ρ Ὡὼὴ

ύ ύ

‍
ȟύ ύȟ

πȟ                                   ύ ύ 
 

ύ ‍ ‍  

Three-parameter Log-normal distribution 

Ὂύ ɮ
ὰὲύ ύ А

„
ȟύ ύ  

ύ Ὡὼὴ А
πȢυ„  

Ὡὼὴ „ ςА Ὡὼὴ„
ρ 

Three-parameter Gamma distribution 

Ὂύ
ρ

ɜὯ
‎Ὧȟ

ύ ύ

‍
ȟύ ύ  

ύ Ὧ‍ Ὧ‍  

Notation:  

ύ: Variable to represent  ώ or ώ. 

ύ : Location parameter of ώ or ώ. 

ᾀ: For the two-parameter Exponential distribution and three-parameter Gamma distribution, it 

represents the transformed variables: ὼ ώ ώ or ὼ ώ ώ. For the case of the three-

parameter Lognormal distribution, it represents the natural log of ὼ or ὼ. 

‍: Shape parameter for the two-parameters Exponential distribution and the three-parameter 

gamma distribution. 

Ὧ: Scale parameter for the three-parameter Gamma distribution. 

А: Scale parameter of the three-parameter Log-normal distribution. 

„: Shape parameter for the three-parameter log-normal distribution. 

ɮ: The CDF of the standard normal distribution. 
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variance: 

 „ ‍  Eq. 4.3 

and skewness coefficient: 

ד  ς   Eq. 4.4 

If ὤ ὡ ύ  has an exponential distribution with scale parameter ‍, and ύ  is 

unknown, then the distribution of ὡ becomes a two-parameter Exponential 

distribution with parameters Ᵽ ύȟ‍ (Thomopoulos, 2017). The CDF of this 

distribution is obtained by replacing ᾀ by ύ ύ  in Eq. 4.1. 

Parameter estimation: Method of moments 

If ύ  is known (one-parameter Exponential distribution), ‍ can be estimated from 

the sample mean by: 

 ‍ ύ ύ  Eq. 4.5 

where ύ is the sample mean of ὡ. 

If ύ  is unknown (two-parameter Exponential distributions), then  ‍ and ύ  can 

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

 ‍ ί  Eq. 4.6 

 ύ ύ ί Eq. 4.7 

where ί is the sample standard deviation of ὡ. 

4.2.2 The two and three-parameter Lognormal distribution  

If ὤ ὰὲὡ ύ  is normally distributed with a mean А and standard deviation 

„, and ύ  is known, then the distribution of ὤ becomes a two-parameter 

Lognormal distribution with parameters Ᵽ Аȟ„  (Stedinger, 1980; Stedinger 

et al., 1993; Thomopoulos, 2017). 

The CDF of ὤ in this case is: 
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Ὂύ  

ὰὲᾀ А

„
ȟύ ύ  Eq. 4.8 

with mean: 

 А ύ Ὡὼὴ А πȢυ„  Eq. 4.9 

variance: 

 „ Ὡὼὴ „ ςА Ὡὼὴ„ ρ Eq. 4.10 

and skewness coefficient: 

ד  σה ה  Eq. 4.11 

where   is the CDF of the standardized normal distribution and ה

Ὡὼὴ„ ρ Ȣ. 

If ὤ ὰὲὡ ύ  is normally distributed with mean А and standard deviation 

„, and ύ  is unknown, then the distribution of ὡ becomes a three-parameter 

Lognormal distribution with parameters Ᵽ ύȟАȟ„ (Thomopoulos, 2017). 

The CDF of this distribution is obtained by replacing ᾀ by ύ ύ  in Eq. 4.8. 

Parameter estimation: Method of moments 

If ύ  is known (two-parameter Lognormal distribution), then А and „ can be 

estimated from the mean and variance of the sample by: 

 А ςὰὲύ πȢυὰὲί ύ  Eq. 4.12 

 „ ςὰὲύ ὰὲί ύ  Eq. 4.13 

where ί is the variance of the sample of ὡ. 

If  ύ  is unknown (three-parameter Lognormal distribution), then „ has to be first 

estimated from the sample estimate of the skewness coefficient ד  based on the 

following relationship given by Chow (1954) and by Wilson & Worcester (1945). 
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Ὡὼὴ„ ρ πȢυד ד τ ד

Ȣ Ⱦ

ρ πȢυד ד τ ד
Ȣ Ⱦ

ρ   
Eq. 4.14 

А and ύ  can be then estimated by: 

 
А πȢυὰὲ

ί

Ὡὼὴ„ Ὡὼὴ„ ρ
 Eq. 4.15 

 ύ ύ Ὡὼὴό πȢυ„  Eq. 4.16 

4.2.3 The two and three-parameter Gamma distribution  

If ὤ ὡ ύ  is a random variable distributed according to a Gamma distribution 

with scale parameter ‍ and shape parameter Ὧ, and ύ  is known, then the 

distribution of ὤ becomes a two-parameter Gamma distribution with parameter Ᵽ

‍ȟὯ  (Bowman and Shenton, 2011). 

The CDF of ὤ is: 

 
Ὂύ

ρ

ɜὯ
‎Ὧȟ

ύ ύ

‍
ȟύ ύ  Eq. 4.17 

with mean: 

 А ύ Ὧ‍ Eq. 4.18 

variance: 

 „ Ὧ‍ Eq. 4.19 

and skewness coefficient: 

 
ד

ς

Ὧ
 Eq. 4.20 

Where ɜ is the gamma function.  

If ὤ ὡ ύ  is a random variable distributed according to a Gamma distribution 

with scale parameter ‍ and shape parameter Ὧ, and ύ  is unknown, then the 
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distribution of ὤ becomes a three-parameter Gamma distribution with parameter 

Ᵽ ύ ȟ‍ȟὯ  

Parameter estimation: Method of moments 

If ύ  is known (two-parameter Gamma distribution), then ‍ and Ὧ can be 

estimated from the mean and variance of the sample by: 

 
Ὧ

ύ ύ

‍
 Eq. 4.21 

 
‍

ί

Ὧ

Ȣ

 Eq. 4.22 

If  ύ  is unknown (three-parameter Gamma distribution), then Ὧ has to be first 

estimated from the sample estimate of the skewness coefficient ד  by: 

 
Ὧ

ς

ד
 Eq. 4.23 

‍ can be then estimated by using Eq. 4.22. Finally,  ύ  can be estimated by: 

 ύ ύ ‍Ὧ Eq. 4.24 

4.3 Bivariate distributions.  

This section describes/explains the theory of some bivariate distributions, which are 

important to understand the criteria used in this work to do the bivariate modelling 

of ώ and ώ. 

4.3.1 The standardized bivariate Normal distribution (BND). 

The bivariate normal distribution (BND) in 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 model of flood 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 ὔπȟρ variables which are important to 

understand the algorithms which can be used to simulate ώ and ώ. 



63 

 

Univariate properties 

Both marginal distributions are Normal. Thus, suppose that ɠ and ɠ are correlated 

standardized Normal random variables; the corresponding CDFs of these marginals 

are defined by: 

 
Ὂʂ

ρ

ς
ὩὶὪ

–

Ѝς
 Eq. 4.25 

 
Ὂ–Ƕ

ρ

ς
ὩὶὪ

–Ƕ

Ѝς
    Eq. 4.26 

where ὩὶὪ is a function called the error function.  

Bivariate properties 

The joint probability density function (PDF) is: 

 
Ὢ–ȟ–Ƕ

ρ

ς“ ρ ”

Ὡὼὴ
ρ

ςρ ”
–Ƕ – ς––Ƕ”    Eq. 

4.27 

where ”  is the product-moment correlation coefficient between the two 

standardized variables. 

Conditional properties  

The conditional density of –ȿ–Ƕ is Normal and, for the case of ɠ given ɠ , has 

the following characteristics: 

 
Ὢ–ȿ–Ƕ

ρ

ς“ ρ ”

Ὡὼὴ
ρ

ςρ ”
” –Ƕ – ς––Ƕ”  Eq. 

4.28 

with conditional mean: 

 Ὁɠɠ ‘ȿ –Ƕ”  Eq. 4.29 

and conditional variance: 
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 ὺὥὶɠɠ „ȿ ρ ”  Eq. 4.30 

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

Ὁɠɠ , is linear, the conditional variance is constant, and the probability 

distribution of the estimation errors, namely ‐ – ‘ȿ is  a Normal distribution 

with mean ‘ π and variance „ ρ ” . 

4.3.2 The bivariate Exponential distribution (BED). 

If ώ and ώ can be represented by the Exponential distribution, then the BED can be 

a potential candidate to conduct the bivariate modelling of these variates. The 

properties of this distribution can be derived from the MoranïDownton BED 

(Downton, 1970). An extensive discussion of this BED is found in Nagao & Kadoya 

(1971).  Thus, this section first describes the standardized BED, which is the basis 

for describing the three- and five-parameters BED.   

4.3.2.1 The standardized BED 

The following considerations are for a BED distribution function in which every 

variable is standardized. 

Univariate properties 

Both marginal distributions are exponential. Thus, suppose that ὠ and ὠ are 

correlated standardized exponential variables; the corresponding CDFs of these 

marginals are defined by: 

 Ὂὺ ρ Ὡ  Eq. 4.31 

 Ὂὺ ρ Ὡ  Eq. 4.32 

Bivariate properties 

The joint PDF is: 

 
Ὢὺȟὺ

ρ

ρ ”
Ὡὼὴ

ὺ ὺ

ρ ”
Ὅ
ςὺὺ”

ρ ”
 Eq. 4.33 
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where Ὅ is the modified Bessel function of the first kind of order zero, and  ”  is 

the product-moment correlation coefficient between the two random variates 

(Balakrishna and Lai, 2009). 

Expressed as an infinite series, the joint CDF is (Balakrishna and Lai, 2009):  

 
Ὂὺȟὺ ρ Ὡ ρ Ὡ

”

Ὦ ρ
ὒ ὺὒ ὺὺὺὩ  

Eq. 
4.34 

where the ὒ  are Laguerre polynomials.  

Conditional properties  

The conditional PDF, for the case of ὠ given ὠ ὺ, has the following 

characteristics: 

 
Ὢὺȿὺ

ρ

ρ ”
Ὡὼὴ

ὺ ὺ”

ρ ”
Ὅ
ςὺὺ”

ρ ”
 Eq. 4.35 

with conditional mean: 

 Ὁὠὠ ὺ ‘ȿ ρ ” ὺ ρ Eq. 4.36 

and conditional variance: 

 ὠὥὶὠὠ ὺ „ȿ ρ ” ςὺ” ρ ”  Eq. 4.37 

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

Ὁὠὠ ὺ, is linear with varying dispersion. The latter is based on the fact that, 

unlike the Normal distribution, the conditional variance is a function of the 

independent variable, in this case, denoted by ὺ. That means that, in the BED, the 

conditional variance increases as the value of the independent variable increases. 

This is an important property for modelling the conditional variance of an observed 

peak water value, given the forecast, as it has been observed to increase with the 

forecast value (Coccia and Todini, 2011; Zhao et al., 2015). 



66 

 

4.3.2.2 The three-parameters BED 

If ώ and ώ are correlated and ώ and ώ are known a priori, then the transformed 

variables: 

 ὼ ώ ώ Eq. 4.38 

 ὼ ώ ώ Eq. 4.39 

can be represented by a one-parameter Exponential distribution with parameters ‍ 

and ‍, respectively (see section 4.2.1). These variables are usually known as 

threshold exceedances (Claps and Laio, 2003; Bezak et al., 2014), and they will be 

referred to as such here. Pairs ὼȟὼ can be, therefore, represented by a three-

parameter BED with parameters Ᵽ●● ‍ȟ‍ȟ” , where ”  is the product-

moment correlation between ὼ and ὼ. The designation of these variables is 

ὼȟὼ ὄͯὉὈ‍ȟ‍ȟ” . 

For this BED, the analytical expression of Ὢὼȟὼ and Ὢὼȿὼ can be easily obtained 

from the analytical expressions of the standardized BED (Eqs. 4.36 and 4.37) by 

doing the following replacement: 

 ὺ
ὼ

‍
 Eq. 4.40 

 
ὺ

ὼ

‍
 Eq. 4.41 

 ” ”  Eq. 4.42 

and adding the product ‍‍ and ‍ to the denominators of the factors that represent 

the normalizing constant in Ὢὼȟὼ and Ὢὼȿὼ, respectively. The expression of 

Ὂὼȟὼ is not needed as Ὂὺȟὺ Ὂὼȟὼ. The conditional moments are defined 

as: 

 
Ὁὢὢ ὼ ‘ȿ ‍ ρ ”

”ὼ

‍
 Eq. 4.43 

 
ὠὥὶὢὢ ὼ „ȿ ‍ ρ ”

ς

‍
”ρ ”ὼ Eq. 4.44 
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4.3.2.3 The five-parameter BED 

If ώ and ώ can be represented by the two-parameter Exponential distribution with 

parameters Ᵽ ώȟ‍  and Ᵽ ώȟ‍  respectively and they are correlated, 

the direct bivariate modelling of ώ and ώ should be based on the five-parameter 

BED with parameters Ᵽ ‍ȟ‍ȟ” ȟώȟώ , where ”  is the product-

moment correlation between ώ and ώ. The designation of these variables is 

ώȟώ ὄͯὉὈ‍ȟ‍ȟ” ȟώȟώ . The standardized BED can also be used to obtain 

the analytical expressions for this distribution. In this case, to obtain Ὢώȟώ and 

Ὢώȿώ the replacements in Eq. 4.33 and 4.35  should be: 

 ὺ
ώ ώ

‍
 Eq. 4.45 

 
ὺ
ώ ώ

‍
 Eq. 4.46 

 ” ”  Eq. 4.47 

Since the bivariate modelling of the pairs ώȟώ can be based on the conditional 

moments of the standardized exponential variables,  this work did not derive the 

equations of the conditional moments ‘ȿ and „ȿ which should include the 

location and scale parameters and which can be obtained from Eq 4.36 and Eq 4.37, 

respectively. 

The five-parameter  BED is convenient since it allows us to explore the case when 

the means of ώ and ώ are the same but their variances are different. This analysis 

could not be done if they would be represented by the three-parameter BED where 

the mean and standard deviation are equal. 

4.3.3 The bivariate Log-normal distribution (BLND) 

If ώ and ώ can be represented by univariate Log-normal distributions, then the 

BLND can be a potential candidate to conduct the bivariate modelling of these 

variates. A description of this bivariate distribution is found in Yue (2000) and 

Thomopoulos (2017). This section first describes the five-parameter BLND, which 

is the basis for describing the seven-parameter BLND.   
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4.3.3.1 The five-parameters BLND 

If ώ and ώ are correlated and ώ and ώ are known a priori, then the natural log of 

their thresholds exceedances, i.e., ᾀ ὰὲὼ and ᾀǶ ὰὲὼ, are normally 

distributed with means А and АǶ and standard deviations „ and „Ƕȟ respectively 

(see section 4.2.2). Therefore, the pairs ὼȟὼ can be represented by a five-

parameter BLND with parameters Ᵽ Аȟ„ȟАǶȟ„Ƕȟ” Ƕ, where ” Ƕ is the 

product-moment correlation coefficient between ᾀ and ᾀǶ. The designation of these 

variables is (ὼ,ὼ) ͯὄὒὔὈАȟ„ȟАǶȟ„Ƕȟ” Ƕ. 

Univariate properties 

Both marginal distributions are lognormally distributed. Assuming that the pairs 

ὼȟὼ have these distributions; the corresponding CDFs are defined as: 

 
Ὂὼ  

ὰὲὼ А

„
ȟὼ π Eq. 4.48 

 
Ὂὼ  

ὰὲὼ А

„
ȟὼ π Eq. 4.49 

Bivariate properties 

The joint PDF is: 

 
Ὢὼȟὼ

ρ

ς“ὼὼ„„ ρ ”

Ὡὼὴ
ή

ς
  

where 

 ή  
А

ς”
А А

А
  

Eq. 4.50 

Conditional properties  

The conditional PDF is lognormally distributed and, for the case of ὢ given ὢ ὼ,  

has the following characteristics: 
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Ὢὼȿὼ  

ρ

ὼ„ȿǶЍς“
Ὡὼὴ

ρ

ς

ὰὲὼ ‘ȿǶ

„ȿǶ

Ȣ

 Eq. 4.51 

with conditional mean: 

 ‘ȿ ‘ ”
„

„Ƕ
ὰὲὼ ‘Ƕ Eq. 4.52 

and conditional variance: 

 „ȿ „ ρ ” Eq. 4.53 

 

Note that, for the sake of simplicity, the properties of ",.$ Аȟ„ȟАǶȟ„Ƕȟ” Ƕ 

characterising the pairs ὼȟὼ have been described by taking the natural log of each 

of the two variables where the Normal distribution emerges, and this distribution is 

easier to handle. Thus, in fact, the above equations represent the BND of the 

variables ᾀ ὰὲὼ and ᾀǶ ὰὲὼ. Therefore, the characteristics of the mean 

regression and conditional variance are the same as those described in section 4.3.1. 

Some further properties of the ",.$ Аȟ„ȟАȟ„ȟ”  in terms of the log-

normal variables, in this case, denoted as ὼ and ὼ,  can be found in Balakrishna 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 ὼ as a result of the logarithmic transformation (Eq 4.53). 

4.3.3.2 The seven-parameters BLND.  

If ώ and ώ can be represented by a three-parameter Log-Normal distribution with 

parameters Ᵽ◐ ώȟАȟ„  and Ᵽ◐ ώȟАȟ„  respectively, and they are 

correlated, the bivariate modelling of ώ and ώ should be based on the seven-

parameters BLND with parameters Ᵽ◐ȟ◐ Аȟ„ȟАǶȟ„Ƕȟώȟώȟ” Ƕ. The 

designation of these variables is (ώ,ώ) ͯὄὒὔὈАȟ„ȟАǶȟ„Ƕȟώȟώȟ” Ƕ. For this 

BLND, the analytical expression of univariate and bivariate properties can be easily 

obtained from the analytical expressions of the five-parameter BLND by 

substituting ὼ  ώ ώ and ὼ ώ ώȟ respectively (see the 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; Lewis et al., 2017). In this research, the bivariate 

simulation of ώ and ώ was based on the method known as the conditional approach 

(Lewis and Orav, 2018) by using algorithms that have 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, then describes the Gaussian copula approach, and 

finally shows the algorithms built to simulate pairs (ώ,ώ) and to build the PU of  

 ώȿώ assuming they can be represented by a BED or a BLND. By way of example, 

for the case when the pairs (ώ,ώ) ͯὄὉὈ‍ȟ‍ȟώȟώȟ” , an algorithm that 

considers restrictions on the shape of the marginal distribution was considered. This 

algorithm is based on the Moran-Downton BED, and an analysis of its advantages 

and disadvantages with respect to the Gaussian-copula-based algorithm is provided.  

4.4.1 The conditional simulation approach and predictive uncertainty (PU) 

Since PU can be defined as the uncertainty of a future realization of a predictand 

(the future quantity of interest) conditional on, for example, one model forecast 

(Todini, 2016), the conditional distribution of ώ  given  ώ, i.e. Ὢώȿώ , can be used 

to derive PU. This concept can be further used to represent the realization of ώ, i.e. 

ώ, through a value drawn from Ὢώȿώ . This approach is known in bivariate 

simulation as the conditional approach (Lewis and Orav, 2018). When using this 

approach, the ideal situation is when one has the moment equations of Ὢώȿώ . If 

these equations are not available or are not easy to handle, Ὢώȿώ  can be built via 

a sampling technique where the conditional approach is applied in a different space, 

and, then, these values are  converted to the real space by using a transformation 

technique. In the next subsections, it is shown how this approach can be used to do 

the bivariate simulation of ώ and ώ assuming different bivariate probabilistic models 

(BED and BLND) through a Gaussian copula-based approach.  

4.4.2 Bivariate simulation based on the Gaussian copula 

The most convenient approaches to do a bivariate simulation are those that do not 

impose any restriction on the range of association between variates or with the form 

of the marginal distributions (Kelly and Krzysztofowicz, 1997), i.e., marginal-free 
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bivariate generators. In this work, one of these methods, the Gaussian copula, was 

employed to do the bivariate simulation of ώ and ώ.  

The Gaussian copula, in the bivariate version, is, in essence, the bivariate CDF 

derived from the standard bivariate Normal distribution (BND), whose univariate 

marginal CDFs are uniformly distributed on the range [0,1]. Thus, this method 

basically uses the standard BND to simulate bivariate variables with a specific 

correlation structure and then transform the standardized normal distributions into 

uniform distributions through the probability integral transform (PIT). Finally, the 

uniform distributions are transformed into any required distributions by computing 

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

distributions. 

The Gaussian copula approach must first generate jointly standardized Normal 

random variables, i.e., pairs ( ȟ) with a specified correlation ”  (according to the 

notation used in section 4.3.1). Based on these bivariate points, a generic Gaussian 

copula generator is constructed as follows. Let Ὓȟὗ  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 pairs ίȟή can be done by the following approach.  

V Step 1: Generate a set of ὲ random values of ɠ, i.e.–Ƕ,  from ὔͯ πȟρ. 

V Step 2: Generate  from Ὢὲȿὲ  (see Eq. 4.28), i.e., the conditional 

distribution of ῷ given the value  of ῷ generated in Step 1,  by drawing a 

random value from each of these conditional distributions.  

V Step 4: Compute the CDFs of each of the corresponding pairs (ȟ), 

denoted as Ὂ  and Ὂ Ƞ these then define Uniformly distributed pairs of 

random variables as     

  ό Ὂ    and  ὶ Ὂ  

V Step 5: Using the probability integral transform (PIT), obtain ί and ή as: 

ί Ὂ ό  and  ή Ὂ ὶ 

where Ὂ  and Ὂ  are the inverses of the CDFs of ί and ήȟ respectively. 

Figure 4.2 illustrates the bivariate simulation of pairs ( ȟ) through Steps 1 and 2 

of the algorithm mentioned above. 
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Figure 4.2: I llustration of how pairs ( , )  are generated from a standard BND based on the 

conditional approach 

4.4.3 Bivariate simulation of ◐ and ◐ based on the BED 

The bivariate simulation of ώ and ώ based on the BED was addressed by considering 

two algorithms: i) an algorithm based on the MoranïDownton BED; and ii) an 

algorithm based on the Gaussian copula. The concepts, procedures, and advantages 

and disadvantages of each of them are explained as follows. 

4.4.3.1 Simulation of ώ and ώ  based on the Moran-Downton BED 

The Moran-Downton BED algorithm is based on the generation of standardized 

bivariate Exponential random variables; thus, this section first explains how it is 

done based on the conditional approach and then describes the algorithms used to 

simulate pairs (ώ,ώ) and to derive the PU. 

Using the notation of section 4.3.2, pairs (ὺȟὺ) of a standard BED with a specified 

correlation ”  can be simulated based on the conditional approach by:       

V Step 1: Generate a random value of ὠ, i.e. ὺ,  from Ὁὼὴͯρ i.e., 

standardised exponential distribution with a mean 1. 

V Step 2: Generate ὺ from Ὢὺȿὺ  (see Eq. 4.35), i.e., the conditional 

distribution of  ὠ given the value ὺ of ὠ generated in Step 1,  by drawing a 

random value from this conditional distribution.  

Assuming (ώ,ώ) ͯὄὉὈ‍ȟ‍ȟώȟώȟ” , pairs (ώ,ώ) can be simulated from the 

Moran-Downton BED by following the steps: 

V Step 1: Define the moments ‍ and ‍, the coefficient of correlation ” , 

and the thresholds ώ and ώ.    
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V Step 2: Use the relationship ” ”  to generate pairs (ὺȟὺ) based on the 

conditional approach (see Figure 4.3a). 

V Step 3: Obtain the exceedances of ώ and ώ i.e., the pairs (ὼ,ὼ), by: 

ὼ ‍ὺ 
ὼ ‍ὺ 

V Step 4: Obtain the values of ώ and ώ by adding the thresholds to the 

exceedances: 

ώ ώ ὼ 
ώ ώ ὼ 

Figure 4.3  illustrates the above algorithm. 

 

Figure 4.3: I llustration of the Moran -Downton model-based algorithm used to generate pairs 

(◐,ὁ) 
The algorithm starts generating pairs (ὺ,ὺ) based on the conditional approach (Figure a); then the 

pairs (ὼ,ὼ) are obtained by multiplying ὺ and ὺ by the scale parameters ‍ and ‍ respectively 

(Figure b); Finally, the pairs (ώ,ώ) are obtained by adding to each value of ὼ and ὼ a constant value 

defined by the thresholds ώ and ώ, respectively (Figure c). In this algorithm, the following 

relationship is met: ” ” ” . 

Building of PU 

The PU    can be built by simply sampling ὲ values from the conditional distribution 

Ὢὺȿὺ  obtained in the algorithm used to obtain the pairs (ώ,ώ) (Step 2) and then 

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

in terms of ώ. PU can be finally expressed in terms of density values by, for 

example, computing the Kernel density estimations (Sheather and Jones, 1991) of 

the sampling values.  

4.4.3.2 Bivariate simulation of ώ and ώ based on the Gaussian copula 

Assuming (ώ,ώ) ͯὄὉὈ‍ȟ‍ȟώȟώȟ” , pairs (ώ,ώ) can be simulated based on 

the Gaussian copula through the following algorithm.  
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V Step 1: Define the moments ‍ and ‍, the coefficient of correlation ”  

associated with ” , and the thresholds ώ and ώ. 

V Step 2: Generate pairs (ȟ) based on the conditional approach (Figure 4.2). 

V Step 3: Compute the CDF of the corresponding pairs (ȟ). 

      ό Ὂ   and  ὶ Ὂ  

V Step 4: Compute standardized exponential variables ὺ and ὺ  as:  

      ὺ Ὂ ό  and  ὺ Ὂ ὶ 

where Ὂ  and Ὂ  are the inverse of the distributions of  ὺ and ὺ which are  

in turn defined as: 

      ὺ   ὥὲὨ ὺ  

V Step 5: Pairs (ώȟώ) can  be finally obtained as: 

ώ ώ ‍ὺ 
ώ ώ ‍ὺ 

Building the PU 

The PU can be built by simply sampling ὲ values from the conditional distribution 

Ὢ ȿ  obtained in the algorithm used to obtain the pairs (ώ,ώ) (Step 2) and then 

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

in terms of ώ. PU can be finally expressed in terms of density values by computing 

the Kernel density estimations of the sampling values.  

4.4.3.3 Advantages and disadvantages of Moran-Downton-model- and Gaussian 

copula-based algorithm 

The advantages and disadvantages of the algorithms used to simulate pairs (ώ,ώ) 

based on the BED are listed below.  

V The MoranïDownton model-based algorithm uses the value of the 

correlation coefficient in the real space, i.e., ” . It can be considered an 

advantage with respect to the Gaussian copula-based approach as the latter 

bases the bivariate modelling on the normal space, for which they must use 

a transformation technique to obtain the value of the correlation coefficient 

in the real space. This could be an issue if one does not have an analytical 

relationship between these two variables. 

V Both algorithms have no restriction with the range of association between ώ 
and ώ. 

V The MoranïDownton model has a restriction with the shape of the 

marginals; they must be exponentially distributed, i.e., it is a non-marginal 

free bivariate generator. The Gaussian copula is a marginal-free bivariate 

generator. 

V The MoranïDownton-model- based algorithm allows the theoretical joint 

probabilities to be computed (see Eq. 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 resulting empirical joint probabilities obtained from 

the standardized variables of a sample of pairs (ώ,ώ). 
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4.4.4 Bivariate Simulation of ◐ and ◐ based on the seven-parameters BLND  

Since there is a close relationship between Normal and Lognormal distributions, 

several analytical expression has been developed to show that relationship (Lai et 

al., 1999; Thomopoulos, 2017). In this work, some of these expressions have been 

used to build an algorithm that allows us to simulate pairs 

(ώ,ώ) ͯὄὒὔὈАȟ„ȟАǶȟ„Ƕȟώȟώȟ” Ƕ (see section 4.3.3.2) and build the PU. This 

algorithm is detailed below. 

Considering the notation used in section 4.3.3 and assuming 

(ώ,ώ) ͯὄὒὔὈАȟ„ȟАǶȟ„Ƕȟώȟώȟ” Ƕ, pairs (ώ,ώ)  can be simulated through the 

following algorithm.  

V Step 1: Define the moments А, А, ʎ, „, the coefficient of correlation 

” , and the thresholds ώ  and ώ.    

 

V Step 2: Use the expression А А ώ, А А ώ, ʎ ʎ, and 

ʎ ʎ to obtain the mean and variance of the log-transformed values of   

ώ and ώ in the Normal space by using the following analytical relationships 

between the Normal and log-Normal distribution: 

      А ςÌÎА πȢυÌÎ А „                                  

      „ ςÌÎА ÌÎ А „                                 

            АǶ ςÌÎА πȢυÌÎ А „                                 

      „Ƕ ςÌÎА ÌÎ А „   

 

V Step 3: Use the expression ” = ”  to compute the coefficient of 

correlation of z=ln(ὼ and ᾀǶ = ÌÎ ὼ in the normal space by: 

” Ƕ

ÌÎ ” ᶻ ÅØÐ„ ρᶻÅØÐ„Ƕ ρ ρ

„ „zǶ
   

 

V Step 4: Use the relationship ” Ƕ ”  to generate pairs (ȟ) based on the 

conditional approach (see Figure 4.2). 

 

V Step 5: Obtain the values of the transformed variables of ώ and ώ in the 

normal space, i.e., the pairs (ᾀ,ᾀǶ), by:  

ᾀ А „ᶻ                                       

ᾀǶ АǶ „Ƕz                       
                 

V Step 6: Obtain the pairs (ώ,ώ) by. 

ώ ÅØÐᾀ ώ   

            ώ ÅØÐᾀǶ ώ 
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Building the PU 

The PU of each pair (ώ,ώ) can be built by simply sampling ὲ values from the 

conditional distribution Ὢ ȿ  obtained in the algorithm used to obtain the pairs 

(ώ,ώ) (Step 4) and then conveying the resulting values to real space by following 

the steps of the algorithm in terms of ώ. PU can be finally expressed in terms of 

density values by computing the Kernel density estimations of the sampling values.  

4.5 Data analysis. 

Data analysis was conducted to support the assumptions made when doing the 

bivariate modelling of pairs (ώ,ώ), which basically consisted of doing a univariate 

and bivariate analysis of these variates.  

4.5.1 Observed data (y) 

The analysis of ώ was based on the records of four gauging stations located close to 

or in a floodplain in England (see Figure 4.4). These stations were selected because 

they are at locations with known flooding. The observed discharges were converted 

into water levels ώ by using the rating curves of the at-site gauges taken from the 

National River Flow Archive (NRFA, see https://nrfa.ceh.ac.uk/). 

 

Figure 4.4: Geographical location of the gauging stations used to analyse ◐ and ◐ 

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

bivariate analysis of ώ. 

https://nrfa.ceh.ac.uk/
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Table 4.2 Description of the available information used to analyse ◐ and ◐. 

4.5.2 Simulated forecast data (◐) 

The analysis of ώ was done for only one of these gauging stations, the River Eden 

at Sheepmount, for 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 analysis of ώ and ώ, and the Eden 

SHETRAN model met this criterion. 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 state-of-the-art physically-based, spatially 

distributed model that has been developed at Newcastle University and applied 

widely to catchments in the UK and across the world (Lewis et al., 2018). 

SHETRAN uses a grid-based representation of the catchment, and inputs are often 

gridded at a resolution between 50 m and 5km. The timestep used is often hourly 

or daily, although this temporal resolution decreases during storm events to better 

represent rapid infiltration and surface runoff processes. It has been used in 

countless applications in hydrology, such as in the analysis of the impact of 

groundwater abstractions on streamflows (Parkin et al., 2007), deforestation 

impacts on peak flows and sediments yields (Birkinshaw et al., 2011), nitrate 

transport (Koo and OôConnell, 2006), and real-time flood forecasting (Mellor et al., 

2000) to name but a few.  

Detailed information on the SHETRAN model used to derive ώ (the Eden 

SHETRAN model) can be found in Janes et al. (2018). It was built to study the bank 

erosion process in the Eden catchment, and its calibrated hydrological component 

NRFA 

Code 
Name Lat Long 

Record length (15-min 

time step) 

Period 

simulated 

24003 River Wear at Stanhope 54.75 -2.03 Jan-1961/ Apr-2014 - 

23006 
River South Tyne at 

Featherstone 
54.94 -2.51 Oct-1967/ Apr-2014 - 

22007 
River Wansbeck at 

Mitford 
55.17 -1.73 Mar-1963/ Jan-2015 - 

76007 
River Eden at 

Sheepmount 
54.90 -2.95 Jan-1976/ Nov-2012 

Jan-1990/ Dec-

2006 
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was used in this research to represent simulated discharges of the River Eden at 

Sheepmount (Figure 4.5). The Eden SHETRAN model was applied to a 2400 km2 

predominately rural Eden catchment. A 1-km2 grid resolution and a timestep of 1 

hour were considered. A GIS methodology was used to set up the model based on 

a 30 m digital elevation model, land-use, and soil maps. The spatial hourly rainfall 

was derived by disaggregating a daily 1 km2 gridded daily rainfall product from 

1990ï2007. The 1991-2001 period was used for the calibration procedure, whereas 

the 2001-2007 period for validation (with 1-year óstart-upô period). The calibration 

and validation procedure considered hourly and daily data from the NRFA gauging 

stations and HiFlows data sets. The hourly hydrological performance of the model 

based on the data of  the River Eden at Sheepmount  was characterised by a value 

of the Nash-Sutcliffe Efficiency (NSE) of 0.90, and a coefficient of determination 

(Ὑ ) of 0.91. Figure 4.6 shows the simulated and observed hourly discharges for 

the validation period.  

 

Figure 4.5: Eden catchment, Cumbria UK.  

Locations of gauging stations (black) and sediment data (brown) used for the calibration and 

validation of the model are shown (taken from Janes et al.(2018)). 
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The SHETRAN model was developed for simulation, not real-time forecasting, and 

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

discharges were therefore represented through simulation mode values, i.e., with no 

data assimilation/updating. These ósimulation modeô forecasts can therefore be 

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

has died out.  

 

Figure 4.6: Simulated and observed discharges of the River Eden at Sheepmount.  

The simulated and observed discharge corresponds to the validation period (2001-2007). The NSE 

of the Eden SHETRAN model in the validation procedure was 0.90. 

4.5.3 Selection of peak flows and their forecasts. 

The peak flows ώ and their forecasts ώ are sampled in later chapters from a bivariate 

distribution with marginal distributions represented by a POT model. The variable  

ώ is here defined as the crest of the resulting hydrograph generated by a given 

rainfall event that  crosses a given threshold level (ώ) of the river. The value of ώ 

must be set neither so high that only a few floods are considered in the hydrologic 

frequency analysis (HFA), i.e., it should be lower than the flooding threshold (ώ), 

nor so low that too many peaks are considered, which are not relevant to the HFA 

(see Figure 4.7).  

As one can imply, the peak flow selection is strongly linked to ώ. The problem 

with ώ arises from the fact that the basic model hypothesis of any statistical model 

to be applied to ώ, the independence of consecutive peaks, can be affected when 

considering low thresholds (see, for example, the first peak in Figure 4.7). This 



80 

 

issue can be tackled by imposing further requirements on the basic criterion of 

choosing all the peak flows above ώ. These requirements are usually based on the 

area of the catchment, the time period between two consecutive peaks (Ô) and the 

difference between the magnitudes of the latter. For example,  Cunnane (1979) 

imposes that consecutive peaks must be separated by three times the average time 

to peak of the hydrographs, or that the smallest discharge value between the 

magnitude of two consecutive peaks must be higher than two-thirds of the 

magnitude of the first peak. The Water Resources Council (USWRC, 1982) also 

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 the basin area. Other authors simply consider that consecutive independent peaks 

are characterized by a value of Ô ψ ÏÒ ρυ ÄÁÙÓ (Bogner et al, 2012; Karim et al, 

2017).  

 

Figure 4.7: Illustration of ◐ and ◐ and the main thresholds (◐╫ and ◐╕) involved in the 

selection criterion for performing an HFA of these variates 

On the other hand, ώ is defined as the crest of the forecast hydrograph used to 

forecast the peak flow ώ. The selection of ώ is, therefore, linked to the selected 

values of ώ where the forecast values might or might not fall above ώ. This could, 

for example, occur when the value of ώ is relatively close to ώ, such as the last 

peak in Figure 4.7.  Thus, one has two criteria to select ώ and ώ. The first one has 

to do with selecting the values of ώ and then selecting the values of ώ associate with 

ώ, and the other with selecting only the values of ώ whose associated values of ώ 

fall above ώ, such as the first three peaks shown in Figure 4.7. The latter option 
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increases the chances of using the same POT model (probability distribution) to 

represent ώ and ώ. 

Thus, the value of ώ 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 flooding is possible in the 

floodplain. Table 4.3 and Table 4.4 describes the value of this threshold for each 

gauging station analysed, whereas Figure 4.8 shows an example of the threshold 

value against actual readings for one of the gauging stations.  

 

Figure 4.8: Value of ◐╫ considered for one of the gauging stations considered in the analysis 

(River Eden at Sheepmount) 

Source: (Environment Agency, 2019) 

Table 4.3 Value of the threshold ◐╫ and the resulting values of ◐, ▼◐, and ɚ, for the gauging 

stations where only the values of y were available. 

 

 

 

 

 

Code Name 
ώ  

[m] 

ώ  
[m] 

ί  

[m] 
ɚ 

24003 River Wear at Stanhope 2.10 2.48 0.40 1.45 

23006 River South Tyne at Featherstone 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 ◐╫ for the gauging station River Eden at Sheepmount and 

the resulting values of ◐, ▼◐,◐, ▼◐ ,and ɚ. 

Once the values of ώ were defined for each gauging station, the values of  ώ were 

selected, first defining the individual peaks above ώ, and then selecting the peaks, 

which were separated by at least eight days. For the case where the values of ώ were 

represented (River Eden at Sheepmount),  the criterion for choosing the pairs ώȟώ 

was to select only the values of ώ whose associated values of ώ fall above ώ. Table 

4.3 and 4.4 show the resulting value of the average number of peaks per year (ɚ), 

the means (ώ and ώ), and standard deviations (ί and ί) of ώ and ώ when applying 

that criteria to each gauging station analysed, whereas Figure 4.9 illustrates some 

values of ώ for the river Eden at Sheepmount. 

 

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 values of ώ and the red line the value of the threshold ώ. 

The average number of peaks per year ɚ can be used to estimate the value of ώ 

associated with the return period of a Standard of protection (Ὕ ). To compute 

ώ , first the probability of exceedance associated with Ὕ  is estimated by: 

 

Code Name 
ώ  

[m] 

ώ  
[m] 

ί  

[m] 

ώ  
[m] 

ί  

[m] 
ɚ 

76007 River Eden at Sheepmount 3.45 4.16 0.73 4.24 0.64 2.86 
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ὖὝὛέὖ

ρ

Ὕ ‗
 Eq. 4.54 

Then, ώ  is estimated as the ὖ  quantile in the marginal distribution of ώ. This 

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

such as the flooding threshold ώ. 

4.5.4 Univariate analysis of ◐ and ◐ 

The aim of the univariate analysis of ώ and ώ was to analyse what the best 

probabilities distributions are to represent the marginal distributions in the bivariate 

analysis. It was done based on the GoF of the values of ώ and ώ, for which, as was 

mentioned in section 4.2, three distributions were considered: the two-parameter 

exponential distribution, the three-parameter log-normal distribution, and the three-

parameter Gamma distribution (see Table 4.1).  

4.5.4.1 Parameter estimation  

The distribution parameters can be estimated through different methods, such as the 

method of moments (MOM), the method of L-moments (ML), and the maximum 

likelihood estimation (MLE). In this work, the MOM was used, whose equations 

were previously described in section 4.2 (achieving high statistical efficiency in the 

estimates 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 sample of ώ and ώ. It is a common practice 

in a peak-over threshold analysis (Claps and Laio, 2003).  

Table 4.5 and Table 4.6 shows the parameter estimates obtained when applying the 

moment equations described in section 4.2 and the above-mentioned assumptions. 
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Table 4.5 Estimation of the parameters of the three probabilistic models considered as 

candidates to represent ◐.  

 

Table 4.6 Estimation of the parameters of the three probabilistic models considered as 

candidates to represent ◐.  

4.5.4.2 Goodness of fit (GoF) of ώ 

A Goodness of Fit test (GoF) can be based on a visual inspection and/or through 

statistical GoF tests (DôAgostino and Stephens, 1986; Kottegoda and Rosso, 2008). 

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. 

 Ὂά
ά

ὲ ρ
 Eq. 4.55 

where Ὂ  is the probability of non-exceedance of the event m, which is defined 

through the rank of descending values, and ὲ is the sample size.  

Since the visual inspection of GoF can be quite subjective, the computation of 

statistical GoF tests is usually suggested, which can be used to know whether or not 

it is reasonable to assume that the random sample of ώ comes from an assumed 

Code Name 

Location 

parameter 
Exponential Log-Normal Gamma 

◐▫ ♫● А◑ Ɑ◑ ♫◑ ▓◑ 

24003 
River Wear at 

Stanhope 
2.12 0.36 -1.60 1.29 0.40 0.94 

23006 
River South Tyne at 

Featherstone 
1.91 0.15 -2.33 0.97 0.24 0.64 

22007 
River Wansbeck at 

Mitford 
2.03 0.46 -1.06 0.80 0.44 1.10 

76007 
River Eden at 

Sheepmount 
3.46 0.70 -0.68 0.83 0.72 1.0 

Code Name 

Location 

parameter 
Exponential 

Log-

Normal 
Gamma 

◐▫ ♫● А◑ Ɑ◑ ♫◑ ▓◑ 

76007 
River Eden at 

Sheepmount 
3.47 0.77 -0.50 0.70 0.50 1.56 
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probability distribution based on a hypothesis testing where the null and alternative 

hypotheses are: 

H0: 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 computed value, 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 Lilliefors-corrected Kolmogorov-Smirnov (correct-KS) test can be 

used to check the model assumption (Lilliefors, 1969; Crutcher, 1975). These 

values were estimated by using the R package ñKScorrectò (Novack-Gottshall and 

Wang, 2019), which is based on MLE.  

 

Figure 4.10: Comparison of the empirical and theoretical CDF for the values of ◐ obtained 

for each gauging station 
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The GoF results of ώ are shown in Table 4.7 and Figure 4.10. As one can see, only 

for one of the gauging stations (23006 River South Tyne at Featherstone), the 

statistical GoF test indicates the suitability of one of the probabilistic models (Log-

normal distribution) by rejecting the null hypothesis of the others. For some 

samples, one must, therefore, choose one probability distribution among the ones 

that pass the statistical test. When this 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 of ώ given the low complexity of the univariate probabilistic 

model (two parameters: see Table 4.1). 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 correct-KS test for each gauging station 

In this table Yes means 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 data did not pass the test.  

4.5.4.3 Goodness of fit (GoF) of ώ 

As was mentioned before, the GoF of ώ was only done for the gauging station 76007 

River Eden at Sheepmount. The results based on the correct-KS test and the 

comparison of the empirical and theoretical CDF are shown in Table 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 ώ applies here.  

Table 4.8 Statistical GoF based on the correct-KS test for the values of ◐ corresponding to 

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

In this table Yes means 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 data did not pass the test.  

Code Name 
Kolmogorov Smirnov test 

Lognormal Gamma Exponential 

24003 River Wear at Stanhope Yes Yes Yes 

23006 River South Tyne at Featherstone Yes No No 

22007 River Wansbeck at Mitford Yes Yes Yes 

76007 River Eden at Sheepmount No Yes Yes 

Variable 
Kolmogorov Smirnov test 

Lognormal Gamma Exponential 

Values of ώ corresponding to the values of ώ obtained 

from the gauging station 76007 River Eden at 

Sheepmount. 

Yes Yes Yes 
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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 of ◐ and ◐ based on the Moran-Downton BED 

In terms of GoF, the principle of bivariate frequency analysis should be the same 

as in the case of single-variable frequency analysis. Although the statistical GoF 

test for bivariate frequency analysis is not straightforward, an intuitive investigation 

of the agreement between empirical and theoretical joint probabilities such as the 

approaches used in the work of  Yue (2000) and Yue (2001) might be useful for 

checking the suitability of any bivariate probabilistic model. In this approach, ὲ  

bivariate observations ίȟή , are arranged in ascending order, thus obtaining pairs 

ίȟή . The empirical non-exceedance joint probabilities are then computed as: 

 
Ὂίȟή

ΠὴὥὭὶί ίȟή ύὭὸὬ ί ί ὥὲὨ ή ή

ὲ ρ
 Eq. 4.56 

Ὂίȟή  can be then compared with the theoretical joint probabilities of 

ὊὛ ίȟὗ ή  of the bivariate model to be tested.   

In this work, that method was applied to the sample of the pairs (ώ,ώ) obtained from 

the gauging station River Eden at Sheepmount. The aim was to test  the assumption 

that the sample of pairs (ώ,ώ) ͯὄὉὈ‍ȟ‍ȟώȟώȟ”  is consistent with the 
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Moran-Downton BED. Figure 4.12 shows the estimation of ”  based on the 

sample correlation coefficient  between ώ and ώ, whereas Table 4.9 shows the 

estimated MOM values of the parameters of the five-parameter BED. Figure 4.12 

shows that the values of ώ show a relatively small error for high values of ώ which 

is not the bahaviour commonly observed when making forecasts. However, the 

upper range of values 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. 

 

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 five-parameters BED for the gauging 

station River Eden at Sheepmount. 

 

 

The bivariate GoF of the pairs (ώ,ώ) based on the Moran-Downton BED was thus 

based on the following steps: 

V Step 1: Based on the estimated values of the parameters, compute the 

standardized exponential variables of the pairs (ώ,ώ) as: 

      ὺ   ὥὲὨ ὺ  

V Step 2: Arrange the observations ὺȟὺ  in ascending order and obtain the 

pairs ὺȟὺ . 

V Step 3: Compute the empirical non-exceedance joint probabilities of the 

pairs (ὺ,ὺ), i.e. Ὂὺ,ὺ , based on Eq. 4.56. 

Code Name ώ ώ ‍ ‍ ”  

76007 River Eden at Sheepmount 3.46 3.47 0.77 0.70 0.94 
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V Step 4: By using the relationship ” ” , compute the theoretical joint 

probabilities of the pairs (ὺ,ὺ), i.e., Ὂὺ,ὺ , based on Eq. 4.34. 

V Step 5: Do a bivariate GOF via visual inspection by plotting in the x-axis 

the order of the pairs (ὺ,ὺ) and in the y-axis, the values of Ὂὺȟὺ and 

Ὂὺȟὺ. 

The results of the above-mentioned steps are shown in Figure 4.13. As one can see, 

the plot indicates that there is no significant difference between the observed and 

theoretical probabilities. Therefore, one can conclude that the five-parameters BED 

is suitable to represent the joint probabilities of the  pairs (ώ,ώ) obtained from the 

gauging station River Eden at Sheepmount. 

 

 

Figure 4.13: Bivariate GoF of the pairs (◐,◐) based on the Moran-Downton BED for the 

values obtained from the gauging station 76007 River Eden at Sheepmount 

 

Based on the outcome of this test, it is assumed that observed peak 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 passed the GOF test for ώ 

at the other sites can be used to describe ώ, thereby 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 pairs (ώ,ώ) 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 pairs (ώ,ώ) through a correlation coefficient is not enough 

since one needs to associate it with a given forecast horizon or lead time (Ű), and a 

performance measure, which is a common characteristic used to define a 

forecasting model. A MCFG can be set fully if these two characteristics are taken 

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

(ώ,ώ) was associated with Ű and the forecasting performance.  

It is well known that there is a trade-off between the forecast performance and the 

forecast horizon or lead time Ű (Blöschl, 2008; Parker, 2017).The correlation ”  is 

therefore necessarily associated with a given Ű. In this research, that relationship 

was represented through a subjective lead-time-correlation function (see Figure 

4.14) analogous to that found by Schröter et al. (2008). This function describes the 

common behaviour of forecasting models forced with precipitation. That is, it 

represents the fact that, for Ű values lower than basin lag time (L), with a well-

calibrated hydrological model, the performance of a forecasting model is relatively 

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

gauge-based quantitative precipitation estimation (QPE). Moreover, forecast 

updating will improve the correlation for short lead times. Past this value L, the 

forecasting model has to be forced with quantitative precipitation forecasts (QPFs), 

and its performance drops monotonically. The slope of this function before L 

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

gauge-based QPE or gauge-radar based QPE, and the slope after L defines the 

quality of the forecasts based on QPFs. This function is defined by: 

”
πȢπρυz† ὒ Ὅὖ                   † ὒ

πȢπσπz† ὒ Ὅὖ                  † ὒ
            Eq. 4.57 

where Ὅὖ is the value of ”  at the inflection point of the correlation-lead-time 

function and represent the correlation associated to a catchment lag L. In Eq. 4.57, 
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L and Ű are defined in the same units, e.g., hours.  The sensitivity of forecast 

performance to perturbations in the Ὅὖ value is explored in Chapters 5 and 6. 

Biases in the mean and variance of forecasts relative to the observed values also 

affect the forecast performance, and these are explored in the sensitivity 

experiments in Chapter 5. 

 

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 6, sensitivity analyses (SA) of the factors controlling the 

performance of a FEWS are performed. 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 them, which, as was explained above, is linked with the setting of the MCFG 

parameters. Therefore, this section of the chapter describes the parameters used to 

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

The baseline scenario considered the results obtained for the gauging station River 

Wansbeck at Mitford as reference values. Based on the results in Table 4.7,  it is 

assumed that ώ and  ώ can be represented by the same Lognormal POT model type, 

which, in turn, leads to the assumption that the pairs 

(ώ,ώ) ͯὄὒὔὈАȟ„ȟАǶȟ„Ƕȟώȟώȟ” Ƕ. Furthermore, the 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,  the moments of ώ are 

equal to those of ώ. The lead time Ű was assumed to be equal to the catchment 

lagtime L, which, in turn, was assumed to be equal to 6 hours. Finally, the Ὅὖ value 

was assumed to be 0.85; the justification for this is discussed in Chapter 5. Based 

on this analysis, the MCFG was represented by eleven parameters in the SA 

framework, where five of them represent the characteristics of the basin and the 

others the characteristics of the forecasting model. Table 4.10 shows these 

parameters and their assumed values for the baseline scenario.  

Table 4.10: Assumed input parameter values for the MCFG in the baseline generic fluvial 

case 

4.8 Main findings 

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

with a forecasting lead time in the simulated generic fluvial case. The univariate 

analysis of  POT data for ώ and ώ at selected gauging stations suggested that the 

probability distribution type of ώ is that of ώ, and that a number of different 

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

that the five-parameter bivariate exponential distribution (BED), the seven-

parameters bivariate log-normal distribution (BLND), and the seven-parameter 

bivariate gamma distribution (BGM) are suitable models to represent the pairs 

(ώ, ώ). Algorithms for sampling bivariate pairs of ώ and ώ  from two of these 

bivariate distributions (BED and BLND) were presented. The algorithm relates to 

BGM will be described in Chapter 7. 

Abbreviation  Description 
Value 

adopted 

Parameter 

associated 

with: 

‘ Mean of ώ. 2.51 

The river 

basin 

„  The variance of ώ.  0.20 

ώ Location parameter of ώ 2.03 

L Basin lagtime L 6 hrs 

‘ Mean of the forecasts of ώ ‘ 

Flood 

forecasting 

system 

„  The variance of the forecasts of ώ „  

ώ Location parameter of the forecasts of ώ ώ 

Ὅὖ 
The inflection point of the lead time-performance 

function 
0.85 

† Lead time 6 hr 
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A formal criterion for selecting the threshold ώ defining the peak water levels in 

the POT frequency analysis was proposed.  



94 

 

 Chapter 5. Evaluation of flood warning performance in terms 

of reliability  

There are a considerable number of acronyms in this Chapter. Therefore, the 

Chapter starts with a list of them with the aim of helping the reader from the 

beginning to be familiar with the concepts used in the analysis of this part of the 

thesis. The concepts of several acronyms have already been introduced in the prior 

Chapters; therefore, the list of acronyms can also be used by the reader to navigate 

the thesis to look for more detailed information.  

 

Acronym Meaning 
BLND Bivariate Log-normal distribution 

DFDR Deterministic forecast-based decision rule. Decision rule used in a deterministic 

FEWS to represent warning decisions based on the values of ώ (section 3.2.2). Used 

in conjunction with the Floodplain property-based criterion (FPC) and the 

Floodplain threshold-based criterion (FTC). 

FAR False alarm ratio. Skill score used to define the reliability of flood warnings defined 

as the ratio of the number of hits and the sum of hits and false alarms (section 2.7.1). 

FEWS Flood early warning system 

FPC Floodplain property-based criterion. Criterion to evaluate the reliability of flood 

warnings in terms of warned and flooded houses. Values of FAR and POD can be 

derived from this criterion (section 2.7.1). 

FWDC Flood warning decision component. Component of the generic framework (section 

3.2.1) 

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 at-risk 

community was preceded by a warning. Values of FAR and POD can be derived 

from this criterion (section 2.7.1). 

NSE Nash-Sutcliffe Efficiency 

MCFG Monte Carlo flood and forecast generator. Component of the generic framework 

(section 3.2.1) 

PE Probability of exceedance of a predefined level derived from the conditional 

distribution of ώ given ώ, i.e., Ὢώȿώ. Variate used by the probabilistic rules PTDR 

and PDR (section 3.2.2) 

PDR Probabilistic decision rule. Decision rule used in a probabilistic FEWS to represent 

warning decision based on a warning level ώ  derived from Ὢώȿώ (section 3.2.2) 

Used in conjunction with the Floodplain property-based criterion (FPC). 

POD Probability of detection. Skill score used to define the reliability of flood warnings 

defined as the ratio of the number of hits and the sum of hits and misses (section 

2.7.1). 

PT Probabilistic threshold used for the probabilistic rules PDR and PTDR (section 

3.2.2).  

PTDR Probabilistic-threshold-based decision rule.  

Decision rule used in a probabilistic FEWS to represent warning decision based on 

the PE of the flooding threshold ώ derived from Ὢώȿώ (section 3.2.2). Used in 

conjunction with the Floodplain threshold-based criterion (FTC) 

PU Predictive uncertainty. 

RIC Response and impact component. Component of the generic framework (section 

3.2.1) 

RRA Risk-reduction action. A proactive action conducted after a warning has been 

issued. 

SoP Standard of protection. 
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5.1 Introduction  

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

early warning system (FEWS) for the generic fluvial case (Chapter 3), the peak 

river levels (ώ) and their forecasts (ώ) are generated from the MC flood and forecast 

generator (MCFG). Chapter 4 gives a detailed description of how this component 

of the framework can create pairs ώȟώ and the predictive uncertainty (PU) 

associated with ώ. Different bivariate probabilistic models are assumed, and the 

dependence structure of this model (represented by the correlation coefficient ” ) 

is associated with a lead time (Ű) through a lead time-correlation function. In this 

component, a return period is also associated with each value of ώ. 

In this chapter, a full description of the second and part of the third component of 

this MC framework is provided. The former component is called the flood warning 

decision component (FWDC) and represents 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 and a flooding threshold (ώ) associated with an at-risk 

community. The third component, i.e., the response and impact component (RIC), 

is used partially to only represent the forecast and observed impact in terms of 

affected houses. The adopted bivariate model used in the MCFG to represent the 

peak river levels ώ and their forecasts ώ is the bivariate Lognormal distribution 

(BLND). The reliability or credibility of a FEWS is the flood warning performance 

characteristic to be explored in this chapter. This analysis depends on warning 

decisions and the uncertainty of the forecasts and requires the addition of two 

parameters to the ones considered in the MCFG. These parameters are associated 

with the characterization of the at-risk community and have to do with the return 

period of its standard of protection (SoP) (Ὕ ), and the number of houses at risk 

in the floodplain (ὲ ). How these parameters are included in the MC 

framework is explained later. The generic framework (Figure 3.1) is, thus, partially 

used to build a MC framework to explore the reliability of flood warnings (Figure 

5.1). Thus, in this case, the response is left out, which is the basis of its economic 

component that, in turn, allows the performance of a FEWS to be explored in terms 

of the economic effectiveness. This analysis will be done in Chapter 6.  
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Figure 5.1: Illustration of the MC framework to explore the reliability of flood warnings. 

The MC framework explores the flood warning reliability  estimated based on the flooding threshold-

based criterion FTC (a) and floodplain property-based criterion FPC (b) by using a (deterministic or 

probabilistic) warning strategy. 

The reliability of a FEWS, which, according to Parker (2017), is associated with 

the presence of false and missed alarms, is evaluated through the skill scores known 

as the probability of detection (POD) and false alarm ratio (FAR). This flood 

warning performance attribute is captured based on a contingency-table-based 

method that represents the outcomes of deterministic-based and probabilistic-based 

warning decisions. Contingency tables are built based on two criteria: a flooding 

threshold-based (FTC) and floodplain property-based (FPC) criterion. The former 

assesses the performance of a FEWS based on whether the occurrence or non-

occurrence of a flood in the at-risk community was preceded by a warning, whereas 

the latter based on whether a warned property was or was not subsequently flooded 

(Figure 5.1). The FTC is a well-known criterion used in several research works 

(Verkade and Werner, 2011; Pappenberger et al., 2015; Bischiniotis et al., 2019), 

whereas the FPC is a contribution of this research which gives a more consistent 

estimation of flood warnings' reliability because it is estimated based on warned 

and flooded houses. 
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The MC framework is used to explore the reliability of a FEWS through several 

sensitivity experiments. To do so, a set of values for the input parameters is first 

assumed to characterise the baseline scenario, where the at-risk community, the 

river system, and the flood forecasting system are characterised. Then, the 

sensitivity of the reliability to perturbations of the main parameters is fully explored 

through a one-at-time method.  

This chapter is structured as follows: In section 5.2, the rationality of the FTC and 

FPC used to define the performance of a FEWS is explained based on the warning 

criterion used in two types of FEWSs. Then, in section 5.3, the simulation of the 

target information for evaluating the performance of a FEWS based on the FPC is 

described. Next, in section 5.4, the contingency-table-based method for the FTC 

and FPC used to evaluate the reliability of flood warnings is explained. After this, 

in section 5.5, the skill scores used to describe the performance of a FEWS are 

introduced, and, in section 5.6, the decision rules used to describe the FWDC based 

on different types of forecast information are explained. Finally, in section 5.7, the 

results of the sensitivity experiments are shown.  

5.2 Flood warning criteria  for  fluvial floods 

The FTC and FPC utilised in this work to explore the performance of a 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 forecast-based FEWS and an inundation forecasting-based 

FEWS. Table 5.1 gives a  brief description of these systems, and Figure 5.2 

illustrates the warning criterion for each of them. They are explained as follows. 

The flood forecasting techniques applied in hydrologic forecast-based FEWS are 

usually based on hydrological and/or flood routing models (hydrologic or hydraulic 

models) and offer a relatively simple approach for flood predictions. They have 

been the dominant choice of river flood warning systems, where a threshold-based 

approach for issuing a warning is normally used. The FTC evaluates the 

performance of this type of FEWS where the warning criterion is based on a 

flooding threshold approach. In this case, forecast water levels at a river section in 

or close to the at-risk community are compared with a pre-defined flooding 

threshold ώ, which is often set based on experience, a pre-defined return period, 



98 

 

historical data, and/or detailed hydraulic modelling of river response. Here, ώ is 

assigned a return period. The warning decision is based on the direct comparison 

between the forecasts and ώ. Figure 5.2a 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 does not target warnings on 

individual properties or small areas within the at-risk community but aims to alert 

the flood authority of a potential flood that, in turn, uses a risk-reduction action 

(RRA) to mitigate the flood impact. A common RRA in this type of FEWS is raising 

demountable defenses, which can need a 24-h warning lead-time to be erected. 

Flooding threshold-based warning decisions have been the basis of some important 

research (Verkade and Werner, 2011; Dale et al., 2014). 

Table 5.1 Description of two types of FEWS  

 

Figure 5.2: Illustration of the warning criterion for a flooding threshold-based (a) and 

inundation forecasting-based (b) warning system. 

The inundation forecasting-based FEWS is considered to be the most sophisticated 

flood warning service (WMO, 2011). The flood forecasting system of this FEWS 

is usually made up of a hydrological and hydraulic inundation model, e.g., a 

Type of river flood 

warning system 
Aim  

Warning 

decision 

criterion 

Risk reduction 

action (RRA) 

Hydrologic forecast-

based FEWS  

Issue flood warnings 

to flood authority  Direct 

comparison 

between 

forecasts and 

the flooding 

threshold ώ 

Raising 

demountable 

defenses 

Inundation 

forecasting-based 

FEWS  

Issue flood warnings 

to  vulnerable 

properties in the 

flood risk community 

Moving house 

contents upstairs 

and/or evacuating 

them and the 

residents 
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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 forecasting systems are 

considered complex and computationally expensive (particularly for a catchment-

wide integrated hydrological and hydrodynamic modelling approach), with the 

development of high-performance computing techniques, it is now feasible to use 

these flood forecasting techniques in flood warning services (Ming 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 forecast water levels 

and the flooding threshold ώ, and the forecast of the flood extent can be used to 

disseminate flood warnings (Figure 5.2b). Vulnerable properties are identified by 

intersecting the maps of the property locations and the forecast inundation area. In 

this context, an inundation forecasting-based FEWS aims to target warning on 

vulnerable properties in the at- risk community, and the RRA, in this case, is done 

by houseowners, which can be, for example, by 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 warned properties  

As was explained above, evaluating the performance of a FEWS based on the FPC 

is one of the aims in this chapter. To the best of the authorôs knowledge, there is not 

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 flood event 

occurs. A rational method to do that would be one that represents: i) the 

infrastructure of the at-risk community, ii) the observed and forecast hydrograph of 

potential floods event at a river section in or close to the at-risk community, 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, therefore, to explain this indirect 

method. 

To quantify the number of flooded properties (ὲ ), the MC framework uses 

an assumed impact curve for 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 

(Sayers et 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 



100 

 

the United Kingdom through the UK Future Flood Explorer (Sayers et al., 2015); a 

flexible tool to simulate flood risk scenarios throughout the country. 

 

Figure 5.3: Illustration of the impact curve used to quantify the number of flooded and 

warned houses. 

Figure 5.3b shows the impact curve used by the MC framework. The values of this 

impact curve were taken from Table 4.6 of the Multi -Coloured Manual Handbook 

(Penning-Rowsell et al., 2020), which suggests using these values in a method to 

estimate the economic damage in a floodplain. This method is used when 

knowledge of flood depth and its associated return period is poor, but the Standard 

of Protection SoP, property type, and numbers are known. The number of houses 

flooded was set to zero at the water level that defines the bankfull condition; the 

return periods reported in the literature for the latter appear to fall somewhere in the 

range1-4 years based on annual maximum series (Williams, 1978; Andrews, 1980; 

Petit and Pauquet, 1997; Castro and Jackson, 2007; Ahilan et al., 2013). These 

values would be longer if partial-duration series are considered as it contains more 

flood events than the annual maximum series(Edwards et al., 2019). In this context, 

a 2.5 year-return period was assumed in this work to represent the bankfull 

condition.  
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The assumed impact curve (Figure 5.3b) gives an estimate of the number of 

properties affected by different floods by taking as reference the number of 

properties flooded by a 200-year flood (ὲ ). The MC framework 

assumes that the floodplain is defined by a 200-year flood extent. The total number 

of houses at risk ὲ  is, therefore, assumed to be affected by a 200-year flood 

extent, i.e., ὲ ὲ . Thus, ὲ  are computed based on the 

return period of  ώ by taking as reference ὲ  that is an input parameter of the 

MC framework.  

The assumed impact curve is also used to estimate the number of warned properties 

(ὲ ), which represents the vulnerable properties warned by the inundation 

forecasting-based FEWS (Figure 5.2b). The number of houses warned ὲ  in 

the MC framework is estimated as a function of ώ by interpolating this value on the 

impact curve. With this approach, one tries to explore/represent the uncertainty of 

the inundation forecasting related to the magnitude of the flood event (peak water 

level). Figure 5.3b illustrates the computation of ὲ  and ὲ  for a pair 

ώȟώ based on the impact curve-based method and what they would represent in 

reality.  

5.4 Analysis of the flood warning performance 

Parker (2017) defines reliability as one of the common flood warning performance 

characteristics. This attribute of the FEWS is associated with the presence of false 

and missed alarms. The skill scores known as the probability of detection (POD) 

and the false alarm ratio (FAR) are often used as reliability measures which, in 

essence, give a ñsnap-shotò of this attribute of the FEWS (see section 2.7.1) 

Based on this concept, a contingency table-based method was used to define the 

reliability of a FEWS based on the FTC and FPC.  In the former, it is evaluated 

based on whether the occurrence or non-occurrence of a flood event in the flood 

risk community was preceded by a warning. In the latter, the reliability is, on the 

other hand, evaluated based on whether a warned property was or not subsequently 

flooded. They are explained as follows. 
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5.4.1 Flooding threshold-based criterion (FTC) 

A flood in an at-risk community is defined as the overtopping of  the flooding 

threshold ώ, which is the river level at which the flood impacts begin (Figure 5.2a). 

This value is set at Ὕ , i.e., the return period that defines SoP, the Standard of 

Protection, which is an input parameter of the MC framework. As was mentioned 

above, the FTC evaluates the performance of a FEWS based on whether the 

occurrence or non-occurrence of a flood event in the at-risk community was 

preceded by a warning. In other words, both the warning decision and the 

continuous value of ώ defined by Ὢώȿώ are viewed categorically (or binary for 

óyesô/ ónoô decisions and events respectively) according to whether a value of ώ that 

exceeded or not the flooding threshold ώ was preceded by a warning. The two-by-

two contingency table shown in Table 5.2 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 issued (Ὤ describes the total number of 

hits); a miss, if the flood event occurred and a warning was not issued (ά describes 

the total number of misses); a false alarm, if the flood event did not occur and a 

warning was issued (Ὢ describes the total number of false alarms); and a correct 

negative, if the flood event did not occur and a warning was not issued (ὧὲ describes 

the total number of correct negatives). The sum of the total number of occurrences 

(Ὡ) and non-occurrences (Ὡ) of a flood event define the total number of events 

analysed (ὲ). The total number of warnings is denoted as ύ, and the total number 

of no-warnings as ύ . 

Table 5.2 Two-by-two contingency table to analyse the performance of a FEWS based on the 

flooding threshold-based criterion FTC. 

 

 

5.4.2 Floodplain property-based criterion (FPC) 

As was explained in section 5.2, 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 óyesô/ ónoô warning decision based on the river level 

forecasts and the flooding threshold ώ, and, then, a dissemination process can be 

Observations Warning No Warning Total 

Flood event Ὤ ά Ὡ 

Non-flood event Ὢ ὧὲ Ὡ 

Total ύ ύ  ὲ 
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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 whether the warned properties were or 

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

the number of houses warned ὲ  and the number of houses flooded ὲ  

which, as was explained in section 5.3, in this work, is represented by an impact-

curve-based method. A two-by-two contingency table (Table 5.3) can also be built 

based on this information. In this case, the four potential outcomes after the 

occurrence or non-occurrence of a flood event are defined as: a hit, if a house is 

warned and flooded (Ὤ describes the total number of hits); a miss, if a house is not 

warned and flooded (ά describes the total number of misses), a false alarm, if a 

house was warned and not flooded (Ὢ describes the total number of false alarms); 

and correct negative, if a house is not warned and not flooded (ὧὲ describes 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 table to analyse the performance of a FEWS based on the 

floodplain property -based criterion FPC. 

Figure 5.4 illustrates how the warning decision and uncertainty of the inundation 

forecasting affect the performance of this type of FEWS. Figure 5.4a shows the case 

when a flood was preceded by a warning.   Note that this would represent a hit in 

the FTC; in the FPC, however, depending on the magnitude of the forecast and 

observed flood event, i.e., ώ and ώ, one can find misses or false alarms. Figure 5.4b 

and Figure 5.4c show the case when a wrong warning decision was made. In this 

case,  misses are due to the fact that the warning dissemination was not conducted 

before a flood occurred (Figure 5.4b), and false alarms (Figure 5.4c) due to the fact 

that the dissemination was conducted when a flood did not occur. 

Observations Warning No Warning Total 

House flooded Ὤ ά Total no. houses flooded 

House not 

flooded 
Ὢ ὧὲ 

Total no. of no flooded 

houses  

Total 
Total no. houses 

warned 

Total no. of no warned 

houses 

Total no. houses 

analysed 
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Figure 5.4: Illustration of the potential outcomes in the floodplain property -based criterion 

FPC. 

5.5 Metrics for evaluating the flood warning performance 

As was mentioned in sections 5.4 and 2.7.1, the probability of detection POD and 

the false alarm ratio FAR have been defined by Parker (2017) as two measures of 

the reliability 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 two-by-two contingency tables explained in the 

prior section. Table 2.2 gives a description of them, which are briefly described as 

follows. 

POD is also known as hit rate and provides an estimate of the probability that an 

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 hits Ὤ and the total number of 

observed events (Ὤ+ά). As it is based only on observed events, it is only sensitive 

to miss events and not to false alarms. This skill score is, therefore, incomplete by 

itself and should be used in conjunction with, for example, FAR that provides an 

estimate of the probability that a forecast event being incorrectly warned. It ranges 

from 0 to 1, with 0 representing a perfect forecast. It is computed as the ratio 

between the total number of false alarms Ὢ and the total number of forecast events 

(Ὤ+Ὢ). This skill score is also incomplete, as it is not sensitive to miss events.  POD 

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

reduced by issuing fewer warnings; hence these 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 of a forecast event being incorrectly warned? respectively. In the FPC, 

the POD and FAR answer the following questions: What is the probability of a 

flooded house being correctly warned? What is the probability of a warned house 

being incorrectly warned? respectively. 

5.6 Flood warning decision rule approaches 

As was explained in section 5.4, the contingency table-based method used in the 

MC framework to define the reliability of a FEWS depends on the warning 

decisions. This section of the chapter describes how these decisions are represented 

in the MC framework in the FTC and FPC. Deterministic forecast-based and 

probabilistic forecast-based decisions are considered in the analysis. They are 

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

5.6.1 The deterministic forecast-based decision rule 

The notation used for this rule is DFDR. This decision rule assumes that the warning 

decision is driven by the deterministic forecast of the flood magnitude, i.e., ώ. For 

the FTC and FPC, the DFDR assumes that a warning is issued when ώ is greater 

than the flooding threshold ώ.  

ὭὪ ώ ώ   ύὥὶὲȟ  

ὩὰίὩȟ ὲέὸ ύὥὶὲ    
Eq. 5.1 

For the FPC, the number of warned properties ὲ  associated with a value of 

ώ is derived from the impact curve of the at-risk community (Figure 5.3b). Figure 

5.5 gives an illustration of the DFDR for the FTC and FPC, whereas Table 5.4 

describes them. 
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Figure 5.5: Illustration of the deterministic forecast-based decision rule (DFDR) for a pair 

◐ȟ◐ for the flooding threshold-based criterion FTC (a) and floodplain property -based 

criterion FPC (b). 

Table 5.4 Description of the deterministic forecast-based decision rule (DFDR) for the 

flooding threshold-based criterion FTC and floodplain property -based criterion  FPC.  

5.6.2 The probabilistic-based decision rules 

Two types of probabilistic decision rules were considered. One was optimized 

based on the FTC, and the other 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 (ὖὝ) and the probability of exceedance (ὖὉ) of the flooding threshold ώ. 

i.e., the probability of having an observed river peak level ώ greater or equal than 

ώ. The probability of exceedance ὖὉ is a value delivered by the MCFG which is 

obtained through the conditional distribution of ώ given ώ, i.e., Ὢώȿώ, derived 

from the joint probability of these two variates Ὢώȟώ that is assumed here to be a 

bivariate Lognormal distribution. The decision rule, in this case, is given by: 

ὭὪ ὖὉ ὖὝ  ύὥὶὲȟ  

ὩὰίὩȟ ὲέὸ ύὥὶὲ    
Eq. 5.2 

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

threshold ὖὝ. However, in this case, ὖὝ defines the  warning level ώ  from Ὢώȿώ 

Decision rule Abbreviation Criterion Decision rule 

Deterministic 

forecast-

based 

decision rule 

DFDR 

FTC 
If  (ώ>ώ) warn, 

else, not warn 

FPC 
If  (ώ>ώ) warn ὲ , 

else, not warn 
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at which the Warner should base his/her decisions. Then, the warning decision can 

be based on the direct comparison between ώ  and the flooding threshold ώ as: 

ὭὪ ώ ώ   ύὥὶὲ ὲ ȟ   

ὩὰίὩȟ ὲέὸ ύὥὶὲ    
Eq. 5.3 

The aim of the PTDR and PDR is, thus, to find an optimal probabilistic threshold 

ὖὝᶻ that maximises the difference between POD and FAR based on the FTC and 

FPC, respectively. Figure 5.6 illustrates the application of  PTDR and PDR for the 

FTC and FPC, respectively, whereas Table 5.5 gives a description of them.  

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

flooding threshold-based and floodplain property-based criterion, FTC and FPC, 

respectively.  

 

Figure 5.6: Illustration of the probabilistic rules PTDR and PDR for 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 explore the reliability of a FEWS were introduced. As was 

mentioned in the introductory part, the analysis of this characteristic of the FEWS 

Decision rule Abbreviation Criterion Decision rule Description 

Probabilistic 

threshold-

based 

decision rules 

PTDR FTC 

 

If  (PE>PT) 

warn, 

else, not warn 

PT optimized  

based on FTC 

PDR FPC  

If  (ώ>ώ) 

warn ὲ ,  

else, not warn 

PT optimized  

based on FPC 
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requires the addition of two parameters to the ones considered in the MCFG. In this 

last section of the chapter, the sensitivity of FEWS performance to several of these 

parameters that represent the main assumptions in the estimation of the reliability 

of a FEWS is explored. This is done through several sensitivity experiments based 

on the one-at-a-time (OAT) method (Pianosi et al., 2016), which, in essence, 

varies/perturbs the input parameters of the MC framework from its reference 

parameter values (baseline scenario) one at a time and assesses the impacts on the 

metrics used to define the reliability of a FEWS. Thus, in this section, the 

parameters and reliability that define the baseline scenario are first described, and 

then, the results of the sensitivity analysis are shown. 

5.7.1  Baseline Case 

The key parameter controlling the performance of a flood forecasting model is the 

correlation between the forecast and observed values for a specified lead time Ű. 

There is a large and varied literature on the performance of rainfall-runoff models 

when used in simulation mode; this is typically measured by the Nash-Sutcliffe 

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 

example, a study where TOPMODEL was calibrated for a set of 1013 UK 

catchments reported a range of NSE values ranging from -2.47 to 0.94 with a 

median of 0.77(Lane et 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 might be considered 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 expected to be lower than for the 

continuous simulation case where the smaller errors in recession periods will 

increase the correlation.  

In the case of a real-time forecasting model, forecast updating will lead to much 

higher NSE values for short lead times; as the lead-time Ű increases up to the 

catchment lag L, the effect of updating will die out, and 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 real-time flood forecasts are rarely quoted by 

agencies responsible for operational flood forecasting. A research study for the 

Eden at Sheepmount (Leedal et al., 2013) quoted a value of NSE = 0.98 for six hour 

ahead forecasts of water levels (using hourly data, 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 that the bivariate 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 in the baseline case, which, 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 

Ű of 6 hours, i.e., the Ὅὖ value in the lead time-correlation function (Figure 4.14). 

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 

parameters, and the correlation, in 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 baseline case assumes that there are 1000 houses at-risk in the floodplain, and 

it has 1 in 5-year SoP (TSOP=5years). When the water level overtops the SoP, houses 

are assumed flooded from the bankfull height upwards (Figure 5.7). MC 

simulations were performed using 30 replications, where each replication consisted 

of 10,000 events. Finally, the MC estimates were obtained from the average values 

of 30 replications, where each replication consisted of 10,000 simulated events. 

 Table 5.6 depicts the input parameters of the MC 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 marginal distribution of the observations is equal to that of their forecasts; 

therefore,  the moments of ώ are equal to those of ώ. The moments of ώ have 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 to quantify the number of flooded houses. 

Table 5.6: Assumed input parameter values for the baseline case 

Figure 5.8a shows the joint density of  10,000 pairs (ώȟώ) generated from the MCFG 

which, as was explained above, uses a bivariate Lognormal distribution, BLND, to 

represent the bivariate values. Since the moments of ώ are equal to those of ώ, 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 

Abbreviation  Description 
Value 

adopted 

Parameter 

associated 

with: 

‘ Mean of ώ. 2.51 

The river 

basin 

„  The variance of ώ.  0.20 

ώ Location parameter of ώ 2.03 

‎ The average number of peaks per year 1.60 

L Basin lagtime L 6 hrs 

‘ Mean of the forecasts of ώ ‘ 

Flood 

forecasting 

system 

„  Variance of the forecasts of ώ „  

ώ Location parameter of the forecasts of ώ ώ 

‎ 
The average number of peaks  per year of the 

forecasts of ώ 
‎ 

Ὅὖ 
The inflection point of the lead time-performance 

function 
0.85 

† Lead time 6 hr 

Ὕ  
Return period associated with the flooding 

threshold ώ. 
5 years The at-risk 

community 
ὲ  Total number of houses at risk in the benefit area 1000 

ὲ 
Sample size or number of simulated events (30 

replications) 
10000 

Monte Carlo 

simulation 
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based on the algorithm shown in section 4.4.4. Figure 5.8b shows an example of 

the PU expressed as Ὢώȿώ for a forecast ώ, and the probability of the flooding 

threshold being exceeded. 

 

Figure 5.8: Joint density of pairs (◐,◐) generated from the Monte Carlo flood and forecast 

generator (MCFG) assuming a bivariate lognormal distribution ( BLND). 

Figure a shows the joint density of 10,000 bivariate pairs (ώȟώ) generated from the MCFG assuming 

a BLND defined by the values of moments of ώ and ώ assumed in the baseline scenario. Figure b 

shows the conditional distribution Ὢώȿώ associated with the forecast value of ώ represented by a 

grey dot in Figure a. Ὢώȿώ is obtained by slicing the joint distribution through a grey line that 

crosses the forecast value (grey dot). Knowing this predictive density, one can estimate the 

probability of exceedance (PE) of the flooding 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 above-mentioned 

criteria is summarised in Figure 5.9. This figure shows the optimization procedure 

to find the optimal probabilistic threshold ὖὝᶻ for the PTDR and PDR. In Figure 

5.9a and Figure 5.9b, the blue and grey lines indicate how the values of POD and 

FAR change when considering several values of the probabilistic threshold PT for 

the PTDR and PDR, respectively. These values are summarised in the FAR-POD 

curve shown in c. A point on these lines is associated with a value of PT. The values 

associated with the optimal probabilistic threshold ὖὝᶻ are represented 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 the FAR-POD 

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 baseline FEWS through the POD-FAR curves 

for the flooding threshold-based and floodplain-property -based criterion, 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 FAR-POD curve shown in c. These decision rules' optimal 

values are represented with a square (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 threshold, DFDR: deterministic forecast-based 

decision rule (DFDR), PTDR: probabilistic rule based on a PT and the probability of exceedance (PE) of ώ, PDR: 

probabilistic rule based on a PT and the PE of ώ. 
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The performance of the baseline FEWS based on the 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 higher (Table 5.7, column 8). The results also 

show that the POD and FAR values associated with the probabilistic rules are higher 

than those obtained with DFDR(Table 5.7, columns 6 and 7). That means that 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 probabilistic-decision-rules- based 

results tend to deliver relatively high values of FAR, 0.43 and 0.55 for PTDR and 

PDR, respectively (Table 5.7). These values are higher than those obtained with 

DFDR, and it is due to the fact that the optimization criterion 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 value of POD, which is 

considerably higher than for the deterministic case (Table 5.7). Thus, the 

optimization criterion adopted in this research (maximize POD minus FAR) gives 

higher weight to the reduction of missed events whose economic consequences, in 

terms of floods, far outweigh those associated with false alarms. The effect of 

having high values of FAR in a warning system is known as ócry wolfô, which has 

to do with the disregarding of flood warnings due to their loss of credibility as a 

result of the high percentage of false alarms. Target values of FAR are usually 

between 0.2 and 0.5 (Jolliffe and Stephenson, 2012). However, Barnes et al. (2007) 

advocate that there is little evidence that a high value of FAR causes users to ignore 

warnings of severe events.  

Table 5.7: Contingency table based on the flooding threshold-based and floodplain property-

based criterion, FTC and FPC, respectively, for the baseline FEWS for determinist ic and 

probabilistic decision rules and optimal probabilistic thresholds. 

Lead 

time 

(Ű) 

[h] 

Prob. 

Thres. 
h m f POD FAR 

POD-

FAR 

Decision 

rule 

Criteri

on 

6 

- 858 395 389 0.68 0.31 0.36 
DFDR 

FTC 

- 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 

quantified in terms of FTC. These results can be analysed directly from the values 

obtained based on FTC and FPC for the DFDR (first and second row in Table 5.7). 

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 uncertainty of the flood 

magnitude, i.e., the difference between ώ and ώ which 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 variables, a hit in the former 

might include misses or false alarms in the latter (Figure 5.4a). This implies that if 

inundation level forecasting is undertaken (FPC), then the performance in terms of 

POD and FAR will drop relative to the FTC, which implies improved forecasts 

would be needed to achieve the same performance level as for FTC. 

5.7.2  Sensitivity experiments 

In this last sub-section of the chapter, the sensitivity of several parameters with 

respect to the results shown in Table 5.7 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 

(Blöschl, 2008; Parker, 2017). The forecast performance in the joint distribution is 

controlled by the moments of ώ and the correlation coefficient ” . The latter is 

assigned to a lead time Ű through the lead time-correlation function shown in Figure 

4.14. As has been explained, Ű is an input parameter of the framework. One can 

assume that ώ are outputs of different flood forecasting systems associated with 

different lead times Ű  and that forecasts are represented by the same moments. 

Under this assumption, it is hypothesized that the forecast performance is mainly 

controlled by ”  (a bias in the mean or variance of the forecasts can also affect 

performance) which, in turns, depends on the input value of Ű. This first experiment 

is based on this assumption and aims to analyse how the outcomes of the baseline 

scenario change when considering different forecast performances represented by 

different values of Ű and assuming the same moments of ώ for each of them. Table 

5.8 gives a description of this experiment and the range of values to be explored. 
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 Table 5.8: Description of sensitivity experiment 1 

The results of the sensitivity experiment are described in Figure 5.10, which shows 

two diagram types that show, for each value of Ű, its associated pair of values of 

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 points on the grey line 

are those computed by considering FPC. One of the diagram types (a and c) shows 

POD and FAR on the left axis and lead-time on the abscissa, whereas the other, a 

quadrant plot (b 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 reference. These values define four quadrants: the left-upper quadrant with 

values of POD > 0.5 and FAR < 0.5; right-upper quadrant with values of POD > 

0.5 and FAR > 0.5; left-bottom quadrant with values of POD < 0.5 and FAR < 0.5; 

and right-bottom quadrant with values of POD < 0.5 and FAR > 0.5. The 1:1 line 

(grey dashed 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 here based 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 simplified form of that used in England for the national 

assessment of flood forecasting systems(Robson et al., 2017).  The results of the 

sensitivity experiments can be judged against these target levels. They are explained 

as follows.  

 

Parameter to 

be modified  

Lower 

bound 
Baseline 

Upper 

bound 
Aim 

†  
3 hr         

(-50%) 
6 hr 

24 hr 

(+200%) 

Analyse how the flood 

warning performances 

obtained in the baseline 

scenario changes as the lead 

time changes. 
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Figure 5.10: Results of the sensitivity experiment 1 for the flooding threshold-based and 

floodplain property -based criterion, FTC and FPC, respectively, based on the deterministic 

rule DFDR and probabilistic rules PTDR and PDR.  

Figure a shows FAR and POD results for different lead times Ű based on the DFDR, whereas Figure 

b shows these values for the PTDR and PDR. FTC-based results (blue line) are shown for the DFDR 

and PTDR, and FPC-based results (grey line) are shown for the DFDR and PDR. 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 forecast-based 

decision rule, PTDR: probabilistic rule based on a PT and the probability of exceedance (PE) of ώ, PDR: probabilistic rule 

based on a PT and PE of ώ , FTC: flooding threshold-based criterion, FPC: floodplain property-based criterion. 

                                                           

Figure 5.10a and Figure 5.10b shows how POD and FAR change with lead time Ű  

based on the deterministic decision rule DFDR for the FTC and FPC cases. These 

figures confirm, what was shown in the baseline case, that the POD and FAR values 

are lower for the FPC than the FTC. As was explained, it is due to the results based 
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on the FPC depend on the warning decision and the uncertainty of the inundation 

forecasting (Figure 5.4). The latter is represented in this framework as the difference 

between the warned and flooded properties which are obtained as a function of ώ 

and ώ respectively (Figure 5.3). In addition, as one can see in the quadrant plot, as 

the value of Ű increases, the skill scores tend to move from the left upper quadrant 

to the right bottom quadrant, which is one 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 occurs is approximately 13 hr (” =0.64) for 

the performance based on the FTC, and 10 hr (” =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 can have medium (Ű=3, ” =0.89 , or Ű=6, ” =0.85) or low 

reliability (Ű=9, ” =0.76,  or Ű=12, ” =0.67). However, if one considers the FPC, 

deterministic FEWS can have low reliability (Ű=3, ” =0.89,  or Ű=6, ” =0.85). 

Figure 5.10c and Figure 5.10d show how POD and FAR change with the lead time 

Ű  based on the probabilistic decision rules PTDR (based on the FTC) and PDR 

(based on the FPC). These figures again confirm that the flood warning reliability 

based on the FPC is worse than that based on the FTC. In addition, the quadrant 

plot shows that as the value of Ű increases, the skill scores tend to move from the 

left upper quadrant to the right upper quadrant. This occurs because, as was 

mentioned above, these probabilistic-based decision rules tend to deliver high 

values of POD and FAR due to the fact their optimization criterion 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. The results show that this 

drawback of the optimization criterion makes the FAR value increases as the lead 

time Ű increases. The right upper quadrant is the other worse scenario of the system 

as the value of FAR is higher than 0.5. The lead time at which this occurs is 

approximately 8 hr (” =0.79) for the performance based on the PTDR, and 

approximatly 5 hr (” =0.87) for the skills scores based on the PDR. FEWS with 

POD and FAR values in this quadrant can also be considered as not operationally 

useful. In this sense, the results show that probabilistic FEWSs based on the PTDR 

can have medium (Ű=3 hr, ” =0.89) or low reliability (Ű=6 hr, ” =0.85). 

However, if one considers the probabilistic decision rule PDR, a probabilistic 
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FEWS can have low reliability (Ű=3 hr, ” =0.89). These results suggest that the 

deterministic decision rule allows the FEWS to use longer lead times (lower ”  

values) 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 DFDR-based results is to have an idea about the scatter 

of the pairs (ώ,ώ) associated with the lead time at which the skill scores start to be 

in the right bottom quadrant in Figure 5.10b  (13 hrs and 10 hrs approximately for 

the FTC and FPC, respectively). This allows us to have a good insight into how the 

bivariate values look for these poor performance cases. Figure 5.11 shows a sample 

of the bivariate values of the critical lead time for the FPC (10 hrs). These pairs 

(ώ,ώ) are characterised by the moments of ώ and ώ used in the baseline scenario and 

the value of ” =0.73 assigned to this critical lead time based on the lead time-

correlation function shown in Figure 4.14 

 

Figure 5.11: Scatter of the pairs (◐,◐) associated with the critical lead time in the floodplain 

property -based criterion  FPC based on the deterministic decision rule DFDR. 

This figure illustrates a bivariate sample of the joint distribution that defines the critical lead time in 

the FPC based on the DFDR (10 hr) in the sensitivity experiment 1 (Figure 5.10b). The red dashed 

lines define the value of the flooding threshold ώ that define the hits, misses, false alarms, correct 

negative in DFDR in FTC. The value of ”  for this joint distribution is 0.73. 
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5.7.2.2 Sensitivity experiment 2 

This experiment explores the sensitivity to a change in the inflexion point Ὅὖ of the 

lead time-correlation function shown in Figure 4.14 in conjunction with a change 

in lead time. Thus, the sensitivity of Ὅὖ with respect to the results of the baseline 

scenario (Table 5.7) is analysed by modifying this parameter by a small percentage 

( ± 10%). For a better interpretation of the results, this experiment also includes 

other values of Ű, perturbed from the baseline case of 6 hours.  Table 5.9 gives a 

description of this experiment and the range of values to be explored. In this case, 

several values within the range for Ű were considered, whereas, for the Ὅὖȟ only the 

values of the lower and upper bound were included in the analysis.  

Table 5.9: Description of sensitivity experiment 2 

The results of this sensitivity experiment are described in Figure 5.12 for the FTC 

and in  Figure 5.13 for the FPC. These figures show how the values of POD and 

FAR associated with the baseline lead time Ű (6hr) change when modifying Ὅὖ and 

the lead  time Ű. The same diagram types used in the prior 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 value of Ὅὖ (.85), points on the solid grey 

line are those computed by considering the lower bound of Ὅὖ (.77), and points on 

the solid green line are those computed based on the upper bound of Ὅὖ (.94), all 

for different values of Ű. The black circle in Figure 5.12 and Figure 5.13 (6hr lead 

times) provides a reference point for showing how the results of the baseline 

scenario for the FTC and FPC (Table 5.7), respectively,  change when modifying 

the value Ὅὖ. 

The upper plots in Figure 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 lead time is considered here, and, as one can see, the results are very 

sensitive to changes in  Ὅὖ. For the upper bound value of Ὅὖ, the values of POD 

Parameter to 

be modified  

Lower 

bound 
Baseline 

Upper 

bound 
Aim 

†  
3 hr         

(-50%) 
6 hr 

24 hr 

(+200%) 

Analyse how the results of the 

baseline scenario change as the 

assumed forecast quality 

assigned to the lead time 

changes. 
Ὅὖ   

0.77         

(-10%) 
0.85 

.94   

(+10%) 
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and FAR are improved considerably (higher values and lower values, respectively). 

For the lower bound value, they worsen to a lesser degree, but the change is still 

considerable. The same behaviour can be seen in the probabilistic forecast-based 

decisions, PTDR (bottom plots in Figure 5.12) and PDR (bottom plots Figure 5.13). 

To have a broader view of this behaviour, the analysis included other lead times.  

Note that this behaviour is the same if the baseline lead time would be 3hr (black 

square); however, if it would be 24h (black cross), the sensitivity of Ὅὖ is reduced 

considerably. This occurs in larger degree in the results based on probabilistic 

forecast-based decisions, PTDR (bottom plots in Figure 5.12) and PDR (bottom 

plots Figure 5.13). These results bring an interesting conclusion; small 

improvements in the forecast quality (represented in this work as an increase of 

10% of the value of Ὅὖ (Table 5.9) ) 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 presented in Figure 5.12 and Figure 5.13 as the points with small or long lead 

times whose values of ”  is relatively high and low according to the lead time-

correlation function shown in Figure 4.14, respectively. 

The quadrant plots depicted in Figure 5.12 and Figure 5.13 also show further 

interesting points. Note that for the upper bound value of Ὅὖ, more points are 

moved to the upper left quadrant which should be the target quadrant for a FEWS; 

this occurs for the deterministic and probabilistic scenarios for lead time beyond 

the assumed catchment lag L (6 hr). This shows how FEWSs improving the forecast 

quality can extend the lead time and, at the same time, have levels of POD and FAR 

that are operational useful. Furthermore, the quadrant plots for the probabilistic 

results (Figure 5.12d and Figure 5.13d) show different behaviour of the POD and 

FAR values for the FEWS with high correlation (upper bound value of Ὅὖ). The 

results show that the probabilistic decision rules tends to decrease the FAR value 

until a given level of correlation ” . This correlation value can be obtained by 

analysing the correlation associated with the lead time at which the FAR value start 

to increase. For the PTDR (Figure 5.12d) and PDR (Figure 5.13d), it occurs 

between a lead time of 6 and 9 hrs. According to the correlation-lead time function 

and the Ὅὖ of this case (Ὅὖ=0.94), the ”  values associated with these lead times 
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are 0.94 and 0.85, respectively. The level of correlation ”  until which the 

probabilistic results decrease the FAR value fall in this range.  

 

 

Figure 5.12: Results of the sensitivity experiment 2 based on the  flooding threshold-based 

criterion FTC 

Figures a and c shows FAR and POD results for different lead times Ű based on the DFDR and PTDR 

and different values of Ὅὖ, 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 forecast-based 

decision rule, PTDR: probabilistic rule based on a PT and the probability of exceedance (FTC) of ώ, BS: baseline value of 

Ὅὖ, LB: the lower  bound  value of Ὅὖ considered in the sensitivity analysis, UB: the upper  bound  value of Ὅὖ considered 

in the sensitivity analysis. FTC: flooding threshold-based criterion 
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Figure 5.13: Results of the sensitivity experiment 2 based on the  floodplain property -based 

criterion FPC 

Figures a and c shows FAR and POD results for different lead times Ű based on the DFDR and PDR 

and different values of Ὅὖ, 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 forecast-based 

decision rule , PDR: probabilistic rule based on a PT and the probability of exceedance (PE) of ώ , BS: baseline value of 

Ὅὖ, LB: the lower  bound  value of Ὅὖ considered in the sensitivity analysis, UB: the upper  bound  value of Ὅὖ considered 

in the sensitivity analysis. FPC: floodplain property-based criterion. 

5.7.2.3 Sensitivity experiment 3 

The sensitivity experiments 1 and 2 analysed the sensitivity of Ὅὖ and ”  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 of ώ are the same for each condition analysed. This last experiment 

assumes the opposite, i.e., Ὅὖ and ”  are assumed to be fixed values, and two 

moments of ώ (‘ and „) that also control the forecast quality are perturbed one 

at a time. The upper and lower bounds for the perturbations are shown in Table 

5.10. The impacts of the perturbations on the marginal distribution of the forecasts 

relative to that of the observed values are shown schematically in Figure 5.14. 

Table 5.10: Description of sensitivity experiment 3 

 

Figure 5.14: Illustration of how the marginal distribution of the forecast is perturbed in 

Experiment 3 

The left and right upper and  diagrams illustrate how the variations to ‘  and „  perturbs the 

marginal distribution of ώ with respect to the marginal distribution of ώ, respectively. 

It is well known that most forecasting models suffer from biases in the mean and 

variance, so the aim here is to provide insight into the impacts of these biases on 

POD and FAR for the deterministic and probabilistic forecasting cases. While a 

bias in the mean can be corrected, it is much less obvious what to do about a bias 

Parameter to 

be modified  

Lower 

bound 
Baseline 

Upper 

bound 
Aim 

‘ 
0.36         

(-25%) 
0.48 

0.6     

(+25%) Analyse the bias in the 

mean and variance for the 

baseline case „  
0.10        

(-50%) 
0.20 

0.30    

(+50%) 
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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 Nash-Sutcliffe 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 variance of ώ are 

given in Table 5.10. 

Bias in the mean 

Figure 5.15 shows the results of the sensitivity experiment with the forecast mean 

for the DFDR (Figure 5.15a and b) and PTDR and PDR (Figure 5.15c 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 5.15a and b) 

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 values of ώ lower than the values of ώ. 

It reduces the number of hits and false alarms and increases the misses, and 

therefore reduces the POD and FAR values (Figure 5.15 and Table 5.11). Positive 

bias produces the contrary effect, i.e., it makes the values of ώ  greater than the 

values of ώ and 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 flooded house that 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 to ñwrong decisionsò (misses and false alarms in the 

FTC), ñadditionalò misses or false alarms existing after a ñgoodò decision, i.e., 

when a warning in the at-risk community preceded a flood, but the event magnitude 

was incorrectly forecast (considered a hit in the FTC).   

The results show that, for the FPC-based POD, the greater the negative bias of the 

mean, the lower the weight of misses due to ñwrong decisionsò (misses in the FTC) 
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in this metric. In other words, the negative impact of the ñadditionalò misses 

considered in the FPC decreases as the negative bias of the mean increases. Figure 

5.15a shows that there is a point when FPC-based POD equals FTC-based POD, 

which means that the negative impact of the ñadditionalò misses on the FPC-based 

POD is negligible. The FPC-based FAR shows different behaviour. The negative 

impact of the ñadditionalò false alarms considered in the FPC increases as the 

negative bias of the mean increases.  

When there is a positive bias, the opposite effect occurs. The negative impact of the 

ñadditionalò misses considered in the FPC increases as the positive bias of the mean 

increases. In addition, the negative impact of the ñadditionalò false alarms 

considered in the FPC decreases as the positive bias of the mean increases. Figure 

5.15a shows that there is a point when FPC-based FAR equals FTC-based FAR, 

which means that the negative impact of the ñadditionalò false alarms on the FPC-

based FAR is negligible. 

a) Probabilistic Forecasts 

FTC Criterion:  As already observed, 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 distribution of ώȟώ and the predictive 

density Ὢώȿώ). Figure 5.16 shows plots of the bivariate distributions corresponding 

to the lower bound (Figure 5.16a) and the upper bound (Figure 5.16b) perturbations. 

The baseline case is also shown in the plots. The predictive density for a given value 

of ώ is obtained by slicing the bivariate distribution in the vertical, as shown in 

Figure 5.8. The mean of the predictive density is ώ, and once that is defined, the 

predictive density is controlled by the variability of ώ, but this, and the marginal 

distribution of ώ remain unchanged in this experiment. Figure 5.16 illustrates this 

graphically 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 

case, which is reproduced here from equation (Eq. 4.52) as  

‘ȿ ‘ ”
„

„Ƕ
ὰὲὼ ‘Ƕ 
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Figure 5.15: Results of the sensitivity experiment for Ⱨ◐ for the flooding threshold-based and 

floodplain property -based criterion, FTC and FPC, respectively,  based on the deterministic 

rule DFDR, and probabilistic rules PTDR and PDR.  

Figure a shows FAR and POD results for different variations of ‘ based on the DFDR, whereas 

Figure c shows these values for the PTDR and PDR. FTC-based results (blue line) are shown for the 

DFDR and PTDR, and FPC-based results (grey line) are shown for the DFDR and PDR. 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 forecast-based 

decision rule, PTDR: probabilistic rule based on a PT and the probability of exceedance (PE) of ώ, PDR: probabilistic rule 

based on a PT and PE of ώ , FTC: flooding threshold-based criterion, FPC: floodplain property based criterion. 
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Table 5.11: Contingency table used to build the plots of POD and FAR in Figure 5.15 

 h, m, f, cn averaged over 30 replications. 

Variation 

of Ⱨ◐ 
PT Decision 

 FTC FPC FTC FPC 

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 742.4 510.7 221.55 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 144924 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 1024.4 222.35 762.4 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 1027.1 224.15 801.75 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 60880 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 

0.25 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 given ὼ (recall that ὼ = ώ - ώ) and ᾀǶ ὰὲὼȟ the 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 experiment. 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 change as ‘Ƕ and ‘ change, 

bearing in mind that the conditional mean in the Normal space is related to the 

mean  in the real space (Table 4.1) as:  

   ‘ȿ  ώ Ὡὼὴ ‘ȿǶ πȢυ„ȿǶ) 

The minor fluctuations shown in Figure 5.15 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 the POD-FAR plot, 

with all POD values around 0.8 and FAR values around 0.4. This is in contrast to 

the deterministic forecast case where 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 maintaining stability 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 mean of ώ to be greater than that 

of ώ in deterministic forecasting models to get higher 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 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 biases in the mean of ώ  based on the FPC criterion, 

while deterministic forecasting is not. However, the deterministic results suggest 

that increasing the mean of ώ relative to that of ώ can lead to higher values of POD, 

but with increasing FAR. 
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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 Ⱨ◐ 

These bivariate plots represent one replication of 10,000 values of the thirty 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 DFDR (Figure 5.17a and Figure 5.17b) and PTDR and PDR (Figure 

5.17c and Figure 5.17d) based on the FTC and FPC criteria. The values of this 

Figure are described in Table 5.12. The immediate impression gained from Figure 

5.17 is that there is strong sensitivity for the deterministic case (Figure 5.17 and b) 

while there is very weak sensitivity for the probabilistic case (Figure 5.17c and d). 

The results are now analysed in this order. 



130 

 

a) Deterministic forecasts 

FTC and FPC Criteria: The results in Figure 5.17a show that, for the FPC-based 

POD, the greater the negative bias in the variance, the greater the weight of misses 

after ñgoodò decisions (hits in the FTC) on this metric. In other words, the negative 

impact of ñadditional missesò considered in the FPC case increases as the negative 

bias in the variance increases (Figure 5.17a). The FPC-based FAR, however, shows 

different behaviour, i.e., the negative impact of ñadditional false alarmsò considered 

in the FPC decreases as the negative bias in the variance increases (Figure 5.17a). 

Figure 5.17a  also shows that there is a point when FPC-based FAR equals FTC-

based FAR, which means that the negative impact of the ñadditionalò false alarms 

on the FPC-based FAR is negligible. 

When there is a positive bias in the variance, the opposite effect occurs. The 

negative impact of the ñadditionalò misses considered in the FPC decreases as the 

positive bias increases. Figure 5.17a shows that there is a point when FPC-based 

POD equals FTC-based POD, which means that the negative impact of the 

ñadditionalò misses on the FPC-based POD is negligible. The FPC-based FAR 

shows different behaviour. The negative impact of ñadditional false alarmsò 

considered in the FPC increases as the positive bias in the variance increases 

(Figure 5.17a).  

The POD-FAR plot in Figure 5.17b 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 increases the POD value towards 0.7, but the FAR value also increases towards 

0.5.  

A comparison of Figure 5.17b with Figure 5.15b shows that in the FTC case, there 

is higher sensitivity to a bias in the mean than for FPC, while the opposite is the 

case for bias in the variance.   

a) Probabilistic Forecasts 

FTC Criterion:  As already observed, the POD and FAR results are largely 

insensitive to perturbations in the variance for both the FTC and FPC criteria. To 
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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 of ώȟώ and the predictive density Ὢώȿώ). 

Figure 5.18 shows plots of the bivariate distributions corresponding to the lower 

bound (Figure 5.18a) and the upper bound (Figure 5.18b) perturbations. The 

baseline case is also shown in the plots. The predictive density for a given value of 

ώ is obtained by slicing the bivariate distribution in the vertical, as shown in Figure 

5.8. The mean of the predictive density is ώ, and once that is defined, the predictive 

density is largely controlled by the variability of ώ, but this, and the marginal 

distribution of ώ remain unchanged in this experiment. Figure 5.18 illustrates this 

graphically where the bivariate plots for the perturbations contract and expand 

along the x-axis for the negative and positive perturbations, respectively. This can 

be explained further by considering the expression for the variance of the predictive 

density in the Normal space which is reproduced here from equation (4.53) as  

„ȿ „ ρ ” 

So the variance of the predictive density in the Normal space is uniquely controlled 

by the variance of ᾀȟ as the correlation ” is unchanged in this experiment. This 

means that the optimal probabilistic threshold PT and POD and FAR will not 

change as „Ƕ and  „  change, bearing in mind that the conditional variance in the 

Normal space is related to that  in the real space (Table 4.1) as:  

„ȿ Ὡὼὴ„ȿǶ ς‘ȿǶ Ὡὼὴ„ȿǶ ρȟ 

and that ‘Ƕ is unchanged for this experiment.  

The minor fluctuations shown in Figure 5.17 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 the POD-FAR plot, 

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 to just 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 deterministic forecasting. However, the results obtained here 

suggest that there might be some merit in increasing the variance of ώ to be equal 
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to or greater than that of ώ in deterministic forecasting models to get higher values 

of POD.  

 

Figure 5.17: Results of the sensitivity experiment for Ɑ◐ for the flooding threshold-based and 

floodplain property -based criterion, FTC and FPC, respectively,   based on the deterministic 

rule DFDR, and probabilistic rules PTDR and PDR.  

Figures a shows POD and FAR results for different variations of „  based on the DFDR, whereas 

Figure c  shows these values for the PTDR and PDR. FTC-based results (blue line) are shown for 

the DFDR and PTDR, and FPC-based results (grey line) are shown for the DFDR and PDR. The 

values of these figures are summarised in the POD-FAR curves shown in b and d, respectively.  
POD: Probability of detection; FAR: false alarm ratio; PT: probabilistic threshold, DFDR: deterministic forecast-based 

decision rule, PTDR: probabilistic rule based on a PT and the probability of exceedance (PE) of ώ, PDR: probabilistic rule 

based on a PT and PE of ώ , FTC: flooding threshold-based criterion, FPC: floodplain property based criterion. 
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Table 5.12: Contingency table used to build the plots of POD and FAR in Figure 5.17  

h, m, f, cn averaged over 30 replications. 

Variation 

of 

 PT Decision 
FTC FPC FTC FPC 

  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 834.2 417.5 364.3 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 1040.2 222.5 775.85 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 higher 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 variance of ώ  based on the FPC criterion, 

while deterministic forecasting is not. In particular, the POD values degrade 

substantially towards the lower bound, suggesting that increasing the variance of ώ 

to be equal to or greater than that of ώ can lead to higher values of POD, but with 

increasing FAR. 

 

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 Ɑ◐ 

These bivariate 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 the 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 the SoP from a 5-year to a 10-year 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 provide a FEWS 

with a medium to high warning standard, as defined in section 5.7.2.1 above for 

POD and FAR. Moreover, it allows the effect of increasing the SoP on POD and 

FAR to be assessed. 

Figure 5.19 shows the effect of an increase in the SoP from 5 to 10 years on the 

behaviour of POD and FAR; this figure is directly comparable to Figure 5.9 for the 

baseline case. As the correlation between the forecast and observed values will 

decrease as a higher threshold (SoP) is applied, the overall levels of POD drop for 

the FTC criterion, but interestingly, the POD-FAR curve in Figure 5.19c for the 

FPC criterion is closer to that for the FTC criterion than for the baseline case (Figure 

5.9c). 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 three cases described by Figures 5.9, 

5.19 and 5.20 

Case 
Prob. 

threshold 
POD FAR POD- FAR 

Decision 

rule 
Criterion  

Baseline       

(Figure 5.9) 

- 0.68 0.32 0.36 
DFDR 

FTC 

- 0.60 0.40 0.20 FPC 

0.62 0.83 0.44 0.39 PTDR FTC 

0.58 0.80 0.57 0.23 PDR FPC 

Morpeth case 

(SoP=10 years, 

Ὅὖ πȢψυ) 

(Figure 5.19) 

- 0.63 0.37 0.26 
DFDR 

FTC 

- 0.58 0.42 0.16 FPC 

0.61 0.78 0.48 0.30 PTDR FTC 

0.55 0.82 0.63 0.19 PDR FPC 

Morpeth case 

(SoP=10 years, 

Ὅὖ πȢωτ) 

(Figure 5.20) 

- 0.76 0.24 0.52 DFDR FTC 

- 0.72 0.27 0.45 DFDR FPC 

0.60 0.80 0.27 0.53 PTDR FTC 

0.58 0.77 0.32 0.45 PDR FPC 
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Table 5.13 gives the optimal values of POD and FAR that are shown graphically in 

Figures 5.19a and 5.19b; for probabilistic forecasting, they are POD = 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 the Ὅὖ value (correlation for a lead time of 6 

hours) was increased by 10% to 0.94. The corresponding metrics are POD = 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 in the Medium 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 as Ὅὖ=0.94 and no biases in the mean and variance), 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 FEWSs with 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 an optimal FEWS is obtained 

by optimizing the difference between POD and FAR, Table 5.13 shows that when 

the forecast performance of a FEWS is very good (expressed as Ὅὖ=0.94 and no 

biases in the mean and variance), the 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 the flooding threshold-

based and floodplain 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 an SoP of 10 years.  
POD: Probability of detection; FAR: false alarm ratio; PT: probabilistic threshold, DFDR: deterministic forecast-based 

decision rule (DFDR), PTDR: probabilistic rule based on a PT and the probability of exceedance (PE) of ώ, PDR: 

probabilistic rule based on a PT and the PE of ώ .  
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Figure 5.20: Analysis of the performance of the baseline FEWS for the flooding threshold-

based and floodplain-property based, FTC and FPC, respectively,  by assuming a standard 

of protection SoP of 10 years and ╘╟ⱬ=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 an SoP of 10 years and Ὅὖ=0.94. 
POD: Probability of detection; FAR: false alarm ratio; PT: probabilistic threshold, DFDR: deterministic forecast-based 

decision rule (DFDR), PTDR: probabilistic rule based on a PT and the probability of exceedance (PE) of ώ, PDR: 

probabilistic rule based on a PT and the PE of ώ .  
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5.8 Main Findings  

A threshold-based approach has been used as a warning criterion, where 

deterministic and probabilistic decision rules were used to simulate them.  The 

probabilistic-based decision rule PDR used to simulate FEWSs with real-time flood 

maps is novel. This rule uses a warning level ώ  derived from Ὢώȿώ to make the 

warning decision, where ώ  is defined by a probabilistic threshold PT, which has 

to be optimised based on a pre-defined criterion. The PDR was used because FEWS 

based on real-time flood maps must use a magnitudeôs prediction of the potential 

flood to generate them. Impact curves defining the number of affected houses can 

be used for exploring the flood warningôs reliability in terms of affected houses (the 

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 the performance based on the FPC is lower than that obtained 

based on the FTC. That difference was directly related to the uncertainty of the 

flood magnitude, i.e., the difference between Ù and Ù, which defines the difference 

between the warned and flooded properties. In this context, it was concluded that 

the flood magnitude's uncertainty is an important factor influencing the flood 

warning reliability of a FEWS.  

The warning strategy is another important factor influencing the reliability of flood 

warnings. This research showed that a deterministic-based warning strategy in the 

FEWS produces sub-optimal decisions and that a probabilistic-based warning 

strategy, where the forecast errors are acknowledged, can use an optimization 

criterion to improve the reliability of flood warnings. In this research, 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 the one one would obtain based on deterministic forecasts. 

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 alarms. The forecasting lead time Ű was also 

identified as important factor influencing the flood warning reliability. As expected, 

flood warning reliability declines with lead time according to the performance 

function used, which shows a faster decline in correlation for lead times greater 
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than the catchment lag, reflecting the greater uncertainty resulting from QPFs. In 

particular, probabilistic forecasting copes much better with the increasing 

uncertainty than deterministic forecasting, where the POD values are much higher 

for the probabilistic case but at the expense of higher FAR values. The SoP was a 

factor impacting 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 the SoP increases.  

The biases in the forecast mean and variance were also identified as important 

factors influencing the flood warning reliability. Remarkable robustness to biases 

in these two variates has been observed for probabilistic forecasting, which is a 

consequence of using PU, which is based on the conditional density of ώ given ώ, 

whereas deterministic forecasting shows high sensitivity. The results for the latter 

case suggest that increasing the mean and variance of the forecasts relative to those 

of the observed could improve reliability in this case (Figures 5.17a and b). 

The correlation between the observed and forecast peak water levels has been 

shown to be an important factor controlling flood warning reliability. The analysis 

done in this Chapter (section 5.7.2.2) suggests that if 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 uncertainty. Furthermore, some 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 

category 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 reliability. The Monte 

Carlo flood and forecast generator (MCFG), the flood warning-decision making 

model (FWDC), and part of the response and impact component (RIC) were 

considered to analyse this flood warning performance attribute based on two 

performance criteria and considering deterministic- and probabilistic-based 

warning decisions.  

In this Chapter, the generic framework is employed fully to build a hydro-economic 

expected damage (ED) model (Figure 6.1a) which is used to explore the 

performance of an inundation forecasting-based FEWS in terms of both economic 

effectiveness and reliability. The hydro-economic ED model is based on three 

components: i) the MCFG that defines the univariate and bivariate probability of 

the magnitude of flood threats, i.e.,  peak water levels (ώ) and their forecasts (ώ), ii) 

the FWDC that simulates warning decisions in the FEWS, and iii) the RIC that 

simulates the óactualô and forecast flood impact in the floodplain, considering the 

flood extent and depth as the main variates measuring damage. These three linked 

components are used to do a Monte Carlo (MC) flood risk analysis in the 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 analysis provides a single 

aggregated value of the relationship between flood threats in the at-risk community 

and its economic consequences. That single value is the expected damage ED. In 

the NWS and PFS, part of the MCFG and RIC is used, and the ED is estimated from 

events generated from the probability distribution of ώ (Figure 6.1b and Figure 

6.1c), whereas in the imperfect forecast scenarios (the DFS and PrFS), the three 

components of the hydro-economic ED model are fully exploited, and the ED is 

estimated from bivariate events generated from the joint distribution of ώ and ώ 

(Figure 6.1d). The ED in each scenario is obtained based on damage functions and 

the frequencies of that damage obtained from the MC results. Since the ED 

associated with the with-warning scenarios includes the cost of the warning 
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response (ὅ), the word ódamageô in these scenarios is defined as the net damage 

that considers flood damage, mitigated and not mitigated by a proactive action, and 

ὅ. The net damage associated with forecast uncertainty due to ówrongô warning 

decisions (false alarms and misses) and ógoodô warning decisions (hits) are 

considered in the analysis (this net damage is present in hits due to the difference 

between the warned and flooded houses). 

Since the hydro-economic ED model in the imperfect forecast scenarios simulates, 

the warning decision and the resulting warned and flooded houses, it evaluates the 

reliability of flood warnings in terms of the floodplain property-based criterion 

(FPC) and the economic consequences. The reliability is evaluated in terms of the 

probability of detection (POD) and false alarm ratio (FAR). 

The ED values are used to estimate the economic effectiveness of a FEWS as:  

Ὁ
ὉὈ ὉὈ

ὉὈ
ρππ Eq. 6.1 

where Ὁ  is the economic effectiveness of a FEWS, ὉὈ  is the ED of the at-risk 

community under the NWS, and ὉὈ is the ED of the at-risk community with the 

warning service. Since the ED is the metric used in this work to define the economic 

flood risk, The economic effectiveness Ὁ , in essence, represents the expected 

economic benefits associated with a warning service relative to the NWS. 

The hydro-economic ED model is, thus, used to gain an insight into the relationship 

between the reliability (POD/FAR) and Ὁ  of a FEWS , as these are different 

measures of performance, and into the impact of the forecast uncertainty on its 

economic benefits. That is done by evaluating the sensitivity of Ὁ  to the main input 

parameters and controlling factors through a one-at-time method.  

This chapter is structured as follows. In section 6.2,  the concept of net damage 

associated with forecast uncertainty is explained. Then, from sections 6.3 to 6.6, the 

hydro-economic ED model is introduced. Thus, in section 6.3, the metrics and 

concepts used by the model to define the reliability and Ὁ  of flood warnings are 

explained. In section 6.4, each component of the hydro-economic ED model is 

described. In section 6.5, the concept of flood risk and the basis of the MC flood 

risk analysis is introduced. In section 6.6, the algorithms of the hydro-economic ED 
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model to estimate the economic effectiveness Ὁ  and reliability in terms of POD 

and FAR, are introduced. Finally, in section 6.7 the results of the sensitivity 

experiments are presented.  

 

Figure 6.1: Illustration of the MC framework to explore the reliability and economic 

effectiveness of flood warnings. 

The hydro-economic ED model has three main components (a) that are fully used only in the 

imperfect forecast scenarios (d). In each scenario, the model estimates the economic consequences 

within the full range of potential flood events in the at-risk community. The concept of expected 

damage (ED) is then used to obtain a single aggregated value of these consequences in the no 

warning scenario (b), perfect forecast scenario (c), and in an imperfect forecast scenario (d). The ED 

values are then used to estimate the flood warningôs economic effectiveness as the ED reduction of 

a forecasting scenario relative to the NWS. The 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 explained in the introductory part of this Chapter, the economic 

effectiveness Ὁ  is evaluated in this work in terms of the expected economic 

benefits of a FEWS, and it should, therefore, include the costs incurred by the 

system.  These costs should be somehow derived by considering the costs for setting 

up, operating, and maintaining the system, and the cost of the warning response ὅ  

(per-event costs). All these costs, except ὅ, can be considered ófixedô, and they 

can be included in the analysis of the expected economic benefits by prorating them 

through the economic lifespan of the system. The cost of the warning response ὅ  

is, on the other hand, a cost incurred every time a warning is issued and depends on 

the magnitude of the forecast flooding and the lead time Ű. It considers the cost of 

issuing a warning and any cost incurred in the dissemination process and by the 

public taking action due to the flood warning (proactive action). This cost is affected 

by the forecast uncertainty, and since this research is related to this topic, it is the 

only cost included in the analysis of Ὁ . 

In an inundation-forecasting based FEWS, the warning decision is first made, and 

then, the warning dissemination is done based on the forecast of the flood extent. 

In this process, the number of houses warned (ὲ ) can be overestimated or 

underestimated due to the forecast uncertainty. They are overestimated or 

underestimated in the sense that the system warns more or fewer houses than it 

should warn, i.e., ὲ  is higher or lower than the number of houses flooded 

(ὲ ), respectively. A FEWS mitigates flood damage in an at-risk community 

through a proactive action that is driven by a flood warning. Therefore, the damage 

mitigated by the proactive action (Ὀ ) only occurs in flooded houses previously 

warned. 

The overestimation of ὲ  (Figure 6.2a) produces Ὀ  and a necessary (ὅ )  

and/or unnecessary cost of the warning response (ὅ ). ὅ  is the cost associated 

with warning houses that were subsequently flooded, whereas ὅ  is the cost 

associated with warned properties that were not subsequently flooded. ὅ  occurs 

when i) there was a ñwrongò decision due to a warning that was issued, and a flood 

did not occur in the at-risk community (false alarm) (Figure 6.2a2), or ii) there is a 

ógoodô decision, and the magnitude of the forecast flooding was higher than the 
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observed one (Figure 6.2a1). A ógoodô decision refers to a situation when a flood 

in the at-risk community is preceded by a warning (hit). In the case of false alarms, 

the following condition is fulfilled: ὲ π, ὲ π, and ὅ ὅ ; 

whereas in the case of hits:  ὲ ὲ π, ὅ ὅ ὅ , and Ὀ

π (Figure 6.2a). 

 

 
Figure 6.2: Illustration 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 imperfect FEWS. In these systems, the net damage associate with forecast 

uncertainty (Ὀ  and ὅ ) are present in misses (b2), false alarms (a2), and hits (a1 and b1) events. 

Figure c illustrates the economic consequences in the PFS. 




















































































































































































































































































