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Summary
For many years, flood risk management focused primarily on either long-term riskreduction strategies or post-disaster response. However, scientific advances in
hydro-meteorological forecasting have created a valuable time window between
flood warnings and imminent disasters, during which risk reduction measures can
be implemented. In response to the growing demand for identifying more effective
ways to cope with increasing flood risk, this PhD dissertation investigates
important aspects of forecast-based strategies, specifically forecast quality, with the
ambition of contributing more effective flood risk management.
First, this thesis focuses on the role of forecast-based strategies in flood risk
management. In current practice, temporary measures triggered by forecasts are
used to reduce the risk that remains after the application of permanent measures.
Chapter 2 presents a methodology that compares permanent and forecast-based
flood-prevention measures, investigating the conditions under which forecast-based
measures could be used as an alternative to permanent ones. Following the
rationale of this methodology, forecast-based measures applied to frequent (highprobability) low-impact events are compared with measures targeting rare (lowprobability) high-impact events. Using flood risk indicators for Chikwawa,
Malawi, and forecasted discharge time series, the results reveal that the selection of
the lowest-cost strategy is a function of the cost of measures, climatological flood
risk, and forecast ability in producing accurate flood warnings. Effective temporary
measures in combination with skilful forecasts can justify a strategy relying on
either forecast-based measures or a mixture of permanent and forecast-based
measures, rather than applying permanent measures alone. In addition, the
interrelationships between the above-mentioned aspects may prompt a policy of
acting against frequent low-impact events instead of rare high-impact events.
Chapter 3 subsequently presents an evaluation framework of a global flood forecast
model. Using Peru as a case study, this framework assesses the hydrological
performance of the model by comparing observed discharge with the discharge that
is produced at a 0-day lead time by the model. The predictive capability of the
model is assessed through the comparison of forecasted and modelled discharge, as
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well as by validating flood warnings against reported flood events. Raw forecasts
are then post-processed to evaluate the degree to which a simple bias-removing
technique affects the performance of the model. Results indicate that the model
captures the seasonality of the discharge but there are large quantitative differences
between observed and modelled discharge. Forecasts at short lead times perform
better, and on average forecast performance is higher for grid cells representing
major rivers with large upstream areas, in comparison to the short river systems
with rapid hydrological response. In general, raw forecasts are characterized by a
tendency to overpredict discharge. Post-processed forecast perform better in
capturing the modelled discharge, but they provide warnings for less reported flood
events in comparison with the raw forecasts. This chapter shows that the selected
global forecast model can be valuable in areas where the local forecast systems are
either unreliable or only operating at short lead times.
Chapter 4 investigates the influence of the antecedent hydro-meteorological
conditions on flood generation. It follows a pragmatic approach, which uses
reported historical flood events in sub-Saharan Africa to analyse, both separately
and in combination, flood indicators that are representative for timescales ranging
from a few days to up to several months prior to the events. Although heavy
precipitation is observed shortly before flood generation, it does not always lead to
flooding. When heavy precipitation events are preceded by wet hydrometeorological conditions during the months prior to flood generation, the
likelihood of a flood becomes higher. This demonstrates that monitoring and
forecasting the seasonal-scale hydro-meteorological conditions can be a useful
addition to flood risk management in flood prone areas.
Finally, Chapter 5 presents a methodology that assesses the economic value of a
risk-reduction system, in which a forecast triggers an action. The methodology
considers budget and time constraints, time-varying forecast ability to provide
accurate flood warnings, action costs and effectiveness. These factors permit the
exploration of the trade-off between taking effective actions based on low-quality
forecast information and taking less effective actions when more reliable forecasts
are available. Building upon this methodology, the single-trigger forecast system is
compared to a staged system in which a low-quality long-lead-time forecast that
triggers a preparatory action is followed by a higher-quality shorter-lead-time
forecast that triggers the main risk-reduction action. Using an idealised case study
and the forecasted discharge time series for Akokoro, Uganda, results demonstrate
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that low-quality forecasts at long lead-times coupled with higher-quality forecasts
at shorter lead-times can provide additional value to forecast-based systems.
Furthermore, this chapter underscores that the characteristics of the forecast-based
actions, such as implementation time and time-varying effectiveness, should be
examined together with the time-varying forecast reliability to better effectuate the
optimal time to trigger the selected action.
This dissertation underlines the complexity of forecast-based strategies. The
information presented can aid both policymakers and operational decision-makers
in understanding important aspects of these strategies, allowing the development of
more effective flood risk management plans. The dissertation concludes with
recommendations for further research. First, more empirical data on the
effectiveness of forecast-based strategies, as well as long time series of observed
and forecasted discharge, are necessary to accurately quantify the value of the
forecast-based strategies in the long term. Second, a combination of behavioural
and natural sciences is necessary to reliably simulate the actions and interactions of
individual and collective actors in forecast-based strategies. Third, future research
should focus on the effects of climate change on flood forecasting and on the role
of forecast-based systems in a less predictable future.
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Introduction

1.1

Flood risk

Floods have been occurring throughout Earth’s history and are expected to do so as
long as the water cycle continues. From 1998-2017, floods across the world caused
approximately 650 billion USD in damage and affected more than 2 billion people
(UNISDR & CRED, 2017).
Although flood losses have been extremely severe during recent years, flood risk is
expected to increase even further (Kron, 2005). Risk is a forward-looking concept
and therefore, flood risk is expressed as the likelihood of loss of life, injury or
destruction and damage from floods in a given period of time. Flood risk results
from the complex interaction between the hazard and the characteristics that make
people and places vulnerable and exposed to flooding (UNISDR, 2015a). ‘Hazard’
refers to the natural occurrence and magnitude of a flood that is a result of weather
extremes (Zhou et al., 2017). ‘Exposure’ refers to the number of people and
economic assets potentially affected by flooding, while ‘vulnerability’ refers to the
susceptibility of exposed elements to flood hazards and their capability of coping
with flood events (IPCC, 2012). Climate change, increasing global population,
urbanisation, economic growth and anthropogenic activities that affect the
hydrological regime are considered the most important causes of the increasing
flood risk (Bouwer, 2011; Di Baldassarre et al., 2016; Huong & Pathirana, 2013;
Jongman et al., 2015; Milly et al., 2002; Nirupama & Simonovic, 2007).

1.2

Flood risk management

Conventionally, flood risk strategies focus on reducing flood probability through
long-term flood-prevention strategies. In recent years, approaches that seek to
reduce flood probability have been complemented by more integrated flood risk
management strategies. These strategies explore ways to reduce flood risk through
all its three components aiming to pursue the optimal ameliorating effects (Butler
& Pidgeon, 2011; Ran & Nedovic-Budic, 2016; Sayers et al., 2002).
Efforts to reduce flood risk focus primarily on long-term solutions. Flood-hazard
reduction is traditionally achieved through flood-protection approaches that require
measures such as the construction of higher dikes or dual-purpose dams to
maximise water retention. Exposure is reduced by effective spatial planning, which
aims to control physical spaces in flood-prone areas by regulating the types of

14

Chapter 1

activities, land use, scales of development and designs of structures that are
permissible (White & Richards, 2007; Neuvel & van den Brink, 2009). Finally,
vulnerability is reduced by strengthening existing structures and increasing the
coping capacity of societies against floods.
Nevertheless, complete elimination of flood risk with long-term solutions is
impossible. Even in countries where flood risk management is well funded and the
flood-protection level is high, there is always a residual risk. For instance, the
catastrophic June 2013 flood in Europe and the July 2018 flood in Japan led to
hundreds of deaths and considerable infrastructure damage despite extensive
defence measures. In areas that have low levels of flood protection, usually due to
inadequate financial and technical capacities, floods are more frequent and the
death toll is higher. This is principally the case in lower-income countries, in which
financial constraints lead to significant dependence on foreign aid programmes for
reconstruction and rehabilitation after disasters occur. For example, donors pledged
USD 1.2 billion for post-flood reconstruction in the aftermath of the 2019 floods in
Mozambique (ReliefWeb, 2019a).
However, recent studies have revealed that ex-post disaster response is less
sustainable than ex-ante, forecast-based risk reduction (Kellett & Cavani, 2013;
Rogers & Tsirkunov, 2010). In recognition of this, many newly-established
policies and frameworks have emerged offering guiding principles to achieve
disaster resilience through ex-ante risk-reduction measures. The most important
frameworks, the Hyogo Framework for Action, and its successor, the Sendai
Framework for Disaster Risk Reduction (UNISDR, 2015b) have been adopted by
most UN member states. These frameworks have established a paradigm shift in
disaster risk management from emergency response towards a comprehensive
approach emphasising disaster preparedness and prevention. The seventh global
target of the Sendai Framework stresses that this shift necessitates a substantial
improvement and increase in the availability of and access to early warning
systems that are based on scientific forecasts.
Nevertheless, ‘forecasts possess no intrinsic value, but they acquire value through
their ability to influence the decisions made by their users’ (Murphy, 1993). Hence,
considering the targets set by the global frameworks, several governmental,
humanitarian and development organisations such as the African Risk Capacity
Facility, the START Network, Global Parametrics, the United Nation Food and
Agriculture Organisation and the Red Cross/Red Crescent Movement have been
15
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working intensively on creating and improving their Early Warning Early Action
Systems, which use science-based forecasts to trigger risk-reduction actions. These
systems are increasingly playing a prominent role in flood risk management
strategies. Although Early Warning Early Action Systems are used against various
types of floods, many of them focus on riverine flooding because of its devastating
impacts, its predictability, and the variety of early actions that can be taken against
it.

1.3

River flood forecasting

Besides precipitation, which has a prominent role in flood generation, there are
numerous other factors that drive flooding, leading to a non-linear relationship
between precipitation anomalies, flood frequency and magnitude (Stephens et al.,
2015). These factors include land surface and subsurface storage components, river
network configurations and characteristics, rapid snow melting and human
interventions. Thus, predictability of river floods is limited by the uncertainties in
precipitation forecasting and the poor understanding of the interaction between
factors that cause extreme streamflow.

1.3.1 Precipitation forecasting
Weather forecasting has improved enormously over the past four decades and
continues to improve by approximately a day lead-time per decade; in other words,
today’s eight-day weather forecast is as accurate as the five-day forecast thirty
years ago (Bauer et al., 2015). This increase is attributed to systematic advances in
atmosphere-ocean-soil-coupled models, an expanded network of observational
instruments such as satellites, and more sophisticated data-processing techniques in
conjunction with much faster and more powerful computers (e.g. Callado et al.
2013; Mechoso & Arakawa 2014). However, the atmosphere is a chaotic system
and this imposes limits to weather predictability. If the initial condition is
uncertain, the uncertainty evolves nonlinearly in time (Lorenz, 1963). Therefore, to
achieve higher certainty in weather predictions, initial state conditions need to be
defined as accurately as possible. This is hampered by unavoidably incomplete
spatial data coverage and uncertainty regarding the state of the atmosphere (Alley
et al., 2019). Given the fact that forecasts can differ vastly if small perturbations
are applied to initial conditions (Poincare, 1914), uncertainty in the details of
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weather predictions will always exist and there will always be space for
improvements in forecasting accuracy.
In comparison with the traditional deterministic approach that uses a single best
estimate of the atmospheric state, today’s numerical weather prediction models
address initial state uncertainties through the ensemble approach. In this method,
ensemble members are created by slightly different but equally probable initial
conditions. These small differences propagate in time, increasing the variability
between ensemble members (e.g. Callado et al. 2014; Cloke & Pappenberger,
2009; Gneiting & Raftery, 2005). The spread of the ensemble forecast constitutes a
diagnostic of the degree of forecast uncertainty at each time step of the forecast
range. Operational decision-makers use this spread to quantify the probabilities of
different threshold exceedance tailored to their system configurations. Despite the
availability of other approaches to uncertainty quantification, the ensemble
technique has become a prominent practice in both short-range and seasonal
precipitation forecasting.

1.3.2 Streamflow forecasting
There are several examples of flood warnings being issued based solely on
precipitation predictions (Alfieri et al., 2012). However, precipitation does not
provide an indication of riverine flood risk by itself. In recognition of this,
streamflow forecasting models have been increasingly employed by operational
Early Warning Early Action systems to issue flood warnings. Despite the
substantial progress that has been made in streamflow forecasting over the past
years, the scientific community keeps putting effort into improving the forecast
accuracy and extending the forecast range.
Alongside the uncertainty of precipitation forecasts, the insufficient knowledge of
hydrological processes and their simplified parameterisation create further
uncertainty in streamflow forecasting (Jain et al., 2018). The output of the
ensemble streamflow prediction models directly represents the different sources of
uncertainty (Ebert, 2002). Probabilistic flood warnings are issued by comparing
each ensemble member of the streamflow forecasts against predefined streamflow
thresholds (e.g. Bartholmes & Todini, 2005). Although probabilistic representation
of information can be complicated and creates difficulties in communication,
understanding and perception of probabilities, it has been illustrated that
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probabilistic forecasts attenuate the effects of forecast errors and lead to better
decisions compared to deterministic forecasts (Joslyn & LeClerc, 2012; Marimo et
al., 2012; Roulston & Kaplan, 2009).
The design of streamflow forecasting models differs due to variations in flood type
and magnitude and therefore they are often categorised on the basis of their
temporal and spatial scales (Jain et al., 2018). Various community-, basin- (Hopson
& Webster, 2010), continental- (Thielen et al., 2009; Thiemig et al., 2015) and
global-scale (Alfieri et al., 2013; Weerts et al., 2016) models have been designed to
provide short- (up to two days), medium- (from two days up to two weeks) and
seasonal-range (for periods of weeks, months or particular seasons) forecasts with
different accuracy levels (Devia et al. 2015).
Compared with local models, global models produce relatively coarse forecasts.
However, reliable local models are not always available, which is the case in
several lower-income countries. A well-known global flood forecasting system is
the Global Flood Awareness System (GloFAS) (Alfieri et al., 2013), which is part
of the Copernicus Emergency Management Service (CEMS). GloFAS is being
used in a number of countries to support decision-making in forecast-based
humanitarian actions by the Red Cross, largely on account of its freely available
data and its ability to provide daily forecasts at short to medium range timescales
(GloFAS 30-day) and weekly forecasts at seasonal timescales (GloFAS seasonal)
(Emerton et al., 2018).

1.4

Forecast verification

A model’s ability to provide correct hydrological forecasts is fundamental in
operational flood risk management. Insufficient knowledge of this ability leads to
uncertainty regarding the effectivity of the adopted risk management strategy and
may lead to undesirable decisions (Perreault et al., 2018). For this reason, forecast
models are continuously assessed quantitatively through advanced verification
measures (Alfieri et al., 2014; Weber et al., 2006).
The assessment of probabilistic streamflow forecasts is challenging since
probabilistic distributions are compared against actual occurrences. Therefore, a
wide range of verification scores and strategies exist to demonstrate the different
forecast attributes and ensure the relevance of results for users with different needs
and requirements (Brown et al., 2010; Casati et al., 2008; Franz et al., 2003).
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Streamflow forecasts are usually assessed for attributes such as accuracy,
reliability, sharpness, bias and consistency. Flood risk managers, however, are
particularly interested in scores targeting the tails of probability distributions and
particularly the forecast ability in capturing streamflow that corresponds to real
flood events.
Despite its importance, thorough verification of operational streamflow forecasting
systems is still rarely carried out by operational hydro-meteorological services.
This can be partly explained by the fact that end users have different requirements
(Casati et al., 2008), by missing data of historical flood events, and by the low
frequency of floods along with the short time series of observed and forecasted
discharge (Cloke & Pappenberger, 2009). Therefore, the creation of generic,
automated verification frameworks of operational early warning systems is
extremely challenging (Casati et al., 2008).

1.5

Forecasting flood impacts

Forecasts do not explicitly provide a level of flood risk unless it is contextualised
and translated into expected impacts. An emerging practice is ‘impact-based
forecasting’, which aims to bridge the gap between forecasters and users by
focusing on the consequences (impacts) of particular flood levels instead of only
focusing on hazard type and severity (Sai et al., 2018). In light of its importance,
impact-based forecasting has started forming the basis of various Early Warning
Early Action Systems around the world (Masato et al., 2015; Palin et al., 2016) and
has become one of the main priorities of the World Meteorological Organisation
(WMO, 2015).
Impact-based forecasts indicate flood impacts at different locations, allowing
decision-makers to identify which communities are mostly affected by the
upcoming hazard. To achieve this necessitates extensive knowledge of local
vulnerabilities and their exposure to various hazard levels. The insufficiency of the
available data often makes forecasters reluctant to produce forecasts of impacts.
However, the literature concerning this field has increased in recent years.
Huizinga et al (2017) created a global dataset of damage curves that depict
fractional damage as a function of water depth, as well as the maximum damage
values for various assets and land-use classes. Porter & White (2016) investigated a
way to make vulnerability functions by combining catastrophe risk modelling with
an economic analysis of vulnerability to poverty. Finally, Dottori et al. (2017)
19
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described the operational procedures of a real-time, impact-based forecast,
demonstrating its applicability using daily streamflow forecasts from the European
Flood Awareness System to quantify the impacts of forecasted floods in major
European river networks in terms of economic damage and affected population.
Nevertheless, uncertainties in land-use and depth-damage curves remain significant
(De Moel & Aerts, 2011). Hence, the increased accuracy of vulnerability and
exposure datasets is required to achieve more reliable impact-based forecasting.

1.6

Forecast value and forecast-based actions

An inherent ambiguity exists regarding whether a forecast is good or bad. From the
forecasters’ perspective, a good forecast is one in which the forecast output
corresponds to what actually happened. On the other hand, users consider that a
forecast is good if this provides them with sufficient information to implement
actions with beneficial outcomes, the so-called ‘forecast value’. Due to the
versatile nature of forecast quality (accuracy, reliability, bias, sharpness,
consistency, resolution), in combination with differences in the use of forecasts and
in the characteristics of the places that these are used, the identification of the
quality/value relationship is not straightforward. For example, a high-quality but
low-value forecast is the forecast of no rain over the Sahara Desert during the dry
season, whereas a low-quality forecast of excessive rain for an area when even a
little rain can cause significant damage can prove highly valuable.
In comparison with forecast quality, forecast value cannot be assessed solely using
verification measures. Instead, it is often estimated based on the cost/loss approach
(e.g. Katz & Murphy, 1997; Richardson, 2000), in which the economic sensitivity
to an adverse event is quantified by the costs and losses of action and no-action that
are decided upon a forecast’s outcome using the absence of a forecast system as a
benchmark (Roulin, 2007; Verkade & Werner, 2011).
However, in general, forecast quality decreases with increasing lead time and
therefore an inherent trade-off exists between timeliness and quality. A forecast
that allows for sufficient time to effectuate an effective risk-reduction plan is likely
to be wrong if the lead time is too long. In contrast, a perfect forecast some minutes
before a flood event is useless when an action that has five hours of
implementation time cannot be completed. On the basis of this trade-off, flood risk
managers have been struggling to automate real-time decision-making, by
identifying which triggers and lead times maximise the benefits of their actions
20
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(Wilkinson et al., 2018). A typical example is the Red Cross Red Crescent’s
Forecast-based Financing programme, which aims to anticipate disasters, prevent
their impact and reduce human suffering and loss, by enabling access to financial
resources for the implementation of early actions based on predefined forecast
thresholds (Coughlan De Perez et al., 2015).
Forecast-based risk-reduction actions are diverse and subject to several parameters
such as budget availability, the different goals of the actors, the flood’s magnitude
and consequences, and the lead times at which forecast warnings are issued. For
example, in northern Peru, an insurance product that covers flood losses is
triggered based on sea-surface temperatures that are used to forecast next season’s
flood losses (GlobalAgRisk, 2010). In the same area, during the 2015 floods, the
Peruvian Red Cross reinforced houses and distributed relief items based on 30- and
7-day lead-time forecasts, respectively. In southern Malawi, the Malawian Red
Cross has encouraged forecast-based measures such as the protection of wells and
boreholes, the creation of drainage channels, and dike reinforcement in response to
recurring floods. In Uganda, the Ugandan Red Cross distributed more than 5,000
emergency preparedness kits, attempting to reduce the development of waterborne
diseases based on GloFAS forecasts in 2015. In North Dakota, the Department of
Emergency Services used over 3 million sandbags to build temporary flood barriers
to protect Fargo city from Red River floods in 2009 based on streamflow
predictions 12 days before the disaster struck. Finally, heavy rains prompted an
evacuation order for thousands of residents 24 hours before the 2019 floods in
southern Japan.
In recent years, forecast-based risk reduction has been increasingly viewed as a set
of actions triggered by low-certainty forecasts with coarse resolutions at long lead
times (e.g. categorical seasonal forecasts that usually display the likelihood of
below-normal, normal or above-normal seasonal rainfall totals over broad areas) in
combination with higher-quality forecasts at shorter lead times (e.g. local highresolution streamflow forecasts highlighting places that will be affected most).
Using this joint system of forecasts, decision-makers usually choose to implement
‘risk-free’ actions, which provide benefits regardless of whether the disaster
actually happens based on the low-quality, long lead-time forecasts (Wilkinson et
al. 2018). These no-regret actions either do not rely on forecast information, or can
be combined with later-stage, forecast-driven actions. For instance, increasing
public awareness and training volunteers in flood-preparedness tasks can lead to
21

Introduction

faster and more effective actions during the construction of flood barriers or
evacuation. The idea of taking action based on progressively improving flood
information has been put into practice by humanitarian agencies in the 2008 floods
in West Africa (Braman et al., 2013). This has motivated the development of the
‘Ready-Set-Go!’ approach (Goddard et al., 2014), which highlights the importance
of a comprehensive understanding of forecasts
to ensure the effective
implementation of Early Warning Early Action Systems.

1.7

Goal and research questions

In response to the increasing demand for identifying more effective ways to cope
with natural hazards, the main goal of this dissertation is to improve the
understanding and the use of forecast-based strategies in flood risk management.
In order to achieve this goal, the dissertation analyses the following research
questions:
1. Can forecast-based measures be more cost-effective than permanent measures?
2. Are global streamflow forecasting models useful to flood risk management at a
country level?
3. Do seasonal hydro-meteorological conditions affect flood generation?
4. Can low-quality forecasts at long lead times be coupled with higher-quality
forecasts at shorter lead times to provide additional value in forecast-based riskreduction strategies?

1.8

Outline of this thesis

The goal and research questions are addressed in different chapters of this thesis,
which are outlined as follows:
•

•
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Chapter 2 focuses on the role of forecast-based strategies in flood risk
management and presents a methodology that compares permanent and
forecast-based flood-prevention measures. The chapter uses a case study area
in southern Malawi, which is an area with low flood safety levels that
experiences recurrent, devastating floods.
Chapter 3 presents an evaluation framework to assess a global probabilistic
flood warning model (GloFAS) and investigates the extent to which post-

Chapter 1

•

•

•

processing of raw forecasts can improve flood warnings. The evaluation is
conducted in Peru, a flood-vulnerable and relatively data-poor country, where
GloFAS is operationally used for humanitarian purposes by the Red
Cross/Red Crescent’s Forecast-based Financing project.
Chapter 4 investigates the role of hydro-meteorological conditions in the
generation of flood events in sub-Saharan Africa, aiming to demonstrate
whether they can be used to provide improved information about flood risk at
long forecast ranges.
Chapter 5 presents a framework that assesses the economic value of a
forecast-based system. It compares a single risk-reduction action triggered by
a forecast to a forecast-based system in which sequential actions are triggered
by forecasts of different lead times. Budget, time constraints, time-varying
forecast quality, action costs and effectiveness are considered in exploring the
trade-off between taking effective actions based on limited-quality forecast
information or taking less effective actions when more reliable forecasts are
available. The chapter uses a case study area in Uganda, one of the pilot
countries of the Red Cross/Red Crescent’s Forecast-based Financing project.
Chapter 6 is the concluding chapter. A summary of the research questions and
related findings is followed by a discussion concerning how this thesis might
contribute to future flood risk policy and on possible directions for future
research.
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Chapter 2
A framework for comparing permanent
and forecast-based flood risk-reduction
strategies
Abstract: Flood risk can be reduced at various stages of the disaster management cycle.
Traditionally, permanent infrastructure is used for flood prevention, while residual risk is
managed with emergency measures that are triggered by forecasts. Advances in flood
forecasting hold promise for a more prominent role to forecast-based measures. In this
study, we present a methodology that compares permanent with forecast-based floodprevention measures. On the basis of this methodology, we demonstrate how operational
decision-makers can select between acting against frequent low-impact, and rare highimpact events. Through a hypothetical example, we describe a number of decision
scenarios using flood risk indicators for Chikwawa, Malawi, and modelled and forecasted
discharge data from 1997 to 2018. The results indicate that the choice between permanent
and temporary measures is affected by the cost of measures, climatological flood risk, and
forecast ability to produce accurate flood warnings. Temporary measures are likely to be
more cost-effective than permanent measures when the probability of flooding is low.
Furthermore, a combination of the two types of measures can be the most cost-effective
solution, particularly when the forecast is more skilful in capturing low-frequency events.
Finally, we show that action against frequent low-impact events could more cost-effective
than action against rare high-impact ones. We conclude that forecast-based measures could
be used as an alternative to some of the permanent measures rather than being used only to
cover the residual risk, and thus, should be taken into consideration when identifying the
optimal flood risk strategy.

_________________________________________________________________________________
The contents of this chapter are based on: Bischiniotis, K., de Moel, H., van den Homberg, M.,
Couasnon, A., Zsoter, E., Aerts, J., van den Hurk, B. A framework for comparing permanent and
forecast-based flood risk reduction strategies. Science of the Total Environment. 720, 1-16, 137572.
doi: 10.1016/j.scitotenv.2020.137572
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2.1

Introduction

Humanity is exposed to various types of hazards that cause thousands of deaths and
significant economic damage every year (UNISDR & CRED, 2017). Changes in
climate and in environmental, socio-economic and cultural factors further increase
flood risk (Jongman et al., 2012; Milly et al., 2002), which is a function of the
severity and the occurrence probability of floods, the exposed assets and people,
and their intrinsic vulnerability or coping capacity (Klijn et al., 2015; Kron, 2005;
Vogt et al. 2018). This increase requires continuous adaptation and effective flood
risk management strategies.
Flood risk-reduction actions can be taken at any point in the disaster management
process. Traditionally, flood prevention is one of the most common ways. This
usually involves permanent solutions, such as structural engineering works (e.g.
dikes) and nature-based measures (e.g. restoration of rivers to their natural courses)
that provide protection against flooding up to a predefined level. This protection
level depends largely on the socio-economic conditions of the country but also on
the risk-management policies in place. Countries with the financial capacity and
political will to invest in large-scale infrastructure may define their risk standards
based on a cost-benefit analysis, where the costs of flood protection (e.g. dike
construction and reinforcement) and the expected damage are minimized (Kind,
2012; van Dantzig, 1956; van Dantzig & Kriens, 1960). This is the case in the
Netherlands, for example. Other countries do not explicitly take potential socioeconomic damage into consideration, and consequently the adopted safety levels
are based on the risk policy employed in combination with the economic situation
of the country (Angignard et al., 2014; Kampen, 2017). For instance, the United
States has kept its flood protection standards unchanged to meet 100-year return
levels since the 1960s, despite arguments for revising these standards (Holmes et
al. 2010; NAKC, 2004). Low-income countries with limited financial resources,
such as Malawi, employ little or no long-term flood risk-reduction strategies
(Scussolini et al., 2016). For these countries the selection and implementation of
effective risk-reduction strategies is particularly challenging, but still no less
important (Petry, 2002; Tariq, 2011).
Even when long-term measures are in place, a residual risk remains. This risk can
be managed with the use of Early Warning Early Action Systems (EWEAS), which
translate flood forecasts into flood risk-reduction actions. The contribution of
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EWEAS to building societal resilience has been widely acknowledged
(Golnaraghi, 2012) and they have become an important element of flood risk
management (Kellett and Caravani, 2013). The forecast-based measures of the
EWEAS can temporarily reduce flood probability and impact (Mens, 2008; Rogers
and Tsirkunov, 2011; Verkade and Werner, 2011). Examples include the use of
flood walls or sandbags to augment dike height (active measures reducing flood
probability) (Prenger-Berninghoff et al., 2014), and the reallocation of goods,
humanitarian response and evacuation (passive measures reducing flood impact)
(Holub & Hübl, 2008). Each category includes actions that can be triggered by
forecasts at one or at successive stages. For example, sandbags may be prepared
and people may be trained to place them quickly and effectively based on
information of a forecast at a long lead time, and then people may be mobilized to
position the sandbags when a forecast at a shorter lead time issues a flood warning
(Bazo et al., 2018; Bischiniotis et al. 2019b). In both cases, the EWEAS are called
for as long as their risk-reduction benefits are higher than their operating costs
(Carsell et al., 2004; Rogers & Tsirkunov, 2011; UNEP, 2012). Nevertheless,
operational decision-makers are often requested to choose for which type of event
forecast-based action will be triggered due to the limited financial resources. For
instance, the Early Action Protocols of the Forecast-based financing project by the
Red Cross (Coughlan De Perez et al., 2015), mandate to trigger humanitarian
action when the forecast issues a warning for a flood of a predefined probability of
occurrence, disregarding floods of lower probabilities of occurrence.
However, steady improvements in the skill of hydro-meteorological forecasting
during recent decades have resulted in longer time spans (Bauer et al., 2015) for
implementing forecast-based risk-reduction measures. This in combination with the
continuous updates in temporary flood-protection measures can enhance the role of
EWEAS, which in turn may be available not only to cover residual risk, but also as
an alternative to permanent measures. On the one hand, permanent measures have
the advantage of providing continuous protection against floods up to a given
return level. This usually comes with a large investment of money and an
infrastructure that must be maintained at all times, also when no flood risk is
imminent. Conversely, forecast-based measures are generally less expensive and
do not require a permanent infrastructure, instead relying largely on the quality of
the forecasts that trigger their installation. A systematic exploration of the tradeoffs between permanent and forecast-based protection is necessary in order to
optimize risk reduction. It may indeed be possible that small adjustments in this
27

A framework for comparing permanent and forecast-based flood risk-reduction strategies

trade-off lead to different conclusions on the optimal combination of permanent
and forecast-based measures. In addition, the focus of EWEAS on protecting
primarily against extreme, high-impact floods may overlook the possible benefits
of a system that triggers temporary measures against flood events with smaller
impact but higher frequency.
In this chapter, we present a methodology that compares permanent and temporary
flood-prevention measures in terms of total financial losses, taking into account
forecast quality, climatological flood risk and the cost of measures. To evaluate
how these two types of measures would have performed, we use time series of
forecasted and modelled discharge from 1997 to 2018. Our case study addresses
Chikwawa, Malawi, a flood-prone, insufficiently-protected district that has so far
relied primarily on post-disaster relief, but is currently trying to shift towards
permanent and temporary flood risk-mitigation strategies such as dike construction
(World bank, 2018) and the operation of EWEAS (Nillson et al. 2010; Osborne et
al. 2008; Šakić Trogrlić et al. 2017).
This chapter is organized as follows: Section 2.2 explains the conceptual design
and data used for this study; section 2.3 presents the results; section 2.4 discusses
the findings and the limitations; section 2.5 provides a brief conclusion.

2.2

Data and study design

We used a fictitious example to retroactively describe a number of decision
scenarios with regard to permanent and temporary measures. In its conceptual
foundations, this example aims to provide new insights that will contribute to an
expansion of the existing theories rather than a generalisation of findings.
The starting point is 1997, when a decision had to be made on how to manage
flood risk in the Chikwawa region over the coming decades. The existing
infrastructure protected against floods of an x-year return period. Permanent
protection infrastructure and temporary measures triggered by forecasts could
improve the protection level to a y-year return period (x and y are defined in
section 2.2.6). With the knowledge of the forecasts and hindsight that we now
have, we can evaluate which choice, temporary or permanent measures, would
have led to lower total financial losses, and analyse why this is the case. On this
basis, we can also examine a scenario where only temporary measures were
available, comparing a strategy of taking action against frequent, low-impact
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events (return periods from x to y1) or against rare, high-impact events (return
periods from y1 to y) in terms of total financial losses.

Global Flood Awareness System
(GloFAS)

Global Flood Risk
model (GLOFRIS)

The methodological framework used in this investigation is illustrated in Figure
2.1. We used flood risk indicators from the Global Flood Risk (GLOFRIS) model
(Winsemius et al., 2016) for a case study area in Chikwawa. We used modelled
discharge, considered as a pseudo-observation, and forecasted discharge time series
for a historical period (1997-2018) from the GloFAS model (Alfieri et al., 2013) to
evaluate forecast skill in predicting flood events at I) a river point located in the
case study area, and II) at three points of rivers outside the case study area, aiming
to evaluate the adaptability of the decision system to different hydrological
conditions and forecasts. The temporary measure was triggered when the forecast
provided a flood signal with a predefined probability threshold. Our analysis
included two probability thresholds and two decision-making rationales, which
made use of different forecast information to trigger action. Using different
background (existing) and provided protection levels, we compared the total losses
when applying permanent and temporary measures for each decision rationale.
Finally, we compared the total losses when temporary action was taken against I)
frequent low-impact and II) rare high-impact events.

Case Study Area (Location 1) characteristics
Flood hazard curve

Flood risk curve

River water level difference

Damage

Floods and forecast skill
Discharge
Forecasted

Modelled

(1997-2018)

Event-based metrics
Location 1
Location 3
Location 4

Identifying the financially most efficient measure
Permanent measure

Temporary measure
Decision
Rationale 1

Decision
Rationale 2

Initial & Maintenance
Costs, Unavoidable Damage

Initial & Operational
Costs, Avoidable &
Unavoidable Damage

Initial & Operational
Costs, Avoidable &
Unavoidable Damage

Total Losses

Total Losses

Total Losses

Case Study area

Location 2

Financially most efficient measure

Used for sensitivity
analysis

Identifying the financially most efficient strategy
for temporary measures
Measures against
low-impact, frequent
events

Measures against
high-impact, rare
events

Initial & Operational
Costs, Avoidable &
Unavoidable Damage

Initial & Operational
Costs, Avoidable &
Unavoidable Damage

Total Losses

Total Losses

Financially most efficient strategy

Figure 2.1 Overview of the methodology applied in this chapter
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2.2.1 Case study area
Malawi is a low-income country that faces recurrent floods, which constitute
approximately 75% of the country’s total average annual loss from disasters. In
2019, 870,000 people were affected by floods (Reliefweb, 2019b). Chikwawa
district is located at the Lower Shire Valley (Figure 2.2, left) and has a sub-tropical
climate with strong seasonality and an annual mean rainfall between 800 and
1200mm, most of which (95%) occurs in the wet season from November to April
(DCCMS, 2019). Heavy precipitation often causes rivers to overflow their banks.
This leads to house destruction and fatalities, as observed in the recent 2018 and
2019 floods. In this study, we explore a defense strategy for the east bank of the
Shire River between Chobo and Jeke village (Figure 2.2, right), which has
experienced several flood events in the past years.

Figure 2.2 Map of Malawi, where Chikwawa district is coloured in grey (left). The case study area is
located on the east bank of the Shire River and includes the villages from Chobo (16.05 S, 34.86 E) to
Jeke (16.18 S, 34.96 E) (right).

2.2.2 River water level and potential damage
According to the FLOPROS dataset (Scussolini et al., 2016), the current flood
protection level of the case study area corresponds to a 2-year return period (T).
Based on the GLOFRIS model (Winsemius et al., 2016), the water level of the
Shire River (calculated from its bottom) for this return period is 1.26 m, whereas
for a 5- and 20-year return period, the water levels are 1.5 m and 1.8 m,
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respectively (Figure 2.3 left). This model also provides high-resolution damage
estimations using inundation maps combined with a map of asset values and a
depth-damage function to represent vulnerability. The area is protected against a 2year flood (i.e. no damage), whereas the damage from 5- and 20-year return period
floods is USD 9.3 million and USD 14.5 million respectively (Figure 2.3 right).

Figure 2.3 Annual flood probability (1/year) for the river point in the case study area in relation to the
corresponding river water level [m] (left), and flood damage [million USD] (right) based on
GLOFRIS dataset.

2.2.3

Forecast model

We employed streamflow forecasts from the Global Flood Awareness System
(GloFAS)* (Alfieri et al., 2013). GloFAS is used operationally to provide flood
early warnings to humanitarian organizations such as the Red Cross (Coughlan de
Perez et al., 2016). Our dataset consists of biweekly (twice per week) forecasts
with 11 ensemble members for the period 1997-2016 and with 51 ensemble
members from January 2017 to June 2018. For the remainder of 2018, our dataset
consists of daily forecasts with 51 members. GloFAS uses ensemble forecasts from
the European Centre of Medium-Range Weather Forecasts (ECMWF) with a 30day forecast horizon. A climatology of daily discharge over the entire GloFAS
river network is produced by deterministic hydrological simulations driven by
meteorological forcing data from ERA5, ECMWF’s latest global atmospheric
reanalysis for the 1981-2017 period (Dee et al., 2011). The climatology includes a
set of maps for the 2-, 5- and 20-year return levels, which are compared with
GloFAS real-time forecasts to generate flood alerts.

*

In this study, we used version 2.0 GloFAS reforecasts, which are provided through an ftp
service setup by the GloFAS team upon request.
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Our work compared forecasted discharge with discharge produced by the model,
considered as pseudo-observation. Given that modelled discharge can differ
significantly from the real discharge, the so-called ‘model’s theoretical skill’ was
computed (Alfieri et al., 2014; Bischiniotis et al. 2019a). Forecast probabilities
were based on the fraction of the ensemble members that exceed a predefined
discharge threshold. For example, if 1 or 3 out of 11 members exceeded this
threshold, its probability of exceedance was 9% or 27% respectively.
For the purposes of this study, we considered that when the forecasted discharge at
a lead time of 7 days exceeded a given flood threshold (i.e. discharge of a
predefined return period) with at least I) 9% and II) 27% probability, a flood
warning was issued and temporary actions were automatically triggered. We
evaluated the forecast model in our case study area, at a river point of the Shire
River (Figure 2.4, Location 1). To explore the sensitivity of the results to different
forecasted and modelled discharge time series, we also evaluated the forecast
model at river points of three major rivers of Malawi that are not located in the
study area: Lilongwe River (Figure 2.4, Location 2), Ruo River (Figure 2.4,
Location 3), Bua River (Figure 2.4, Locations 4). The evaluation of the model is
described analytically in section 2.4.2.

Figure 2.4 GloFAS evaluation points (red circles): (Location 1) Shire River (16.03 S, 34.79 E) (case
study area); (Location 2) Lilongwe River (13.75 S, 34.55 E); (Location 3) Ruo River (16.20 S, 35.25
E); (Location 4) Bua River (13.25 S, 33.75 E).
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2.2.4

Flood risk-reduction measures

There is wide range of public and private flood risk-reduction measures, with
various cost, effectiveness and time characteristics, that can be applied before a
flood occurs (van den Homberg & McQuistan, 2019). Permanent measures, such as
dikes, dams and pumping stations, are the ones most frequently used for flood
prevention.
Conversely, temporary measures are used either to reduce flood consequences (e.g.
evacuation), or to reduce the flood hazard probability by increasing the protection
levels for a limited period of time (e.g. constructing a temporary dike,
strengthening the existing dike with sandbags, or clearing drainage channels). Of
the many options that are available, we used dikes and a portable barrier, called
muscle wall as examples of permanent and temporary measures, respectively. The
dike and the muscle wall are comparable since they both a) reduce hazard
occurrence probability by being constructed/placed on the ground (or on an
existing dike crest to increase its height), and b) withstand the water level
corresponding to a 20-year flood in the case study area (see section 2.2.6). In our
example, both dike and muscle wall were modelled along the Shire River for a total
length L of 16 km (see Figure 2.5).

Figure 2.5 Layout of the protection infrastructure. The black line shows the barrier (dike or muscle
wall) along the Shire River that protects the case study area. Black dots show the villages within the
case study area. The red dot shows the location where the GloFAS time series were evaluated.
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2.2.4.1

Total losses of permanent measures

Permanent flood-prevention measures are designed on the basis of statistics for
extreme events. They have predesignated lifetimes, and hence are often referred to
as ‘long-term’ measures. Their total cost for their lifetime consists of initial
construction investments (i.e. capital costs) and yearly maintenance expenditures.
They provide protection up to a defined safety level, here dictated by a given
discharge return time. In our example, we considered that if the modelled discharge
is higher, a flood occurred. We refer to the damage provoked by the floods with a
return period higher than the one of the safety level as ‘unavoidable damage’.
Hence, the total losses of permanent measures (TLp) resulted from the aggregation
of implementation and maintenance costs and the unavoidable damage over the
entire lifetime period:
TLP=Cp +ΣDu

(Equation 2.1)

where Cp denotes the costs (i.e. initial investment and sum of annual maintenance
costs), and ΣDu is the sum of unavoidable damage that corresponds to floods with a
return period higher than the safety level.
Little published research exists regarding the costs of river dikes, particularly in
low-income countries. The construction cost of a height increase of 1 m was
estimated at 19.3–27.2 million USD/km in the Netherlands (Jonkman et al., 2013)
and at 2.3 million USD/km in Vietnam for sea dikes (Danh & Khai, 2004). Aerts et
al. (2018) estimated annual maintenance costs to be between 0.01% and 1% of the
initial investment. The dike lifetime can vary from 10-50 years (Aerts et al., 2013;
De Rocquigny, 2012). River dikes are generally less expensive than sea dikes and
their investment costs are between 12.1 and 19.2 million USD/km per meter of
height increase in high-income countries such as the US and the Netherlands
(Dijkman, 2007; Smith et al., 2017). The costs of dikes in Vietnam are more
representative of low-income countries. Therefore, assuming that construction
costs for sea dikes in low-income countries are 10% of those in high-income
countries (Jonkman et al., 2013), we set the construction costs of a river dike in
Malawi to 1.6 million USD/km per meter of height increase, which is 10% of the
mean value of the construction costs of river dikes in high-income countries
(Dijkman, 2007; Smith et al., 2017). The lifetime of the dike was considered to be
25 years and its yearly maintenance costs amount to 1% of the initial investment.
In our approach, costs were linearly proportional to dike height increase (e.g.
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Bischiniotis, Kanning, et al., 2018; Lenk et al., 2017). Dike height increases were
based on water levels for the target return periods (section 2.6 and Table 2.3). We
assumed that a discharge of a specific return period derived from GloFAS was
translated into a river water level of the same return period. Finally, for an
objective comparison with temporary measures, we scaled the costs of permanent
measures to our study period, for which discharge-forecast time series were
available (22 years).
2.2.4.2

Total losses of temporary measures

As with permanent measures, temporary measures have initial costs (e.g. purchase
of necessary material), but also costs associated with their implementation. The
latter are dependent on the number of times an action is triggered. Flood damage
depends on whether the measures reduce flood risk effectively (i.e. a flood warning
is issued and appropriate risk mitigation actions are carried out in a timely
manner). Hence, the calculation of the total losses of temporary measures requires
the evaluation of the forecast model in terms of event-based metrics, which show
the match between the forecasted and observed floods, as presented in Table 2.1.
T1 is the return period that corresponds to the protection level in the current system
(the ‘background’ protection level), T2 is a return period that corresponds to the
provided protection level by implementing a temporary measure on top of the
background protection level, and T is the forecasted/observed return period. When
T1<T<T2 a flood of Category 1 is forecasted/observed, and when T<T2 a flood of
Category 2 is forecasted/observed.
Table 2.2 shows the costs and damage accrued for different levels of forecast
accuracy that the decision-maker uses to issue flood warnings. For this, we used
two ‘decision rationales’ (DRs). When DR1 was followed, the temporary measure
was employed, as soon as the forecasted discharge was above the flood threshold
(T1). However, it could be that the forecasted flood not only exceeded T1, but also
the threshold up to which the temporary measures provided protection (T2) (i.e.
Category 2 flood). Hence, the outcome of this case might be: I) no flood (implying
that action was taken in vain), II) a flood between x and y (implying that action
was correctly taken and damage was avoided), and III) a flood exceeding the yyear return level (implying that the action was taken but it could not provide
adequate protection).
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When DR2 was followed, the temporary measure was only employed if the
forecasted discharge was between T1 and T2 (i.e. Category 1 flood). In this case the
outcome might be: a) no flood (implying that action was taken in vain), b) a flood
between x and y (implying that action was correctly taken and potential damage
was avoided), and c) a flood exceeding the y-year return level (implying that the
action was properly declined since damage could not be avoided even if action had
been triggered).
In our numerical example, event-based metrics were calculated by comparing the
forecast at a lead time of 7 days to the modelled discharge at lead time 0. If the
modelled discharge did not exceed the flood threshold during a year, this was
considered as one no-flood event. A flood warning was issued and temporary
actions were automatically triggered when the discharge was forecasted to exceed
the threshold discharge with a certain probability. To explore the sensitivity in this
we carried out the analysis using two probabilities: I) at least 9% and II) at least
27% was required to issue a flood warning (see section 2.2.3). If the modelled
discharge exceeded the flood threshold more than one time in a period of 60 days,
it was counted as a single event, assuming that if action was triggered it would
protect against the flood for its entire duration. Therefore, forecasted discharge was
evaluated against the first modelled discharge that exceeded the flood threshold.

Observation

Table 2.1 Contingency table. CN = Correct Negative; FA1 and FA2 = false alarms of Category 1 and
2 flood; MS1 and MS2 = miss of Category 1 and 2 flood; CH1 and CH2 = correct hit of Category 1 and
2 flood; CHMS1 and CHMS2 = correct forecast of flood happening but wrong flood category.
Background
Forecast
Protection level
T1=x [years]
T <T1
T1< T <T2
T > T2
(warning for Category 1) (warning for Category 2)
CN
FA1
FA2
T <T1
(correct no flood
(false alarm)
(false alarm)
signal)
MS1
CH1
CHMS1
T1<T<T2 (Category 1
(flood missed) (Correct flood signal, flood (Correct flood signal, flood
event)
category correctly
category over-forecasted)
forecasted)
MS2
CHMS2
CH2
T > T2 (Category 2
(flood missed) (Correct flood signal, flood (Correct flood signal, flood
event)
category under-forecasted)
category correctly
forecasted)
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Observation

Table 2.2 Cost and Damage for DR1 (action against a Category 1 flood is triggered as soon as a flood
higher than the current protection level is forecasted) and for DR2 (action against a Category 1 flood
is triggered only if a Category 1 flood is forecasted) for each pair of forecast/observation. CT is the
operational costs of temporary measures, D is the damage that is avoided if action is correctly
triggered, and Du is the damage that is unavoidable because it corresponds to higher return periods
than those for which measures (permanent or temporary) can provide protection.
DR1 (Take action if a flood warning is issued {i.e. T>T1})
Background
Protection level
Forecast
T1=x [years]
T <T1
T1<T<T2
T >T2
(warning for Category 1) (warning for Category 2)
T<T1
0
CT
CT
T1<T<T2
D
CT
CT
(Category 1)
T > T2
Du
CT+Du
CT+Du
(Category 2)

Observation

DR2 (Take action if a Category 1 flood warning is issued {i.e. T1<T<T2})
Background
Protection level
Forecast
T1=x [years]
T <T1
T1<T<T2
T > T2
(warning for Category 1) (warning for Category 2)
T <T1
T1<T<T2
(Category 1)
T > T2
(Category 2)

0
D

CT
CT

0
D

Du

CT+Du

Du

Hence, the total losses included the initial costs IT of the temporary measures, their
operational costs CT multiplied by the number of times that action was triggered by
the forecast, the avoidable damage D multiplied by the number of times that a
Category 1 flood occurred but action was not taken, and the unavoidable damage
DU multiplied by the number of times a Category 2 occurred. The total losses for
DR1 and DR2 were calculated by the following equations:
DR1: TLT= IT + CN· 0+(FA1+ FA2+CH1+ CHMS1)·CT +
+MS2·Du + (CHMS2+CH2) ·(CT + Du)

(Equation 2.2)

DR2: TLT=IT + (CN+FA2)·0+(FA1+CH1)·CT +(CHMS2 +MS1)·D
+ (MS2+CH2)·Du+(CHMS2) ·(CT + Du)

(Equation 2.3)
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2.2.5 Temporary measures against frequent low-impact and against
rare high-impact events
Given the limited financial resources, temporary measures are often triggered only
against high-impact events. For instance, humanitarian action of the Forecast-based
financing project in Zambia is triggered only against events with a return period
exceeding five years. Although lower return period events have less severe
impacts, they are more frequent and hence may lead to higher cumulative losses.
For this reason, we compare the total losses of temporary measures when these are
applied either against frequent low-impact (LF) (Category 1) or rare high-impact
(HR) (Category 2) flood events. Again, to demonstrate our concept we used the
muscle wall as our example of temporary actions, assuming that its use against
events of a given category did not provide any protection against floods of the
other category. In the real world various different measures might be taken, such as
the placement of sandbags for flood categories that are not life threatening, and
evacuation for higher inundation levels. For the comparison of measures against
frequent, low-impact events and against rare high-impact events, we used DR2,
since the measures (i.e. the height of the muscle wall) are directly linked to the
flood category forecasted.

2.2.6

Background and provided protection levels

For objective comparison, we assumed that permanent and temporary measures
increase the protection level to the same extent. The combination of the
background and newly provided protection level affects the flood occurrence
probability, the costs of the measures taken, and the forecast accuracy required to
trigger action. For instance, the higher the background protection level, the lower
the flooding probability and the lower the likelihood that temporary measures will
be triggered. In addition, the higher the provided protection level, the larger the
cost difference between permanent and temporary measures (see Table 2.3).
Finally, the smaller the difference between the background and provided protection
level, the higher the forecast accuracy needed in order to trigger action (see DR2 in
section 2.2.4.2). To demonstrate the role of the background and provided
protection levels, we used: a) two provided protection levels (5-year and 20-year
return period) on top of a background protection level same to the one of our case
study area (2-year return period); b) a higher background protection level (5-year
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return period) in combination with a provided protection level that raises the
protection to a 20-year return period (see Figure 2.6).
In all cases, the total losses of increasing the background protection level with the
dike (TLP) were compared with the total losses by deploying the muscle wall
(TLT). For the case of a 2-year background level and 20-year provided protection,
the total losses when using the dike were compared with the ones of the muscle
wall as well as with the combination of measures, where the dike protected up to a
5-year return period and an additional increase of protection up to a 20-year return
period with a muscle wall could be triggered by the forecast. Given that the two
types of measures provided the same level of ultimate protection, the sum of the
unavoidable damage (Du) during the study time period was identical. Since the aim
of this study is to compare the two types of measures, we did not take into account
the sum of the unavoidable damage during the study time period, when we
estimated the total losses of either permanent or temporary measures.
For the comparison of temporary measures for events of different return periods,
we assumed that frequent low-impact and rare high-impact events were those
corresponding to events within the range T2-T5 and T5-T20, respectively.

Figure 2.6 Background and provided protection levels. In all cases the permanent measure (i.e. dike)
is compared with the temporary measure (i.e. muscle wall). When background and provided
protection corresponds to a T=2- and T=20-year return period, a mixture of dike and muscle wall is
also evaluated.
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Table 2.3 shows the river water level difference, the dike costs (CP), the initial
muscle wall costs (IT) and the avoidable damage (D) for the protection levels
examined. The river water level difference is derived from Figure 2.3. CP consists
of the initial and maintenance costs scaled to 22 years (as mentioned in 2.2.4.1). IT
is derived from the commercial catalogue of the muscle wall (MWH, 2017). We
defined the avoidable damage as the mean damage of the protection levels in
question (based on Figure 2.3). The operational costs CT for each trigger were
assumed to be 10% of IT.
Table 2.3 River water level difference, dike costs, initial muscle wall costs, and avoidable damage for
pairs of background and provided protection. When the background and the provided protection
correspond to a return period T of 2 and 20 years respectively, the avoidable damage depends on
whether the flood was between T2 and T5 or between T5 and T20. Figure 2.3 is used to derive these
numbers.
Background Provided
River water
Dike costs (CP)
Initial muscle wall Avoidable
Protection Protection level difference [USD/m]
costs (IT)
Damage (D)
[m]
[USD/m]
[USD] (·103)
T2
T5
0.24
422
230
4658
T5
T20
0.30
633
253
12963
T2
T20
0.54
1055
300
4658|12963

2.3

Results

2.3.1 Floods and model evaluation
Figure 2.7 presents the time series of the modelled discharge and the instances
where the forecasted discharge exceeded the T2, T5- and T20 with at least 9%
probability. Results are shown for the four river points examined (see Figure 2.4).
Figure A.1 (Appendix A) shows the same but forecast warnings are issued with at
least 27% probability.
Table 2.4 presents the event-based metrics for the forecast-observation pairs
introduced in Table 2.1. The results on the diagonal illustrate combinations where
the forecast predicted the flood category correctly. Off-diagonal results indicate
over- and under-forecasted flood categories. The total number of events varies
across the four locations. For instance, there are seven events with return period
between 2 and 5 years at the Shire River, and only two at the Lilongwe River.
When at least 9% probability is used to issue a flood warning, we observe a
systematic overestimation of flood occurrence at all locations. The forecasts for the
Shire are the most accurate. When a higher probability to issue a flood warning is
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used (27%), over-forecasting is reduced, but the number of missed events
increases. For example, no flood warning was issued (miss) for one event with
return period between 2 and 5 years and two events with return period between 5
and 20 years at the Shire River. At the Bua River, two events with return period
between 5 and 20 years were missed by the forecast in spite of systematic overforecasting of the number of floods.

Figure 2.7 Time series of modelled discharge (black circles) and instances where 7-day flood
forecasts exceeded indicated return level thresholds with at least 9% probability (red circles) at four
locations (see Figure 4). Red circles on the 2-year line indicate that forecasted discharge is between 2and 5-year return period; those on the 5-year line indicate that forecasted discharge is between 5- and
20-year return period; and those on the 20-year line indicate that forecasted discharge is higher than
20-year return period.
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Observation

Table 2.4 Contingency table showing the number of forecast-observation pairs in each category [i.e.
T<T2 (no flood), T2<T<T5 (e.g. low-impact flood), T5<T<T20 (e.g. high-impact flood) T>T20 (e.g.
very high-impact flood)] for the four river locations shown in Figure 2.4. The forecast probability
used to issue a flood warning is at least 9% (27%).
Forecast
Location 1 (Shire River)
T<T2 T2<T<T5 T5<T<T20 T>T20
Q<T2 (no flood)

7 (9)

1 (0)

0 (0)

1 (0)

T2<T<T5 (low-impact flood)

0 (1)

4 (6)

2 (0)

1 (0)

T5<T<T20 (high-impact flood) 0 (1)

0 (1)

2 (3)

3 (0)

T>T20 (very high-impact flood

0 (1)

1 (0)

0 (0)

Observation

Location 2 (Lilongwe River)

1 (5)

2 (10)

11 (1)

2 (0)

T2<T<T5 (low-impact flood)

0 (0)

0 (2)

1 (0)

1 (0)

T5<T<T20 (high-impact flood) 0 (0)

1 (1)

0 (1)

2 (1)

T>T20 (very high-impact flood

0 (0)

1 (1)

0 (0)

Observation

0 (0)

Forecast
T<T2 T2<T<T5 T5<T<T20 T>T20

Q<T2 (no flood)

7 (13)

3 (1)

0 (0)

4 (0)

T2<T<T5 (low-impact flood)

1 (2)

0 (2)

3 (0)

0 (0)

T5<T<T20 (high-impact flood) 0 (1)

0 (1)

0 (0)

2 (0)

T>T20 (very high-impact flood

2 (0)

0 (0)

0 (0)

Location 4 (Bua River)
Observation

Forecast
T<T2 T2<T<T5 T5<T<T20 T>T20

Q<T2 (no flood)

Location 3 (Ruo River)

2.3.2

0 (0)

0 (2)

Forecast
T<T2 T2<T<T5 T5<T<T20 T>T20

Q<T2 (no flood)

1 (7)

4 (8)

11 (1)

0 (0)

T2<T<T5 (low-impact flood)

0 (0)

0 (2)

2 (1)

1 (0)

T5<T<T20 (high-impact flood) 0 (0)

0 (2)

1 (1)

2 (0)

T>T20 (very high-impact flood

0 (0)

0 (0)

0 (0)

0 (0)

Permanent versus temporary measures for Decision Rationale 1

Figure 2.8 presents the total losses when implementing permanent and temporary
measures for all background and provided protection levels examined. The results
indicate that increasing the background safety level from a 2-year return period to a
5-year level is financially more efficient using a permanent flood protection
measure (dike) (6.75 million USD) than a temporary measure (muscle wall) (9.213.1 million USD). This is also the case when there are no misses by the forecasts
(e.g. when a flood warning is issued with at least 9% probability at the Shire
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River). This can be explained by the small difference in the initial costs of
permanent and temporary measures in combination with the high operational costs
of the latter, which is a result of the relatively high frequency of triggered events
including a significant number of false alarms.
When the background and provided safety levels are higher (i.e. a 5-year and 20year return period, respectively) there are fewer floods against which protection is
needed. This means that the costs of the permanent measures are more likely to be
higher than the damage they prevent. For this reason, forecast-based measures are
more likely to be more financially efficient than permanent ones. In our example,
this is the case at the Shire and Ruo rivers, where there are no missed events (flood
warnings issued with at least 9% probability). However, a large number of false
alarms can make temporary measures less cost-effective due to excessive
operational costs, as shown in the case of the Bua River.
When the background protection level is upgraded from a 2-year to a 20-year
return level, the likelihood of a flood event against which action is taken (i.e.
between 2- and 20-year return period) is higher compared to the previous scenarios
(i.e. flood with a return period between 2 and 5 years, and flood with a return
period between 5 and 20 years). When at least 9% probability is used to issue a
flood warning, the number of forecasted events is higher than the ones observed.
However, despite the high number of false alarms, forecast-based measures are
financially more efficient in all cases. This also applies even when a low-impact
event (i.e. with return period between 2 and 5 years) was missed (Ruo River).
That’s because the damage it provoked did not increase the total losses of the
temporary defense strategy to levels exceeding the cost of permanent
infrastructure. When the Ruo River time series is used, the most cost-effective
configuration consists of a combination of permanent and temporary measures; the
dike provides permanent protection up to T5 and the muscle wall provide
temporary protection up to T20. This is the case when the forecast issues a warning
with at least 9% probability. Table A.2 (Appendix A) presents a detailed
calculation.
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Figure 2.8 Total Losses of permanent and temporary measures when DR1 is followed. The horizontal
dashed line is used for an easier comparison of the total losses of permanent measure with the total
losses of the temporary measure.

Figure 2.9 shows the relative change required for each parameter to shift the most
cost-effective strategy from permanent to temporary measures or vice versa. This
sensitivity analysis is based on the GloFAS time series of the Shire River, and is
carried out for both a 9% and 27% probability threshold. For an upgrade of a 2year background level to a 5-year protection level, the shift from permanent to
temporary measures can be achieved only with a substantial increase in the cost of
permanent measure (1270%) or by a decrease in the cost of the temporary measure
(either the initial or the operational costs) when they are triggered by flood
warnings with at least 9% probability. When at least 27% probability was used, one
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event was missed by the forecasts. A decrease in the operational costs of the
temporary measure is not sufficient to shift the strategy, because the sum of the
damage of this missed event and of the initial costs of the temporary measures was
higher than the costs of the permanent measures. Reducing the initial costs of the
temporary measures by 73% makes the muscle wall financially more efficient than
the dike. This demonstrates that the most cost-effective strategy is determined by
the high initial costs of the temporary measure in combination with the high
number of triggers (resulting from low exceedance levels and the tendency to overforecast flood events).
When the background protection is higher (5-year T), a shift from temporary to
permanent measures can be achieved only by changes in the costs of the measures
when using at least 9% probability to issue a flood warning. When using at least
27% probability threshold, neither a change in the initial nor in the operational
costs of the temporary measures can shift the optimal strategy, because the damage
due to missed events is higher than the dike costs. A shift towards temporary
measures would be accompanied either by a dramatic increase in the costs of
permanent measures (+212%) or by a considerable decrease in avoidable damage (83%).
With an upgrade of a low background protection level (2-year T) to a 20-year
return level, temporary measures are preferable for the default configuration. A
shift towards permanent measures is achieved by a decrease (increase) in the costs
of permanent (temporary) measures when at least 9% probability is used to issue a
flood warning. When at least 27% probability is used, a shift occurs either by an
increase in the costs of the permanent measure or by a decrease in avoidable
damage. This illustrates that permanent measures are more costly than temporary
measures, although the latter are based on an inaccurate forecast system.
Finally, when a flood warning is issued with at least 9% probability, a combination
of measures (e.g. a permanent dike up to a 5-year T and a temporary muscle wall
up to a 20-year T) is more cost-effective than a muscle wall when reducing dike
costs corresponding to an increase of safety level from 2- to 5-year T or muscle
wall costs corresponding to an increase from 5- to 20-year T. When a flood
warning is issued with at least 27% probability, a mixture of measures is once
again more cost-effective than only building a dike when the cost of a dike from 5to 20-year T increases substantially (+127%) or the damage of this return period
interval decreases significantly (-83%).
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Provided Protection

Background Protection

Figure 2.9 Relative change required for each parameter to alter the most cost-effective strategy
(permanent or temporary measures) identified in Figure 2.8 for Location 1 (Shire river-Chikwawa).
CP: Costs of permanent measure, IT: Initial costs of temporary measure, CT: Operational costs of
temporary measure, D: Avoidable Damage

2.3.3

Permanent versus temporary measures for Decision Rationale 2

When action is only taken in response to alerts for floods of specific return periods,
permanent measures are financially more efficient for all explored
forecasted/modelled discharge time series (Figure 2.10). This is mainly attributed
to the model’s inability to accurately forecast the return period of the events (see
Table 2.4).
Comparing the results of temporary measures from Figure 2.8 (DR1) and Figure
2.10 (DR2), we see that it is more cost-effective to act as soon as a flood warning is
issued (i.e. DR1), even when it is likely that the flood will exceed the coping
capacity of the forecast-based actions. Table A.3 (Appendix A) presents a detailed
calculation.
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Figure 2.10 Total Losses of permanent and temporary measures when DR2 is followed. The
horizontal dashed line is used for an easier comparison of the total losses of permanent measure with
the total losses of the temporary measure.

2.3.4 Frequent low-impact and rare high-impact floods
Results in Figure 2.11 show that the decision on whether it is financially more
efficient to act against frequent low-impact events or rare high-impact events is
highly affected by the forecast accuracy, which varies for events of different return
periods. When the time series of Shire, Lilongwe and Bua rivers are used, the
lowest total losses occur with action against high-impact rare events, whereas
acting against frequent low-impact events is most cost-effective when using the
time series of the Ruo River. This demonstrates that an economic analysis that
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includes forecast evaluation, action characteristics and potential damage may shift
the financially optimal strategy towards action against frequent low-impact events,
which is contrary to the frequently used practices in which risk-reduction actions
are only mandated for extreme events. Table A.4 (Appendix A) a detailed
calculation is presented.

Figure 2.11 Total losses when action is taken only against frequent low-impact (LF) or rare highimpact events (HR), using the modelled/forecasted discharge time series from Shire, Lilongwe, Ruo
and Bua rivers. The horizontal dashed line demonstrates the total lowest total losses from all
combinations.

2.4

Discussion

Our choice of the cost and benefit structure for the flood protection measures is
simplified, aiming to serve the illustration of the underlying rationale of the
comparison framework. Local data and recalibrated costs and benefits may change
the outcomes. There are various alternative cost and benefit structures that may
apply. For instance, temporary measures such as the muscle wall are easily
transportable and can be used in other locations, reducing the initial purchasing
costs. False alarms can have additional costs (e.g. reputation loss, forecast
confidence decrease) that may affect subsequent forecast-based actions through a
reduced willingness to take action (Breznitz, 1984; LeClerc and Joslyn, 2015).
Permanent measures can create a false sense of security that increases flood risk
(Di Baldassarre et al., 2015). Finally, small-scale flooding can sometimes helps
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fertilize arable land by bringing alluvium and moisture to the fields. The use of
temporary measures can allow the small-scale flooding when this is beneficial. The
use of different cost and benefits of the measures would require some adaptations,
but the basic rationale would remain the same.
We assumed that permanent and temporary measures are equally effective in
preventing floods, both having negligible probability of failure. Although this may
be true for protection against low water levels, the failure probability increases for
higher water levels. Furthermore, the effectiveness of the temporary measure is
time dependent: longer forecast lead times allow more time for effective
implementation of the measures. However, forecast quality decreases with
increasing lead time, and therefore an inherent trade-off between timeliness and
quality exists. A careful calibration of the forecast-based systems requires
extensive studies and physical modeling regarding the effectiveness of their
measures as a function of various water levels, as well as consideration of the fact
that forecast quality changes during the forecast time window.
Also, we did not apply any discounting procedure to account for time-varying net
present value. The choice of discount rates strongly influences cost-benefit
analyses of disaster risk management projects (Mechler, 2016). Temporary
measures are obviously not triggered at fixed years, and thus our results would be
also dependent on the timing of triggered actions. We have avoided this extra level
of complexity.
Estimating the expected losses of permanent and temporary measures requires a
long time series of observational and forecast data. In our study, the available
discharge forecasts cover a period of only 22 years. For this period, we estimated
the realized losses of the measures, which can differ significantly from the
expected losses for this period (Pope et al., 2017). However, the relatively short
time series and the rarity of flood events make it tricky to estimate the expected
values of event-based metrics (e.g. expected correct hits, false alarms, etc.) and,
consequently, the expected losses when temporary measures are employed.
Synthetic discharge and forecast time series could be used. However, they would
introduce the need for additional assumptions on reliability and stationarity of the
forecasts. Therefore, producing such time series was considered beyond the scope
of this study.

49

A framework for comparing permanent and forecast-based flood risk-reduction strategies

A straightforward comparison of permanent and temporary flood risk-reduction
measures is problematic when multiple decision makers with different mandates
are governing the flood prevention system. In Malawi, the Ministry of Agriculture,
Irrigation and Water Development is responsible for permanent measures (e.g.
building dikes), whereas the Department of Disaster Management Affairs and
humanitarian agencies takes decisions regarding temporary, forecast-based
responses. It is likely that each agency will apply different evaluation protocols. On
the one hand, economic valuations such as cost-benefit analysis are typically used
to justify large-scale infrastructure expenditures. This often introduces a bias
towards wealthier areas, as in absolute terms the asset loss is higher than in poorer
areas (Hallegatte et al., 2017). On the other hand, forecast-based early actions are
typically evaluated in terms of their reduction of human losses and suffer.
Comparison between the two types of measures makes sense when they are
compared in a uniform evaluation framework. Actors coming together via national
disaster risk management platforms, for example, can use the uniform evaluation
framework to align their actions and seek the optimal combined approach. Via this
overarching framework, donors can also bring coherence to their different funding
mechanisms.

2.5

Conclusions

This chapter presents a methodology that compares permanent and temporary
flood-prevention measures in terms of total financial losses. We created a
hypothetical example to describe a number of decision scenarios using flood risk
indicators for Chikwawa, Malawi, and forecasted discharge spanning from 1997 to
2018. The aim was to provide insights to improve existing approaches to flood risk
management. Our study indicated that the choice between permanent and
temporary measures is affected by the cost of measures, climatological flood risk,
and forecast ability to produce accurate flood warnings. The results from our
numerical example showed that the model used is skillful in providing correctly
flood signals, but it has limited skill in forecasting accurately the flood return
period. Therefore, temporary measures were never more cost-effective than
permanent ones when they were triggered based on a forecast that specified the
flood return period. When temporary measures were triggered based on flood
warnings that did not specify the flood return period, action was taken in vain more
times, but there were fewer events against which action was not taken at all. In this
case, the results showed that when the existing measures could not protect against
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frequent low-impact events (from a 2-year up to a 5-year return period), the
permanent increase of the safety level for these events was always more costeffective than the temporary increase with forecast-based measures. When the
existing measures could not protect against rare high-impact events (from a 5-year
up to a 20-year return period), the increase of the safety level for these events was
largely determined by the forecast ability to provide accurate warnings. We also
demonstrated that the combination of permanent and temporary measures (i.e. in
our example permanent measure from a 2-year up to a 5-year return period and
temporary measure from a 5-year up to a 20-year return period) could be the most
financially efficient strategy, particularly when the forecast is more skillful in
capturing low-frequency events. This illustrates that forecast performance and
available measures should be studied together in identifying the lowest-cost
strategy. This should also be the case when choosing between taking forecastbased action against frequent low-impact or rare high-impact events, given that the
interrelationships between the characteristics of the risk-reduction actions, potential
damage and forecast accuracy may give preference to a policy of taking action
against the former, in comparison with recent practices, where action is triggered
only against the latter.
This study illustrates that forecast-based risk-reduction strategies should not be
neglected in the process of identifying the optimal flood risk strategy. The study is
relevant for both high-income countries with already high protection levels and
low-income countries with minimal existing flood protection. However, the latter
are where a careful allocation of available financial means is most urgently needed
to save people and prevent humanitarian crises.
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Chapter 3
Evaluation of a global flood prediction
system in Peru
Abstract: Early warning systems play a more substantial role in flood risk management
than ever before. Hydrological forecasts are an essential part of these systems since they are
used to trigger action against floods all around the world. This research presents an
evaluation framework of the Global Flood Awareness System (GloFAS) using Peru for the
years 2009–2015 as case study. Simulated GloFAS discharges are compared against
observed ones for 10 river gauges. The predictive capability of GloFAS is assessed from
two perspectives: (i) by calculating verification scores at every point of GloFAS river
network, comparing forecasted against simulated discharge and (ii) by comparing the flood
signals against reported events. On average, river sections with higher discharges and larger
upstream areas perform better. Raw forecasts provide correct flood signals for 82% of the
reported floods, but exhibit low verification scores. Post-processing of raw forecasts
improves most verification scores, but reduces the percentage of the correctly forecasted
reported events to 65%.

_________________________________________________________________________________
The contents of this chapter are based on: Bischiniotis, K, van den Hurk, B., Zsoter, E., Coughlan de
Perez, E., Grillakis, M., Aerts, J. (2019). Evaluation of a global ensemble flood prediction system in
Peru. Hydrological Sciences Journal, 64 (10), 1171-1189.
doi: 10.1080/02626667.2019.1617868
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3.1

Introduction

Riverine floods rank among the most frequent, deadly and damaging natural
hazards worldwide (UNISDR, 2015c). Climate change, population increase and
economic growth have led to an upward trend in the damages they have caused
(Arnell & Lloyd-Hughes, 2014; Hirabayashi et al., 2013; IPCC, 2012; Tanoue et
al., 2016), exceeding USD 1 trillion globally over the period 1980–2013 (Munich
Re, 2015). The losses caused by floods are lower in high-income countries thanks
to the long-term high-protection levels these countries usually adopt (Doocy et al.,
2013). Lower-income countries cannot afford similar risk-reduction policies and
are more often dependent on ex-ante preparedness measures to reduce risks.
Therefore, the development and effective implementation of early warning systems
is one of the first priorities of both governmental and humanitarian organisations in
the lower-income flood-prone countries.
While many early warning systems are solely based on weather predictions (Alfieri
et al., 2012), streamflow forecasting systems have started to play a key role in
flood preparedness. Recently developed models run operationally in several spatial
scales and show increasing potential for being incorporated into flood risk
management (Dale et al., 2014; Roulin, 2007). Probabilistic streamflow forecasts
are usually preferred than deterministic ones (Palmer 2001), as their refined
estimates are valuable in risk-based decision-making (Laio & Tamea, 2006; Raiffa
& Schlaifer, 1961; Todini, 2007; Verbunt et al., 2007). The inherent uncertainties
in hydrological predictions are often quantified and expressed by means of
ensemble streamflow prediction systems, which have gained popularity in recent
years (Cloke & Pappenberger, 2009; Wetterhall et al., 2013). Such systems have
demonstrated their capabilities in historical flood events (e.g. De Roo et al., 2003;
Gouweleeuw et al., 2005; Pappenberger et al., 2005; Webster et al., 2011) and have
also been used operationally to trigger humanitarian action (Coughlan de Perez et
al., 2015). Their continuous evaluation over different domains and temporal scales
is not only necessary to gain the trust of the end users (Wetterhall et al., 2013), but
is also essential to guide their further improvement.
The evaluation is more complicated for probabilistic forecasts than deterministic
ones, since observed events are compared against forecast probabilities
(Bartholmes et al., 2009). For this reason, a wide variety of quantitative
verification scores exists (Brown et al., 2010). However, since no single score
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contains all the necessary information for a multi-faceted evaluation (Bartholmes et
al., 2009), a careful selection of skill scores that examine different aspects of
forecast attributes and are subject to the end user’s requirements is needed (Alfieri
et al., 2013; Clark & Hay, 2004; Franz et al., 2003; Randrianasolo et al., 2010;
Roulin & Vannitsem, 2005). Most skill scores are calculated by comparing the
threshold exceedance probabilities for each point or section of a river system to the
observed discharges (Bartholmes et al., 2009, Gourley et al., 2012). However, such
a statistical approach only works when the record of in situ discharges covers a
sufficiently long time (Hannah et al., 2011). When this is not the case (e.g. in datasparse areas), forecasted streamflow is compared to the simulated one, which is
used as proxy for observations. In this ways the so-called ‘model’s theoretical skill’
is computed (Alfieri et al., 2014; Candogan Yossef et al., 2017; Thiemig et al.,
2010). This approach provides the flexibility to assess the forecast skill at each
point on the river network, rather than for single points, where observed data is
available (Thielen et al., 2009).
Ensemble streamflow predictions are often subject to biases due to deficiencies in
the model structure and parameterisation, errors in initial hydrological states and
meteorological forcing (Hamill et al., 2008), which vary according to location,
season and lead time (Bierkens & Van den Hurk, 2007, Shukla & Lettenmaier,
2011). Post-processing techniques are often applied to reduce the biases (Kang et
al., 2010). A popular method is to recalibrate the model results to reproduce the
climatological distribution (Madadgar et al., 2014). Other post-processing
techniques include event bias correction (Smith et al., 1992), LOWESS regression
(Cleveland 1979), variance inflation (INFL) method (Fundel & Zappa, 2011,
Roulin & Vannitsem, 2015), ensemble copula coupling (ECC) (Bellier et al., 2018;
Schefzik et al., 2013) and quantile mapping (Baigorria et al., 2007; Madadgar et
al., 2014; Wood & Lettenmaier, 2006). Although all of them improve forecast
quality significantly, Hashino et al. (2007) and Kang et al. (2010) have shown that
the choice of the optimal technique is subject to application requirements.
Large-scale ensemble streamflow prediction models are being increasingly used for
flood preparedness, particularly in countries that do not have the financial
resources to operate reliable local flood forecasting models. An example of such a
large-scale model is the global flood awareness system (GloFAS) (Alfieri et al.,
2013), which is being used by the Forecast-based financing project of Red Cross
Red Crescent in several countries (Coughlan de Perez et al., 2016).
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The aim of this chapter is to assess GloFAS and explore its potential as an
operational flood warning system at a country level, using Peru as a case study.
The analysis is carried out for the years 2009-2015, during which simulated and
forecasted discharge time series is available. The simulated discharge, which is
used as pseudo-observation, is compared with the observed discharge from 10 river
gauges, each of them located in a different region of the country. The predictive
capability of the model is assessed using hindcasts with a lead time (LT) of 1 to 15
days, from two complementary perspectives: (a) through verification scores
calculated at every grid point of the GloFAS river network by comparing the
forecasted discharge to the simulated one, and (b) through event-based metrics,
calculated by comparing the flood signals against real flood events. Subsequently,
the raw forecasts are post-processed using quantile mapping to evaluate the effect
of a simple post-processing technique on model’s performance.
This chapter is organised as follows: In section 3.2 we describe the methodological
framework and the data used; in section 3.3 we present the results; in section 3.4
we present the concluding remarks and we discuss the findings and the limitations
of this study.

3.2

Data and methods

3.2.1 Study area
Peru is a country highly vulnerable to flood events. More than 2000 people lost
their lives due to floods over the period 1980–2013, while the reported damages
exceeded US$2 billion (Munich Re, 2015). More recently, the catastrophic 2017
floods caused more than US$3 billion worth of damage to infrastructure and
houses and over 100 casualties (El Comercio, 2017). Therefore, Peru has received
increasing attention from humanitarian organisations over the last years. The
Forecast-based Financing project of the Red Cross (Coughlan de Perez et al., 2015)
uses GloFAS to trigger humanitarian action, particularly in the north-western
regions of the country.
Peru has pronounced spatial gradients of climatological precipitation and aridity
(Figure 3.1(a)) (Peel et al., 2007). The coastal areas are characterised by desert and
semi-arid climates, the southern areas by humid sub-tropical climates and the
central and northern areas by equatorial and tropical climates. The northern coastal
region of Peru experiences more influence from El Niño (ENSO) (Bayer et al.
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2014). Figure 3.1(b) shows the mean annual discharge for the GloFAS river
network. The highest discharge is observed in the northern, eastern and central part
of the country (particularly at the Amazon, Rio Napo, Huallaga and Ucayali
rivers), while the lowest discharge is observed at the relatively short rivers of the
coastal areas. Figure 3.1(c) shows the administrative separation of the country (into
regions) and the locations of the 10 gauging stations that are used for the
comparison of the simulated and the observed discharge (see section 3.2.4.1).
Figure 3.1(d) shows the mean annual precipitation (Balsamo et al. 2015). The
highest precipitation is observed in the north-eastern part and some places areas in
Puno region, close to lake Titicaca, and the lowest along the coast.

Figure 3.1 Overview of the study area: (a) Köppen classification map of Peru (Peel et al. 2007), (b)
mean annual discharge (m3/s) based on GloFAS dataset (Alfieri et al. 2013), (c) regions of Peru and
locations of the gauging stations, and (d) mean annual precipitation (mm) (adopted from Boelee et al.
2017).
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3.2.2 Reported floods
Natural disaster databases lack standardised procedures in flood monitoring and
therefore, there are wide disparities in the number of disasters observed (Gall et al.,
2009; Wirtz & Below, 2009). In order to compile an event-based analysis, we
combined information derived from various disaster databases; the Dartmouth
Flood Observatory (DFO) (Brakenridge, 2015), the NatCatService (Munich Re,
2015), the Emergency Events Database (EM-DAT, 2014) and the Reliefweb
(http://reliefweb.int). From this combined database, 19 medium- to large-scale
riverine floods were identified in Peru in the period 2009–2015. The most
catastrophic one was this of January 2010, during which damages exceeded US$2
billion and 26 people lost their lives (Munich Re, 2015). Information regarding the
flood dates, the database used and the affected locations of each event are shown in
Figure 3.2. Since most events affected more than one region, we considered each
flood in an administrative region as an individual event, aiming to increase the
sample size. This led to a total number of 61 floods.

Figure 3.2 Flood events in Peru from 2009 to 2015, as reported in NatCatService (N), DFO (D), EMDAT (E) and Reliefweb (R). In the Affected Locations column the meaning key to symbols is: N:
north, C: centre, S: south, W: west, NW: north-west, NE: north-east, SW: south-west
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3.2.3 Model framework
The Global Flood Awareness System (GloFAS)* (Alfieri et al., 2013) is designed
for flood early warning purposes and compares ensemble streamflow forecasts to
climatological distributions at a global scale. The warnings are produced on a daily
basis and are freely available online (http://www.globalfloods.eu/). Although other
global streamflow forecast models exist (Candogan Yossef et al., 2012; Sperna
Weiland et al., 2010, Wang et al., 2011), to our knowledge, only GloFAS is used to
trigger humanitarian action (Coughlan de Perez et al., 2016), having shown its
potential before the August 2013 floods in Pakistan and the September 2013 floods
in Sudan.
Numerical ensemble weather predictions are used as an input for the GloFAS
hydrological simulations. Every day, an ensemble of 51 streamflow forecasts is
produced over a LT of 30 days. Meteorological forcing is limited to the first 15
days. Discharge observation estimates are not used to initialise the model. Instead,
the initialization is done by using the meteorological data of day 0. The discharge
for the last 15 days is derived from the water routing of the overland flow produced
in the first 15 days. Figure 3.3 provides an overview of the GloFAS structure. The
reference climatology of the meteorological data is produced by ECMWF’s global
atmospheric reanalysis ERA-Interim (Dee et al., 2011). Daily ensemble forecasts
of meteorological parameters are computed by its integrated forecast system (IFS)
(Miller et al., 2010), whose main components are a data assimilation system (DAS)
and a general circulation model (GCM). The vertical water fluxes are transformed
to run-off using the HTESSEL model (Balsamo et al., 2011). Subsequently the
Lisflood model (Van der Knijff et al., 2010) simulates the horizontal water fluxes
along the river network on a daily basis and on a resolution of 0.1°. In this way, the
ensemble streamflow predictions for each grid point of the river network are
created. By comparing the ensembles with reference thresholds that are derived
from the simulated discharge climatology, flood alerts are issued (for further
information about GloFAS, see Alfieri et al., 2013). The GloFAS system has been
rigorously validated against observed daily flow data from 620 stations globally,
for watersheds ranging between 450 and 4 680 000 km2. In 58% and 60% of these
stations, the Nash-Sutcliffe efficiency (Nash & Sutcliffe, 1970) and the coefficient
*

In this study, we used pre-operational GloFAS reforecasts, which are provided through an
ftp service setup by the GloFAS team upon request.
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of variation were skilful. In Peru, the validation was done for only a few stations in
the eastern part of the country, but further details are not publicly available.

Figure 3.3 Overview of GloFAS structure. DAS: data assimilation system, GCM: general circulation
model, IFS: integrated forecast system, ESP: ensemble streamflow prediction. Adopted from (Alfieri
et al., 2013).

3.2.4 Evaluation of GloFAS
We used daily hydrological hindcasts from 1 January 2009 to 31 December 2015.
These hindcasts are produced for each point of the Peruvian river network with an
upstream area greater than 2000 km2. The evaluation strategy of GloFAS skills was
split into three parts. Initially, we compared the discharge produced at a 0 day LT
(for simplicity, referred to as ‘simulated discharge’) with observed discharge.
Subsequently, we compared the ensemble streamflow forecasts to the simulated
discharge. Then we evaluated GloFAS forecasts against reported, damaging flood
events.
3.2.4.1

Comparison of simulated and observed discharge

The simulated daily discharge was compared with the observed daily discharge
from 10 gauging stations that are located in different regions of Peru and include
discharge during our study time period. This data was obtained from the website of
the Peruvian National Water Authority (http://snirh.ana.gob.pe/visitors2/). The
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agreement between observations and simulated discharge was estimated using the
Nash-Sutcliffe efficiency (NS) (Nash & Sutcliffe, 1970) (Appendix B1, equation
B.1.1). This score is an objective function for reflecting the overall fit of a
hydrograph (Servat & Dezetter, 1991), indicating how well the observed temporal
variability is reproduced by the simulations (Moriasi et al., 2007).
Then, GloFAS simulated discharges were compared against the observed discharge
day-by-day to calculate the number of times that these two were in agreement in
terms of exceeding a threshold. As threshold we used the 90th percentile of the
daily discharge time series to indicate a flood event, similar to (Alfieri et al., 2013)
and, at the same time, bring our evaluation sample to a size that allows
representative and statistically meaningful conclusions about the performance of
the system. The 90th percentile of the daily discharge was calculated for both the
observed and the simulated discharge at the location of each gauging station. When
both the simulated and the observed discharge exceeded the threshold, we
considered a Hit (H). When the simulated discharge did not exceed the threshold,
while the observed did, we considered a Miss (M). By calculating the total H and
M, we estimated the probability of detection (POD) (Equation 3.1):
POD =
3.2.4.2

!
!!!

(Equation 3.1)

Comparison of forecasted and simulated discharge

In this section, several verification scores are used to compare the forecasted and
the simulated discharge. This comparison mainly evaluates how errors in
precipitation prediction affect the simulation. First, we calculated the NS efficiency
based on average calculated climatological discharges similarly to Alfieri et al.
(2014) (Appendix B1, equation B.1.2), and second, based on a persistence forecast
(NSpf) (Appendix B1, equation B.1.3) (Plate & Lindenmaier, 2008). In
hydrological forecasting, the latter acknowledges the role of initial conditions,
making it particularly useful for slowly varying rivers, it is independent of seasonal
variations and is usually ‘harder to beat’ than the NS that uses climatological
discharge as a benchmark.
The other scores used are the coefficient of variation (CV) and the percentage bias
(Pbias), which are calculated based on the ensemble mean, and the continuous
ranked probability skill score (CRPSS), which takes into account the entire
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ensemble. These scores are briefly described below and discussed analytically in
Appendix B:
•

•

•

Percentage bias (Pbias): This score measures the average tendency of the
forecast values to be smaller or greater than the observed ones and has the
ability to indicate systematic model deficiencies (Gupta et al., 1999).
Positive and negative values show that forecasts under- and over-estimate
discharge, respectively (see Appendix B, equation B.1.4).
Coefficient of variation of the root mean squared error (CV): This score is
used to measure the standard deviation between the forecast and the
observed values, while allowing comparison between river cells with very
different discharges (Reed et al., 2007) (Appendix B, equation B.1.5).
Continuous ranked probability skill score (CRPSS): This score, proposed
by Hersbach (2000), evaluates the probabilistic skill of the forecast,
measuring the weighted average skill over a range of discrete threshold
levels for which exceedance probabilities are computed (Bradley &
Schwartz, 2011) (Appendix B, equations B.1.6-B.1.8).

All river cells of the Peruvian territory were aggregated to create separate boxplots
for each LT to gain insights into how the predictive skill of GloFAS varies
temporally. Subsequently, we plotted the skill scores on the map using LT7 (7-day
lead time), to obtain a spatial overview of the model performance.
Although other LTs could have been used, LT7 was chosen as it is in the middle of
the meteorological forcing period and provides sufficient time for preparation
against flood events. Finally, we classified the river cells into 11 groups, based on
the size of their upstream area. For each of these groups, we created boxplots to
demonstrate the effect of the upstream area size on the forecasting skills of
GloFAS.
3.2.4.3

Comparison of forecast warnings and observed flood events

An event-based analysis was carried out to evaluate the ability of GloFAS in
providing accurate flood warnings. The predictive skills of large-scale models are
usually evaluated against big individual events, e.g. the Pakistan 2010 floods
(Alfieri et al., 2013), or evaluated for a short time period, e.g. the African floods in
2003 (Thiemig et al., 2015). In this study, we evaluated the performance of
GloFAS against all the recorded riverine floods over a long period (2009–2015).
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The simulated discharge and the flood signals that were derived from the
forecasted discharge were compared to the reported floods (Section 3.2.2) to
calculate the POD (Equation 3.1). We used forecasts with LTs from 1 up to 15
days. For this period and for any given river cell, a flood signal was issued if the
forecasted discharge on the flood onset date (allowing a 3-day margin) exceeded
the 90th percentile with at least 50% probability for at least three consecutive
forecasts, similarly to Thiemig et al., (2015). For the simulated discharge (LT0),
we used only the second (b) criterion. If 10% of the river cells in an administrative
region met these criteria, a flood signal was counted. If a flood was reported (in the
region), we counted a correct hit (H). If not, we counted a miss (M).
3.2.4.4

Post-processing

We applied the quantile mapping technique to correct the systematic distributional
biases, which come from the precipitation forecast that is used as an input in the
model, similary to Déqué (2007). The cumulative distribution functions (cdf) of all
forecast ensemble members were transformed in order to match the daily cdf of the
simulated discharge. In this way, the cdf are adjusted, but the temporal variability
of the mean and variability of the ensemble forecasts are largely retained. Each
river cell and each forecast LT is treated individually, addressing in this way LTand space-dependent systematic biases. So, the steps we followed were: i) create
the reference cdf based on the simulated discharges; ii) create the cdf of the
forecasted discharge for each ensemble member and LT; rescale the cdf of the
forecasted discharge to the reference cdf, correcting the discharge probabilities at
intervals of 1%. The advantage of dealing with each LT independently is that the
biases at different LTs can be different (e.g. when the forecast tends to predict
higher discharges in short LTs and lower discharges in long LTs). The procedure is
described by:
Mod! = Raw! + Ref! − Raw!

(Equation 3.2)

Where Rawi and Modi are, respectively, the raw and post-processed data of the ith
percentile (from all ensemble members), while Ref! and Raw! are the average
values of the ith percentile of the reference and raw data, respectively (from all
ensemble members).
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We repeated the procedure of sections 3.2.4.2 and 3.2.4.3 to calculate the
verification scores and the event-based metrics using the post-processed discharge,
allowing inspection of the effect of the bias adjustment on the forecasting skill. The
post-processing methodology was also applied to each gauging station discharge.
In this way, the NS obtained in section 3.2.4.1 was recalculated. In this case, the
reference discharge was the observed one, and the transformed discharge was the
simulated one.

3.3

Results

3.3.1 Discharge validation using gauging stations
Figure 3.4 displays the hydrographs of the observed, the raw simulated and the
post-processed simulated discharge for the 10 gauging stations. As we see, only
two stations have observed discharge that allows a comparison for the entire study
period (2009–2015). Comparing the raw and the post-processed simulated
discharge, we observe an improvement when post-processing is applied. This
improvement is also depicted by the NS values shown in Table 3.1. Raw simulated
discharge shows a fair performance, taking into account that the GloFAS is not
calibrated in this area. Post-processing improves largely the NS for all stations
except for the one in Amazonas, which has the lowest mean annual discharge.
Given the explicit estimation of the 90th percentile on the simulated and observed
discharge, the POD is the same for both the raw and post-processed discharge data,
ranging between 0.27 and 0.73, with a weighted average of 0.46.
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Figure 3.4 Observed discharge (black line), raw simulated discharge (blue line) and post-processed
discharge (yellow line) for the 10 gauging stations of the study area.
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Table 3.1 GloFAS validation results using the raw and the post-processed simulated discharge
against observed data for 10 gauging stations
Mean
Postdaily
Station
Raw
Province/
Years
processed
observed
POD
Coordinates
data
Region
of data
data
discharge
[yr]
[m3/s]
Lat (°)
Lon(°)
NS
Napo/
1
-3.48
-73.08
4
6602.0
0.12
0.61
0.39
Loreto
Tumbes/
2
-3.71
-80.46
2
117.0
-0.17
0.42
0.47
Tumbes
Urubamba/
3
-13.18
-72.53
7
126.1
-4.49
0.72
0.63
Cusco
Utcubamba/
4
-5.89
-78.18
5
17.9
-1.89
-0.29
0.27
Amazonas
Atico/
5
-17.02
-71.69
4
30.8
0.46
0.41
0.73
Arequipa
Cañete/
6
-13.02
-76.19
4
46.7
0.00
0.13
0.32
Lima
Crisnejas/
7
-7.46
-78.11
1
36.7
-5.38
0.46
0.64
Cajamarca
Huancane/
8
-15.12
-69.79
1
22.2
-0.15
0.57
0.68
Puno
Barranca/
9
-10.54
-77.22
7
39.4
-0.82
0.35
0.31
Lima
Santa/
10
-8.65
-78.25
4
152.8
0.56
0.65
0.52
Ancash
Data availability weighted average
-1.23
0.39
0.46

3.3.2 Forecasted versus simulated discharge
3.3.2.1

Skill scores as a function of lead time

Figure 3.5 displays the Nash-Sutcliffe efficiency when the mean value of the
simulated discharge (NS) and the persistence forecast (NSpf) are used as
benchmarks for both the raw (left) and the post-processed forecasts (right) for each
LT of the forecast range. The median NS of both the raw and post-processed
forecasts decreases with LT, demonstrating a decrease in forecast skill. The median
NSpf is always below 0 for all LTs when using the raw forecasts, demonstrating
that, in most cases, persistence forecasts would be more useful than the forecasts of
the model. However, the median NSpf of the post-processed forecasts is above 0
after a lead time of 5 days (LT5), showing that, at longer ranges and after postprocessing, the model is more skilful than a persistence forecast at lead times
longer than 5 days.
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Figure 3.5 Boxplots of NS and NSpf as a function of forecast LT over the period 1 January 2009–31
December 2015, of all grid points of the Peruvian river network for raw forecasts (left) and postprocessed forecasts (right). The horizontal (red) line shows the median, the edges of the boxes (blue)
indicate the 25th–75th percentile and the whiskers the 1st–99th percentile

Figure 3.6 (left) shows the scores for CV, Pbias and CRPSS. The median of CV
increases and CRPSS decreases with LT, demonstrating a decrease in forecasting
skill at longer LTs for raw forecasts. The negative values in Pbias clearly show that
the forecasts in most river cells produce much higher discharge values than
simulated climatology at all LTs. A large fraction of all river cells (75%) displays
CRPSS > 0 up to LT12, showing that these cells perform better than simulated
climatology. The variability of all verification scores increases over LT.
The results for the post-processed forecasts (Figure 3.6 right) display a decrease in
the variability. Similarly to the raw forecasts, the skill scores show that
performance goes down with increasing LT. However, skill scores are improved
compared to the raw outputs. For example, NS CV decreases around 10% for the
same LT12 and the median of Pbias is much closer to 0 for all LTs.
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Figure 3.6 Boxplots of CV, Pbias and CRPSS as a function of forecast LT over the period 1 January
2009–31 December 2015, calculated for all grid points of the Peruvian river network for raw forecasts
(left) and post-processed forecasts (right). The red line shows the median, the edges of the blue boxes
indicate the 25th–75th percentile and the whiskers the 1st–99th percentile.

3.3.2.2

Skill scores at spatial scale

Figure 3.7 displays NS score of the raw (left) and post-processed forecast (right) at
LT7. Raw forecasts exhibit high NS scores (i.e. close to 1) at grid points of rivers
with higher discharge and larger catchments (i.e. the Amazon, Ucayali and
Urubamba). On the other hand, many river point along coastal areas, where
catchments are small and rivers are shorter (e.g. Tumbes and Piura in the northwest and Ica in the south), have NS values below 0. In Figure B.2 (left) (Appendix

68

Chapter 3

B), the values of the other skill scores of raw are presented. Results similar to the
NS are found for CV and CRPSS. The Pbias values show that the model forecasts
higher discharge at longer LTs than the simulated discharge at LT0. This is the
case for the entire country, with some exceptions in river cells in the Huancavelica,
Cuzco, Loreto and Puno regions. The Pbias values show that the meteorological
forecasts that are used as an input in the model have a clear tendency to forecast
higher precipitation than the meteorological data used to produce the simulated
discharge at LT0.
Post-processing improves the scores for most river cells. More specifically, NS
improves largely for the river cells whose raw forecasts exhibit very low scores. In
Figure B.2 (right) (Appendix B), the values of the other skill scores after the postprocessing are presented. The CRPSS becomes better in the river cells that are
located along the coast and in the central northern areas, while CV scores improve
slightly but systematically across the domain. Finally, the significant overforecasting of the raw forecasts, demonstrated by Pbias, has been corrected
considerably, which is to be expected from the application of the quantile mapping
method. Values are close to 0 in most areas, except for some coastal river points
and the ones in the Piura, Tumbes and Lambayeque regions, where the model
continues to forecast higher discharges than those produced for LT0.

Figure 3.7 Nash-Sutcliffe coefficient (NS) over Peru for daily forecasts over the period 1 January
2009–31 December 2015 for 7-day LT.
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3.3.2.3

Skill scores as a function of upstream area

Figures 3.8 and 3.9 show the scores at LT7 as a function of river upstream area for
the raw forecasts (left) and for the post-processed forecasts (right). River cells are
classified into 11 groups, each of which contains an equal fraction of cells. Results
indicate that performance increases and variability decreases with increasing
upstream area. For example, at least 95% of river cells that belong to the two
highest upstream area groups (i.e. >120,000 km2) have NS (Figure 3.8) and CRPSS
(Figure 3.9) values above 0 in both the raw and post-processed forecasts. In
addition, for these groups, 95% of river points exhibit a CV of less than 2 for the
raw forecasts, while the same percentage exhibits values of less than 1 for the postprocessed forecasts. However, more than 40% of river cells that belong to the
lowest upstream area groups (i.e. up to 4,600 km2) demonstrate CRPSS values
below 0 (Figure 3.9). A big change between the raw and post-processed forecasts is
observed in Pbias: most river cells in all groups exhibit negative values for the raw
outputs, while the corrected forecasts of all groups display a median Pbias close to
0 (Figure 3.9). Finally, the median NSpf of the raw forecasts is negative for all
groups, but it becomes positive after the post-processing for most groups, revealing
that, in most cases, the post-processed output should be preferred rather than a
persistence forecast at this LT.

3.3.3 Skill in forecasting observed events
The average POD using the simulated discharge over all geographical areas is 0.62,
while the best score is found in northern Peru (0.67). In the central regions, POD is
0.58 and in the southern ones it is 0.61. The average POD of the raw forecasts is
0.82. The fact that this is much higher than that of the simulated discharges
illustrates the over-forecasting of discharge by the model. On the one hand, this
shows end users would have received a flood signal before most of the reported
events; on the other hand, they would have likely received a very high number of
false alarms. The POD of the post-processed forecasts becomes closer to the POD
of the simulated discharges (0.65). These results are presented in Table 3.2.
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Figure 3.8 Boxplots of NS and NSpf as a function of river upstream area over the period 1 January
2009–31 December 2015 for raw forecasts (left) and post-processed forecasts (right) at LT7. The
horizontal (red) line shows the median, the edges of the boxes (blue) indicate the 25th−75th percentile
and the whiskers the 1st−95th percentile.
Table 3.2 Semi-qualitative evaluation using the probability of detection (POD), which shows the
ability of the GloFAS to detect reported floods in Peru for zero lead time (LT0) and to forecast them
at 1–15 days’ LT by raw and post-processed forecasts. Q: discharge

North
Centre
South
Total

LT 0
Simulated Q
POD
0.67
0.58
0.61
0.62

Raw
POD
0.85
0.82
0.78
0.82

Forecast (LT 1-15)
Post-Processed
POD
0.67
0.65
0.65
0.65

Finally, Figure 3.10 illustrates the effect of post-processing on the over-forecasting
of discharge. The forecasts of LT7 are presented for Flood #8 on the map of Peru
(Figure 3.2). The river cells that are forecasted to exceed the 90th, 95th and 99th
percentiles of the climatological discharge are highlighted in yellow, magenta and
purple, respectively. It can be observed that, according to the raw forecasts (Figure
3.10, left), most regions would be flooded.
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Figure 3.9 Boxplots of CV, Pbias and CRPSS as a function of river upstream area over the period 1
January 2009–31 December 2015 for raw forecasts (left) and post-processed forecasts (right) at LT7.
The horizontal (red) line shows the median, the edges of the boxes (blue) indicate the 25th−75th
percentile and the whiskers the 1st−95th percentile.

However, in actuality, the only flood reported was in the northern region of Loreto
(black dots). This shows that, although the model has captured the flood in this
location, it has also produced several false alarms in other regions, assuming that
there was no under-reporting of events. In contrast, the post-processed forecast
captured this flood event fairly well (Figure 3.10, right). Although it did provide
flood signals in the south, where no flood events were reported, these signals were
considerably fewer than those of the raw forecast.
The operational flood warning map that was taken from the GloFAS website
(http://www.globalfloods.eu/) is presented in Appendix B3 (Figure B.3). This
shows that GloFAS successfully forecast the catastrophic March 2017 flood in
Peru that was mentioned in section 3.2.1.
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Figure 3.10 Example of the raw (left) and post-processed (right) forecasts at LT7 for Flood #8. River
cells are forecasted to exceed the 90th percentile (yellow), the 95th percentile (magenta) and the 99th
percentile (purple) of the climatological discharge. The flooded places as mentioned in the disaster
databases are depicted by the black circles.

3.4

Discussion and Conclusions

This chapter evaluated GloFAS and explored its potential as an operational flood
warning system in Peru. The evaluation was carried out using discharge time series
from 2009 to 2015. We compared the simulated discharges that are produced by
the model at zero lead time (LT0) with observed discharges at 10 gauging stations,
located in different regions. Furthermore, we compared the forecasted discharge of
different LTs with the simulated discharge, and the flood signals issued by the
model with damaging flood events that were reported in several disaster databases.
Next, forecasts were post-processed using the quantile mapping technique to
remove systematic biases. The evaluation was repeated and the outcomes were
compared with the outcomes of the analysis that used the raw forecasts.
Results indicate that, although GloFAS in general captures the seasonality of the
discharge, there are large quantitative differences between the observed and the
simulated discharge. This can be explained by the fact that it is not calibrated in
this area. If a larger number of gauging stations had been available, the comparison
of observed and simulated discharges could have provided further insights about
the model’s performance and the nature of errors and biases. However, although
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the Peruvian National Water Authority counts a network of over 100 gauging
stations, the large majority is located close to the coast and, in most cases, observed
and forecasted discharge time series years do not coincide.
The performance of the raw forecasts in predicting the simulated discharges
decreases with LT. More specifically, forecasted discharges tends to be higher than
the simulated ones across the entire country for all LTs, highlighting the tendency
of the meteorological forecasts that are used as input in the model to forecast
higher precipitation compared to the one used to initiate the model. In addition, in
most cases, it is better to use the persistence forecast than the model itself,
especially at short LTs. On average, the verification scores are better and
variability decreases for river cells that belong to groups of larger upstream areas.
This is an expected tendency, as the water attenuation in the case of the large eastoriented Peruvian rivers takes place over several days, filtering out the short-term
variability of the meteorological forcing. This mainly applies to the river cells of
the Amazon and Napo rivers (north-eastern region), the Ucayali River (central
region) and the Urubamba River (southern region). For shorter rivers that have a
rapid response time, such as the ones along the coastline of Peru, the principal
process that controls the performance is the meteorological forcing itself.
Therefore, verification scores have considerably lower values. Particularly, in the
north-western coastal regions, where GloFAS is being used by the Red Cross, the
model has poor performance. This approach, where forecasted discharge is
compared with simulated discharge, is usually followed in data-poor areas, where
high-quality, daily, observational discharges are not available. Its major advantage
is that it can be applied to each river cell individually, allowing a skill assessment
of the model itself on large spatial scales. However, the end users must carefully
use it, since it mainly demonstrates the skill of the meteorological input and less
that of the hydrological model itself. The application of verification scores, which
was based on the evaluation framework developed by Alfieri et al. (2014), aimed to
cover different aspects of forecast attributes and to allow river cells with different
discharge magnitudes, upstream areas and climatic regimes to be comparable.
Averaging scores over the entire 7-year period for which operational forecasts were
available was preferred over using dry/wet seasons as (a) our forecast sample is
already relatively small and (b) Peru is characterised by a variety of (micro-)
climate areas with different inter-annual variability.
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The event-based analysis demonstrates that the majority of reported flood events
were correctly forecasted (POD=0.82). The POD of the simulated discharges is
lower (0.62), which could be partly due to errors in flood reporting. This difference
between the two PODs is attributed to the tendency of the model to forecast higher
discharges than the simulated ones. On the one hand, a model that over-forecasts
discharges leads to a low number of misses (i.e. consequently high POD), but on
the other hand it leads also to a high number of false alarms.
The performance of the post-processed forecasts in predicting the simulated
discharge improves for most river cells compared to the raw forecasts. However,
the POD decreases (0.65), becoming closer to that of the simulated discharge,
which demonstrates the effect of post-processing in discharge over-forecasting. As
a consequence, a decrease in the number of false alarms is also expected.
Nevertheless, the accurate estimation of the number of false alarms and correct hits
is not straightforward. The collection and monitoring procedures of disaster loss
data are not standardised amongst the different disaster databases. There are
numerous discrepancies in the number, type and impact of the disasters (Gall et al.,
2009, Wirtz & Below, 2009). We reduced these uncertainties by combining various
datasets used in similar scientific studies (Bischiniotis, et al., 2018b; Hoeppe, 2016;
Jongman et al., 2014; Thiemig et al., 2015) with the goal to obtain an as complete
and reliable list of food events as possible. However, we cannot claim with
certainty that all floods were included, because it is likely that some of them did
not cause any damage, did not affect a high number of people, or because of misses
in reporting. Therefore, we only focused on the ones reported and we did not
estimate the number of false alarms, since it is likely that the model was correct in
flood warnings, but there was no significant damage or the floods occurred in noninhabited places. The calculation of false alarms should be done locally, in specific
river points or sections, tailoring the analysis to the local boundary conditions and
needs. For example, in our study, we used the 90th percentile of the simulated
discharge time series. However, in reality the discharge that corresponds to flood
events is highly dependent on the local boundary conditions. At some locations,
exceeding a higher percentile may not cause any damage, while in others, very
high damage can be caused by a discharge that corresponds to a lower percentile. A
site-by-site analysis that uses detailed vulnerability and exposure data will lead to
more accurate discharge thresholds, which can lead to the estimation of the false
alarms at each location.
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Furthermore, the bias correction methods are usually carried out using separate
datasets for calibration and evaluation. Application of this separation did not lead
to significantly different results and, therefore, we applied the quantile mapping
method to the entire available dataset to increase the statistical sample of our
results. Post-processing could be carried out using more sophisticated methods, e.g.
Bayesian model averaging (Raftery et al., 2005), ensemble model output statistics
(Gneiting et al., 2005), and by conducting the analysis in different hydrological
periods focusing on fewer river cells (wet/dry). In addition, a combination of preand post-processing methods is likely to lead to greater improvements (Kang et al.,
2010).
Drawing conclusions about the degree to which the model benefits flood risk
management in Peru is a rather complicated task. The actual value of the model is a
product of the acceptable trade-offs that are set in each flood risk strategy. It is
likely that the same forecast model is beneficial for one strategy and useless for
another. The acceptable level of false alarms in relation to correct hits and misses is
subject to detailed cost-benefit analyses, which are largely dependent on the local
boundary conditions. Such cost-benefit analyses include both tangible and
intangible costs and benefits. A careful estimation of the end-users’ needs is
required to pick a robust forecast threshold that leads to the optimal trade-off
between the costs of the isk-reduction measures and the achieved risk reduction.
However, the results of this study demonstrate the potential of GloFAS as useful
risk-reduction tool in certain areas of Peru, highlighting that it should be taken into
account during the identification of the most suitable flood risk management
strategy. The methodology presented could be also followed in other data-poor
countries, where reliable local forecast models are not in place, and could be used
to evaluate the recently released GloFAS-seasonal (Emerton et al., 2018) that
forecasts the river flows on a seasonal scale.
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The influence of antecedent conditions on
flood risk in sub-Saharan Africa
Abstract: Most flood early warning systems have predominantly focused on forecasting
floods with lead times of hours or days. However, physical processes during longer
timescales can also contribute to flood generation. In this study, we follow a pragmatic
approach to analyse the hydro-meteorological pre-conditions of 501 historical damaging
floods from 1980 to 2010 in sub-Saharan Africa. These are separated into (a) weather
timescale (0–6 days) and (b) seasonal timescale conditions (up to 6 months) before the
event. The 7-day precipitation preceding a flood event (PRE7) and the standardized
precipitation evapotranspiration index (SPEI) are analysed for the two timescale domains,
respectively. Results indicate that high PRE7 does not always generate floods by itself.
Seasonal SPEIs, which are not directly correlated with PRE7, exhibit positive (wet) values
prior to most flood events across different averaging times, indicating a relationship with
flooding. This study provides evidence that bringing together weather and seasonal
conditions can lead to improved flood risk preparedness.

_________________________________________________________________________________
The contents of this chapter are based on: Bischiniotis, K., van den Hurk, B., Jongman, B., Coughlan
de Perez, E., Veldkamp, T., de Moel, H., and Aerts, J. (2018). The influence of antecedent conditions
on flood risk in sub-Saharan Africa. Natural Hazards and Earth System Sciences, 18(1), 271–285.
doi:10.5194/nhess-18-271-2018
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4.1

Introduction

Floods are the most common and widespread of all weather-related natural
disasters, which constitute 90% of all types of disasters (UNISDR, 2015c).
Between 1980 and 2012 the average annual reported losses and fatalities due to
floods exceeded USD 23 billion and 5,900 people, respectively (EM-DAT, 2014;
Jongman et al., 2015). Flood risk management has traditionally focused on longterm flood-protection measures such as levees and dams (Kellet & Caravani,
2013). Today, complex combinations of flood risk strategies, ranging from
technical measures to financial compensation mechanisms such as insurance, as
well as nature-based solutions, are employed (Aerts et al., 2014). Lower-income
countries often cannot afford to implement preventive measures, mainly due to the
high investment costs (e.g. Douben, 2006). Consequently, they are more reliant on
post-disaster response and preparedness activities, often assisted by international
donors and humanitarian organizations.
The role of science in disaster risk reduction has been globally recognized in the
Sendai Framework (UNISDR, 2015b). Preparedness activities and flood
forecasting have received increasing attention and have led to science-based early
action systems (Coughlan de Perez et al., 2014). Weather forecasts, with typical
lead times of some hours or days, have become the basis of such systems (Alfieri et
al., 2012), playing an important role in reducing flood impacts not only in highincome countries (Rogers & Tsirkunov, 2010), but also in several lower-income
ones (Golnaraghi, 2012; Webster, 2013). Therefore, research stresses the
importance of their further improvement and use. For example, the devastating
2010 Pakistan floods could have been predicted 6–8 days in advance if quantitative
precipitation forecasts had been available, providing sufficient time for reaction
(Webster et al., 2011).
On longer timescales, the quality of forecasts has increased over the past decades.
For instance, the Seasonal Forecast System 4 of the European Centre for MediumRange Weather Forecasts (ECMWF) showed higher predictive skill than
climatology for the Niger, Blue Nile and Limpopo basins (Dutra el al., 2013;
Seibert et al., 2017), while advances have been achieved in prediction skill and
resolution for seasonal precipitation in western Ethiopia (Zhang et al., 2018). The
advances in seasonal precipitation forecasting have been acknowledged by the
International Federation of Red Cross and Red Crescent Societies (IFRC) that
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successfully used a seasonal forecast to prepare against floods in West Africa
(Braman et al., 2013; Tall et al., 2012). However, Stephens et al. (2015) showed
that mean monthly precipitation is not well correlated with global floodiness,
demonstrating the shortcomings of using seasonal precipitation as a proxy for flood
hazard by itself and stressing the importance of modelling the hydrological systems
before issuing warnings based on precipitation forecasts.
Soil moisture could be taken into account in hydrological modelling and
forecasting, since it is a factor that can play a role in flood generation (Fundel &
Zappa, 2011; Merz et al., 2006; Parajka et al., 2010; Sivapalan et al., 2005),
influencing the length of the flood build-up period, which can range from a few
days to several months before an event (Nied et al., 2014). Reager et al. (2014)
demonstrated that basin-scale estimates of total water storage, including soil
moisture, could be used to characterize regional flood potential for the Missouri
2011 floods several months in advance. Floodiness in southern and eastern Africa
also showed strong correlations with seasonal average soil moisture (Coughlan de
Perez, 2017). In addition, Schröter et al. (2015) stressed the significant role of
antecedent moisture on the June 2013 floods in Germany.
A better understanding of flood drivers at different timescales can lead to longer
forecast lead times and, consequently, improved flood preparedness. This study
investigates the hydro-meteorological conditions that preceded major reported
flood events from 1980 to 2010 in sub-Saharan Africa and discusses the potential
role of seasonal-scale indicators complementary to the weather-scale phenomena
for indicating an increased likelihood of flooding. More specifically, we analyse
the correlation between floods and hydro-meteorological variables, both on a
weather timescale (0–6 days before the flood) and on a seasonal timescale (up to 6
months before the flood). Weather-scale conditions are evaluated by the 7-day
precipitation (PRE7) that preceded the flood. Seasonal-scale conditions were
drawn from the standardized precipitation evapotranspiration index (SPEI). The
findings of this study contribute to the emerging literature on this topic (Goddard et
al., 2014; White et al., 2015) and may be of use to humanitarian organizations and
decision makers for preventive flood risk management planning.
The remainder of this chapter is structured as follows: Section 4.2 outlines the
methodological framework and the data used in the analysis; section 4.3 presents
the results; section 4.4 discusses the findings and the limitations of the study,
including suggestions for further research; section 4.5 provides a brief conclusion.
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4.2

Methodology

Figure 4.1 Schematic overview of the approach followed in this study.

Figure 4.1 is a schematic overview of the approach followed in this study. The
analysis is based on damaging flood events in sub-Saharan Africa from 1980 to
2010. We assessed both independently and jointly the antecedent hydrological and
meteorological conditions in the locations of reported floods using two indicators:
(a) the short-memory anomaly (‘weather scale’) evaluated by the cumulative
rainfall over the 7 days preceding the event (PRE7), and (b) the long-memory
anomaly (‘seasonal scale’) reflected in the SPEI for the preceding 1, 3 and 6
months (SPEI1, SPEI3, SPEI6).

4.2.1 Datasets
4.2.1.1

Study area and reported floods

Our analysis focused on sub-Saharan Africa, an area that includes many floodprone countries (UNISDR, 2015c). In this area, early warnings and timely
preparation play an important role in flood risk reduction, since most countries
have low safety protection levels (Scussolini, 2016).
To identify the flood events in this area, we used the NatCatSERVICE, a natural
disaster database maintained by Munich Reinsurance Company (Munich Re, 2014)
that has been used as reference database in scientific studies (e.g. Hoeppe, 2016;
Jongman et al., 2014). Events in the database are entered on a country level when
there is property damage and/or there are people affected (injured, dead). Hence, it
is likely that many floods are not included because they did not fulfil the entry
criteria. By taking into account only the damaging events, we expect the research
will be especially useful to the humanitarian sector.
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Recorded information includes fatalities, affected population, economic losses, onset and end dates, and a pair of coordinates of each event. The sources of the
database include national insurance agencies, online databases from news agencies,
governmental and non-governmental organizations, and a worldwide network of
scientific and insurance contacts (Tschoegl et al., 2006). There are two categories
of inland flooding: (a) riverine floods and (b) flash floods. This study focused on
riverine floods, as flash floods usually have a smaller extent, shorter build-up
period and antecedent conditions play a less important role in their generation
(Nied et al., 2014).
We identified 501 riverine flood events between 1980 and 2010. Figure 4.2 shows
the number of reported floods and the economic losses caused by these floods per
year. The upward trend in flood number over time could be attributed to increased
exposure due to population growth and urbanization (Jongman et al., 2012) and
under-reporting of events in the earlier years due to limited penetration of
communication technology (Kron et al., 2012).

Figure 4.2 Number of floods per year that are analysed in this study (left) and economic losses in
million USD per year caused by these floods (right) in sub-Saharan Africa between 1980 and 2010
(Munich Re, 2014)

4.2.1.2

Daily precipitation

The daily precipitation data from 1980 to 2010, which was used to calculate PRE7
(see 4.2.2.2), was derived from the ECMWF’s ERA-Interim/Land, a global
reanalysis dataset of land-surface parameters (Balsamo et al., 2015) (available
online athttp://apps.ecmwf.int/datasets/). The gridded daily time series were
extracted at 2.5°×2.5° horizontal resolution, which corresponds to the average size
of the flooded areas (Douben, 2006).
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4.2.1.3

Standardized Precipitation Evapotranspiration Index (SPEI)

The SPEI (Vicente-Serrano et al., 2010) is a normalized variable that uses the
monthly net precipitation totals (precipitation minus potential evapotranspiration)
and their long-term means over different timescales (1, 3, 6 or 12 months). Hereby,
it was used to evaluate the soil conditions prior to the flood events. The SPEI
values were first acquired at a 0.5°×0.5° spatial resolution from the SPEI database
(available online at http://sac.csic.es/spei/index.html), and subsequently they were
scaled up to 2.5°×2.5° resolution by taking the mean value in order to be consistent
with the daily precipitation dataset. The SPEI database uses mean monthly
temperature from the NOAA GHCN_CAMS gridded dataset (Fan & Van den
Dool, 2008) and mean monthly precipitation from the Global Precipitation
Climatology Centre (GPCC) (Schneider et al., 2011) to estimate the monthly net
precipitation, using the Thornthwaite method (Thornwaite, 1948) (see VicenteSerrano et al., 2010, for more detail on the calculation of the SPEI).
An x-month SPEI (e.g. SPEI for January 1984) provides a comparison with the
same x-month conditions (e.g. SPEI for all other Januaries between 1980 and
2010) for all years in the historical record. Shorter accumulation periods (1 month)
represent surface soil water content, while longer ones (3, 6, 12 months) indicate
the subsurface state (e.g. soil moisture, ground water discharge) (Du et al., 2013).
Unlike the standardized precipitation index (SPI), the SPEI takes potential
evapotranspiration into account, which can consume a large portion of total rainfall
(Abramopoulos et al., 1988). Precipitation and evapotranspiration together largely
determine soil moisture variability, and thus indirectly affect the flood build-up
period through links between soil moisture, river discharge and groundwater
storage (Vicente-Serrano et al., 2010). Although some studies have successfully
applied SPI as a flood indicator (Guerreiro et al., 2008; Seiler et al., 2002), SPEI
has not yet been applied in floods, but only in drought monitoring and forecasting
(Mossad & Alazba, 2015; Xiao et al., 2017).
The ECMWF’s ERA-Interim reanalysis dataset was not used for the SPEI
calculation, as it covers a considerably shorter timespan than the datasets that
Vicente-Serrano et al. (2010) used to produce the SPEI dataset. Positive and
negative values indicate relatively wet and dry periods, respectively (Table 1).
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Table 4.1 Classification of SPEI values (based on Edossa et al., 2014).
SPEI class

Class description

≤-2

Extremely dry

-2 : -1.5

Severely dry

-1.5 : -1

Moderately dry

-1 : -0.5
-0.5: 0

Mild dry
Near normal dry

0: 0.5

Near normal wet

0.5 :1

Mild wet

1 : 1.5

Moderately wet

1.5 :2

Severely wet

>2

Extremely wet

4.2.2 Analysis
4.2.2.1

Flood phases

An illustrative example of discharge in relation to time, before, during and after a
hypothetical flood event is given in Figure 4.3. The start date of each flood, as
reported in the NatCatSERVICE flood dataset (Munich Re, 2014), is the end of the
‘flood build-up’ period, during which we assumed that the physical processes that
led to flooding took place (Nied et al., 2014). The build-up period was divided into
two parts: a preconditioning period on the seasonal scale (up to 6 months before
the flood onset), and a flood-triggering episode of a 7-day duration in the weatherscale period. In this way, we distinguished the antecedent hydrological conditions
from the 7-day precipitation event. The first period, which is also split into
different periods (see 4.2.2.3) ends in the month before the rainfall event so that the
two periods do not overlap.
4.2.2.2

7-day precipitation

We used the daily precipitation reanalysis dataset (see 4.2.1.2) to calculate the 7day preceding precipitation (PRE7), which has as ending point the reported onset
date of each flood, as well as the maximum 7-day precipitation (MAX7) during the
month that each flood was reported. Except for the precipitation intensity, the
length of the precipitation period that leads to a flood depends highly on the local
characteristics. For example, a 2-day precipitation sum is best correlated with flood
frequency and magnitude in the high ranges of the Swiss Alps, but longer-duration
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precipitation affects flood occurrence more in the western and eastern Swiss
Plateau (Froidevaux et al., 2015). In our study, we used a relatively long synoptic
time window, similarly to Webster et al. (2011), aiming to be on the safe side.

Figure 4.3 Example that demonstrates the how the periods before, during and after a flood event are
defined in our study. Weather-scale period starts 7 days before the onset date of the flood. Seasonalscale is split into 1-, 3- and 6-month periods prior to the flood event (see text in 4.2.2.1 and 4.2.2.3 for
details).

Subsequently, for each flood, we used its particular onset month and location to
identify the maximum 7-day precipitation for that month within the other dataset
years, in which no flood was reported. Following the way that the SPI is calculated
(Mckee et al., 1993) we used a Gamma distribution to fit the 31 values (1 flood and
30 no-floods) over the entire 31-year dataset and we standardized them so that the
mean is 0 and the standard deviation 1. We followed this procedure for both PRE7
and MAX7. The year with the flood event (F) was labelled differently from the
remaining 30 no-flood events (NF). We repeated this procedure for all flood
events. Then, we compared PRE7 and MAX7 and we performed a two-tailed z-test
of unpaired samples to evaluate whether the medians of PRE7 and MAX7 in the
case of a flood differed significantly from that of the NF cases.
4.2.2.3

Seasonal-scale SPEIs and SPEI0

SPEI values were derived from the dataset for the months before a flood event are
labelled SPEI1, SPEI3 and SPEI6, indicating accumulation timescales of 1, 3 and 6
months, respectively (Figure 4.3). These seasonal SPEI values are not independent,
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as shorter-period SPEIs (e.g. SPEI1, 3) are part of the calculation of longer-period
ones (e.g. SPEI6). SPEI0 has a 1-month accumulation period and refers to the end
of the month that includes the flood’s reported start date. Therefore, it is
independent from the other SPEIs and it was used to evaluate the wetness at the
end of this month. This allows assessing whether it could be used as a floodmonitoring tool. All month definitions were based on calendar days. For each flood
event individually, we used the same flood onset month and the same location in
order to get the SPEIs of all the NF cases. Subsequently, we performed a two-tailed
z-test of unpaired samples to compare the median SPEI values of the NF events
(total number: n=15,030) with those of flood events (total number: n=501). Then,
we calculated the probability of having a flood (F) and the probability of not
having a flood (NF) given certain SPEI thresholds. In order to enable appropriate
comparisons between the two groups, we calculated the risk ratio (RR) or relative
risk. This is a relative measure that quantifies the risk of prevalence of one group
against another one by taking the ratio of two proportions, i.e. dividing the
probability of a flood by the probability of no flood (Morris & Gardner, 1988)
(Table 4.2, Equation 4.1). The RR is commonly used in medical and epidemiology
studies (e.g. Katz, 2006; Shrier & Steele, 2006; Zhu & Yu, 1998). Although it does
not follow a normal distribution, the natural logarithm of the sample is
approximately normally distributed to produce the 95 % confidence intervals,
which are calculated according to Morris & Gardner (1988) and Daly (1998).
Therefore, first, a confidence interval is generated for loge(RR) and subsequently
the antilog of the upper and lower limits of the confidence interval for loge(RR) are
computed to give the upper and lower limits of the confidence interval for the RR
(Equations 4.2–4.6). When the upper limit is above 1 and the lower limit below 1,
the RR is not statistically significant:
Table 4.2 Parameters for RR calculation.
SPEI>threshold
Group
Yes
No
Total

RR =

!
!!!
!
!!!

Floods

A

C

A+C

No-Floods

B

D

B+D

(Equation 4.1)
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SE log ! R =

!
!

−

!
!!!

!

!

!

!!!

+ −

(Equation 4.2)

W = log ! R − (1.96 x SE log ! R

(Equation 4.3)

X = log ! R + (1.96 x SE log ! R

(Equation 4.4)

Lower Limit of confidence interval: ew

(Equation 4.5)

Upper Limit of confidence interval: ex

(Equation 4.6)

4.2.2.3

Combination of PRE7 and SPEI0 with seasonal-scale SPEIs

In a final assessment, we used the preceding seasonal-scale SPEIs in combination
with SPEI0 and PRE7 to calculate the RR of F events and NF events using various
SPEI and PRE7 thresholds. In this way, we evaluated the RR by bringing together
the preceding seasonal-scale conditions and the conditions during the month of the
flood.

4.3

Results

4.3.1 Floods in sub-Saharan Africa
Figure 4.4 shows the spatial distribution of the 501 flood events from 1980 to 2010
and the number of fatalities that they caused. Most floods were reported in
continental sub-Saharan countries. South Africa faced the highest number of
reported events, followed by Kenya, Somalia, Mozambique and Ethiopia. In
southern Africa, a considerable number of floods were reported in Limpopo and
Zambezi river basins and along the coast of South Africa. Eastern Africa also
experienced a significant number of flood events, mainly in the southern part of the
Nile and near lakes Turkana and Victoria. In West Africa, there is a concentration
of floods along the Volta, Niger and Senegal rivers.

4.3.2 Weather scale
Figure 4.5 (left) presents the standardized 7-day precipitation (PRE7) of flood (F)
and no-flood (NF) events. On each box-plot, the central red line is the median and
the edges of each box are the 25th and 75th percentiles. The whiskers extend to the
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most extreme data points, covering 99 % of the values, and the outliers are plotted
individually (+). The results of the z-test showed that the median of the preceding
PRE7 of F did not exhibit any significant difference with that of NF (p=0.1).

Figure 4.4 Reported flood events (1980–2010) in sub-Saharan Africa grouped per country. The size
of the dots shows the number of fatalities that each flood caused (Munich Re, 2014).

This reveals that, although PRE7 is high, it cannot explain by itself the generation
of the flood. Similar magnitude events, in the same locations and during the same
months that floods were reported, occurred without resulting in any (reported)
flood. Figure 4.5 (right) compares the MAX7 of F events to the MAX7 of NF
events. The median of MAX7 was significantly higher than the median of the NF
cases (p=0.05).

Figure 4.5 Standardized 7-day preceding precipitation (PRE7) (left) and maximum 7-day
precipitation (MAX7) (right) of flood (F; left bars) and no-flood (NF; right bars) events collected over
all 501 reported flood events.
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4.3.3 Seasonal scale
Figure 4.6 shows the SPEI values of F and NF events on different timescales (0, 1,
3 and 6 months prior to the onset month of the flood). For NF events, the median
value of SPEI is slightly below zero for all timescales. The median SPEI0–SPEI6
values representing the F events are significantly higher, which is underpinned by
the results of the z-tests (pvalues<0.05). More specifically, the median value of
SPEI0 for F events exhibits a value close to 1, which indicates that the wetness in
the end of these months was high. Further, the median values of seasonal SPEIs are
all above 0, showing that, in many cases, there were wet conditions prior to
flooding, which have likely played a role in flood generation. The highest median
values are found for SPEI1, followed by SPEI3. The median of SPEI6 is
significantly lower than both of them, showing that when the accumulation period
is longer, the SPEI tends to climatological conditions and flood signals become
vaguer. The percentage of floods that exhibit wetter than normal condition (SPEI
greater than 0) is 78, 70, 65 and 57 % for SPEI0, SPEI1, SPEI3 and SPEI6,
respectively.
Figure 4.7a shows the RR using several thresholds for the SPEIs, which range from
−3 to+3 (horizontal axis). A value of 1 denotes equal flood likelihood, while higher
values indicate that the likelihood of a flood (F) is higher than that of a no-flood
(NF). Each line represents SPEI values for the different timescales. For each of
these lines, the confidence intervals are shown in separate panels (Figure 4.7b–e).
For SPEI values lower than −1, the probability of having an F event and a NF event
is ∼1, irrespective of which SPEI is used. For SPEI values higher than −1, a slight
increase in the RR is observed for the seasonal SPEIs, denoting that when hitting
these SPEI threshold values the probability of encountering an F event is relatively
higher compared to the probability of encountering a NF event. For SPEI values
higher than 1.5 for SPEI1 and SPEI3, it becomes approximately 2.5 times more
likely to have an F than a NF event. While SPEI1 and SPEI3 exhibit similar RR
values, the SPEI6 has considerably lower ones, indicating that flood events
preceded by such a long wet period are few. SPEI0 reaches the highest RR when
looking at SPEI values over 2. In this case, it becomes 6.5 times more likely to
have an F than a NF event. When SPEI values higher than 2 are used for seasonal
SPEIs, there is no statistical significance in the probability of having an F and a NF
event, which could be attributed to a statistical artefact and/or missing data.
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Figure 4.6 SPEI0 and seasonal-scale SPEIs for flood (F) and no-flood (NF) events.

Figure 4.7 Risk ratio between F and NF as function of SPEI exceedance values (SPEI0, magenta;
SPEI1, red; SPEI3, green; SPEI6, blue) (a), and their confidence intervals (b–e). Different scales are
used in the various y-axes. The horizontal dashed line shows the risk ratio of 1.
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4.3.4 Combination of weather- and seasonal scale
Figure 4.8a shows the RR given SPEI0 threshold values (x axis) conditional to
seasonal SPEI values. For each of these lines the confidence intervals are given in
Figure 4.8b–g. The RR increases when seasonal SPEI thresholds increase (dashed
lines vs. solid lines). The maximum values are found when SPEI0 exceeds 2 and
the seasonal SPEI thresholds are above 1 (dashed lines). For instance, using
SPEI6>1, it is 14 times more likely to flood. The combination of SPEI1>1 and
SPEI0 exhibits the highest RR up to the SPEI0 threshold of 1.5, where it becomes
9 times more likely to have a flood event. Although the confidence intervals are
relatively wide due to the variability of the two samples, in all cases the results are
statistically significant when SPEI0<2.5.

Figure 4.8 Risk ratio between F and NF events for given SPEI0 thresholds conditional to seasonal
SPEI values (SPEI1>0, red solid; SPEI>1, red dashed; SPEI3>0, green solid; SPEI3>1, green dashed;
SPEI6>0, blue solid; SPEI6>1, blue dashed) (a), and their confidence intervals (b–g). Different scales
are used in the various y-axes. The horizontal dashed line shows the risk ratio of 1.

Finally, Figure 4.9 presents the RR for combinations of PRE7 and seasonal SPEI
thresholds. Their corresponding confidence intervals are presented in Figure 4.9b–
g. Again, we see that for increasing thresholds, it becomes more likely to have an F
event compared to a NF event. The maximum RR values observed are 6 and 4.8,
whenPRE7 is higher than 2 and SPEI3 and SPEI6 higher than 1 respectively. For
most conditions (except for the cases whereSPEI1>1 and SPEI6>1) when PRE7<3,
the results are statistically significant. This figure shows that the combination of
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short-term (PRE7) and long-term conditions (SPEIs) leads to a higher RR,
indicating an increased likelihood to encounter an F event, when thresholds are
higher. As before, in both Figures 4.8 and 4.9, the decrease in the RR and its
confidence intervals for SPEI0 and PRE7 values larger than 2.5 is attributed to a
statistical artefact.

Figure 4.9 Risk ratio between F and NF for given PRE7 thresholds conditional to seasonal SPEI
values (SPEI1>0, red solid; SPEI>1, red dashed; SPEI3>0, green solid; SPEI3>1, green dashed;
SPEI6>0, blue solid; SPEI6>1, blue dashed) (a) and their confidence intervals are shown (b–g).
Different scales are used in the various y-axes. The horizontal dashed line shows the risk ratio of 1.

4.4

Discussion

The role of weather-scale meteorological conditions (particularly rainfall) in flood
generation is generally accepted (Froidevaux et al., 2015; Jongman et al., 2014;
Webster et al., 2011). Our results showed that the flood events were preceded by 7day precipitation (PRE7) of similar magnitude compared to the maximum observed
7-day precipitation during the same month in the no-flood years. This indicates that
although PRE7 was high, it is not able to fully justify the flood generation by itself.
Therefore, as expected, there were other factors, other than heavy precipitation,
that led to the flood events. The fact that median of MAX7 was significantly higher
than that of PRE7 indicates that the 7 days prior to the reported onset date (PRE7)
did not always exhibit the highest precipitation during the flood month, as one
might have expected. This could mean that the flood reported date was not accurate
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or that the MAX7 worked complementary to PRE7 leading to the flood generation
(i.e. flooding was already triggered before the maximum 7-day precipitation had
taken place). It could also be attributed to inaccuracies in the reanalysis dataset due
to the lack of ground-based precipitation records over poorly monitored regions
such as sub-Saharan Africa (Zhang et al., 2013) or due to the fact that daily
precipitation values on a coarse grid are largely uncertain (Herold et al., 2017), as
they do not capture local-scale convective events, which are often responsible for
high-intensity precipitation.
The rationale to perform the analysis over a large area around the reported flood
coordinates is to deal with the uncertainty in the presented location of the reported
flood and to capture the impact of the rainfall in neighbouring areas, including
upstream ones, which may have contributed to the flood generation mechanisms.
This simplified approach was necessary because we did not have the exact
delineation of the upstream area. The real world is much more complicated, as the
response of hydrological systems to precipitation varies considerably depending on
time and place (Eltahir & Yeh, 1999). Further studies should give this serious
consideration, carrying out analyses on local spatial scales and using hydrological
models to estimate the travel time and the concentration time of the upstream
rainfall for each flood location.
The results of the seasonal-scale analysis showed that the most reported floods
were preceded by relatively wet seasonal conditions, as their SPEIs were greater
than 0 (SPEI1-70 %, SPEI3-65 %, SPEI6-57 %). Comparing the seasonal SPEIs of
F events to that of NF events, we see that the median of the first is significantly
higher than that of the latter across the different seasonal timescales (SPEI1 to
SPEI6), indicating that, in many cases, SPEI could have served as an early warning
indicator, if it had been monitored or forecasted.
When using a threshold of 1.5 for SPEI1 and SPEI3, we found a RR of 2.5,
indicating an increased probability to encounter an F event than a NF event.
Although this number is not high, and the confidence intervals are quite wide, it is
remarkable evidence that seasonal parameters could be used in flood warning
systems. Using a threshold of 2 for SPEI0, which refers to the conditions during
the flood onset month, the RR becomes 6.5. This shows that SPEI0 has captured in
several cases the unusually wet conditions during the flood and that it could be
used as a flood-monitoring tool.
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When using seasonal SPEIs in combination with SPEI0 thresholds, the likelihood
of having an F event compared to a NF event was considerably higher compared to
the likelihood when taking into account only weather or only seasonal-scale
conditions. For instance, when SPEI0 is above 2 and SPEI1, SPEI3 and SPEI6 are
above 1, the RR becomes around 10, 12 and 14 times. Nevertheless, SPEI0 refers
to the entire month when the flood was reported and not to the conditions that
preceded its generation. Therefore, an early warning system could monitor rainfall
and temperature observations, getting ready when the previous 3 months have had
a high SPEI, and taking further action if the upcoming month is forecasted to also
have a high SPEI. When connecting PRE7 with seasonal SPEIs, the RR did not
exhibit so high values. However, there is still considerably increased probability of
having an F compared to an NF event (e.g. RR is 6, when PRE7>2 and SPEI3>1),
demonstrating that in many reported floods seasonal-scale conditions created
flood-favourable conditions, which were turned into flood events by the high
PRE7. This result stresses the significance of a joint consideration of weather and
seasonal conditions in flood forecasting.
Our findings are in line with those of Berthet et al. (2009), who demonstrated that
the variety in preceding moisture plays a major role in flood generation in France
at similar levels of flood-triggering precipitation, and with Nied et al. (2014), who
showed that a small amount of rainfall can result in flood generation when the soil
is saturated. The combination of weather- and seasonal-scale condition is also
supported by Pathiraja et al. (2012), who showed that there was an underestimation
of the magnitude of flood flows in the Murray–Darling Basin in Australia when the
joint influence of flood-producing rain events and antecedent wetness was not
taken into consideration.
Finally, we acknowledge that our sample (501 events) is small, and this might be
one of the reasons that we did not manage to find any statistically significant
results between different geographical areas. Conducting the analysis on a local
scale, identifying different types of floods, could be a step forward for further
improving the approach developed in this study. Nevertheless, to our knowledge,
this is the first attempt to analyse the preconditions of so many historical flood
events, trying to link the reality with physical parameters.
The approach applied in this study fits well in the global policy on disaster
management The Sendai Framework of Disaster Risk Reduction (UNISDR, 2015b)
calls for enhanced efforts to reduce risk from natural hazards (including floods)
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through measures such as protection, financial risk transfer and early warning
systems (Mysiak et al., 2016). Seasonal forecasting systems are promising
measures that can complement existing warning systems. For this, the SPEI-based
approach of using seasonal information to prepare for flood events could be further
developed and tested, having as an overall target to support disaster preparedness
activities in the regions at risk. For example, it could be a useful tool in the
forecast-based financing approach, which is currently being developed by the
Climate Centre of the Red Cross Red Crescent (Coughlan de Perez et al., 2015)
and aims to disburse funding based on forecast information. The idea behind it is to
take action based on the progressively increasing flood warning information. This
could be implemented by the ‘Ready-Set-Go’ concept (Goddard et al., 2014),
where each case of disaster preparedness is activated when the output of different
forecast types (e.g. seasonal, weather) exceeds a certain threshold. In this case,
such a threshold could be based on SPEI values as presented in this research.

4.5

Conclusions

This chapter explores the role of the hydro-meteorological conditions that preceded
reported damaging floods in sub-Saharan Africa from 1980 to 2010. Our analysis
follows a pragmatic approach that is based on 501 large-scale floods taken from
NatCatSERVICE disaster database. While most studies base their analyses on
modelled discharges and floods, this research tries to link a considerable amount of
real events to physical parameters that have contributed to their generation. We
have examined both separately and together the impact of short- and long-term
antecedent conditions prior to each event. To do so, we have clearly distinguished
the flood antecedent conditions between weather and seasonal scales. The weatherscale conditions encompass 0–6 days prior to each flood onset date and are
captured by the 7-day accumulated precipitation (PRE7), while the seasonal-scale
conditions are reflected in the values of the SPEI at 1, 3 and 6 months before each
flood event.
Taking into account all reported flood events, the results indicate that although
PRE7 prior to flood generation was high, it did not exhibit any statistically
significant differences with the highest 7-day precipitation during the same months
in the no-flood years. On the other hand, the median of the maximum 7-day
precipitation of all events during the flood onset months (MAX7) was significantly
higher than the median of PRE7, which shows that it is likely that in several cases,
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a severe rainfall event occurred during the flood onset month and might have
served complementary to PRE7 for the flood generation. Although the outcomes
demonstrate the catalytic role of the meteorological phenomena in flood generation
during the days close to the flood onset, highlighting the importance of weather
forecasts in flood forecasting, precipitation events do not always lead to flood
generation. On the seasonal scale, high SPEI values denote wet conditions that are
likely to have caused soil saturation before the 7-day precipitation events. When
SPEI1 and SPEI3 are higher than 1.5, the risk ratio (RR) is 2.5, showing that it is
2.5 more likely that there will be a flood than a no-flood event, providing evidence
that seasonal parameters should not be excluded a priori from flood warning
systems. When using SPEI0 is higher than 2 the RR is 6, highlighting that SPEI0,
which represents the conditions during the flood onset month, has captured the
unusually wet conditions and hence, it could be used as a flood-monitoring tool.
The combined analysis of weather- and seasonal-scale flood antecedent conditions
reveals that their joint influence affects flood generation, exhibiting higher RR than
when taking into account PRE7 or SPEI alone. Translating them into practice, we
conclude that decision-makers should not neglect the effect of seasonal-scale
wetness in flood generation, as this could be a useful addition to the weather-scale
flood forecasts.
If this approach is further developed and tested, it could be used by early warning
systems to set up operational programming and take action before flood events.
First, if SPEI6, SPEI3 and SPEI1 are monitored, people could take preparation
actions when local thresholds are exceeded, knowing that the likelihood of
flooding is slightly elevated for the coming months. Once they see that the
observations from the past season show high SPEIs, then they can check forecasts
for the SPEI of the coming month, and 7-day rainfall forecasts, to take additional
preparedness actions if those also show high values. Although the risk of acting in
vain will still exist, a system based on this combination of observations and
forecasts could instigate major preparedness, increasing the probabilities of a
correct hit. In order to enable such a system, both monitoring and forecasts of local
SPEI-related indicators tailored to specific river basins should be made available.
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Chapter 5
Assessing time, cost and quality trade-offs
in forecast-based action for floods
Abstract: Forecast-based actions are increasingly receiving attention in flood risk
management. However, uncertainties in flood forecasts highlight the need to carefully
assess the costs and benefits of the actions in relation to the constantly changing forecast
information. Forecast quality decreases with increasing lead time, and therefore, an inherent
trade-off between timeliness and accuracy exists. In this study, we present a methodology
to assess the value of early warning early action systems (EWEAS), and we explore the
decision-makers’ dilemma between acting upon limited-quality forecast information and
taking less effective actions. The assessment is carried out for i) an one- and ii) a two-stage
action system. In the case of the two-stage system, a first action that is based on a lowerquality forecast at long lead time may be followed up by a second action that is based on a
higher-quality forecast at shorter lead time. Through an idealized case study, we
demonstrate that a) that the optimal lead time to trigger action is a function of forecast
quality, the local geographic conditions and the operational characteristics of the forecastbased actions and b) low-certainty, long-lead-time forecasts can become valuable when
paired with short-term, higher-quality ones in a two-stage action approach.

_________________________________________________________________________________
The contents of this chapter are based on: Bischiniotis, K., van den Hurk, B, Coughlan de Perez, E.,
Veldkamp, T., Guimaraes Nobre, G., Aerts, J. (2019). Assessing time, cost and quality trade-offs in
forecast-based action for floods. International Journal of Disaster Risk Reduction, 40, 101252.
doi:10.1016/j.ijdrr.2019.101252
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5.1

Introduction

Flood risk management aims to reduce the impacts that floods pose to humans and
the environment. To achieve this, flood risk strategies have traditionally focused on
long-term protective strategies, using hard infrastructure. However, no matter how
high a protection level is, a residual risk always remains. To further reduce this risk
‘softer’ emergency actions (e.g. temporary flood protection measures, evacuation)
(Kabat et al., 2005) that are triggered by forecasts are applied during the time
window between the flood alert and the actual event. A system in which warnings
are translated into anticipatory actions is called an early warning early action
system (EWEAS). EWEAS increase resilience and reduce mortality in low-income
countries with recurrent disasters, where limited budgets for structural measures
lead to high residual risk (Golnaraghi, 2012). Therefore, EWEAS are considered
important components in flood risk management strategies (UNISDR, 2004) and
their success is primarily associated with their ability to issue reliable flood alerts
at lead times (LT) that are sufficiently long to implement risk-reduction measures
(UNICEF, 2015).
In flood risk management, EWEAS are often triggered by streamflow forecasting
models. These models are subject to different types of uncertainty that are
associated with the insufficient knowledge of the hydrological processes, the
simplified parameterisation, the available hydrological data, the geographical
characteristics and the quality of meteorological forecasts that are used as an input
(e.g. Verkade & Werner, 2011; Zappa et al., 2011). To quantify and express this
uncertainty probabilistically, ensemble streamflow prediction systems produce
multiple, equally probable simulations of future streamflow (e.g. Cloke &
Pappenberger, 2009; Wetterhall et al., 2013). Probabilistic forecasts are preferred
rather than deterministic ones since they give the opportunity to the users to select
triggering action probability thresholds based on their minimization or
maximization objectives (Buizza, 2008; Cloke & Pappenberger, 2009; Jaun et al.,
2008; Krzysztofowicz, 2001; Roulin, 2007; Velázquez et al., 2010).
Similarly to most forecast systems, hydrological probabilistic forecast models
exhibit a decrease in the quality of information they provide with increasing LT,
revealing an inherent trade-off between timely decisions and accurate information.
Recent advances in flood forecasting have led to more informative forecasts with
longer LTs (Golding, 2009). This has provided the opportunity to take actions that
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require longer implementation time but may have a larger risk-reducing impact
than actions with shorter implementation time. However, in cases where potential
consequences of acting in vain are high, postponing actions can be preferred, even
if the action effectiveness decreases. Alternatively, decision-makers may decide to
follow proactive, no-regret strategies to increase the portfolio of options at a later
stage (Heltberg et al., 2009; UNDP, 2010).
In most cases, the basic rationale of EWEAS assumes an essentially linear
sequence of actions, starting with the definition of the discharge thresholds that
correspond to floods and of the forecast probabilities required to trigger action, the
issue of the forecast and the final decision. At a later stage, the evaluation of these
systems is usually carried out through cost-benefit analyses that are tailored to the
needs and requirements of each end-user (e.g. Katz & Murphy, 1997; Murphy,
1977; Priest et al., 2011; Richardson, 2000). Although it is not possible to create an
objective measure that quantifies the EWEAS performance for all end-users, the
basic rationale is that the EWEAS provide added benefit to the risk-reduction
strategies when the benefits (reducing the risk) of taking action outweigh the
overall costs (e.g. costs of forecast and other management activities, cost of acting
in vain). In the flood risk management context, the cost-benefit analysis has been
extensively used to assess the value of different forecast types. For example, Wilks
(2001) estimated the economic value of seasonal and weather precipitation
forecasts, taking into account their limited reliability. Roulin (2007) assessed the
relative economic value of a hydrological ensemble prediction system in two
Belgian catchments. Verkade & Werner (2011) compared the benefits of
probabilistic forecasts for a range of LTs, and Matte et al. (2017) incorporated risk
aversion into the cost-loss decision model. While these studies assessed the value
of EWEAS for a single action-forecast combination, they did not examine the
potential benefits of preparatory measures that are implemented long before a flood
and are used to facilitate the main risk-reduction measures. In addition, they used
discrete values for the ratio between residual and potential damage over time, and
they did not take into account constrain on budget and implementation time.
In this study, we build on existing valuation approaches to present a methodology
that assesses the economic value of EWEAS, taking into account trade-offs
concerning forecast quality, restrictions in the implementation of actions, and timevarying costs and losses. The assessment is carried out for an one- and a two-stage
action system. In the case of the two-stage system, a first action that is based on a
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low-quality forecast at long lead time is followed up by a second action that is
based on a higher-quality forecast at shorter lead time. We demonstrate the
EWEAS value in an idealized case study, using forecasted discharge time series
from the global flood awareness (GloFAS) in Akokoro, Uganda. We must note that
the scope of our study is not to profoundly assess the model, but rather to
demonstrate how an operational forecast can be incorporated into the decisionmaking process.
This chapter is organised as follows: In section 5.2 we present the necessary
background information for the evaluation of EWEAS; in section 5.3 we outline
the basic components of the EWEAS we have used in our idealized case study, and
in section 5.4 we present the results; in section 5.5 we discuss the limitations of this
study and outline options for further research; in section 5.6 we summarize the
main conclusions.

5.2

Methods: Valuation of an EWEAS

In this section, we present the necessary components to consider for the valuation
of EWEAS (Figure 5.1):
•
•

•
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The forecast model that provides the early warnings, which in our study is
GloFAS (section 5.2.1);
The discharge thresholds that correspond to flood magnitudes against
which action is taken, the probabilistic thresholds that trigger action, and
the assessment of forecast ability to produce correct flood warnings at
various lead times (section 5.2.2);
The forecast-based actions and the differences in taking action at one- and
at two-time steps (sections 5.2.3, 5.2.4)
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Figure 5.1 Flowchart that outlines the steps taken towards the configuration and valuation of EWEAS
in this study.

5.2.1 Forecast model description: GloFAS
We used time series from the Global Flood Awareness System (GloFAS)* (Alfieri
et al., 2013), a global model that produces probabilistic forecasts of river
discharges that are used to issue flood alerts at a 0.1° spatial resolution. Every day,
an ensemble of 51 members, each driven by meteorological forecasts 15 days
ahead is produced. The forecast probabilities are based on the fraction of the
ensemble members exceeding a predefined discharge threshold. For example, if 10
out of 51 members exceed a threshold, the probability of its exceedance is 0.19
(10/51). GloFAS is being used operationally by the forecast-based financing
project of the Red Cross (Coughlan de Perez et al., 2015) in several developing
countries around the world such as Peru, Bangladesh, Nepal, and Uganda. For a
more detailed discussion on GloFAS, we refer to Alfieri et al. (2013).
In our study, we used forecasted discharge time series for a river point that belongs
to the Victoria Nile and exhibits the highest annual mean discharge in the Akokoro
subcounty in Apac district, Uganda (1.55 N, 32.55E). This area has experienced
catastrophic flood events in the past (e.g. August 2007, October 2012) and has
been used as a case study of the partners for resilience project
(https://partnersforresilience.nl/).

*

In this study, we used pre-operational GloFAS reforecasts, which are provided through an
ftp service setup by the GloFAS team upon request.
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5.2.2 Thresholds for triggering action and model assessment
In operational EWEAS, when the forecasted discharge exceeds a threshold that
corresponds to floods at pre-agreed probabilities, flood risk-reduction actions are
triggered. Given the absence of perfect forecasts, decision-makers aim to set the
action-triggering forecast probabilities in such a way that they meet their
requirements, while at the same time maximize the potential benefits of using the
forecast model. For instance, Coughlan de Perez et al. (2016) identified the forecast
probabilities of GloFAS that should trigger action in two districts in Uganda, using
as basic criterion that the False Alarm ratio, which is the verification score of
interest to humanitarians (Hogan & Mason, 2012) and is defined as the number of
false alarms per total number of alarms, is lower than 0.5. On the other hand,
decision-makers that face budget restrictions prefer not to take action unless they
are absolutely certain that an upcoming hazard will occur (Demeritt et al., 2007;
Suarez & Patt, 2004).
Decision-makers are mostly interested in assessing a forecast model in terms of
event-based metrics, namely the correct hits (CH), the misses (MS), the false
alarms (FA) and the correct negatives (CN), since these are necessary for the
estimation of losses and benefits. Given the rarity of flood events and the usually
short time series of forecasted discharges, the assessment of the models is often
carried out over aggregated large spatial scales, such as a country or a continent
(Bischiniotis, 2019a; Thiemig, et al., 2015). However, EWEAS are usually applied
to smaller spatial scales (e.g., a village, town or province) and consequently, end
users are interested in the local event-based metrics.
To be in line with this need, we used forecasts from GloFAS over a period of
approximately 8 years (between May 1st 2008 and December 31st 2015) for a
specific location (see section 5.2.1) with lead times from 0 to 14 days (LT0 to
LT14). We used discharge time series at LT0 as a proxy for the real-world
discharge. From this, we calculated the 80th, 85th and 90th percentile. The time
series and these percentiles were used separately: When the discharge was above
the 80th percentile, the EWEAS was applied against high-probability low-impact
flood (hereafter called ‘small flood’), when the discharge was above the 85th, the
EWEAS was applied against medium-probability medium-impact flood (hereafter
called ‘medium flood’), and when the discharge was above the 90th percentile, the
EWEAS was applied against low-probability high-impact flood (hereafter called
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‘big flood’). This distinction allowed us illustrating the diversity of the model skill
in predicting floods with different probabilities of occurrence, and addressing how
the budget, time constraints, costs and damage have an effect on them. In the real
world, we would expect much higher discharge percentiles that correspond to flood
events, but given the limited available forecast time series, we used relatively low
ones, similarly to Coughlan de Perez et al. (2016), aiming to generate sufficient
statistics and demonstrate the concept of our methodology, Furthermore, we used
three probability thresholds (30%, 60%, 90%) for issuing a flood warning that
triggers the risk-reduction actions to demonstrate how the choice of different
forecast probabilities can determine the value of an EWEAS. The probabilities
were estimated using the different members of the ensemble of GloFAS forecasts
as indicated in 5.2.1.
The event-based metrics were calculated for each LT separately for all probability
thresholds and for all flood magnitudes (Table 5.1). We also took into account the
period that the action provided effective protection, following Coughlan de Perez
et al. (2016). This means that as soon as an action was triggered after a forecast
warning, it had a lifetime period, within which the action was not re-triggered.
Taking into account the lifetime of the action was a consideration in favour of the
forecast model, since in case a flood did not occur exactly on the forecasted date
but within the lifetime period, the flood signal was counted as correct hit (CH). If
there was no flood during this period, the flood signal was counted as false alarm
(FA), while if a flood occurred but no flood signal was issued, it was a Miss (MS).
In case the flood conditions (i.e. discharge higher than the threshold) remained
after the expiration of the action's lifetime, the action was re-triggered, if there was
a flood signal while flood conditions were ongoing. We considered this case a new
event (we further discuss this in section 5.2.4).
Table 5.1 Event-based metrics, i.e. Correct Negatives (CN), Misses (MS), False Alarms (FA), and
Correct Hits (CH), are calculated for each flood magnitude (FTQ), probability threshold (PTi) and lead
time (LTj).
Flood Magnitude (FMQ)
Small (Q80)/Medium (Q85)/Big (Q90)
Probability Threshold (PTi)
i=30%,60%,90%
Lead Time (LTj)
j=1:14
CN(FTQ,PTi,LTj) MS(FTQ,PTi,LTj)
Event-based metrics
FA(FTQ,PTi,LTj)
CH(FTQ,PTi,LTj)
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5.2.3 Forecast-based actions
A wide range of potential forecast-based actions exists in early action protocols, all
having different features: cost, implementation time, lifetime, tangible and
intangible benefits. For example, temporary flood measures such as sandbags can
be installed or put in place to protect dwellings and critical infrastructure;
evacuation can be applied to reduce fatalities and chlorine tablets can be distributed
to provide clean water and prevent the spread of disease. In some cases, the actions
can be complementary. To demonstrate this relationship, we used two decisionmaking approaches: a static (one-stage action) and a dynamic (two-stage action)
one. In the first, a decision for action was taken at one point in time. In the second,
decisions were taken at two time points; initially a preliminary action at longer LT
and subsequently a main action. In our case, the preliminary action was not a
prerequisite for triggering the main action but was used to facilitate it, as it is
explained in sections 5.2.4 and 5.3. In this way, we assessed the value of sequential
decision-making, similar to the ‘Ready-Set-Go’ approach, which is a methodology
applied by the humanitarians and allows the progressive staging of actions
(Goddard et al., 2014).

5.2.4

Relative economic value of EWEAS

To evaluate the EWEAS, we used its relative economic value (Vew) (e.g. Katz &
Murphy, 1997; Lopez et al., 2018; Verkade & Werner, 2011). This is defined as the
relative reduction in total losses from disaster responses when using early warnings
(TLew) compared to the total losses when no forecast model is available and only
climatological probability information is used (TLno_ew):
V!" = (TL!"_!" − TL!" )/TL!"_!"

(Equation 5.1)

Where
Vew: Relative economic value of the EWEAS
TLno_ew: Total losses incurred when there is no forecast model (i.e. total damage)
TLew: Total losses incurred when action is taken based on a forecast model (i.e.
total costs and damage)
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When Vew > 0, the EWEAS adds value in flood risk-reduction strategies, since
losses are lower when appropriate forecast-based actions are implemented
compared to not taking action at all.
5.2.4.1

Valuation of an one-stage EWEAS

In an one-stage action system, decision-makers have to choose between two
options at each time step: to take action or to wait for further forecast information
that comes with shorter LTs. Therefore, this choice can be seen as a repetitive
problem, in which decision-makers face the same dilemma at each LT, until action
is taken (Figure 5.2, left).

Figure 5.2 Illustration of the repetitive dilemma of whether or not to trigger action (left), and the
event tree (right) used to calculate the event-based metrics, i.e. Correct Hit (CH), Miss (MS), False
Alarm (FA) and Correct Negative (CN) in an one-stage system. The dashed lines demonstrate the
different time steps, the squares the time points that decisions need to be made and the black dots the
time points of the final decision.

To compute the relative economic value of the EWEAS (Vew), the event-based
metrics (CH, MS, FA and CN) are required. As mentioned in section 5.2.2, we
calculated these metrics (Figure 5.2, right) for each flood magnitude, for all three
probability thresholds (i.e. 30%, 60%, 90%) and for each forecast LT, and we
considered that the forecast-based action was triggered if the forecast issued a
warning that exceeded the predefined threshold, while no action was taken when
no warning was issued. The forecast-observation pairs are illustrated in the
contingency table (Table 5.2).
Table 5.2 Contingency table [CN: Correct Negatives,
MS: Misses, FA: False Alarms, CH: Correct Hits)]
Flood
No Flood
Warning issued
CH
FA
Warning NOT issued
MS
CN
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Table 5.3 shows the consequences of these pairs; when no action was taken and a
flood occurs (MS), the losses were equal to the damage (D) that corresponded to
the observed flood magnitude. When action was taken in vain (FA), the losses were
just the implementation costs of the action taken (C). When action was correctly
taken (CH), the losses were the sum of the action costs (C) and the residual damage
that had been partly or entirely mitigated because of this action (RD). Therefore
RD ≤ D. When no warning was issued and no flood occurred (CN), there was no
action and no damage. In the case of an FA, there was often a change to the
original cost, ΔC that might account for e.g. the reputational risk (Coughlan de
Perez et al., 2016). Although in some cases this can be significant, we assumed that
it is 0.
Table 5.3 Contingency table that illustrates the consequences
of forecast/observation pairs of Table 5.2 (C:Cost of action, D:
Damage, RD: Residual Damage)
Flood
No Flood
Warning issued
C+ RD
C
Warning NOT issued
D
0

Forecast-based actions were not instantly carried out since their implementation
requires some time. We considered that the more time available, a greater part of
the action could be carried out and consequently, the more effectively the action
reduced potential damage. Therefore, warnings issued at longer LT led to more
effective actions. Hence, the cost of the action and its effectiveness depended on
forecast LT, implementation requirements and available budget. This was
illustrated with an example in section 5.3
The total losses of having no EWEAS (TLno_ew) were equivalent to using the total
number of flood events (i.e. MS + CH) multiplied by the damage (D)
corresponding to each flood magnitude:
TLno_ew = (CH + MS)·D

(Equation 5.2)

The total losses (TLew) of EWEAS over a certain time period were calculated by
aggregating the product of the consequences of each forecast/ observation pair
(Table 5.3) and their corresponding occurrences (Table 5.2):
TLew = (CH)·(C+RD) + (FA)·(C) + (MS)·D

(Equation 5.3)

In reality, a failure of the measure can have the same consequences as a miss and
cannot be neglected. To avoid this level of complexity, however, we assumed that
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the failure probability of the action taken is 0. In the Appendix C, we present the
equation C.1.1 that should be used in case the failure probability is taken into
account.
5.2.4.2

Valuation of a two-stage EWEAS

As discussed in 5.2.3, in two-stage action systems, decision-makers have the option
to take preliminary actions triggered at longer LTs (e.g. at LT14), followed by a
main action triggered at a shorter LT (e.g. between LT13 and LT1). The
preliminary action facilitates the implementation of the main action by increasing
its effectiveness. Similarly to the one-stage action, decision-makers face the
dilemma to wait or act (Figure 5.3, left). This procedure can be more complicated
if the decision-maker is granted a range of days to trigger preliminary action (e.g.,
anytime between LT14 and LT7). However, for the sake of simplicity, in our
idealized case study (section 5.3) we assumed that preliminary action could be
triggered only at LT14 and was implemented within one day. The estimation of the
relative economic value (Vew) of the EWEAS requires the joint performance of the
two lead time forecasts in relation to the outcome (i.e. flood or no flood) (e.g.
forecast at LT14 – CH and forecast at LT1- CH, forecast at LT14 – CH and
forecast at LT1- MS). In this way, for each LT that action is triggered, our
contingency table has eight entries (Table 5.4, Figure 5.3, right). The probability
thresholds used to trigger the preliminary and the main actions are not necessarily
the same. Therefore, the event-based metrics of the entire system are different for
each threshold combination used. In our case, there were nine combinations
possible (i.e. 30%, 60%, 90% for LT14 (threshold 1) times 30%, 60%, 90% for the
later LTs (threshold 2)).
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Figure 5.3 Illustration of the decision-makers’ dilemma of whether and when to take preliminary and
main action (left), and the event tree used to calculate the event-based metrics of the joint forecast
system in a two-stage action system (right). The dashed lines demonstrate the different time steps, the
squares the time points that decisions need to be made and the black dots the time points of a final
decision.

The total losses from taking action were calculated by the aggregation of the
actions’ implementation costs and the residual damage that accrued from the joint
system of two forecasts (Table 5.5) multiplied by their corresponding occurrences
(Table 5.4). In practice, given the restricted budget that is usually allocated to
forecast-based measures, decision-makers are requested to determine in advance
the budget fraction that is allocated to the first and second stages; in our study this
budget allocation was fixed (see example in section 5.3). However, the aggregation
of the cost of the preliminary (C1) and the main action (C2) could not exceed the
available budget. Although we considered that preliminary action had
implementation costs, it was only used to facilitate the main action rather than
providing protection against floods itself. Thus, when only preliminary action was
taken, damage was not mitigated. On the other hand, when the main action was
triggered, damage was mitigated regardless if preliminary action was taken (RD12)
or not taken (RD2). However, since the preliminary action increased the
effectiveness of the main action, RD12 < =RD2.
Table 5.4 Contingency table [p1:p8, see Figure 5.3, right] of the two-stage action system. Preliminary
action is triggered by forecast 1 (F1) e.g. at LT14 and main action is triggered by forecast 2 (F2) e.g.
between LT13 and LT1
Warning issued by F1
Warning NOT issued by F1
Flood
No Flood
Flood
No Flood
Warning issued by p1=CHF1∩CHF2
p2=FAF1∩FAF2
p5=MSF1∩CHF2
p6=CNF1∩FAF2
F2
Warning
NOT p3=CHF1∩MSF2
p4=FAF1∩CNF2
p7=MSF1∩MSF2
p8=CNF1∩CNF2
issued by F2
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Table 5.5 Contingency table that presents the consequences of the forecast/observation pairs in Table
5.4. Preliminary action is triggered by forecast 1 (F1) e.g. at LT14 and main action is triggered by
forecast 2 (F2) e.g. between LT13 and LT1.
Warning issued by F1
Warning NOT issued by F1
Flood
No Flood
Flood
No Flood
Warning issued by F2
C1 + C2+ RD12
C1 + C2
C2 + RD2
C2
Warning NOT issued by F2
C1 + D
C1
D
0

Similar to the one-stage system, the Vew was calculated using the total losses when
there was no EWEAS (Equation 5.4) and when EWEAS was used (Equation 5.5);
TLno_ew= (p1 + p3 + p5+ p7) · D

(Equation 5.4)

TLew=p1·(C1+C2+RD12)+p2·(C2+C2)+p3·(C1+D)+p4·(C1)+p5·(C2+RD2)+
+ p6·(C2)+p7· D

(Equation 5.5)

As explained in 5.2.4.1, the equations used hereby did not take into account the
failure probability of the risk-mitigation measures. Equation C.1.2 in the Appendix
C presents the total losses in case the failure probabilities of both the main and
preliminary actions are taken into account.

5.3

Configuration of the EWEAS

In addition to the generic methods and parameters described in Section 5.2,
EWEAS is subject to the needs, requirements and risk-mitigation capabilities of the
study areas. We used an idealized case study to facilitate the reader's understanding
and demonstrate some of the key features that are important in operational flood
risk decision-making. Although a great variety of flood adaptations is available, for
the sake of simplicity, we used volunteer training and sandbag dike construction as
examples of preliminary and main forecast-based actions, respectively. These
actions helps us demonstrate the interaction between financial, temporal and
location parameters, and how these parameters lead to the calculation of the
residual damage (RD), which is necessary for the valuation of the EWEAS (Figure
5.4).
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Figure 5.4 Scheme showing the parameters that are taken into account in our case study example.

In our example, the EWEAS was used to provide protection at a fictitious area with
size A and perimeter L during the time period that GloFAS forecasts were
available. The protection was achieved through the main action. Sandbags are often
readily available in developing countries such as Uganda, at relatively low cost and
are effective in preventing flooding with water levels of up to 1 m in height
(Botzen et al., 2009; Kelman & Spence, 2003). To achieve greater effectiveness,
we assumed that sandbags are prepositioned in the location (Rawls & Turnquist,
2010). Although forecast LT and mitigation time can be different, i.e. following the
forecast issue, time is required to disseminate it and take action (Carsell et al.,
2004), we considered these two to be identical similarly to Verkade & Werner
(2011).
As discussed in section 5.2, we treated the forecasts of each lead time separately.
Action was triggered (i.e. the sandbag dike construction starts) if, and as soon as, a
flood forecast warning was issued. The action was not interrupted by successive
forecasts that might ‘recall’ the flood signal. The design height was determined by
the magnitude of flood, against which action was taken (hs, hm or hb, with the
subscripts s, m and b referring to small-, medium- and big floods, respectively). To
reach this height for one linear meter, N sandbags were needed (Ns for small-, Nm
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for medium- and Nb for big floods, respectively). Given the trapezoidal sandbag
dike cross-section, these numbers were not linearly proportional to the water level.
The total dike length Ld that could be constructed depended on the design dike
height and the placement productivity rate PP (sandbags placed per day) that the
available manpower allowed (i.e. with one day LT (LT1), 1 PP sandbags could be
placed, with two days LT (LT2), 2 PP could be placed, etc.). Consequently, it also
depended on the LT that action was triggered (i.e. the longer the LT, the more time
available). In our example, we assumed the sandbag dike ring had a square shape,
and therefore, the area that could be protected was calculated in Equation 5.6.
Area Protected =

!"∙!!
!!

!

!

(Equation 5.6)

Hence, the cost of the main action was not only subject to the flood magnitude,
which determined the height and the number of sandbags that should be placed, but
it was also a function of the LT, at which action was triggered, and of the PP,
which determined how many sandbags could be placed every day.
In addition, as it happens in reality, the budget B (USD) that is allocated to the
forecast-based actions is restricted, and therefore the maximum total costs and area
that could be protected are subject to this restriction. In the one-stage action system
(see section 5.2.4.1), the entire budget was used for the sandbag dike construction
(main action), which involved the purchase and placement cost S (USD/bag) by
employed personnel. In the two-stage action (see section 5.2.4.2), a fraction α of
the total budget was allocated to the preliminary action, leaving (1-α)·B available
for the main action. If the initial forecast at LT14 did not issue a flood-warning
signal, preliminary action was not triggered. Hence, the entire budget could be used
for the main action, if a subsequent forecast issued a flood warning.
The potential of volunteer training (i.e. preliminary action) in disaster impact
mitigation is increasingly recognized worldwide (Whittaker et al., 2015). In our
example, volunteer training facilitated the main action, both monetarily and
temporally, by a) reducing the cost S per sandbag with a factor β (since no
placement by employed personnel was needed), and b) increasing the placement
productivity rate PP by a factor γ (assuming that the volunteers were more than the
employed personnel). The preliminary action had a lifetime LF1 days and the main
action LF2 days. We assumed that the preliminary action had a fixed
implementation time IT1, which lasted one day (see section 5.2), and its lifetime
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lasted as many days as the main action was being implemented (if it was triggered
by a forecast), so as the latter was constantly facilitated. As described in section
5.2.2, lifetime of the main action affects the calculation of the event-based metrics.
In our example, we considered that it exceeded the forecast range, and hence, no
extra action was needed during that period. When the flood duration exceeded the
lifetime of the main action, we considered that action was triggered anew, if
another forecast warning was issued. In the real world, effort would be exerted to
expand the action's lifetime through maintenance activities that require less cost
and implementation time. However, to avoid this level of complexity, we treated
the two actions equally, using the same costs and implementation time as if no
sandbag dike was present. The potential damage D, when no mitigation action was
taken, depended on the flood magnitude (Ds for small-, Dm for medium- and Db for
big floods).
Financial and temporal constraints led to restrictions on the total area A that was
protected. This partial protection was a metaphor for real situations, in which
authorities prioritize the areas to protect. In our case, when the main action was
triggered, the residual damage RD was the fraction of the area that was protected
per total area multiplied by the potential damage (Equation 5.7). This implies that
potential damage was homogeneously distributed in the area and that residual
damage was only a function of the protected area, which stayed completely dry,
whereas the unprotected area was flooded. This is a result of the assumption that
sandbags can only reduce water level entirely in the protected area and not partly.
Therefore, the purpose was to create a sandbag dike ring with sufficient height for
a smaller area rather than protecting a larger area with lower dike. In case the
action was able to partly reduce the water column in the protected area, then
Equation 5.7 would be multiplied by an effectiveness ε that would be function of
the inundation level.
RD =

!"#$ !"#$%&$%'
!

∙D

(Equation 5.7)

Figure C.3 (Appendix C) show schematically the steps taken to calculate the
protected area. The numerical values of all parameters presented are given in Table
C.2 (Appendix C).
For the one-stage EWEAS, we calculated the relative economic value Vew for the
time and budget restrictions, and we also carried out a sensitivity analysis to
examine how the Vew was affected by the absence of restrictions on budget or time
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for each flood magnitude against which action was taken. For the two-stage
EWEAS, we calculated the Vew, but we did not carry out a sensitivity analysis,
since the budget and the implementation time of the preliminary action were
considered to be fixed and hence, they did not depend on budget and time changes.
We must also note that our model is different from the 2-stage system described in
Katz & Murphy (1997). In their work, the budget is used all at once, actions
eliminate risk, and a preliminary action does not serve as a facilitator of a later one.

5.4

Results

5.4.1 Forecast skill in capturing flood events
Figure 5.5 displays the daily discharge produced by the GloFAS simulations at
LT0 for the period between 1 May 2008 and 31 December 2015. The wet season in
that area is from April until November, with a principal peak between April and
August, and the dry season is from December until March. The main action
lifetime LF2 is 30 days (see Table C.2 in the Appendix C). As described in sections
5.2.2 and 5.3, if a flood lasts longer than this period, a new event is considered to
have occurred. So, there are 21 small, 16 medium and 12 big floods.

Figure 5.5 Daily discharge modelled by GloFAS at LT0 from 1 May 2008 until 31 December 2015
for Akokoro, Uganda. Blue, red and green lines denote the discharge thresholds small floods (80th
percentile), medium (85th percentile) and big (90th percentile) floods, respectively.
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Figure 5.6 presents the CH and FA as functions of forecast LT, for all flood
magnitudes and probability thresholds. The MS rates are implicitly indicated, since
they are equal to the difference between the number of events of each flood
magnitude and the CH. We observe that up to LT4, the number of CH usually
remains the same and it decreases with longer LTs; as a consequence, MS
increases. The relationship between FA and LT is not as straightforward, but in
general the number of FA is higher for smaller magnitude floods and lower
probability thresholds. Furthermore, we observe that the number of both CH and
FA is not strongly sensitive to the selected probability threshold. This can be
attributed to a) the fact that in this river cell GloFAS tends to forecast high
discharges using high probabilities, b) the limited number of events, and c) the fact
in some cases flood events last longer than the action's lifetime and therefore,
forecasts predict with high certainty that the discharge will remain above flood
thresholds during the flood period.

Figure 5.6 Forecast skill in capturing floods expressed in number of Correct Hits (CH) (solid lines)
and False Alarms (FA) (dashed lines) as functions of lead time (x axis) for all flood magnitudes
(small flood: blue line, medium flood: red line, big flood: green line) when using 30% (left), 60%
(medium) and 90% (right) threshold probabilities to issue flood warnings that trigger action.
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5.4.2 Value of the one-stage EWEAS
Figure 5.7 presents the ability of the EWEAS to provide protection to the entire
study area by creating a sandbag dike around it. This is demonstrated for the
different flood magnitudes and for each LT that an action can be triggered, taking
into consideration budget (B) and placement productivity (PP) constraints, which
determine whether there is sufficient implementation time (IT) for the action. For
small floods, the budget requirements are low, and given the available sandbag
placement productivity rate, there is a temporal cut-off point only at LT4. At
shorter LTs, there is not sufficient time to construct a sandbag dike around the
entire area. For medium floods, this point shifts to LT7, since the increased water
levels require a higher dike crest, and therefore, longer implementation times.
Finally, for big floods, there is neither sufficient time nor budget to protect the
entire area, when action is triggered at a LT within the forecast range we used
(LT1-LT14). There is sufficient time to do so from LT15 backwards. However, B
is still insufficient.

Figure 5.7 Qualitative demonstration of the EWEAS's ability to protect the entire study area A as a
function of LT and flood magnitude against which action is taken, given the restrictions on the budget
(B) and action implementation time (IT). The time intervals in colour exhibit whether there is
sufficient B and IT to protect the entire area; in green, both B and IT are sufficient, in orange only B
is sufficient, in yellow only IT is sufficient and in red neither B nor IT are sufficient.

As we discussed in section 5.3, the damage reduction is only proportional to the
percentage of the total area that is surrounded by the sandbag dike ring. This
percentage is presented in Figure 5.8 as a function of LT for each flood magnitude
(blue line-small flood, red line-medium flood and green line-big flood). As
qualitatively presented in Figure 5.7, full protection is achieved when actions are
triggered at LTs longer than LT4, and LT7 for small and medium floods,
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respectively, while for big floods the maximum protection percentage is 30% from
LT8 onwards.

Figure 5.8 Percentage of the area protected as a function of the forecast LT for the all flood
magnitudes (small flood: blue line, medium flood: red line and big flood: green line).

Figure 5.9 presents the Vew as a function of forecast LT. For action against small
floods, an optimum Vew is reached at LT4 to LT5. At these LTs, the full protection
of the area is feasible in terms of time limitations, the budget is sufficient and the
forecast performs better than the forecast of longer LT, since the CH number
decreases over time and number of FA usually either remains the same or
increases. In few cases at longer LTs, FA number is lower, but the high number of
MS keeps the Vew relatively low. In addition, at shorter LTs, the Vew is identical for
all the probability thresholds. As already discussed in 5.4.1, this can be attributed
to the model's tendency to yield high probabilities for this discharge threshold at
these LTs in this river cell.
For action against medium floods an optimum value of Vew is reached at LT7,
when using a threshold probability of 60%. The sudden drop of Vew at LT11 using
30% and 60% probability thresholds is attributed to the erratic behaviour of
forecast time series at this LT. Similarly, the forecast value is higher at LT12 than
at LT9 to LT11 when using the 60% probability threshold, which is a result of nonmonotonous trends of MS, CH and FA over time and their resulting costs. At long
LTs, we observe that the Vew is slightly higher when using the 30% threshold
compared to the others, which is an indication that the optimal probability
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threshold can differ from LT to LT. A low forecast threshold at longer LTs may
result in more FA; however, when action is correctly triggered, it can provide the
additional time needed for the extra protection of the area, outweighing the
unnecessary costs of acting in vain. Hence, since the action triggering is a
repetitive dilemma faced by the decision-maker (Figure 5.2), the selection of the
optimal probability thresholds should be carefully selected at each decision time
point.

Figure 5.9 Value of the EWEAS (Vew) for triggering action at each LT, using the 30% (left), 60%
(middle) and 90% (right) probability thresholds, for flood events of different magnitude (small floodblue line, medium flood-red line, big flood-green line).

Finally, the low Vew for action against big floods, often below 0, demonstrate that
the EWEAS does not have any value, despite the fact that the forecast performance
at the short lead times (e.g. LT1) is very good. The highest Vew for big floods of
our EWEAS is achieved at LT10, using a 90% threshold probability, but is still
quite low compared to the other flood magnitudes. The main reasons are that a
miss by the forecast leads to extremely high economic consequences and that the
measures that are within our set of options, given the available budget and
placement productivity rate, cannot provide effective protection.
5.4.2.1

Sensitivity analysis of the one-stage EWEAS

The evaluation of the EWEAS involves parameters that interrelate with each other
and affect the overall outcome. A sensitivity analysis was performed to highlight
the role of the two major boundary conditions for the application of the EWEAS:
the available budget (B) and the placement productivity (PP). Results of this
analysis are shown in Figure 5.10. We use three combinations: a) restricted B and
unlimited PP (i.e. infinite sandbags can be placed in one day; solid lines), b)
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unlimited B and restricted PP (dashed lines) and c) unlimited B and unlimited PP
(dotted lines).
When B is restricted and PP unlimited, the relative economic value Vew of all flood
magnitudes reaches the highest value at LT1, where the forecast performance is the
highest, and decreases at longer LTs. At LT1, Vew for medium flood exceeds that
of small floods, while for big floods it is the lowest. This order varies when taking
action at other LTs, reflecting that Vew is not always linearly related to the flood
magnitude or LT. This variation illustrates the difficulties that decision-makers
face when, given the limited budget they have at their disposal during a finite time
period, they have to choose at which time point and at which flood magnitude they
will initiate action (e.g., a small and frequent flood, but with relatively low
potential damage and relatively inexpensive measures; or a big and rare flood with
high potential damage and expensive measures).
When B is unlimited and PP is restricted, the lowest relative economic value Vew
for all flood magnitudes is at LT1. This indicates that even an excellent forecast
skill and a sufficient budget are not enough for EWEAS to be valuable in flood risk
management, since an increase in Vew is also dependent on the temporal parameters
(i.e. available time, implementation requirements and the coping capacity PP of the
system). For action against small and medium floods, the Vew increases up to the
point that it meets the line representing restricted PP and unlimited B. After this
point, the dashed and solid lines coincide, demonstrating that the value of EWEAS
is subject only to the forecast performance. On the contrary, for action against big
floods, the Vew keeps increasing until LT14, indicating that a larger budget would
provide extra value if action is taken at long LTs, even with poor forecast
performance (four correct hits, eight misses), since not taking action has large
economic consequences.
Finally, when both B and PP are unlimited, the highest values are found at LT1,
decreasing over longer LTs. The action against small and medium floods is
insensitive to budget increases. Therefore, an increase in Vew at short LTs (LT4 and
LT7 respectively) can result from a PP increase or better forecast performance,
while at longer LTs, Vew is only dependent on the forecast performance. For this
reason, at these flood magnitudes, the three lines coincide. Contrastingly, for big
floods, any increase in B or PP positively affects the relative economic value of the
system.
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Figure 5.10 Vew as a function of LT for small (left panel), medium (middle panel) and big floods
(right panel) when a) the budget B is restricted and placement productivity PP is unlimited (solid
lines), b) B is unlimited and PP restricted (dashed lines) and c) both B and PP are unlimited (dotted
lines). For small- and medium-size floods, an unlimited B and PP (dotted lines) overlap with a
restricted B and an unlimited PP (solid lines) at LTs shorter than LT4 and LT7 respectively, whereas
all lines coincide at longer LTs. A flood warning that triggers action is issued with at least 90%
probability.

5.4.3 Value of the two-stage EWEAS
As explained in section 5.2.4.2, there are nine possible combinations of probability
thresholds that trigger action at the two-stage EWEAS. In Figure 5.11, we
demonstrate the lowest and the highest Vew from this set of thresholds (solid lines),
together with Vew for the one-stage system (dashed lines) of the 90% probability
threshold. Although decision-makers are interested in the highest Vew, we also
include the lowest Vew to indicate that it is likely that even this is higher than the
Vew of the one-stage system. This is observed mainly at the short LT of small and
medium floods, where the forecast tends to yield high probabilities and therefore,
the low and the high thresholds produce identical results. In addition, at these LTs,
an increase in Vew is predominantly affected by an increase in placement
productivity PP that is provided by the preliminary action, indicating that the
preliminary action does provide addition value to the EWEAS.
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Figure 5.11 Minimum and maximum Vew derived from the different combinations of forecast
probability thresholds for the two-stage EWEAS (solid lines) compared to the one-stage EWEAS
(dashed lines) for small- (blue lines), medium- (red lines) and big-magnitude floods (green lines).
Vertical dashed line and right boundary shows the time period during which preliminary action is
carried out.

The difference between the minimum and the maximum Vew of the two-stage
EWEAS increases over time, reflecting the variations in forecast performance and
demonstrating the need for the careful selection of the optimal thresholds at each
LT that action is taken. For action against small floods, the highest Vew of the twostage EWEAS exceeds that of the one-stage EWEAS for all LTs, while the optimal
LT to trigger action remains unchanged (LT4 and LT5), mainly indicating that the
preliminary action leads to lower implementation costs for the same protection
level. For action against medium floods, the maximum Vew of the two-stage
EWEAS is always higher, and the minimum Vew is lower than that of the one-stage
EWEAS for all LTs from LT7 onwards. In this case, the optimal Vew is shifted by
one day (LT6, instead of LT7), compared to the one-stage EWEAS, demonstrating
that the decision-maker is able to postpone the decision and wait for new forecast
information. This delay generates a higher Vew, since the preliminary action
provides the extra time needed for procuring a higher-quality forecast and
maintaining the same safety level. For action against big floods, for which the
existing budget and time constraints make the protection of the entire area
unfeasible, the optimal time point to trigger the main action is at LT10 for the twostage EWEAS. In this case, the Vew is consistently higher than the Vew of the onestage EWEAS, indicating that having the possibility to trigger preliminary action is
a risk-free option, since this engenders lower construction costs (hence, more
available funds) and higher placement productivity (hence, lower implementation
time). However, the Vew is still much lower than the Vew of the EWEAS for action
against small and medium floods, demonstrating that, in practice, a reduction in the
number of misses at long LT that is accompanied with a budget increase is needed
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to achieve higher EWEAS value. Table C.4 (Appendix C) outlines the
combinations of probability thresholds that produce the minimum and maximum
Vew for all LTs and flood magnitudes.

5.5

Discussion and recommendations

Assessing the performance and the accuracy of hydrological models is a challenge
globally (Veldkamp et al., 2018), and particularly in developing countries, where
observations for calibration or evaluation of these models are sparse. In many of
these countries, global models are often used as a primary source of information
(McNulty et al., 2016) to trigger humanitarian action (Coughlan de Perez et al.,
2016). The assessment of forecast models is usually carried out by comparing
forecast output with the observed discharge (e.g. Bartholmes et al., 2009).
However, the short time series of forecasts (approximately 8 years) and the rare
nature of flood events hampered a thorough assessment of forecast skill in
capturing the extreme events, which we were interested in. For this reason, we used
relatively low discharge thresholds as flood proxies in order to demonstrate our
methodology. Alternative ways to allow a statistically robust assessment would be
to pool together observed flood events in large regions. For instance, Thiemig et al.
(2015) calculated the skill metrics of the African flood forecasting system for
entire Africa and Bischiniotis et al. (2019a) computed the skill metrics of GloFAS
in Peru. However, both forecast skill and risk-reduction actions are highly locationdependent which restricts the use of large spatial aggregates of forecasting systems.
Therefore, longer forecast time series are necessary for a thorough evaluation of
forecasts.
The evaluation of forecasts from operational and from hydrological perspective can
be different. In our study, we took into account the lifetime of the forecast-based
actions. This is particularly relevant for end-users of the humanitarian sector
(Coughlan de Perez et al., 2016). The actions’ lifetime duration has an impact on
forecast performance and consequently, it affects the value of the EWEAS; for
example, a hypothetical measure with short implementation time and very long
lifetime (e.g. 2 year) would lead to a lower number of event-based metrics, while a
measure with a very short lifetime (e.g. 1 day) would require higher accuracy
regarding the onset time of the event and would lead to higher number of eventbased metrics.
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In our study area, we observed that GloFAS tends to forecast high discharges using
high probabilities, which was also noted by Coughlan de Perez et al. (2016) in 2
similar river cells in Magoro and Kapelebyong, Uganda. This led to similar results
among probability thresholds used to issue the floods warning that trigger action.
To improve forecast performance, various bias-correction methods exist (e.g.
Atger, 1999; Eckel & Walters, 1998; Krzysztofowicz, 1990; Krzysztofowicz,
1992;). Post-processing GloFAS output instead of using raw forecasts may have
affected our results (e.g. Bischiniotis, et al. 2019a; Wilks, 2001), but the overall
concept of our methodology is not critically dependent on these bias-adjustments.
However, such post-processing is recommended to the end users of this model for
this area, before triggering flood risk-redution actions.
Changes in discharge at rivers with high water volumes, like the one used in this
research, cannot be substantial within few days. Therefore, it is expected that
hydrological forecasts do not differ considerably between lead times that are only a
few days apart. This makes the application of multi-stage actions that are based on
hydrological forecasts more likely to take place, in contrast to decision-making
systems that solely use forecasts with lower autocorrelation, such as precipitation
forecasts, to trigger action. Hence, the two-stage EWEAS that was presented in this
research, requires the close collaboration between end users and forecasters to
explore which forecast and at which places make the ‘Ready-Set-Go’ approach is
worthy.
To facilitate the understanding of our concept, we used sandbagging as an example
of forecast-based action that mitigates flood damage. We acknowledge that this
action may not be a suitable measure for every study area, but we used it as a
metaphor for measures with dynamic effectivity, implementation time and
cost/benefit ratio. A thorough analysis that meets the local needs, characteristics
and physical boundary conditions must precede the selection of forecast-based
actions. For example, we assumed that water level did not exceed the level, above
which sandbags could not provide protection. Higher water levels would require
other types of measures to mitigate flood risk (e.g. removable flood barriers). Also,
we assumed that the sandbag dike ring was uniform. In reality, this depends on
local characteristics and flow conditions. Finally, we assumed that sandbags were
prepositioned in the study location. Therefore, no transportation time was required.
If this was not the case and sandbag transportation was the preliminary action that
would be triggered by an earlier forecast, then it would be a prerequisite for the
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implementation of the main action. In this case Equation 5.4 would be substituted
by Equation C.5 (Appendix C). Hence, before implementing a ‘Ready-Set-Go’
approach, the interrelationships between the actions should be explored and
quantified. Although the incorporation of these details is very important for
practical applications, we consider that the simplifications made allow us to
demonstrate in a more clear way the study's scope.
Another source of uncertainty in the evaluation of the EWEAS is the paucity of
data regarding the costs and benefits of forecast-based actions. In our study, we
only considered simplified, tangible costs of the forecast-based actions. In
operational flood risk management, however, other intangible costs can strongly
affect the EWEAS value. For instance, a system may lose its credibility when
action is taken in vain due to frequent false alarms, leading to reduced responses
for future alerts (LeClerc & Joslyn, 2015), a phenomenon known as the ‘crying
wolf effect’ (Breznitz, 1984). Although other tangible costs can be easily added
into our evaluation system, the quantification of intangible costs is complex, and to
the best of our knowledge, no extensive record exists.
Similarly, in our example we used simple representations of the benefits of the
early actions. In reality, multiple sets of measures with different targets and levels
of suitability are at decision-makers’ disposal for each occasion. For example,
evacuation prevents the loss of lives, chlorine tablets prevent the spread of
diseases, training raises public awareness, and temporary flood barriers protect
critical infrastructure. All these measures have different characteristics. Hence, for
a complete evaluation of the benefits of EWEAS the entire range of actions should
be considered (Pappenberger et al., 2015). However, different actors have different
goals and therefore, the value of the EWEAS is not the same for everyone. Finally,
preliminary actions, which can be considered ‘no-regret’ options, owing to
negligible costs or because they provide a risk-free benefit, are usually carried out
to facilitate other actions, without a directly quantifiable benefit. Further research
and operational data on the effectiveness of these measures would be highly
valuable. More elaborated cost/benefit analysis would provide more insights on the
EWEAS evaluation and may alter the optimal time point to trigger action.
Nevertheless, the elementary trade-off between rapid action and waiting for higher
quality forecasts will remain present under all circumstances.
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5.6

Conclusions

In this study, we adapted existing approaches to present a methodology that
assesses the economic value of early warning early action systems (EWEAS), at
which actions can be taken at different time points. In doing so, we used an
EWEAS configuration, which takes into account forecast uncertainty, limited
budgets, constraints on actions’ implementation time, and time-varying costs,
damage and benefits. We used forecasts from a global flood forecast model
(GloFAS) in Akokoro, Uganda, and we explored two scenarios of taking action; a)
at one point in time (one-stage system) and b) at two points in time (two-stage
system). At the two-stage system, a preliminary action is triggered by a lowerquality forecast at a long lead time, and subsequently a main action is triggered by
a higher-quality forecast at a shorter lead time. Using an idealized case study, we
showed what the two-stage EWEAS provides additional value compared to the
one-stage EWEAS for action against all flood magnitudes, illustrating that lowerquality forecasts at long lead times can be useful when paired with higher-quality
forecasts at shorter lead times. Finally, we demonstrated that even if forecast
performance is good, the relative economic value of EWEAS can be small or nonexistent, since this is also subject to the capability to act upon forecast warnings.
Therefore, the optimal lead time to trigger action is a function of both the timevarying forecast performance and the operational characteristics of forecast-based
actions. Consequently, efforts should be put in extending forecast range and
quality, as well as increasing adaptation capabilities, either by providing
sufficiently large budgets that ensures effective measures or by reducing their
implementation time. Otherwise, even an excellent forecast system will have a
limited benefit.
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6.1

Introduction

A response to increasing pressure for more effective ways to cope with natural
hazards requires more knowledge regarding the portfolio of actions that can
contribute to lower flood risk. In light of this, the main goal of this thesis is to
improve the understanding and the use of forecast-based strategies in flood risk
management.
The main goal of the thesis was achieved by investigating four research questions
defined in Chapter 1. This final chapter revisits these research questions and
summarises the main findings. The chapter ends with a discussion of future
research directions that can contribute to further improving and increasing the
societal impact of forecast-based strategies.

6.2

Overview of the main findings

Research question 1| Can forecast-based measures be more cost-effective than
permanent measures?
In Chapter 2, we presented a methodology that compares forecast-based and
permanent flood-prevention measures. Based on this methodology, we also
compared forecast-based measures against frequent low-impact events and rare
high-impact events. We used discharge time series for a historical period (19972018) derived from GloFAS to compare forecasted discharge at a 7-day lead time
with the modelled discharge at a 0-day lead time, considered as a pseudoobservation. We used examples of temporary and permanent measures and flood
risk indicators for Chikwawa, Malawi, an area with low flood-protection standards
that has relied on post-disaster aid in response to recurrent devastating floods.
The study revealed that the selection of the most cost-effective strategy is a
function of the cost of measures, potential damage, forecast ability to produce
accurate flood warnings, and background and upgraded safety levels. The results
from the numerical example demonstrated that the model used is skilful in
providing accurate flood warning, but it has limited skill in forecasting correctly
the flood return period. For this reason, permanent measures were always more
cost-effective when temporary measures were triggered by a forecast that specified
the return period. When temporary measures were triggered by flood warnings that
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did not specify the return period, more times action was taken in vain, but there
were fewer events against which action was not taken at all. In this case, when the
existing measures could not protect against frequent low-impact events (ranging
from a 2-year up to a 5-year return period), the permanent increase of the safety
level to provide protection against these events was more financially efficient than
the temporary increase with forecast-based measures. When the existing measures
could protect against frequent low-impact events, the increase of the safety level
that provided protection against rare high-impact events (ranging from a 5-year up
to a 20-year return period) was in some cases more cost-effective with forecastbased measures than with permanent measures. In this case, the selection of the
lowest-cost strategy was largely determined by the forecast ability to provide
accurate flood warnings. When there was forecast-based action prior to all flood
events (i.e. no misses by the forecast) and the total implementation costs of
forecast-based measures were lower than the costs of permanent measures,
forecast-based measures proved to be a more cost-effective solution. The study
also indicated that the combination of the two types of measures, in which
permanent measures are constructed up to a certain level (up to a 5-year return
period) and then temporary measures are applied on top of them (up to a 20-year
return period), could be the most cost-effective strategy, particularly when the
forecast is more skilful in capturing low-frequency events. This highlights that
forecast performance and available temporary measures should be studied together
in identifying the lowest-cost strategy. The same applies to the case when choosing
between taking forecast-based action against frequent low-impact or rare highimpact events, because the interrelationships between the characteristics of the
measures, potential damage and forecast accuracy may give preference to a policy
of taking action against the former, in comparison with current practices, where
action is taken only against the latter. The research illustrates that advances in
flood forecasting have made forecast-based, risk reduction strategies more
attractive, and consequently, these should not be neglected when identifying
optimal flood risk strategies.
Research question 2| Are global streamflow forecasting models useful to flood
risk management at a country level?
In Chapter 3, we presented an evaluation framework of GloFAS, a global flood
forecasting model, using forecasted discharge time series for the years 2009-2015.
To demonstrate the applicability of our methodology, we selected Peru, a flood127
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prone country where GloFAS is operationally employed by the Forecast-based
financing project to prompt humanitarian action. The simulated discharges
produced by the model were compared with observed discharges from 10 river
gauges located in different regions of the country. The predictive capability of the
model was assessed over a lead time of 1 to 15 days from two complementary
perspectives: i) by calculating verification scores that demonstrate different
forecast attributes at every cell of the GloFAS river network, comparing the
forecasted discharge to the modelled discharge at a 0-day lead time that is used as a
pseudo-observation, and ii) by counting the event-based metrics, comparing the
GloFAS flood signals with reported damaging floods, derived from various disaster
databases. Subsequently, the raw forecasts were post-processed using the quantile
mapping technique to evaluate the effect that this simple bias removal technique
had on raw forecasts.
Results disclosed that although GloFAS generally captures the seasonality of the
discharge well, there were large quantitative differences between observed and
simulated discharges, which could be attributed to the fact that the model was not
calibrated in this area. The ability of the raw forecasts to capture the pseudoobserved discharge decreased with lead time. In addition, the model tended to
forecast higher discharges than the reference discharge across the entire country.
At short lead times, it was often better to use a persistence forecast than the model
itself. On average, forecast performance was better for river cells of the major
rivers with large upstream areas than for short river systems with rapid response
times such as those found in the north-western coastal regions. Raw forecasts with
a 7-day lead time provided correct flood warnings for 82% of all reported events,
whereas the modelled discharge at a 0-day lead time captured 62%. This difference
could be attributed to errors and omissions in flood reporting and/or to the
tendency of forecasts to produce higher discharges than the pseudo-observations.
Post-processing of the raw forecasts improved verification scores. However, their
ability to forecast real flood events dropped from 82% to 65%. This difference was
attributed to the tendency of the raw forecasts to produce higher discharges than
the discharges of the post-processed forecasts, which led to a lower number of
missed events at the cost of producing a higher number of false alarms. To draw
quantitative conclusions regarding the value that global forecasting models add to
flood risk management at a country level requires the accurate estimation of costs
and benefits of the actions taken based on the forecast information. However, a
holistic assessment of the model such as the one that was carried out in this study is
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the step that precedes the cost-benefits analysis. Based on the results, we conclude
that GloFAS has the potential to be useful to flood risk management, particularly in
countries where local forecasting systems are not reliable, are missing, or are
available only for short lead times.
Research question 3| Do seasonal hydro-meteorological conditions affect flood
generation?
In Chapter 4, we explored the role of the antecedent hydro-meteorological
conditions in flood generation. We followed a pragmatic approach, analysing 501
damaging historical flood events from 1980 to 2010 in sub-Saharan Africa. We
distinguished flood-antecedent conditions between: i) weather timescale (0-6 days
prior to the flood onset) and ii) seasonal timescales (from 1 up to 6 months prior to
the flood onset). The accumulated 7-day precipitation (PRE7) was used as flood
indicator of the weather scale, while seasonal scale conditions were reflected by the
standardised precipitation evapotranspiration index (SPEI).
Results indicated that although in many cases high PRE7 preceded flood events, it
did not exhibit any statistically significant difference with the highest 7-day
precipitation during the same months in the no-flood years. However, the other
hand, the median of the maximum 7-day precipitation of all events during the flood
onset months (MAX7) was significantly higher than the median of PRE7, showing
that it was likely a severe rainfall event occurred during the flood onset month and
might have served complementary to PRE7 for the flood generation. Although
these results highlight the importance of precipitation few days before the floods,
high precipitation events were not always effective flood predictors. On the
seasonal scale, high SPEI were likely to have caused soil saturation before the 7day precipitation events. When there was a high SPEI, it was 2.5 more likely that a
flood occurred. When there was high SPEI and PRE7, it was much more likely that
a flood occurred than when either SPEI or PRE7 were high. This demonstrates that
seasonal-scale antecedent conditions could be a useful addition to short-range
forecasts, and that their monitoring and forecasting can lead to more effective flood
risk management.
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Research question 4| Can low-quality forecasts at long lead times be coupled with
higher-quality forecasts at shorter lead times to provide additional value in
forecast-based risk-reduction strategies?
In Chapter 5, we presented a methodology that assesses the economic value of
forecast-based, risk-reduction systems in which a single risk-reduction action is
triggered by a single-time forecast. We took into consideration time and budget
constraints, time-varying forecast quality, action costs and effectiveness, to explore
the trade-off between taking effective measures when acting upon limited-quality
forecast information or taking less effective measures at a later stage, when more
accurate information are available. Subsequently, we compared a single-action
system with a staged system in which a low-quality forecast at long lead time
triggers a preparatory action and a higher-quality forecast at shorter lead time
triggers the main risk-reduction action. We demonstrated our methodology through
an idealised case study, using forecasts for the period 2009-2015 in Akokoro,
Uganda, which is an area that has attracted humanitarian projects due to
catastrophic floods experienced in the past.
Results revealed that low-quality forecasts at long lead times can provide
additional value to the forecast-based, risk-reduction systems when they are
coupled with higher-quality forecasts at shorter lead times. This also applies when
the preparatory action involves extra costs, which is not usually the case of
operational systems that only use ‘risk-free’ actions in response to low-quality
forecasts. In both single-action and staged system, the economic value can be small
or non-existent, even when forecast performance is high, as this is subject to the
capability to act effectively upon forecast warnings. The optimal lead time to
trigger action is a function of both the time-varying forecast performance and the
operational characteristics of forecast-based actions. Decision-makers should
evaluate aspects such as its implementation time in combination with the timevarying forecast skill in providing accurate flood warnings to estimate the value of
the forecast-based risk-reduction systems and identify the optimal time to trigger
the risk-reduction actions. To ensure higher capabilities of forecast-based riskreduction strategies, attention should be paid to extending forecast range,
improving forecast quality, and increasing temporary action capabilities.
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6.3

Outlook on future research

This dissertation advances the understanding of forecast-based strategies and
contributes to improving their use in flood risk management. The findings stress
the importance of strong collaboration between forecasters, policymakers and
operational decision-makers in the creation of common future research agendas,
which can further strengthen the role of forecast-based strategies.
Humanitarian organisations aiming to reduce morbidity and mortality due to
natural hazards have been increasingly using forecast-based strategies in recent
years. In contrast with established practices that mandated actions solely after a
disaster has happened, innovative initiatives such as the Red Cross/Red Crescent
Forecast-based Financing project have developed early action protocols and
activate them when a forecast exceeds a pre-specified risk level. However, funding
for early action still remains limited, due largely to donors being often unwilling to
provide funding for an event that is uncertain to happen. Despite the likelihood of
taking action in vain, pro-active strategies can be more cost-effective in the long
term. A convincing demonstration of this cost-effectiveness may overcome the
reluctance of donors.
This cannot be achieved without accurate quantification of the value of forecastbased strategies, a major challenge given the complexity of assessing the benefits
of forecast-based actions against tangible and intangible impacts. In addition, the
relatively short forecast time series available do not allow the rigorous assessment
of forecast models concerning low-probability/high-impact events. Thus, close
collaboration between scientists and practitioners in finding ways to both
empirically and theoretically estimate the direct and indirect benefits of
humanitarian actions is imminently required. In addition, the creation of long,
synthetic discharge and forecast time series that preserve the characteristics of both
the real and forecasted discharges respectively is challenging but absolutely
necessary for an accurate valuate of forecast-based strategies over the long term.
Another major challenge when applying forecast-based strategies is the
misperception of uncertainty by both individuals and organisations. Acting in vain
is often seen as a major failure of forecast-based actions, although it is an
inevitable consequence of the imperfect probabilistic forecasts of hydrometeorological variables. It is usually considered preferable to act as close to the
imminent event as possible, aiming to reduce the likelihood of acting in vain.
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However, the closer the disaster, the less effective forecast-based action may be. A
useful quantification of not only the direct costs of acting in vain, but also the
indirect costs related to the effect of false alarms on future responses to flood
warnings, is required. This future response may differ between societies and
institutional cultures. Continuous experiments regarding behavioural economics on
local scales can lead to a more accurate quantification of these costs. Approaches
such as agent-based modelling, which simulate the actions and interactions of
individual and collective actors aiming to assess their effects on the system, could
be explored to find the optimal method of applying forecast-based strategies and
quantifying accurately their value.
Future research should also focus on the effects of climate change on flood
forecasts and on its impact on forecast-based strategies. What if the probability of
extremes increases? What if high-impact floods occur more frequently because of
more intense weather events? To what degree will our ability to predict certain
aspects of weather change and what if this reduces significantly? What if people
move to protected areas where the predictability of extremes is low? Providing
answers to these questions can inform society and operational decision-makers
about the key drivers of changes in forecast-based actions. Future research agendas
may also reveal the degree to which updates of currently available climate
scenarios, forecasting systems and cost/benefits analyses can affect forecast-based,
risk-mitigation strategies.
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Appendix A1 Observed and forecasted discharge time series
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Figure A.1 Time series of modelled discharge (black circles) and instances where 7-day flood
forecasts exceeded indicated return level thresholds with at least 27% probability at four locations
(see Figure 4). Red circles on the 2-year line indicate that forecasted discharge is between 2- and 5year return period; those on the 5-year line indicate that forecasted discharge is between 5- and 20year return period; and those on the 20-year line indicate that forecasted discharge is higher than 20year return period.
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Appendix A2 Summary of results for DR1
Table A.2 Total Losses of permanent and temporary measures when DR1 is followed.
Background Protection: T=2 years, Provided Protection: T=5 years
Total Losses of permanent measure: TLP=6.75·(106) USD
Costs of temporary measure and damage:[·(106) USD]
Trigger action threshold probability:[9% (27%)]
Event-based metrics at:
Location 1
Location 2
Location 3
Location 4
(Shire)
(Lilongwe)
(Ruo)
(Bua)
Initial Costs
0.23·16=3.68
(IΤ’): IΤ (T2-T5)·L
Number of triggers (t):
15 (11)
21 (17)
14 (3)
Operational costs:
5.52
7.72
4.78
(CΤ): IΤ’ · 0.1· t
(4.04)
(6.25)
(1.1)
Number of misses at T2-T5
0
0
1
(MST2-T5)
(1)
(0)
(2)
Damage (DT2-T5):
0
0
4.65
MST2-T5 · (DT2-T5)
(4.65)
(0)
(9.31)
Total Losses (TLT):
9.2
11.4
13.1
IT’+CT+ DT2-T5
(12.3)
(9.93)
(14.0)
Permanent (P) or
P
P
P
Temporary (T) measure?
(P)
(P)
(P)
Background Protection: T=2 years, Provided Protection: T=20 years
Total Losses of permanent measure: TLP=15.3·(106) USD
Initial Costs (IT’): IT(T2-T20) · L
0.3· 16=4.8
Number of triggers: (t)
15(11)
21 (17)
14 (3)
Operational costs
7.2
10.08
6.24
(CT): IΤ’ · 0.1· t
(5.28)
(8.1)
(1.44)
Number of misses at T2-T5
0
0
1
(MST2-T5)
(1)
(0)
(2)
Damage (DT2-T5):
0
0
4.65
MST2-T5 · (DT2-T5)
(4.65)
(0)
(9.31)
Number of misses at T5-T20
0
0
0
(MST5-T20)
(1)
(0)
(1)
Damage (DT5-T20): MST5-T20 ·
0
0
0
(DT5-T20)
(12.9)
(0)
(12.9)
Total Losses (TLT): IT’+CT+DT212
14.8
15.6
(27.6)
(12.9)
(28.5)
T5+DT5-T20
a| Permanent (P) or
T
T
P
Temporary (T) measure?
(P)
(T)
(P)
b| Would the mixture of measures
No
No
YES
(permanent up to T5 and
(No)
(No)
(No)
temporary measures up to T20) be
worthier?
Background Protection: T=5 years, Provided Protection: T=20 years
Total Losses of permanent measure: TLP=9.21·(106) USD
Initial Costs
0.253· 16=4.04
(IΤ’): IΤ (T5-T20)·L
Number of triggers (t)
10 (4)
17 (4)
8 (0)

21 (15)
7.72
(5.52)
0
(0)
0
(0)
11.4
(9.2)
P
(P)

21 (15)
10.08
(7.2)
0 (0)
0
(0)
0
(0)
0
(0)
14.8
(12)
T
(T)
No
(No)

17 (2)
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Operational costs (CT):
IΤ’ · 0.1· t
Number of misses at T5-T20
(MST5-T20)
Damage (DT5-T20):
MST5-T20 · (DT5-T20)
Total Losses (TLT):
IT’+CT+DT5-T20
Permanent (P) or
Temporary (T) measure?
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4.04
(1.61)
0 (2)

6.88
(1.61)
1 (1)

3.23
(0)
0 (2)

6.88
(0.80)
0 (2)

0
(25.9)
8.09
(31.5)
T
(P)

12.9
(12.9)
23.8
(18.6)
P
(P)

0
(25.9)
7.28
(29.9)
T
(P)

0
(25.9)
10.9
(30.7)
P
(P)
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Appendix A3 Summary of results for DR2
Table A.3 Total Losses for permanent and temporary measures when DR2 is followed.
Background Protection: T=2 years, Provided Protection: T=5 years
Total Losses of permanent measure: TLP=6.75 ·(106) USD
Costs of temporary measure and damage:
[·(106) USD]
[Trigger action threshold probability: 9% (27%)]
Event-based metrics at:
Location 1 Location 2 Location 3
Location 4
(Shire)
(Lilongwe)
(Ruo)
(Bua)
Initial Costs (IΤ’): IΤ (T2-T5)·L
0.23· 16=3.68
Number of triggers (t)
5 (8)
3 (13)
5 (4)
4 (9)
Operational costs (CΤ):
1.84
1.1
1.84 (
1.47
IΤ’ · 0.1· t
(2.94)
(4.78)
1.47)
(4.41)
Number of misses at T2-T5 (MST23 (1)
2 (0)
4 (2)
3 (1)
T5)
Damage (DT2-T5):
13.9
9.31
18.6
13.9
MST2-T5· (DT2-T5)
(4.65)
(0)
(9.31)
(4.65)
Total Losses (TLT):
19.4
14.09
24.1
19.1
IT’+CT+DT2-T5
(11.2)
(8.4)
(14.4)
(12.7)
Permanent (P) or
P
P
P
P
Temporary (T) measure?
(P)
(P)
(P)
(P)
Background Protection: T=2 years, Provided Protection: T=20 years
Total Losses of permanent measure: TLP=15.3·(106) USD
Initial Costs (IΤ’): IΤ (T2-T20)·L
0.3· 16=4.8
Number of triggers (t)
10 (11)
16 (16)
8 (4)
18 (15)
Operational costs (CT):
4.8
7.68
3.84
8.64
IΤ’ · 0.1· t
(5.28)
(7.68)
(1.92)
(7.2)
Damage (DT2-T5)
4.65
4.65
4.65
4.65
(4.65)
(0)
(9.31)
(9.31)
Damage (DT5-T20)
38.8
25.9
25.9
25.9
(12.9)
(12.9)
(12.9)
(0)
Total Losses (TLT):
53.1
43.0
39.2
44.0
IT’+CT +DT2-T5+DT5-T20
(27.7)
(25.4)
(28.9)
(21.3)
3a| Permanent (P) or
P
No
No
No
Temporary (T) measure?
(P)
(No)
(No)
(No)
3b| Would the mixture of measures
P
P
P
P
(permanent up to T5 and temporary
(P)
(P)
(P)
(P))
measures up toT20) be worthier?
Background Protection: T=5 years, Provided Protection: T=20 years
Total Losses of permanent measure: TLP=9.21·(106) USD
Initial Costs (IΤ’): IΤ (T5-T20)·L
0.253· 16=4.04
Number of triggers (t)
5 (3)
13 (3)
3 (0)
14 (3)
Operational costs (CT):
2.02
5.26
1.21
5.66
IΤ’ · 0.1· t
(1.21)
(1.21)
(0)
(1.21)
Number of misses at T5-T20 (MST53
3
2
2
(2)
(2)
(2)
(2)
T20)
Damage (DT5-T20):
38.8
38.8
25.9
25.9
MST5-T20 · (DT5-T20)
(25.9)
(25.9)
(25.9)
(25.9)
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Total Losses (TLT):
IT’+CT+ DT5-T20
Permanent (P) or
Temporary (T) measure?

158

44.9
(31.1)
P
(P)

48.1
(31.1)
P
(P)

31.18
(29.9)
P
(P)

35.6
(31.1)
P
(P)

Appendix A

Appendix A4 Summary of results for LF versus HR

HR vs
LF events

High-impact, rare events
(HR)
(T5-T20)

Low-impact, frequent
events (LF) (T2-T5)

Table A.4 Total losses when action is taken only against low-impact, frequent (LF) or high-impact,
rare events (HR), using the event-based metrics of the 4 river locations. Forecast warnings are issued
with at least 9% (27%). The lowest total losses for each location (i.e. forecasted/modelled discharge
time series) are shown.
COSTS AND
Location 1
Location 2
Location 3
Location 4
DAMAGE [USD]
(Shire)
(Lilongwe)
(Ruo)
(Bua)
(·106)
Trigger action threshold probability: 9% (27%)
Initial Costs
3.68
Operational Costs
1.84
1.10
1.84
1.47
(2.94)
(4.78)
(1.47)
(4.41)
Damage due to misses
13.9
9.31
18.6
13.9
at T2-T5
(4.65)
(0)
(9.31)
(4.65)
Damage at T5-T20
64.8
38.8
25.9
38.8
(64.8)
(38.8)
(25.9)
(38.8)
Total Losses
84.3
52.9
50.0
58.0
(76.1)
(47.3)
(40.3)
(51.6)
Initial Costs
Operational Costs

4.04
2.02
(1.21)
32.6
(32.6)
25.9
(38.8)
64.6
(76.7)

4.85
(1.21)
9.31
(9.31)
38.8
(25.9)
57.1
(40.5)

1.21
(0)
18.6
(18.6)
25.9
(25.9)
49.8
(48.6)

5.66
(1.21)
13.9
(13.9)
25.9 (25.9))

LF (9%)/ HR (9%)
LF (9%)/ HR (27%)

HR
HR

LF
HR

HR
HR

HR
HR

LF (27%)/ HR (9%)
LF(27%)/HR (27%)

HR
LF

LF
HR

LF
LF

HR
HR

Damage due to misses
at T2-T5
Damage at T5-T20
Total Losses

49.6
(45.1)
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Appendix B1 Verification scores
Nash-Sutcliffe efficiency
Comparison between observed and simulated discharge
The score is defined as 1 minus the squared difference between the proxy and the
observed discharge normalised by the variance of the observed discharge values
during the period under investigation:
NS = 1 −

!
!!! !!"# ! !!!"#
! !
!!! !"#! ! !!!"#

! !

(Equation B.1.1)

! !

Where t is the time index of the evaluation window, N is the number of the
forecasts issued during this period, q !"# is the proxy discharge, q !"# is the
observed discharge at the same time step and q !"# is the average of the observed
discharges for the entire time window.
Comparison between simulated and forecasted discharge
i) Use of the mean value of the simulated forecasts
This score (Equation B.1.2), is defined as 1 minus the squared difference between
the proxy and the forecast discharge normalised by the variance of the proxy values
during the period under investigation.
NS = 1 −

!
!
!!! !!"# ! !!!" !
! !
!
!!! !"# ! !!!"# !

NS = 1-

!
!
!!! !!"# ! -!!" !
!
! !
!!! !"# ! -!!"# !

(Equation B.1.2)
Where t is the time index of the evaluation window, N is the number of the
forecasts issued during this period, q !"# is the proxy discharge, q !" is the forecast
discharge at the same time step (mean of the 51-member ensemble) and q !"# is the
average discharge for the entire time window.
The range of NS lies between –Inf and 1 (perfect fit). Negative values indicate that
the mean value of the proxy discharge time series is a better predictor than the
model. The score indicates how well the plot of observed versus forecasted values
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fits the 1:1 line (Moriasi et al., 2007) and it has been found to be the best objective
function for reflecting the overall fit of a hydrograph (Servat & Dezetter, 1991).
ii) Use of the persistent forecast
This score (Equation B.1.3) is suggested by (Plate & Lindenmaier, 2008) and uses
a persistent forecast a reference value:
NS!" (LT) = 1 −

!
!
!!! !!"# ! !!!" !
! !
!
!
!!
!!!"
!"#
!!! !"#

(Equation B.1.3)

Where t is the time index of the evaluation window, N is the number of the
forecasts issued during that period, q !"# is the proxy discharge, q !" is the forecast
discharge at the same time step (mean of the 51-member ensemble) and q !"# (t −
LT) is the value that was used to initialize the model.
The range of NS lies between –Inf and 1 (perfect fit). Negative values indicate that
the mean value of the proxy discharge time series (or the use of persistent forecast)
is a better predictor than the model. The score indicates how well the plot of
observed versus the simulated/forecasted values fits the 1:1 line (Moriasi et al.,
2007) and it has been found to be the best objective function for reflecting the
overall fit of a hydrograph (Servat & Dezetter, 1991).
Percentage bias
This score measures the average tendency of the forecasted values to be smaller or
larger than the observed ones and it has the ability to indicate poor model
performance (Gupta et al., 1999). Percentage bias is a dimensionless measure that
measures the forecast bias of N number of forecasts at an evaluation window of t
days, which is rescaled by the corresponding average discharge for the same period
and is defined as in Equation B.1.4:
Pbias =

!
!

!
!!![!!"#

! -!!" ! ]

!!"#

(Equation B.1.4)

Coefficient of variation of the Root Mean Squared Error
The RMSE is used to measure the standard deviation between simulated and
forecasted values. Following Reed et al. (2007), it is normalised by the average
simulated discharge to allow a comparison between river cells with very different
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discharges. The result is the so-called coefficient of variation of the RMSE is given
by Equation B.1.5:
CV =

! [!
!
!!! !"# ! !!!" ! ]
!

!!"# !

CV =

! [!
!
!!! !"# ! -!!" ! ]
!

!!"# !

(Equation B.1.5)

Continuous Ranked Probability Skill Score
In order to evaluate the probabilistic skill of GloFAS that is produced by the
ensemble members, the CRPSS (Hersbach, 2000) is used, as it measures the
weighted average skill over threshold values (Bradley & Schwartz, 2011) . The
CRPSS is calculated by normalising the continuous ranked probability score with
the climatology, so that it does not depend on the magnitude of discharge and
allows for spatial comparisons. It ranges from –Inf to 1 (perfect forecasts). CRPSS
is defined as shown in Equation B.1.6:
CRPSS =

!"#$!"# !!"#$!"#$
!"#$!"#

CRPSS =

!"#$!"# -!"#$!"#$
!"#$!"#

(Equation B.1.6)
Where
CRPS =

!!"#
[F
!!"#

y − F! y ]! dy

(Equation B.1.7)

Where
F(y) is the stepwise cumulative distribution function of the ESP of each considered
forecast.

F0(y) = 0, when y < observed value
F0(y) = 1, when y > = observed value
CRPS!"# =
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!
!

!
! | q !"#

t -q !"# | (Equation B.1.8)
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Appendix B2 Verification scores at different areas

Figure B.2 CRPSS, CV, Pbias and NSpf for raw (left) and post-processed forecasts (right) over Peru
for daily forecasts over the period 1/1/2009 – 31/12/2015 for 7-day LT.
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Appendix B3 Operational GloFAS warning map

Figure B.3 Operational GloFAS warning map on March 1st 2017 (left), showing that the next 15
days the discharges will exceed the 20-year return period in several parts of the Peruvian river
network (purple lines), and a more detailed forecast (right) for the station Yuracyacu in Loreto region
(77.55°W, 4.45°S). The snapshots were taken from the online GloFAS web platform
(http://globalfloods.jrc.ec.europa.eu/)
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Appendix C1 Equations that include the failure probability of the
measures
One-stage EWEAS
TLew = (CH1)·(C+RD)+(CH2)·(C+D)+(FA)·(C )+(MS)·D

(Equation C.1.1)

Where
TLew: total losses when early warning system is used, CH1: number of correct hits,
which is followed by the designed performance of flood mitigation measures (no
failure), CH2: number of correct hits, which is followed by a failure of flood
mitigation measures, FA: number of false alarms, MS: number of misses, C: cost
of taking action, D: Damage, RD: Residual Damage.
Two-stage EWEAS
TLew=p1a·(C1+C2+RD12)+p1b·(C1+C2+RD2)+p1c·(C1+C2+D)+p1d·(C1+C2+D)+p2·
(C2+C2)+p3·(C1+D)+p4·(C1)+p5·(C2+RD2)+p6·(C2)+p7·D
(Equation C.1.2)
Where
TLew: total losses when early warning system is used, p1a: number of Correct Hits,
where neither preliminary nor main action failed, p1b: number of Correct Hits,
where only preliminary action failed, p1c: number of Correct Hits, where only main
action failed, p1d: number of Correct Hits, where both preliminary and main action
failed. The rest parameters are the same with Equation 4 in the original manuscript.
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Temporal
parameters

Financial
parameters

Location
parameters

Appendix C2 Numerical values of the parameters used in the case study

•

Table C.2 Parameters of the idealized case study, classified into 3 groups; locationdependent, financial, and temporal.
Parameter
Symbol
Unit
Value
Area
A
m2
106
Perimeter
L
m
4000
Design level for small flood
hs
m
0.25
Design level for medium flood
hm
m
0.6
Design level for big flood
hb
m
0.8
Sandbags required to protect 1 linear m of Ns
Sandbags/m
8*
small flood
Sandbags required to protect 1 linear m of Nm
Sandbags/m
15*
medium flood
Sandbags required to protect 1 linear m of Nb
Sandbags/m
32*
big flood
Damage for small flood when no action
Ds
USD
300,000
Damage for medium flood when no action
Dm
USD
650,000
Damage for big flood when no action
Db
USD
1,000,000
Available Budget
B
USD
200,000
Sandbag cost (main action)
S
USD/sandbag 3*
Volunteer training cost (preliminary α
0.1
action) as fraction of the overall budget
Sandbag cost decrease (preliminary action)
Productivity per day (main action)
Placement
productivity
increase
(preliminary action)
Action lifetime (preliminary action)
Action lifetime (main action)
Implementation time (preliminary action)

β
PP
γ

sandbags/day
-

LF1
LF2
IT1

days
days
days

Lead Time to trigger volunteer training
(preliminary action)

LT

days

0.33*
9,000
20%
Equal to triggering action LT
30
1
14

These numbers are based on commercial data (http://emerg.brandon.ca/flood/building-a-dike).

169

Appendix C

Appendix C3 Flowchart used in the case study

Figure C.3 Flow chart showing the steps for the calculation of the cost of action per trigger when
forecast issues a flood warning at LTi and the area that is protected for the one-stage EWEAS. In the
two-stage EWEAS, the values of Sandbag cost (S) and the productivity (PP) change.
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Appendix C4 Combinations of the probability thresholds at which
forecast warning are issued at the two-stage system
Table C.4 Threshold combinations that result in the minimum and maximum Vew for the forecast that
triggers preliminary action at LT14 and subsequent forecasts that trigger the main action (LT1:LT13).
Small Floods
LTi

Min Vew
P threshold (F1:LT14)

1
2
3
4
5
6
7
8
9
10
11
12
13

60%
60%
60%
30%
30%
30%
30%
30%
30%
30%
30%
30%
30%

LTi

P threshold
(LT14)
90%
90%
90%
90%
90%
90%
30%
30%
60%
30%
30%
30%
30%

Max Vew
P threshold
(F2:LTi)
30%
30%
30%
90%
90%
90%
90%
90%
90%
90%
90%
90%
90%
Medium Floods

P threshold
(F1:14)
30%
30%
30%
30%
30%
90%
90%
90%
90%
90%
90%
60%
90%

P threshold
(LTi)
30%
30%
90%
90%
90%
90%
90%
90%
90%
90%
90%
90%
90%
Big Floods

P threshold
(LT14)
30%
30%
30%
30%
30%
30%
30%
30%
90%
90%
60%
30%
30%

P threshold
(LTi)
30%
30%
60%
60%
90%
90%
60%
60%
60%
30%
30%
30%
90%

P threshold
(LT14)
60%
30%
60%
90%
90%
90%
60%
90%
90%
60%
90%
60%
60%

Min Vew
1
2
3
4
5
6
7
8
9
10
11
12
13

Min Vew
LTi
1
2
3
4
5
6
7
8
9
10
11
12
13

P threshold
(LT14)
30%
60%
30%
60%
30%
30%
30%
30%
30%
30%
30%
30%
30%

P threshold
(F2:LTi)
90%
60%
60%
30%
30%
60%
30%
30%
30%
60%
60%
30%
60%
Max Vew
P threshold (LTi)
90%
30%
30%
30%
30%
30%
30%
30%
30%
30%
30%
30%
30%
Max Vew
P threshold (LTi)
60%
30%
90%
90%
30%
30%
30%
30%
30%
60%
60%
60%
60%

171

Appendix C

Appendix C5 Total losses when preliminary action is a prerequisite for
the implementation of the main action

Equation C.5 shows the way that total losses (TLew) are calculated when the
triggering of the preliminary action (e.g. purchase and transport of sandbags to the
study area) is a prerequisite for the triggering of the main action (e.g. construction
of the sandbag dike).
TLew=(p1)·(C1+C2+RD12)+(p2)·(C2+C2)+(p3)·(C1+D)+(p4)·(C1)+
(p5)·(D)+(p7)·D

(Equation C.5)

Where,
TLew: total losses when early warning system is used and the p, for the
explanations of p1, p2, p3, p4, p5, p7, C1, C2, D, RD12 see Table 5.4.
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Summary in Dutch
Lange tijd was het overstromingsrisicobeheer vooral gericht op ofwel strategieën
voor risico-vermindering op de lange termijn, ofwel op respons na rampen.
Wetenschappelijke vooruitgang in hydro-meteorologische voorspellingen heeft
echter een waardevol tijdvenster gecreëerd tussen overstromingswaarschuwingen
en dreigende rampen, gedurende welke maatregelen ter beperking van de risico's
kunnen worden genomen. Als antwoord op de groeiende vraag naar het vinden van
effectievere manieren om met het toenemende overstromingsrisico om te gaan,
onderzoeken we in dit proefschrift belangrijke aspecten van op voorspellingen
gebaseerde strategieën, met name voorspellingskwaliteit, met de ambitie om bij te
dragen aan een effectiever overstromingsrisicobeheer.
In de eerste plaats richt dit proefschrift zich op de rol van op voorspellingen
gebaseerde strategieën in overstromingsrisicobeheer. In de huidige praktijk worden
tijdelijke maatregelen, gedreven door voorspellingen, gebruikt om het risico te
verminderen dat overblijft na de toepassing van permanente maatregelen.
Hoofdstuk 2 presenteert een methode wat permanente en op voorspellingen
gebaseerde maatregelen ter voorkoming van overstromingen vergelijkt, waarbij
wordt onderzocht onder welke voorwaarden op voorspellingen gebaseerde
maatregelen kunnen worden gebruikt als alternatief voor permanente maatregelen.
In navolging van de rationale van deze methode worden op voorspellingen
gebaseerde maatregelen toegepast op frequente (zeer waarschijnlijke)
gebeurtenissen met een lage impact vergeleken met maatregelen gericht op
zeldzame (lage waarschijnlijkheid) gebeurtenissen met een hoge impact.
Gebruikmakend van overstromingsrisico-indicatoren voor Chikwawa, Malawi en
voorspelde rivierafvoer, laten de resultaten zien dat de selectie van de goedkoopste
strategie een functie is van de kosten van maatregelen, klimatologisch
overstromingsrisico
en
voorspellend
vermogen
om
nauwkeurige
overstromingswaarschuwingen te produceren. Effectieve tijdelijke maatregelen in
combinatie met nauwkeurige voorspellingen kunnen een strategie rechtvaardigen
die berust op voorspellingsgebaseerde maatregelen of een combinatie van
permanente en voorspellingsgebaseerde maatregelen, in plaats van alleen
permanente maatregelen toe te passen. Bovendien kunnen de onderlinge verbanden
tussen de bovengenoemde aspecten aanleiding geven tot een beleid van optreden
tegen frequente evenementen met een lage impact in plaats van zeldzame
evenementen met een hoge impact.
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Hoofdstuk 3 presenteert vervolgens een evaluatiekader van een globaal
overstromingsvoorspellingsmodel. Gebruikmakend van Peru als casestudy
beoordeelt dit raamwerk de hydrologische prestaties van het model door de
waargenomen rivierafvoer te vergelijken met de rivierafvoer die door het model
wordt geproduceerd op een doorlooptijd van 0 dagen. Het voorspellende vermogen
van het model wordt beoordeeld door de vergelijking van voorspelde en
gemodelleerde afvoer, evenals door validatie van overstromingswaarschuwingen
tegen gerapporteerde overstromingen. Ruwe voorspellingen worden vervolgens
achteraf verwerkt om de mate te evalueren waarin een eenvoudige biasverwijderende techniek de prestaties van het model beïnvloedt. Resultaten geven
aan dat het model de seizoensgebondenheid van de rivierafvoer weergeeft, maar
dat er grote kwantitatieve verschillen zijn tussen waargenomen en gemodelleerde
rivierafvoer. Voorspellingen bij korte doorlooptijden presteren beter, en gemiddeld
zijn de voorspellingsprestaties hoger voor gridcellen die grote rivieren
vertegenwoordigen met grote stroomopwaartse gebieden, in vergelijking met de
korte riviersystemen met snelle hydrologische respons. In het algemeen worden
ruwe voorspellingen gekenmerkt door een neiging om rivierafvoer te overschatten.
Post-verwerkte voorspellingen presteren beter in het vastleggen van de
gemodelleerde afvoer, maar ze bieden waarschuwingen voor minder gemelde
overstromingen in vergelijking met de ruwe voorspellingen. Dit hoofdstuk laat zien
dat het geselecteerde globale voorspellingsmodel waardevol kan zijn in gebieden
waar de lokale voorspellingssystemen ofwel onbetrouwbaar zijn of alleen op korte
doorlooptijden werken.
In hoofdstuk 4 onderzoeken we de invloed van de voorgaande hydrometeorologische omstandigheden op het ontstaan van overstromingen. We
gebruiken een pragmatische aanpak, waarbij gerapporteerde historische
overstromingsgebeurtenissen in het Afrikaanse Sub-Sahara worden gebruikt om,
afzonderlijk van elkaar en gecombineerd, overstromingsindicatoren te analyseren
die representatief zijn voor tijdschalen variërend van enkele dagen tot enkele
maanden voorafgaand aan de gebeurtenissen. Hoewel zware neerslag wordt
waargenomen kort voor het ontstaan van overstromingen, leidt dit niet altijd tot
overstromingen. Wanneer zware neerslaggebeurtenissen worden voorafgegaan
door natte hydro-meteorologische omstandigheden in de maanden voorafgaand aan
het ontstaan van overstromingen, wordt de kans op een overstroming groter. Dit
toont aan dat monitoring en voorspelling van seizoensgebonden hydrometeorologische omstandigheden een nuttige aanvulling kunnen zijn op
overstromingsrisicobeheer in overstromingsgevoelige gebieden.
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Ten slotte presenteert hoofdstuk 5 een methodologie die de economische waarde
van een risicoreductie-systeem beoordeelt, waarbij een voorspelling een actie in
gang zet. De methodologie houdt rekening met budget- en tijdsbeperkingen,
tijdafhankelijke voorspellingscapaciteit voor nauwkeurige
overstromingswaarschuwingen, actiekosten en effectiviteit. Deze factoren maken
het mogelijk de afweging te maken tussen het nemen van effectieve acties op basis
van voorspellingsinformatie van lage kwaliteit en het nemen van minder effectieve
acties wanneer betrouwbaardere voorspellingen beschikbaar zijn. Voortbouwend
op deze methodologie wordt het voorspellingssysteem met één trigger vergeleken
met een geënsceneerd systeem waarin een lange termijn voorspelling van lage
kwaliteit die een voorbereidende actie in gang zet, wordt gevolgd door een kortere
doorlooptijdprognose van hogere kwaliteit die de belangrijkste risicobeperkende
actie. Aan de hand van een geïdealiseerde casestudy en de voorspelde
ontslagtijdreeksen voor Akokoro, Oeganda, tonen de resultaten aan dat prognoses
van lage kwaliteit bij lange doorlooptijden in combinatie met prognoses van hogere
kwaliteit bij kortere doorlooptijden een meerwaarde kunnen bieden voor op
voorspelling gebaseerde systemen. Bovendien onderstreept dit hoofdstuk dat de
kenmerken van de op voorspellingen gebaseerde acties, zoals implementatietijd en
tijdafhankelijke effectiviteit, moeten worden onderzocht samen met de
tijdafhankelijke voorspellingsbetrouwbaarheid om de optimale tijd om de
geselecteerde actie te activeren beter te effectueren.
Dit proefschrift onderstreept de complexiteit van op voorspellingen gebaseerde
strategieën. De gepresenteerde informatie kan zowel beleidsmakers als
operationele besluitvormers helpen bij het begrijpen van belangrijke aspecten van
deze strategieën, waardoor de ontwikkeling van effectievere beheersplannen voor
overstromingsrisico’s mogelijk wordt. Het proefschrift wordt afgesloten met
aanbevelingen voor verder onderzoek. Ten eerste zijn meer empirische gegevens
over de effectiviteit van op voorspellingen gebaseerde strategieën, evenals lange
tijdreeksen van waargenomen en voorspelde rivierafvoer, nodig om de waarde van
de op voorspellingen gebaseerde strategieën op de lange termijn nauwkeurig te
kwantificeren. Ten tweede is een combinatie van gedrags- en natuurwetenschappen
nodig om de acties en interacties van individuele en collectieve actoren in op
voorspellingen gebaseerde strategieën betrouwbaar te simuleren. Ten derde moet
toekomstig onderzoek zich richten op de effecten van klimaatverandering op
overstromingsvoorspellingen en op de rol van op voorspellingen gebaseerde
systemen in een minder voorspelbare toekomst.
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