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Forecast-based actions are increasingly receiving attention in flood risk management. However, uncertainties
and constraints in forecast skill highlight the need to carefully assess the costs and benefits of the actions in
relation to the limitations of forecast information. Forecast skill decreases with increasing lead time, and
therefore, an inherent trade-off between timeliness and accuracy exists. In our paper, we present a methodology
to assess the potential added value of early warning early action systems (EWEAS), and we explore the decisionmakers’ 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 which a first action that is based on a
lower skill and longer lead time forecast may be followed up by a second action that is based on a short-term,
higher-confidence forecast. 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 forecast-based 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.

1. Introduction
Flood risk management aims to reduce the impacts that floods pose
to humans and the environment. To achieve this, flood risk mitigation
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) [1] 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
[2]. Therefore, EWEAS are considered important components in flood
risk management strategies [3] 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 [4,5].
In flood risk management, EWEAS are usually triggered by hydrological forecast models. These models are subject to different types of
*

uncertainty that are associated with the model itself, the available
hydro-meteorological data, the geographical characteristics and the
quality of meteorological forecasts (e.g. Refs. [6,7]. To quantify and
express this uncertainty probabilistically, ensemble streamflow prediction systems produce multiple, equally probable simulations of future streamflow (e.g., Refs. [8,9]. 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 [8,10–14].
Similarly to most forecast systems, hydrological probabilistic forecast models exhibit a decrease in skill with increasing LT, revealing an
inherent trade-off between timely decisions and accurate information
during the implementation of flood EWEAS. Recent advances in flood
forecasting have led to more informative forecasts, with better skills
and longer LTs [15]. This has provided the opportunity to take actions
that require longer implementation time but may have a larger riskreducing 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
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proactive, no-regret strategies to increase the portfolio of options at a
later stage [16,17].
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 is tailored to the needs and requirements of each end-user (e.g. [18–20,47]). 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 mitigation 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 [21] estimated the economic value of seasonal and
weather precipitation forecasts, taking into account their limited reliability. Roulin [10] assessed the relative economic value of a hydrological ensemble prediction system in two Belgian catchments. Verkade
and Werner [6] compared the benefits of single value and probabilistic
forecasts for a range of LTs and Matte et al. [22] incorporated risk
aversion into the cost-loss decision model. While these studies have
assessed the value of EWEAS for a single action-forecast combination,
they have not examined the potential benefits of preparatory measures
that are triggered by forecasts with longer lead times. In addition, they
have used discrete values for the ratio between residual and potential
damage over time, while budget and implementation time constraints
are not taken into account.
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 time-varying costs and losses. The assessment is carried out for an one- and a two-stage action system, in
which a first action that is based on a lower skill and longer lead time
forecast is followed up by a second action that is based on a short-term,
higher-confidence forecast. We demonstrate the EWEAS added value in
an idealized case study, using forecast data from the global flood
awareness (GloFAS) in Akokoro, Uganda. We must note that the scope
of our paper is not to profoundly analyse the model's forecast skill for
this case study, but rather to demonstrate how an operational forecast
and its skill assessment can be incorporated into the decision-making
process.
The paper is organised as follows: In section 2, we present the necessary background information for the evaluation of EWEAS. In section 3, we outline the basic components of the EWEAS we have used in
our idealized case study, and in section 4, we present the results. In
section 5, we discuss the limitations of this study and outline options for
further research. In section 6, we summarize the main conclusions.

2.1. Forecast model description: GloFAS
Every flood risk mitigation decision-making process starts with the
application of a forecast model. In this study, we use the Global Flood
Awareness System (GloFAS) [23], a global model that produces daily
forecasts to issue flood alerts at a 0.1° spatial resolution by using 51ensemble member streamflow forecasts, each driven by meteorological
forecasts 15 days ahead. Its 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. GloFAS is being used operationally
by the forecast-based financing project of the Red Cross [24] 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. [23].
In our study, we used GloFAS forecasts for the river cell of the
Victoria Nile that 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/).
2.2. Thresholds for triggering action and forecast skill assessment
To evaluate forecast skill it is first needed to define discharge
thresholds that are representative for flood events. In operational
EWEAS, when the forecasted discharges exceed these thresholds at preagreed probabilities, flood risk mitigation actions are triggered.
Regarding the skill of the forecast model, decision-makers are mostly
interested in the 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 actual valuation of losses and benefits. A
forecasting model that systematically underestimates the probability of
floods leads to a high likelihood of missed events, while overestimations
lead to frequent false alarms. 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. [25] identified the forecast probabilities of GloFAS that should trigger action in two districts in Uganda,
using as basic criterion that the FA ratio, which is the verification score
of interest to humanitarians [26] and is defined as the number of false
alarms per total number of alarms, is lower than 0.5. On the other hand,
under other circumstances (e.g. budget restrictions), decision-makers
prefer not to take action unless they are absolutely certain that an
upcoming hazard will occur [48,49].
These event-based metrics are usually calculated over aggregated
large spatial scales, such as a country or a continent [27,28], given the
limited availability of sufficient information on rare flood events at
specific locations. 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 forecast skills.
To be in line with this need, we used daily flood forecasts from
GloFAS over a period of approximately 8 years (between May 1st 2008
and December 31st 2015) for a specific location with lead times from 0
to 14 days (LT0 to LT14) to a) set the discharge thresholds above which
a flood occurs, and b) evaluate different forecast probability thresholds
that trigger action. We used the LT0 discharges, which refer to the initial conditions that forecasts were issued, as a proxy for the real-world
discharge. From this time series, we calculated the 80th, 85th and 90th
percentile, considering that they represent the thresholds of small-,
medium- and big-magnitude floods, respectively, similarly to Coughlan
de Perez et al. [25]. In the real world, we would expect much higher
discharge percentiles to trigger flood events, but given the limited
available forecast time series, we used relatively low ones to generate
sufficient statistics and demonstrate the concept of our methodology.

2. Methods: evaluation of a flood early warning early action
system (EWEAS)
In this section, we present the necessary components to consider for
the evaluation of EWEAS (Fig. 1):

• the forecast model that provides the early warnings, which in our
study is GloFAS (section 2.1);
• the discharge thresholds that correspond to floods of different
•

magnitudes, the probabilistic thresholds that trigger action, and the
forecast skill assessment at different lead times (section 2.2);
the forecast-based actions and the differences in taking action at
one- and at two-time steps (sections 2.3 and 2.4).

2
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Fig. 1. Flowchart that outlines the steps taken towards the configuration and evaluation of EWEAS.

We distinguished different flood magnitudes to illustrate the diversity
of the model skill in predicting different floods, as well as to address
how the budget, time constraints, costs and damage have an effect on
different flood outcomes. We used three probability thresholds for
triggering action (30%, 60% and 90%) to demonstrate that this can also
affect the overall usefulness of the EWEAS. The probabilities are estimated using the different members of the ensemble of GloFAS forecasts
as indicated in 2.1.
In our study, the forecast skill assessment is carried out using the
forecasts of each LT separately for all three probability thresholds and
for all three flood thresholds (Table 1), taking also into account the
period that the action can provide protection, following Coughlan de
Perez et al. [25]. This means that as soon as an action is triggered after a
forecast warning, it has a lifetime period, within which the action is not
re-triggered and can provide protection effectively. Taking action's
lifetime into account is a consideration that potentially increases the
forecast skills since in case a flood does not occur exactly on the forecasted date but within the lifetime period, the flood signal is counted as
correct hit (CH). If there is no flood during this period, the flood signal
is counted as false alarm (FA), while if a flood occurs but no flood signal
was issued, it is a Miss (MS). The flood conditions (i.e. discharge higher
than the threshold) can remain after the expiration of the action's
lifetime. In this case, if there is a flood signal, the action is re-triggered,
while flood conditions are ongoing. In our analysis, we considered this
case a new event (we further discuss this in section 2.4). Furthermore,
each flood magnitude is treated separately and thus, successive exceedance of different flood magnitude thresholds (e.g. first a small and
later medium flood) are regarded as two individual events, i.e. one
small and one medium flood.

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
requirements, 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
use two decision-making approaches: a static (one-stage action) and a
dynamic (two-stage action) one. In the first, a decision for action is
taken at one point in time. In the second, decisions are taken at two
time points; initially a preliminary action at longer LT and subsequently
a main action. In our case, the preliminary action is not a prerequisite
for triggering the main action but is used to facilitate it, as it is explained in sections 2.4.2 and 3. In this way, we assess the added value of
sequential decision-making, similar to the Ready-Set-Go’ approach, a
methodology applied within the humanitarian sector allowing the
progressive staging of actions [29].
2.4. Relative economic value of EWEAS
To evaluate the EWEAS, we use its relative economic value (Vew)
(e.g. Refs. [6,19,30]. This is defined as the relative reduction in total
losses from disaster responses when using early warnings by a forecast
model (TLew) compared to the total losses when no forecast model is
available and only climatological probability information is used
(TLno_ew) (Eq. (1)):

Vew = (TL no _ ew

Table 1
Event-based metrics such as Correct Negatives (CN), Misses (MS), False Alarms
(FA), and Correct Hits (CH)) are calculated for each flood magnitude (FMQ),
probability threshold (PTi) and lead time (LTj).
Flood Magnitude (FMQ)

Small (Q80)/Medium (Q85)/Big (Q90)

Probability Threshold (PTi)
Lead Time (LTj)
Event-based metrics

i = 30%,60%,90%
j = 1:14
CN(FMQ,PTi,LTj)
FA(FMQ,PTi,LTj)

TL ew)/TL no _ ew

(1)

where.
Vew: Relative economic value of the EWEAS
TLno_ew: Total losses incurred when there is no forecast
TLew: Total losses incurred when action is taken based on a forecast
When Vew > 0, the EWEAS provides added value in flood risk
mitigation, since losses are lower when appropriate forecast-based actions are implemented compared to not taking action at all.

MS(FMQ,PTi,LTj)
CH(FMQ,PTi,LTj)

3
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Fig. 2. One-stage action: the repetitive dilemma of whether or not to trigger action
(left), and the event tree (right) used to
calculate the event-based skill metrics (i.e.
Correct Hit (CH), Miss (MS), False Alarm
(FA) and Correct Negative (CN)). 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.

2.4.1. Evaluation of an one-stage action 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 (Fig. 2 left).
To compute the relative economic value of the EWEAS (Vew), the
event-based skill metrics (CH, MS, FA and CN) are required. As mentioned in section 2.2, in our study, a) we calculated these metrics for
each flood magnitude, for all three probability thresholds (i.e. 30%,
60% and 90%) and for each forecast LT (Fig. 2, right) and b) the
forecast-based action is triggered if the forecast issues a warning that
exceeds the predefined threshold, while no action is taken when no
warning is issued. The forecast-observation pairs are illustrated in the
contingency table (Table 2).
Table 3 shows the consequences of these pairs; when no action is
taken and a flood occurs (MS), the losses are equal to the damage (D)
that corresponds to the observed flood magnitude. When action is taken
in vain (FA), the losses are just the implementation costs of the action
taken (C). When action is correctly taken (CH), the total losses are the
sum of the action costs (C) and the residual damage that has been partly
or entirely mitigated because of this action (RD). Therefore RD ≤ D.
When no warning is issued and no flood occurs (CN), there is no action
and no damage. In case of an FA, there is often a change to the original
cost, ΔC that may account for e.g. the reputational risk [24]. Although
in some cases this can be significant, we assume that it is 0.
Forecast-based actions are not instantly carried out since their implementation requires some time. We consider that the more time
available, a greater part of the action can be carried out and consequently, the more effectively the action reduces potential damage.
Therefore, warnings issued at longer LT lead to more effective actions.
Hence, the cost of the action and its effectiveness depend on forecast
LT, implementation requirements and available budget. This is illustrated with an example in section 3.
The total losses of having no EWEAS (TLno_ew) are equivalent to
using the total number of flood events (i.e. MS + CH) multiplied by the
damage (D) corresponding to each flood magnitude (Eq. (2)).

Table 3
Contingency table that illustrates the consequences of Table 2 forecast/observation pairs (C:Cost of action, D: Damage (D), RD: Residual Damage)

Warning issued
Warning NOT issued

Warning issued
Warning NOT issued

CH
MS

FA
CN

C
0

(3)

2.4.2. Evaluation of a two-stage action EWEAS
As discussed in 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 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 (Fig. 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, we assume that preliminary action can be triggered only at LT14
and is implemented within one day, as it will be discussed in section 3.
In result, 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) (see Table 4) (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 triggering action, our
contingency table has eight entries (Fig. 3, right). The probability
thresholds used to trigger the preliminary and the main actions are not
necessarily the same. Therefore, the skill metrics of the entire system
are different for each threshold combination used. In our case, there are
9 combinations possible (i.e. 30%, 60%, 90% for LT14 (threshold 1)
times 30%, 60%, 90% for the later LTs (threshold 2)).
The total losses from taking action are calculated by the aggregation
of the actions’ implementation costs and the residual damage that accrue from the joint system of two forecasts (Table 5) multiplied by their
corresponding occurrences (Table 4). In practice, given the restricted
budget that is usually allocated to forecast-based measures, decisionmakers are requested to determine in advance the budget fraction that
is allocated to the first and second stages; in our study this
budget allocation is fixed (see example in section 3). However, the
aggregation of the cost of the preliminary (C1) and the main actions
(C2) cannot exceed the available budget. Although we consider that
preliminary action has implementation costs, it is only used to facilitate
the main action rather than providing protection against floods itself.
Thus, when only preliminary action is taken, damage is not mitigated.

Table 2
Contingency table illustrating the evaluation metrics (CN: Correct Negatives,
MS: Misses, FA: False Alarms, CH: Correct Hits) .
No Flood

C+ RD
D

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 the failure probability of the action taken is
0. In the supplementary material, we present the equation when accounting for the failure probability (Eq. S(1)).

The total losses (TLew) of an one-stage EWEAS over a finite time
period are calculated by aggregating the product of the losses of each
forecast and observation pair (Table 3) and their corresponding occurrences (Table 2; Eq. (3)).

Flood

No Flood

TL ew = (CH)·( C+ RD) + (FA)·(C) + (MS)·D

(2)

TL no_ew = (CH + MS)·D

Flood

4
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Fig. 3. Real-time decision-making chain that illustrates the decision-makers’ dilemma of whether and when to take preliminary and main actions (left), and the event
tree used to calculate the evaluation metrics of the joint forecast system in the 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.

On the other hand, when the main action is triggered, damage is mitigated regardless if preliminary action is taken (RD12) or not taken
(RD2). However, since the preliminary action increases the effectiveness
of the main action, RD12 < =RD2.
Similar to a one-stage system, the Vew is calculated using the total
losses when there is no EWEAS (Eq. (4)) and when EWEAS is used (Eq.
(5));

Table 5
Contingency table that presents the consequences of Table 4 forecast/observation pairs. 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 F2
Warning NOT issued by F2

(4)

TL no_ew = (p1+ p3 + p5 + p7)·D

Warning issued by F1

Warning NOT issued by F1

Flood

No Flood

Flood

No Flood

C1+C2+ RD12
C1+D

C1+C2
C1

C2+RD2
D

C2
0

TLew = p1 ·(C1+ C2 + RD12) + p2 ·(C2+ C2)+ p3 ·(C1 + D)+ p4 ·(C1)+ p5 ·
(5)

(C2+ RD2)+ p6 ·(C2)+ p7 ·D

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 [31]; [50]). To achieve greater effectiveness, we assume that sandbags are prepositioned in the location [32]. Although
forecast LT and mitigation time can be different (following the forecast
issue, time is required to disseminate it and take action [33], we consider these two to be identical similarly to Verkade and Werner [6]. The
use of other measures would require some adaptations, but the basic
rationale would remain the same.
As discussed in section 2, we treat each lead time separately. Action
is triggered (i.e. the sandbag dike construction starts) as soon as a flood
forecast warning is issued and is not interrupted by successive forecasts
that may ‘recall’ the flood signal. The design height depends on the
threshold above which a flood is defined (hs, hm or hb, with the subscripts s, m and b referring to small-, medium- and big-magnitude
floods, respectively) and we assume that protects against all floods. To
reach this height for one linear meter, N sandbags are needed (Ns for
small-, Nm for medium- and Nb for big-magnitude floods, respectively).
Given the trapezoidal sandbag dike cross-section, these numbers are not
linearly proportional to the water level. The total dike length that can
be constructed Ld depends on the design dike height, the placement
productivity rate PP (sandbags placed per day) that the available
manpower allows (i.e. with one day LT (LT1), we can place 1 PP
sandbags, with two days LT (LT2), 2 PP, etc.), and consequently on the
forecast LT of triggering action (i.e. the longer the LT, the more time

As in 2.4.1, the equations used hereby do not take into account the
failure probability of the risk mitigation measures. Equation S(2) in the
supplementary material presents the total losses in case the failure
probabilities of both the main and preliminary actions are taken into
account.
3. Configuration of the EWEAS used in our case study
In addition to the generic methods and parameters described in
Section 2, EWEAS should be configured based on the needs, requirements and risk mitigation capabilities of the study areas. To facilitate
the reader's understanding and demonstrate some of the key features
that are important in operational flood risk decision-making, we use
volunteer training and sandbag dike construction as examples of preliminary and main forecast-based actions, respectively. Based on these
actions, we show a) how the financial, temporal and location parameters interact with each other and b) how they lead to the calculation
of the residual damage after the implementation of the EWEAS that is
necessary for its evaluation (Fig. 4).
In our example, the decision-makers use the EWEAS to provide
protection at a fictitious area with size A and perimeter L during the
time period that GloFAS forecasts are available. Although a lot of flood
adaptations are available, for the sake of simplicity, we here assume
only one forecast-based action: to construct a sandbag dike ring around
the area every time a flood warning is issued. Sandbags are often

Table 4
Contingency table that outlines the evaluation metrics (p1:p8, see Fig. 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 issued by F2
Warning NOT issued by F2

Warning NOT issued by F1

Flood

No Flood

Flood

No Flood

p1 = CHF1∩CHF2
p3 = CHF1∩MSF2

p2 = FAF1∩FAF2
p4 = FAF1∩CNF2

p5 = MSF1∩CHF2
p7 = MSF1∩MSF2

p6 = CNF1∩FAF2
p8 = CNF1∩CNF2

5
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Fig. 4. Scheme showing the parameters that are taken into account in our case study example.

available). In our example, the sandbag dike ring has a square shape,
and therefore, the area that can be protected is calculated in Eq. (6).

Area Protected =

LT·PP
Nx

4

needed during this period. When the flood duration exceeds LF2, we
consider that action as triggered anew, if the forecast continues to
predict high discharge levels. 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 treat the two actions equally, using the same costs and
implementation time as if no sandbag dike is present. The potential
damage D, when no mitigation action is taken, depends on the flood
magnitude (Ds for small-, Dm for medium- and Db for big-magnitude
floods).
Financial and temporal constraints lead to restrictions on the total
area A that is protected. This partial protection is a metaphor for real
situations, in which authorities prioritize the areas to protect. In our
case, when the main action is triggered, the residual damage RD is the
fraction of the area that is protected per total area multiplied by the
potential damage (Eq. (7)). This implies that potential damage is
homogeneously distributed in the area and that residual damage is only
a function of the protected area, which stays completely dry, whereas
the unprotected area is flooded. This is a result of the assumption that
sandbags can only reduce water level entirely in the protected area and
not partly. Therefore, decision-makers of our EWEAS aim 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 is able to
partly reduce the water column in the protected area, then Equation (7)
would be multiplied by an effectiveness ε that would be function of the
inundation level.

2

(6)

Therefore, the cost of the main action is not only subject to the flood
magnitude, which determines the height and the number of sandbags
that should be placed, but it is also a function of the LT, at which action
is triggered, and of the PP, which determines how many of them can be
placed.
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 protected area are subject to this restriction.
In the one-stage action system (see section 2.4.1), the entire budget is
used for the sandbag dike construction (main action), which involves
the purchase and placement cost S (USD/bag) by employed personnel.
In the two-stage action (see section 2.4.2), a fraction α of the total
budget is allocated to the preliminary action, leaving (1-α)·B available
for the main action. When the initial forecast at LT14 does not issue a
flood warning signal, preliminary action is not triggered. Hence, the
entire budget can be used for the main action.
In our study, we use as an example of preliminary action volunteer
training, whose potential in disaster impact mitigation is increasingly
recognized worldwide [34]. This facilitates 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 is needed and b)
increasing the placement productivity rate PP by a factor γ. The preliminary action has a lifetime LF1 days and the main action LF2 days.
We assume that the preliminary action has a fixed implementation time
IT1, which lasts one day (see section 2) and its LF1 lasts as many days as
main action is being implemented, if it is triggered by the following
forecasts so as the main action is constantly facilitated. As described in
section 2.2, LF2, which is involved in the calculation of the event-based
metrics, is fixed and exceeds the forecast range so no extra action is

RD =

Area protected
·D
A

(7)

Fig. S1 (supplementary) show schematically the steps taken to calculate the protected area. The numerical values of all parameters presented are given in Table S1 (supplementary).
For the one-stage EWEAS, we calculate the relative economic value
Vew for the time and budget restrictions that we presented, and we carry
out a sensitivity analysis to examine how the Vew of each flood magnitude is affected by the absence of restrictions on budget or time.
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can 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.
4.2. Added value of EWEAS in one-stage approach
Fig. 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. So, using the parameters from Table S1, when the protected area (Equation (6)) is larger
than the actual study area, it means that there is both sufficient time to
protect the entire area and budget to finance the action costs (Fig. 6,
green box). Similarly, we demonstrate the result for the other IT/B
combinations. 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 the LT of our forecast range
(LT1-LT14). There is sufficient time to do so from LT15 backwards.
However, B is still insufficient.
As we discussed in section 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 listed in Fig. 8 at each LT that
action is triggered for each flood magnitude (blue line-small flood, red
line-medium flood and green line-big flood), which determines the
height of the sandbag dike and consequently, the number of sandbags
needed. As qualitatively presented in Fig. 7, full protection is achieved
when actions are triggered at LTs longer than LT4, and LT7 for small
and medium floods, respectively, while for big floods the maximum
protection percentage is 30% from LT8 onwards.
Fig. 9 presents the Vew as a function of LT at which action is triggered for different probability thresholds and flood magnitudes. In
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 skill is better than that of longer
ones, in the sense that the CH number decreases over time and number
of FA usually either remains the same or increases. In few cases at
longer LTs, we observe that the FA number is lower. Nevertheless, the
high MS level keeps the Vew relatively low. In addition, at shorter LTs,
the Vew is identical for all the probability thresholds. As already discussed in 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.
Medium floods demonstrate an optimum value at LT7, when using a
threshold probability of 60%. The sudden drop of Vew at LT11 using
30% and 60% probability thresholds can be attributed to the erratic
forecast skills at this LT, as a result of the small dataset. Similarly, the
forecast value is higher at LT12 than at LT9 to LT11 when using the
60% probability threshold, which is a result of non-monotonous 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 triggering action probability 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

Fig. 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
triggering action thresholds for small (80th percentile), medium (85th percentile) and big (90th percentile) floods, respectively. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web
version of this article.)

Subsequently, we calculate the Vew for the two-stage EWEAS. The
sensitivity analysis was not carried out for the two-stage EWEAS, since
the budget and the implementation time of the preliminary action are
considered to be fixed and hence, they do not depend on budget and
time changes. We must also note that our model is different from the 2stage system described in Katz and Murphy's [19]. In their work, the
budget is used all at once (to take actions that completely eliminate
risk), damage can accrue at various points in time and an early action
does not serve as a facilitator of a later one.
4. Results
4.1. Forecast skill
Fig. 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 daily discharge time series values are used
as a baseline for observed flood occurrences (small flood [80th percentile-blue line], medium flood [85th percentile-red line] and big
flood [90th percentile-green line]). The main action lifetime LF2 is 30
days (see Table S1 in the supplementary material). As described in
sections 2.2 and 3, if a flood lasts longer than this period, a new event is
considered to have occurred. If the discharge exceeds a higher
threshold, we also count the number of lower threshold events (e.g. if
the 90th percentile is exceeded, we count one event for big-, one for
medium- and one for small-magnitude events). So, the number of independent events against which action can be taken is 21 for small-, 16
for medium- and 12 for big-magnitude floods.
Fig. 6 presents the CH and FA as function of forecast LT for the three
flood magnitudes and the three triggering action probability thresholds
(30%, 60% and 90%). 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
7
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Fig. 6. Forecast skill expressed in number of Correct Hits (CH) (solid lines) and False Alarms (FA) (dashed lines) as functions of lead time (x axis) for all three 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 of
detecting a flood. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 7. Qualitative demonstration of the EWEAS's ability to protect the entire
study area A as a function of LT and flood magnitude, given the restrictions on
the budget (B) and action implementation time requirements (IT). The time
intervals in colour exhibit whether there is sufficient B and IT to protect the
entire area; in green, both B and IT1 are sufficient, in orange only B is sufficient,
in yellow only IT is sufficient and in red neither B nor IT are sufficient. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the Web version of this article.)

Fig. 8. Percentage of the area protected as a function of the triggering action at
each LT for the three flood magnitudes (small flood: blue line, medium flood:
red line and big flood: green line). (For interpretation of the references to colour
in this figure legend, the reader is referred to the Web version of this article.)

of acting in vain. Hence, since the action triggering is a repetitive dilemma faced by the decision-maker (Fig. 2), the selection of the optimal
probability thresholds should be carefully selected at each decision time
point.
Finally, the low Vew for big floods, often below 0, demonstrate that
the EWEAS does not provide any added value on the long-term, despite
the fact that the forecast skill in the shorter lead times is high (e.g. LT1).
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.
8

International Journal of Disaster Risk Reduction 40 (2019) 101252

K. Bischiniotis, et al.

Fig. 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 flood-blue line, medium flood-red line, big flood-green line). (For interpretation of the references to colour in this figure legend, the reader
is referred to the Web version of this article.)

4.2.1. Sensitivity analysis of one-stage action
The evaluation of the EWEAS involves numerous 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 Fig. 10. We use three combinations: a) restricted B and unlimited PP
(i.e. infinite sandbags can be placed in one day; solid lines), b) 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 skill is highest while decreasing 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

Fig. 10. Vew as a function of LT for small (left panel), medium (middle panel) and big floods (right panel) under a 90% probability threshold as trigger for action,
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.
9
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Fig. 11. Minimum and maximum Vew derived from the different combinations of forecast probability thresholds for the two-stage action approach (solid lines)
compared to the one-stage action (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. (For interpretation of the references to colour in this figure legend, the reader is
referred to the Web version of this article.)

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 provide added value, 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 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 added
value of the system is subject only to the forecast skill. On the contrary,
in 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 skill (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 small and medium flood
actions are insensitive to budget increases. Therefore, an increase in
Vew at short LTs (LT4 and LT7 respectively) can result from a PP increase or forecast skill improvement, while at longer LTs, Vew is only
dependent on the forecast skill. 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.

forecast skill and demonstrating the need for the careful selection of the
optimal thresholds at each LT that action is taken.
In small floods, the highest Vew of the two-stage approach exceeds
that of the one-stage approach 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. In medium floods, the maximum Vew in the two-stage
approach is always higher, and the minimum Vew is lower than that of
the one-stage approach 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 approach, demonstrating that the decision-maker is able to
postpone the decision and wait for new forecast information. This delay
generates a higher relative economic value, since the preliminary action
provides the extra time needed for procuring a more accurate forecast
and maintaining the same safety level. For 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 two-stage approach. This is consistently more cost-effective than the one-stage approach, 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,
in these events Vew is still much lower than in the other two scenarios,
demonstrating that, in practice, a reduction in the number of misses at
long LT that is accompanied with a budget increase is needed to achieve
higher EWEAS performance. Table S2 (supplementary material) outlines the combinations of probability thresholds that produce the
minimum and maximum Vew for all LTs and flood magnitudes.

4.3. Added value of EWEAS in two-stage approach
In a two-stage decision-making system, the event-based metrics
(CH, MS and FA) of the two triggering action LTs are jointly calculated
(see Table 4). This is likely to lead to different optimal probability
thresholds that trigger the two actions (i.e. there are three thresholds
for early and three thresholds for late action, which results in nine
combinations). In Fig. 11, we demonstrate the lowest and the highest
relative economic values Vew from this set of thresholds (solid lines),
together with Vew for the one-stage action (dashed lines) of a 90%
probability threshold for each of the three flood magnitudes at each LT.
Although decision-makers are interested in the highest Vew, we also
include the lowest Vew to indicate that sometimes even the worst
combination of the two-stage approach is better than the optimal value
of the one-stage approach. 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 added value.
The difference between the minimum and the maximum values of
the two-stage approach increases over time, reflecting the variations in

5. Discussion and recommendations
Assessing the performance and the accuracy of hydrological models
is a challenge globally [35], 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 [36] to trigger humanitarian action [25],
given that no better alternative exists. The assessment of forecast skill
for a given river is usually carried out by comparing forecast output
with the observed discharge (e.g. Ref. [37]. However, the short time
series of forecasts (approximately 8 years) and the rare nature of flood
events hampered a thorough forecast skill assessment 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. [27] calculated the skill
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metrics of the African flood forecasting system for entire Africa and
Bischiniotis et al. [28] computed the skill of GloFAS in Peru. However,
both forecast skill and risk mitigation actions are highly location-dependent which restricts the use of large spatial aggregates of forecasting
systems. Therefore, longer forecast time series are necessary for a
thorough evaluation of forecast skill.
The evaluation of forecast skill from opeational and from hydrological perspective can be different. In our study, we included the
lifetime of the forecast-based actions in the skill assessment, which is
particularly relevant for end-users of the humanitarian sector [25]. The
actions’ lifetime duration has an impact on forecast skilland consequently, it affects the overall benefits 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 days) would
require higher accuracy regarding the onset time of the event and
would lead to higher number of event-based metrics.
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. [25] in 2 similar river cells in Magoro and Kapelebyong,
Uganda. This led to similar results among the three triggering action
probability thresholds used. To improve forecast skill, various biascorrection methods exist (e.g. Refs. [38–41]. Post-processing GloFAS
output instead of using raw forecasts may have affected our results (e.g.
Ref. [21,28], 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 mitigation actions.
Changes in discharge at rivers with high water volumes, like the one
used in this research, occur at slow rates [23]. Therefore, it is expected
that hydrological forecasts will not differ substantially 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, following the assessment of the 2-stage decisionmaking system that was illustrated in this research, end users should
work with forecasters to explore at which places and what type of
forecasts 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 floodwater levels will not exceed
the level, above which sandbags cannot 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 will be uniform. In reality, this depends on local characteristics and flow conditions. Finally, we assumed that sandbags are prepositioned in the study location. Therefore, no transportation time is
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 implementation of the main action . In
this case Eq. (4) would be substituted by Eq. S(3) (supplementary).
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 paper'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-basedactions. 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
[42], a phenomenon known as the ‘crying wolf effect’ [43]. 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 have used simple representations of
the early action benefits. 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 have different characteristics and for a complete
evaluation of the benefits of EWEAS the entire range of actions should
be considered [44]. Furthermore, different actors have different goals
(e.g. maximize the number of prevented events or minimise the total
expected losses) and thus, there is not a truly objective measure of the
EWEAS benefit. In the humanitarian sector, for instance, maximising
prevention is usually more appropriate for decision-makers with fixed
budgets in specific locations, while minimising cost is more suitable for
decision-makers who aim to reach larger geographical areas [30]. 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. Aggregating and estimating the overall effectiveness of
these measures is complex, and thus a comparison of flood damage
between an event with ex-ante risk mitigation measures and an event
for which no measures are taken is not easily made. 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.
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 the lifetime of the forecast-based actions to evaluate the
forecast skill from operational point of view, and we explored two
scenarios of taking action; a) at one point in time (one-stage action) b)
at two points in time (two-stage action), where initially a preliminary
action is triggered by a low-skilled forecast at a long lead time, and
subsequently, a main action is triggered by a higher-skilled forecast at a
shorter lead time. Using an idealized case study we showed what the
added value of two-stage EWEAS compared to the one-stage ones; in
cases of small floods, preliminary action is mainly used to decrease the
costs of the main action. In case of medium floods, it gives the decisionmakers the opportunity to postpone the the main action, waiting for a
higher quality forecast. In case of big floods, where the available budget
and time requirements are not sufficient for the entire protection of the
study area, taking preliminary action is always better than taking only
the main action, no matter which probabilities to trigger actions are
used. This illustrates that lower-skilled forecasts at long lead times can
be useful when paired with higher-skilled forecasts at shorter lead
times. Finally, we demonstrated that even if forecast skill is high, the
relative economic value of EWEAS can be small or non-existent, since
this is also subject to the capability to act upon forecast warnings.
Therefore, the implementation time of forecast-based actions should
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not be neglected when early action protocols are formed, as the optimal
lead time to trigger action is a function of both forecast quality and the
operational characteristics of forecast-based actions. Therefore, 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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