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ABSTRACT: Flood early warning systems (FEWSs) rely on hydrological simulations driven by numerical weather predic-
tion (NWP) models, both of which are inherently uncertain. Ensemble prediction systems (EPSs) address these uncertain-
ties by generating multiple future scenarios. Discharge forecasts from EPS are converted into flood warnings by applying a
set of criteria whose definition is crucial for the skill of the system. While meteorological and hydrological models are un-
der continuous development, these warning criteria lack continuous evaluation. In this paper, we use discharge simulations
from the European Flood Awareness System (EFAS) to assess the skill of four NWPs—probabilistic and deterministic—
and explore methods to create a grand ensemble that enhances overall skill. We examine the effects of the current warning
criteria—probability threshold and persistence—optimize their values, and evaluate their effectiveness in smaller catch-
ments. Our results indicate that probabilistic NWPs outperform deterministic models in flood warning skill and demon-
strate that removing the persistence criterion from EPS enhances skill. Optimized warning criteria for a single probabilistic
NWP boost EFAS skill by 6.6% in terms of fscore, and a grand ensemble can further increase it by 4.1%. We identify two
effective grand ensemble methods—member based and skill based—and discuss their advantages and drawbacks. The im-
proved criteria demonstrate comparable skill in catchments half the size of those currently used. In conclusion, our study
presents a methodology for evaluating and refining the skill of multimodal FEWS,; stressing the critical role of tailoring the
flood warning criteria to the end users.

SIGNIFICANCE STATEMENT: This study analyzes methodologies to improve the skill of the notifications issued
by a state-of-the-art flood warning system. We have analyzed the skill of four meteorological models and the effects of
several warning criteria. We have identified an optimal blend of meteorological models and warning criteria that boosts
the system skill up to 10%. The methods developed in this research are adaptable to other flood warning systems, and
the refined criteria have been implemented operationally.
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1. Introduction multiple adaptation measures to be taken. The magnitude of
the flood that hit Germany and Belgium in July 2021, the cost-
liest in the last 40 years, was a reminder of the importance of
FEWS and their need for continuous improvement of fore-
casts and decision-making (EEA 2023).

FEWSs rely on meteorological forecasts generated by nu-
merical weather prediction (NWP) models (De Roo et al.
2003; Gouweleeuw et al. 2005). Over the past 30 years, ensem-
ble prediction systems (EPSs) have been developed within
the realm of NWP models to address uncertainties in the ini-

Floods are the natural disasters that cause the biggest eco-
nomic losses in Europe (WMO 2021). In the European Union,
flood damages amounted to a total cost of approximately
EUR 280 billion in the period 1980-2022, representing 43% of
all meteorological hazards [European Environment Agency
(EEA) 2023]. The historical data show an increasing tendency
in flood damages over Europe, and climate projections indi-
cate an exacerbation of this trend with increasing frequency
and severity of extreme events (EEA 2023; Paprotny et al.
2018; Alfieri et al. 2017; Caretta et al. 2023). In this scenario, tial conditions. EPSs provide equiprobable forecasts at any

flood early warning systems (FEWSs) emerge as one of the given time and location, enabling the quantification and dis-
semination of probabilistic forecasts (Cloke and Pappenberger

2009). In comparison with deterministic models, EPSs have

demonstrated enhanced consistency across consecutive fore-

Denotes content that is immediately available upon publica-  casts and improved precipitation forecasts at longer lead times
tion as open access. (Buizza 2008; Molteni et al. 1996).

The success of EPS in meteorology led to the adoption of
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Roulin and Vannitsem 2005; Diomede et al. 2008; Yang et al.
2020). Hydrological EPSs (HEPSs) propagate the uncertain-
ties in the meteorological forecasts by forcing hydrological
models with the members of a meteorological ensemble. Al-
though this approach is the most common, it only considers the
uncertainty in the initial meteorological condition but does not
include other sources of uncertainty, such as model structure or
model parameterization (Cloke and Pappenberger 2009).

Issuing weather-related warnings, such as those for flooding,
is a delicate decision as it might result in significant costs—
due to either unpreparedness if an event is missed or the mobi-
lization of resources in the case of false alarms. Weather fore-
casting systems often issue a high number of false alarms,
despite the potential risk of eroding trust in the system, known
as the “cry wolf” effect (Bouttier and Marchal 2024; LeClerc
and Joslyn 2015). This latter research showed that an increase
in false alarms diminishes the credibility of the system, leading
end users to disregard precautionary measures. However, they
also demonstrated that incorporating uncertainty estimates in
warning messages can assist users in making informed deci-
sions. Therefore, HEPSs have the potential to enhance both
the skill and trustworthiness of flood warning systems, if par-
ticular attention is given to the balance between false alarms
and missed events.

The major flood events in the Oder River in 1997 and the
Elbe River in 2002 triggered the development of the European
Flood Awareness System (EFAS), a continental-scale FEWS
that has been operational since 2012 as part of the Copernicus
Emergency Management Service of the European Commis-
sion (Bartholmes et al. 2009; Thielen et al. 2009a). EFAS is an
operational system that monitors and forecasts floods in an ex-
tended European domain. Its primary objective is to enable
proactive measures in anticipation of significant flood events.
EFAS is a complementary system to national or regional
counterparts, with a specific focus on transboundary rivers and
medium-range forecasts.

With the release of version 4.0 in October 2020, EFAS has
been generating forecasts twice a day with 6-h resolution
and lead times extending up to 10 days. It couples four me-
teorological inputs of diverse nature—deterministic and
probabilistic—with the distributed, process-based hydrolog-
ical model LISFLOOD-OS (De Roo et al. 2000; Burek et al.
2013). The simulation produces a set of water fluxes and
state variables, from which river discharge is utilized to issue
flood warnings. EFAS employs a threshold exceedance ap-
proach for issuing warnings, where continuous discharge time
series are converted into binary series of exceedance or nonex-
ceedance over a discharge threshold (Ramos et al. 2007; Thielen
et al. 2009a; Bartholmes et al. 2009). These works developed a
warning system based on two criteria: the probability threshold,
which defines when there is sufficient certainty about the occur-
rence of an event in a particular forecast, and the persistence of
that signal across consecutive forecasts.

The criteria applied in EFAS to issue flood warnings have
changed over the past years driven by the experience of the
forecasters and feedback from users. Previous studies have
examined EFAS hydrological performance (Alfieri et al.
2014), its warning skill (Bartholmes et al. 2009; Thielen et al.
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2009b), and the response of end users (Demeritt et al. 2013).
However, the continuous advances in NWP performance
(Bauer et al. 2015), as well as in the resolution and represen-
tation of hydrological processes in EFAS [Joint Research
Centre (JRC) 2020, 2023], require a new evaluation of the
warning criteria to harness the potential of the system.

The objective of this analysis is to assess the skill of a conti-
nental flood forecasting system like EFAS and explore new
warning criteria that can maximize that skill. In particular, the
first goal is to determine the value of combining several
NWPs of different natures in a single system, specifically seek-
ing the appropriate combination method to build a grand en-
semble. The second goal is to optimize the two warning
criteria, analyzing the interplay between them and reconsider-
ing whether the persistence criterion is meaningful in a purely
probabilistic approach. The third and final goal is to analyze
the relationship between warning skill and catchment area to
discern if the newer, higher-resolution models are skillful in
smaller catchments.

To address our research questions, we conducted an analy-
sis of EFASv4 discharge simulations for the period 2020-23.
Section 2 enumerates the dataset used in the analysis. Section 3
explains the two experiments that analyze the skill of individual
NWPs and different combinations of those models, the criteria
optimization process, and the skill metrics we targeted. Section 4
presents first the skill of individual NWP, followed by that of the
combination methods, and ends with an exploration of the rela-
tionship between warning skill and catchment area. Section 5
discusses the importance of the spatiotemporal framework and
target metric in skill assessments, the trade-offs between the
warning criteria, the benefits of combining NWP models, and
the challenges in selecting a combination method.

2. Data

The data used in this analysis are taken from the operational
setup of EFASv4 (JRC 2020). EFAS generates a hydrological
forecast twice a day (0000 and 1200 UTC) forced by the four
meteorological forecasts outlined in Table 1. EFAS integrates
forecasts from probabilistic models (COS and ENS) and deter-
ministic models (DWD and HRES) to issue flood warnings.

The study period spans from the release of EFASv4 in
October 2020 until June 2023. We compare EFAS forecasted
discharge with the EFAS long-term historical simulation, re-
ferred to here as observed discharge. Using the historical
simulation as ground truth addresses challenges posed by
limited hydrological observations (e.g., gaps in the observed
time series and difference in recorded period) and removes
model representation and calibration errors from the analy-
sis (Pappenberger et al. 2015; Cloke et al. 2017).

In contrast to the original EFAS skill assessment (Bartholmes
et al. 2009), this work focuses solely on real gauging stations
rather than all river cells in the model, which limits the spatial
correlation. From the approximately 4000 gauging stations in
the EFAS database, we filtered stations based on two condi-
tions: The contributing area must exceed 500 km?, and the hy-
drological performance in the historical simulation must not fall
below 0.50 in terms of the modified Kling—Gupta efficiency
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TABLE 1. Characteristics of the meteorological forecasts used in EFASv4.

Model Provider Acronym Max lead time (days) No. of ensembles Spatial resolution (km)
COSMO-LEPS COS 5.5 20 ~7
ICON-EU/ICON DWD DWD 7 1 ~6.5-13
HRES ECMWF HRES 10 1 ~9
ENS ECMWF ENS 10 51 ~18

(KGE) (Kling et al. 2012; Gupta et al. 2009; Knoben et al. 2019).
The lower bound on catchment was set due to the relatively
coarse spatial resolution of NWP and EFAS temporal resolution
(6 h), which limits hydrological performance in small catch-
ments. The condition based on hydrological performance en-
sures that the hypothesis of using model simulations as proxies
for observations is valid. Ultimately, 1979 gauging stations were
included in the analysis, accounting for a total of 1683 events. As
explained in section 3d, the optimization of the flood warning
criteria was conducted on a subset of 1239 stations with a con-
tributing area larger than 2000 km? (874 events), while the entire
set was used to analyze the influence of catchment area on warn-
ing skill. Appendix A illustrates the distribution of the selected
stations and the number of observed events.

3. Methods

The skill assessment comprises four steps, as depicted sche-
matically in Fig. 1: 1) transforming both observed and forecasted

discharge time series into corresponding time series of probabil-
ity of exceeding a specific return period (Fig. 1a); 2) building an
exceedance probability matrix that consolidates the overlapping
forecasts, followed by identifying predicted events through the
application of the warning criteria (Fig. 1b); 3) creating the con-
tingency table (Fig. 1c); and 4) evaluating the skill of the sys-
tem across all possible combinations of the warning criteria
(Fig. 1d).

a. Predicting flood events

The warning process starts by converting the continuous
time series of discharge into time series of exceedance or non-
exceedance over a predefined threshold. As forecasts are is-
sued more frequently than the forecast horizon, they overlap.
To manage this overlap, the ensemble forecasts are restruc-
tured into an exceedance probability matrix, aligning each
time step with increasing lead times, as illustrated in Fig. 1b.
Within this matrix, an individual forecast is represented by a
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FIG. 1. Overview of the skill assessment framework. (a) Hydrographs comparing observed and forecasted discharge with the discharge

associated with the 5-yr return period Qs, indicated by gray shading. (b) Matrix of total exceedance probability [white dots identify cells
that meet the warning criteria, whereas black rectangles delineate the location of the forecast hydrograph in (a)], timeline of predicted
events for that specific criteria, and timeline of observed events where hits are highlighted in green and misses in orange. (c) Confusion ma-
trix based on the previous warning criteria. (d) Evaluation of the fscore across all combinations of probability threshold and persistence—the
black square highlights the skill score corresponding to the warning criteria in (b).
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diagonal (black rectangles). The uppermost rows represent
shorter lead times, where the probability of accurate predic-
tion generally increases. For instance, in the example in Fig. 1,
the flood event occurring on 16 July was predicted with 50%
probability 5 days in advance, increasing close to certainty
within 2 days of the event.

The derivation of the binary time series of observed events
is straightforward by applying the threshold to the observed
discharge. Conversely, deriving the binary time series of pre-
dicted events involves applying the warning criteria to the ma-
trix of probability of exceedance. The probability threshold
sets the minimum exceedance probability at which a fore-
casted event is highly certain. Additionally, the persistence
criterion removes false alarms caused by the erratic behavior
of some NWP (Bartholmes et al. 2009). This criterion repli-
cates the behavior of a forecaster, who would wait to send the
warning until consecutive forecasts predict the event. Figure 1b
illustrates the application of these two warning criteria on the
matrix of exceedance probability. For every time step (columns
in the probability matrix), the white dots identify the lead times
that meet the criteria. A flood event is predicted at a particular
time step if any of the lead times meet the criteria.

EFAS CURRENT WARNING CRITERIA

Flood warnings in EFAS are based on discharge, and the
critical threshold is the discharge associated with the 5-yr re-
turn period Qs, computed by fitting a Gumbel distribution to
the annual maxima in the EFASv4 long-term discharge simu-
lation (1990-2022). While alternative alert systems might rely
on disparate variables, such as precipitation (Bouttier and
Marchal 2024) or river stage (Nevo et al. 2022), and employ
different thresholds for defining events, the underlying meth-
odology remains similar.

To issue a flood warning, five criteria must be met. EFAS
warnings are exclusively issued to locations with a minimum
catchment area of 2000 km? and for lead times longer than
48 h. The first limit is based on the inferior hydrological per-
formance in smaller catchments (Alfieri et al. 2014), while the
second limit is a consequence of EFAS addressing early
awareness and serving as a supplemental system to national
or regional services. A warning is issued if at least one deter-
ministic and one probabilistic NWPs predict a probability of
exceeding Qs larger than 30% over three consecutive fore-
casts (hereafter referred to as 3/3 persistence). We denote this
approach of combining the NWP models as 1 deterministic +
1 probabilistic (1D + 1P). As each model is evaluated inde-
pendently, the current procedure does not use a total proba-
bility approach.

b. Assessing warning skill
1) CONTINGENCY TABLE

Assessing the skill of a warning system is a binary classifica-
tion task that compares the time series of predicted and ob-
served events (Fig. 1b). The contingency table (Table 2)
summarizes the four possible outcomes. We consider a hit any
observed event in which at least one time step was correctly
predicted. Then, the number of misses and false alarms is
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TABLE 2. Contingency table in a binary classification. The
term Eps is the sum of observed events, and Epreq is the sum of
predicted events.

Observed
True False
Forecasted True Hit False alarm Eprea
False Miss True negative
Eobs

calculated as the difference between the observed Eps or pre-
dicted Ej,.q events and the hits, respectively:

misses = E - — hits, 1)

false alarms = FE

pred — Dits. 2)

2) SKILL METRICS

Flood events are rare, resulting in a number of true nega-
tives that is orders of magnitude larger than any other term in
the contingency table. To avoid overestimating skill, we must
omit the true negatives in the selection of the target skill met-
ric. Metrics such as the odds ratio and the Hanssen—Kuipers
(HK) score (Hanssen and Kuipers 1965), which include true
negatives, are therefore unsuitable and were excluded.
Instead, we selected three metrics specific for imbalanced
classification.

Recall is the proportion of observed events that are cor-
rectly predicted [Eq. (3)]. Bartholmes et al. (2009) proved
that recall is equal to HK for highly imbalanced classifications.
Precision is the proportion of the predicted events that are
correct [Eq. (4)]. There is a well-known trade-off between re-
call and precision. Strict criteria result in fewer, more certain
warnings, leading to high precision but low recall due to many
missed events. Conversely, relaxed criteria increase the num-
ber of warnings, improving recall at the cost of precision due
to a rise in false alarms. As a compromise, the fg score is a
metric that balances recall and precision [Eq. (5)]. In its most
common version (f = 1), it is the harmonic mean of recall
and precision, granting equal importance to both terms. How-
ever, higher importance can be given to precision (8 < 1),
limiting the amount of false alarms, or to recall (B > 1), re-
ducing the number of misses. In our study, after suggestions
from forecasters analyzing EFAS on a daily basis, we selected
fos as the target skill metric. This metric balances precision
and recall giving a slightly higher value to the former. The
idea behind it is to limit the number of false alarms, which
would jeopardize the trust of the recipients of the warnings.
Recall, precision, and the fg score range from 0 to 1, with 1 be-
ing their optimal value.

As a final validation metric, we used bias, which represents
the proportion between the number of predicted and ob-
served events [Eq. (6)]. Its optimal value is 1, which means
that the number of warnings is equal to the number of ob-
served events, and it ranges from 0 to infinity. All four metrics
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FIG. 2. Weights applied to compute the total probability. Every plot represents a different method, with colors representing NWPs (blue
for probabilistic models and red for deterministic models).

presented here can be plotted in the Roebber diagram (Roebber
2009) (appendix C):

recall = E = L, (3)
E., hits + misses
recision = hits _ hits 4
p E,eq  hits + false alarms’
. recision X recall
fo= (1 + ) 5o n : 5)
B~ X precision + recall
E 1 +
bias = pred _ h1ts. false.alarms _ rec.a.ll ‘ ©)
obs hits + misses precision

c. Combination of NWP

One of the strengths of EFAS is the concurrent use of four
meteorological forecasts, both deterministic and probabilistic.
Using multiple NWPs serves two purposes: to allow national
services to compare their forecasts with the corresponding
EFAS simulations and to leverage the strengths of different
NWPs. In relation to this second purpose, a primary objective
of this study is to develop an effective method for integrating
deterministic and probabilistic forecasts.

In practical terms, EFAS forecasts produce four distinct
probability matrices—one for each NWP—rather than a sin-
gle matrix as depicted in Fig. 1b. The challenge lies in devising
a methodology to combine these four matrices into a total ex-
ceedance probability matrix that enhances the skill of the sys-
tem (Wetterhall et al. 2013). We compare four combination
methods: three approaches for calculating the total exceedance
probability and the method currently used in EFAS (section 3a).
The difference between the three total probability approaches is
the way in which they assign weights to each NWP and time step
(Fig. 2).

The model mean (MM) attributes equal weights to each
model, regardless of whether it is deterministic or probabilis-
tic. The changes in the weight distribution occur when the
maximum lead time of a model is exceeded. In this approach,
the single member of a deterministic model is considered
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significantly more important than any individual member of a
probabilistic model.

Instead, in the member-weighted (MW) combination, every
model run is assigned an equal weight. This approach heavily
relies on the skill of the largest ensemble, which is not neces-
sarily the most skillful. ENS, which has a significantly larger
number of members, prevails over any other NWP.

In the Brier-weighted (BW) combination, weights are based
on the probabilistic skill of the NWPs. The Brier score—a
probabilistic error metric that ranges from 0 to infinity, with 0
being the optimal value—is used as a measure of probabilistic
skill (Brier 1950):

1 &

BS = Ttgi (Pobs,t - Ppred,t)z’ (7)
where BS is the Brier score of a station, 7 is the number of
time steps, Pops, i the observed probability of exceedance
(either 0 or 1), and Ppeq, is the predicted probability of ex-
ceedance. We discovered that the results of the BW approach
are highly sensitive to how Brier scores are converted into
weights. The conversion function must invert BS—as better
models, with smaller BS, should receive higher weight—and
should be exponential to amplify the differences among NWP.
Inverse distance weighting fulfills both conditions [Eq. (8)]. Val-
ues of the exponent p from 1 to 9 were tested, and 7 was found
to be the optimal exponent:

-P
— ?Snwp,lt ) (8)

Sosy

anp‘ll

As shown in Fig. 2, the distribution of weights in BW changes
with lead time. At very short lead times, the deterministic mod-
els demonstrate skill (Fig. B1, in appendix B), accounting for ap-
proximately one-third of the total weight. As lead time
increases, the probabilistic models—particularly ENS—assume
the majority of the weight.

d. Optimizing warning criteria

Issuing a warning involves five criteria: minimum catchment
area, minimum lead time, combination of NWP, probability
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FIG. 3. Evolution of the warning skill across daily lead times and probability threshold for each NWP under a scenario without persis-
tence. Each panel represents a different NWP, with shades of color indicating the spread of model skill over the probability thresholds.
The black line serves as a benchmark, indicating the skill of the current operational criteria.

threshold, and persistence. We analyzed each of these crite-
ria individually to understand its effects and then searched
for the set of criteria that optimizes the system skill.

We have conducted two main experiments to explore the
benefits of combining NWP. The first experiment analyzes
each NWP individually with two objectives: identifying the
strengths and weaknesses of each NWP and understanding
how the warning criteria affect differently probabilistic and
deterministic NWPs. The second experiment compares the
four combinations of NWP explained in section 3c. The aim is
to identify the most appropriate combination method and
compare it against the most skillful NWP to assess whether
the grand ensemble adds value to the system. The setup of
these two experiments is similar and is explained in the fol-
lowing paragraphs.

For the majority of the analyses, we used only stations that
met the current minimum catchment area of 2000 km?. With
this subset of stations, we explored the evolution of skill with
lead time, probability, and persistence. Lead times were
grouped in two ways. First, we grouped them daily to analyze
the evolution of skill with lead time. Second, for the optimiza-
tion of the warning criteria, we defined four lead time ranges:
1) shorter than 2 days, a range not covered by EFAS warn-
ings; 2) 2-5.5 days, when all NWP are available; 3) 5.5-7 days,
when three NWPs are available; and 4) 7-10 days, when only
the ECMWF forecasts are available. We tested probability
threshold values ranging from 5% to 95% and five persistence
values: 1/1 (no persistence), 2/4 (two out of the last four fore-
casts), 2/3, 2/2, and 3/3 (current criterion).

The optimization of the probability threshold and persis-
tence criteria assessed the warning skill for all possible com-
binations of these two criteria, identifying the combination
that maximizes fyg. This process was repeated for the two
experiments—individual NWPs and combinations of NWPs—
and the four lead time ranges. To ensure a robust selection of
criteria, we applied a 10-fold cross validation: 20% of the
stations were randomly left aside as a test set, while the re-
maining 80% were randomly subdivided into 10 folds. We
computed the skill for every combination of nine folds and
then averaged over folds. The optimal warning criteria were
derived from this average-over-fold skill matrix, as shown in
Fig. 1d. Subsequently, the selected criteria were evaluated on
the test set to prevent overfitting.
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Last, we explored the impact of catchment area on warning
skill using the entire set of stations. We calculated the warning
skill for increasing values of the minimum catchment area,
ranging from 500 to 300000 km?, using the previously opti-
mized criteria.

4. Results
a. Analysis of individual NW Ps
1) WARNING SKILL OF INDIVIDUAL NWPs

Figure 3 exhibits the evolution of the warning skill with
lead time and probability threshold for a scenario with no per-
sistence. Color shades represent the probability threshold,
and the black line represents the skill of the current warning
criteria, as a benchmark. The skill of the two deterministic
models (DWD and HRES) is represented as a line because it
is not affected by the probability threshold.

Overall, the probabilistic models show higher skill than the
deterministic ones. Under certain conditions, they also out-
perform the current warning criteria, indicating potential for
enhancing EFAS skill. Deterministic models demonstrate
skill comparable to the current criteria solely for the first-day
forecast. Warning skill degrades with lead time, a trend con-
sistent across all cases, though the rate of degradation varies
with the probability threshold.

Given the degradation of skill with lead time, the selection
of the optimal criteria will prioritize the lead time range from
2 to 5.5 days. This approach allows us to mitigate the substan-
tial uncertainty associated with longer lead times and focus on
the lead times at which the majority of flood warnings are
issued.

2) IMPACTS OF PERSISTENCE ON THE WARNING SKILL
OF INDIVIDUAL NWPs

Figure 4 illustrates the evolution of skill with probability thresh-
old and persistence for a fixed lead time range (2-5.5 days). Blue
lines represent persistence, and the black cross indicates the cur-
rent warning criteria, as benchmark. Only three persistence values
are shown for clarity. The lines representing deterministic models
(DWD and HRES) are horizontal as their skill is not affected by
the probability threshold.



JUNE 2025 CASADO-RODRIGUEZ ET AL. 681
Cos DWD ENS HRES

1.0 T T <+ current

: : — 1

: : — 212

0.8 : : 33

e +
02 04 06 08 02 0.4 06 08 02 0.4 06 08 02 04 06 08
probability probability probability probability

FI1G. 4. Evolution of the warning skill with probability threshold and persistence for each NWP at a fixed lead time range (from 2 to
5.5 days). Each panel corresponds to a different NWP, with lines indicating three persistence values. As a benchmark, the black cross rep-

resents the current criteria.

Three out of four NWPs replicate or exceed the skill of the
current warning criteria at certain combinations of persistence
and probability, while only DWD performs below the bench-
mark. The skill of the probabilistic models shows a trade-off
between probability threshold and persistence, as both crite-
ria aim to reduce false positives. Consequently, stricter persis-
tence requires lower probability thresholds to optimize skill
and vice versa. Nonetheless, the highest skill is consistently
obtained when persistence is removed (1/1). In this scenario,
there is a wide range of probability thresholds (from 40% to
90%) that perform similarly well.

Persistence does have a positive impact on the skill of de-
terministic models. For the most stringent persistence (3/3),
the skill of the deterministic HRES matches the benchmark.

3) OPTIMAL WARNING CRITERIA FOR
INDIVIDUAL NWPs

The outcome of optimizing the warning criteria for individ-
ual NWPs is summarized in Table 3. The results are organized
by lead time ranges; for each range, the table presents the

optimized criteria and the skill metrics for the available
NWPs. As a benchmark, the first row in each lead time range
shows the skill of the current operational criteria. The Roeb-
ber diagram in appendix C summarizes visually these results.

The current EFAS setup (1D + 1P) is negatively biased,
i.e., prioritizes precision over recall. Warnings are issued with
a high level of certainty, leading to a limited number of false
alarms, but many events are missed. The current criteria are
not optimal, as they are consistently outperformed in terms of
fos at all lead times by individual NWPs, suggesting that the
current combination of all NWPs hinders the skill of the best-
performing NWP.

The analysis of the results is similar for any of the four lead
time ranges. The probabilistic NWPs (COS and ENS) outper-
form in terms of f;g both the benchmark and the determinis-
tic counterparts. Even though both probabilistic NWPs show
similar skill at the shortest lead time, ENS stands out as the
best model at medium-range forecasts in terms of fyg. The
skill of HRES, despite being deterministic, is comparable to
the benchmark and even outperforms it at the longest lead
time. Overall, the optimization of individual NWPs was able

TABLE 3. Summary of the optimization of the warning criteria for individual NWP and four lead time ranges. The initial row
serves as a benchmark, indicating the skill of the current warning criteria. In each lead time range, bold fonts highlight the highest

skill for a specific metric.

Lead time Model Probability Persistence Recall Precision Bias fos
2 days 1D + 1P 0.300 3/3 0.522 0.735 0.710 0.634
COS 0.875 11 0.673 0.718 0.937 0.700
DWD — 212 0.585 0.583 1.003 0.583
ENS 0.800 11 0.681 0.711 0.958 0.699
HRES — 2/2 0.580 0.671 0.864 0.632
2-5.5 days 1D + 1P 0.300 3/3 0.413 0.618 0.668 0.518
COS 0.725 11 0.387 0.687 0.560 0.518
DWD — 3/3 0.420 0.522 0.805 0.477
ENS 0.650 11 0.416 0.725 0.574 0.562
HRES — 3/3 0.416 0.612 0.680 0.517
5.5-7 days 1D + 1P 0.300 3/3 0.215 0.612 0.351 0.356
DWD — 2/2 0.291 0.358 0.813 0.328
ENS 0.450 11 0.264 0.605 0.436 0.402
HRES — 2/2 0.273 0.429 0.636 0.351
7-10 days 1D + 1P 0.300 3/3 0.120 0.625 0.192 0.237
ENS 0.175 212 0.287 0.396 0.725 0.345
HRES — 22 0.244 0.336 0.726 0.293
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FIG. 5. Evolution of the warning skill across daily lead times and probability threshold for each combination method under a scenario
without persistence. Each panel represents a different combination of NWP, with shades of color indicating the spread of model skill over
the probability thresholds. The black solid line serves as a benchmark, indicating the skill of the best NWP (ENS with optimized criteria).

to increase the warning skill by up to 6.6% at the shortest and
most accurate lead time range (difference in fyg between the
best-performing model and the benchmark).

The optimization removed the persistence criterion for the
probabilistic NWPs, except for ENS at the longest lead time
range. Its role—removing uncertain events—is now played
solely by the probability threshold. The optimal value of this
probability threshold is very high at short lead times and
decreases with increasing lead time, being larger than the cur-
rent value up to a lead time of 7 days. On the contrary, deter-
ministic models require persistence to enhance their skill,
although there is not a clear pattern between the optimal per-
sistence and lead time.

b. Analysis of combined NWPs
1) WARNING SKILL OF COMBINED NWPS

Figure 5 replicates the analysis of the warning skill previ-
ously done for the individual NWP models, but for the combi-
nation methods. It exhibits the evolution of the warning skill
with lead time and probability threshold for a scenario with-
out persistence. The benchmark is ENS, the NWP that proved
the highest skill.

The results indicate that ENS is responsible for the majority
of the skill in the grand ensembles, since only marginal gains
are possible with specific combinations at certain lead times.
Only two combination methods (MW and BW) are able to
replicate the skill of the benchmark across all lead times.

1 deterministic + 1 probabilistic model mean

Although MM at lead time 1 achieves the highest marginal
gain, this combination method is not suitable as its skill is
poorer than the benchmark from day 2 onward. The current
procedure (1D + 1P) is also suboptimal, even though the deg-
radation with lead time is not as severe as in MM.

2) IMPACTS OF PERSISTENCE ON THE WARNING SKILL
OF COMBINED NWPs

Figure 6 presents the evolution of skill for the combinations
of NWP across probability and persistence at the lead time
range from 2 to 5.5 days. Lines represent different persistence
values, and the black cross indicates the skill of ENS with its
optimal warning criteria.

The results reinforce the idea that the persistence criterion
limits the maximum attainable skill in ensemble systems.
Across all four combinations, the highest skill is reached
when persistence is removed (1/1). In this scenario, all combi-
nations exhibit similar maximum skill. Only MW and BW
marginally surpass the benchmark (ENS). These two combi-
nations show optimal skill within a range of probability
thresholds spanning 40%-70%.

The current criteria show a notable lack of sensitivity to
probability, as indicated by the lightest blue line in the left-
hand panel. Even at the lowest probability threshold, the fy s
score remains at 0.5, unlike the scenario without persistence,
that exhibits a significant decline in performance when the
probability threshold takes very low values.

member weighted brier weighted
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FIG. 6. Evolution of the warning skill with probability threshold and persistence for each combination of NWP at a fixed lead time range
(from 2 to 5.5 days). Each panel represents a different combination of NWP, with lines indicating three persistence values. As a bench-
mark, the black cross represents the skill of ENS with optimized criteria.
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TABLE 4. Summary of the optimization of the warning criteria for the combination methods and four lead time ranges. The initial
row serves as a benchmark, indicating the skill of ENS, the top-performing NWP. In each lead time range, bold fonts highlight the

highest skill for a specific metric.

Lead time Method Probability Persistence Recall Precision Bias fos
2 days ENS 0.800 1/1 0.681 0.711 0.958 0.699
1D + 1P 0.925 1/1 0.662 0.717 0.923 0.694
MM 0.775 1711 0.628 0.838 0.749 0.741
MW 0.750 1/1 0.673 0.718 0.937 0.700
BW 0.950 1/1 0.620 0.829 0.748 0.733
2-5.5 days ENS 0.650 1/1 0.416 0.725 0.574 0.562
1D + 1P 0.600 1/1 0.455 0.643 0.708 0.554
MM 0.700 171 0.424 0.700 0.606 0.559
MW 0.500 1/1 0.455 0.692 0.658 0.574
BW 0.525 1711 0.451 0.700 0.644 0.576
5.5-7 days ENS 0.450 1/1 0.264 0.605 0.436 0.402
1D + 1P 0.425 1/1 0.262 0.599 0.437 0.399
MM 0.500 1/1 0.276 0.412 0.670 0.345
MW 0.425 11 0.271 0.579 0.468 0.401
BW 0.450 171 0.268 0.586 0.457 0.400
7-10 days ENS 0.175 212 0.287 0.396 0.725 0.345
1D + 1P 0.250 11 0.256 0.414 0.618 0.334
MM 0.225 2/2 0.252 0.334 0.754 0.296
MW 0.175 22 0.278 0.402 0.692 0.343
BW 0.300 11 0.255 0.445 0.573 0.345

3) OPTIMAL WARNING CRITERIA FOR COMBINED NWPs

Table 4 summarizes the results of the optimization of the
warning criteria for the combination methods in an identical
way as Table 3 did for the NWP. The results are organized by
lead time ranges; for each range, the table presents the opti-
mized criteria and the skill metrics for the four methods. As a
benchmark, the first row in each lead time range shows the
skill of ENS. A graphical summary of these results can be
seen in appendix C.

The benchmark (ENS) is only outperformed in terms of f; g
by some combinations at lead times shorter than 5.5 days. At
the shortest lead time range, the inclusion of deterministic
NWPs is important as they have notable skill (see Fig. B1).
For this reason, the two combination methods that allocate
higher weight to deterministic models (MM and BW) show
the highest skill. At lead times from 2 to 5.5 days, BW and
MW stand out as the best approaches. They have comparable
skill and similar optimal criteria due to the fact that they give
a similar weight to ENS, as it is both the NWP with the largest
number of members and with the highest skill. It is worth not-
ing that the combination currently used in EFAS (1D + 1P) is
the only approach that never outperforms the benchmark.
Overall, the optimal grand ensemble can achieve an improve-
ment in skill of up to 4.2% compared with ENS (up to 10.7%
compared with the current criteria) at the shortest lead time
range.

The optimized criteria exhibit a pattern closely aligned with
that observed in individual NWPs. For lead times up to 7 days,
the persistence criterion is excluded for all combinations,
substituted by a probability threshold that adopts notably
higher optimal values compared to the current criteria. These
values decrease progressively as lead time increases.
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4) GEOGRAPHICAL DISTRIBUTION OF WARNING SKILL

The maps in Fig. 7 illustrate the skill metrics associated
with the best grand ensemble—BW with no persistence and a
probability threshold of 52.5%—for the lead time range of
2-5.5 days.

A pronounced contrast is evident in the maps, attributable
to the limited number of events in most of the stations, result-
ing in skill metrics primarily yielding values of either 1 or 0. In
terms of fyg, there is a cluster of underperforming points in
central Europe (notably the Alps) and central France. The
decomposition into recall and precision reveals that the pri-
mary contributor to the low fscore is recall, indicating missed
events. Conversely, the precision of warnings remains consis-
tently high, with exceptions observed in the Seine and Arno
rivers. It is noteworthy the skill in all metrics for the Ebro,
Rhine, and Meuse—three rivers that experienced significant
flood events during the study period.

By applying the optimized criteria, EFAS would be able to
predict with at least 2 days of lead time 46% of the events,
and 71% of all the warnings would be correct. For reference,
these figures represent an improvement in both metrics over
the existing criteria, which achieved 41% recall and 62% pre-
cision, respectively.

5) INFLUENCE OF CATCHMENT AREA ON
WARNING SKILL

The preceding sections presented results for a set of stations
with a catchment area of at least 2000 km?, the current limit in
EFAS. To investigate the potential relaxation of this criterion,
Fig. 8 illustrates the evolution of skill depending on the catch-
ment area limit. It compares the skill of the current criteria
with the best grand ensemble—BW with no persistence and a



684

0 0.2

0.4
skill (-)

JOURNAL OF HYDROMETEOROLOGY

0.6

VOLUME 26

recall

.ZT.
.‘/';i

0.8 1.0

FIG. 7. Skill maps for the optimized warning criteria (BW, 52.5% probability and no persistence) for lead times
ranging from 2 to 5.5 days. Each panel represents a metric: the term fjg in the main panel and its components recall
and precision in the smaller panels. The color scale indicates the optimized skill. Gray dots on the main panel denote
stations where the f'score cannot be computed due to hits, misses, and false alarms being null.

probability threshold of 52.5%—in the lead time range of
2-5.5 days.

The skill of the system improves with catchment area; how-
ever, this improvement is not continuous. Recall drops for
areas ranging from 30000 to 70000 km?, leading to a decrease
in fy g. This decline is caused by missed events in the Guadiana,
Seine, Loire, Rhone, and Danube catchments. As already
mentioned in previous sections, there is a notable gap between

f0.8 recall

recall and precision in both the optimized and current warning
criteria, with precision consistently surpassing recall.

The vertical line at 2000 km? illustrates the gain in skill
achieved with the optimization, which is sustained across all
catchment area values. Reducing the catchment area limit re-
sults in minimal loss in f; g, suggesting that this criterion could be
relaxed without compromising skill. For instance, the BW com-
bination at 1000 km? exhibits slightly higher skill (fyg = 0.531)

precision
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F1G. 8. Evolution of warning skill with catchment area limit at lead times ranging from 2 to 5.5 days. The black line represents the skill
of the current warning criteria, and the blue line represents that of the best grand ENS (BW, 52.5% probability and no persistence). The
vertical, dotted line indicates the catchment area limit currently applied in EFAS.
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than the current criteria at 2000 km?® (fog = 0.518). The relaxa-
tion of the catchment area limit impacts the components of the f
score differently. While precision remains unaffected, there is
some deterioration in recall.

5. Discussion
a. Limitations and moving forward

The definition of the spatial and temporal framework is of-
ten a limitation in studies that assess the skill of ensemble
flood forecasting systems (Pappenberger et al. 2008b; Cloke
and Pappenberger 2009). Due to the rarity of flood events,
the statistical robustness of such analysis relies on a limited
and often highly correlated sample of events. To address this
limitation, long-term and continental or global studies are ad-
vocated, such as the one presented here, which spans over a
period of two and a half years and extends over a European
domain. Nevertheless, our study would benefit from a larger
sample of points and flood events. As shown in Fig. 7, there
are many stations for which the skill metrics cannot be calcu-
lated due to null hits, misses, or false alarms. A larger sample
of observed events would reduce the susceptibility of the anal-
ysis to this issue. Two potential solutions emerge: extending
the study period, which is limited by the availability of the
HEPS forecasts, or using an event threshold of higher recur-
rence. We decided to work with a sample of stations, instead
of all the river cells (Bartholmes et al. 2009), to limit the spa-
tial correlation of events.

In the optimization of the warning criteria, we set a catch-
ment area limit of 2000 km?, a threshold inherited from previ-
ous EFAS setups with lower spatial and temporal resolution.
The results of this study demonstrate that the current resolu-
tion of both NWP and hydrological models can produce com-
parably skillful warnings at smaller catchments (Fig. 8), which
can significantly increase the number of stations and flood
events analyzed (Fig. A2). In line with this, the new EFASvS
(JRC 2023) released in September 2023 increased spatial res-
olution from 5 km to 1 arc min, which is expected to further
improve the skill of the system in smaller catchments. The
skill of this new EFAS version will be analyzed as soon as a
long enough period or reforecasts are available.

The selection of the target metric is a critical aspect in any
skill analysis. Bartholmes et al. (2009) reviewed the desired
characteristics of a skill score and selected odds ratio, HK
score, and bias as their target metrics. In contrast, we selected
the fg score, a metric commonly used in machine learning, but
rarely applied in hydrology. The fg score has two interesting
properties for analyzing a flood warning system. First, it is
based on the contingency table but avoids using true nega-
tives, which could overestimate skill. Second, it allows for tai-
loring the warning criteria to the specific use case, as the B
parameter can be adjusted to penalize differently misses or
false alarms. For instance, Bouttier and Marchal (2024) used
the f, score to optimize the probability threshold for high-
intensity precipitation warnings in France. The B value of
2 penalizes four times more missed events than false alarms,
under the assumption that the cost of being hit by an extreme
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event unprepared is larger than the cost of mobilizing resour-
ces in a false alarm. In our study, we took the opposite ap-
proach and decided to minimize the number of false alarms
by using a B value of 0.8. This decision was based on the fact
that EFAS complements the national or regional systems by
issuing medium-range flood warnings. The aim is to alert au-
thorities, not the general public, only when there is substantial
evidence that the event will occur, to avoid excessive warnings
that could undermine their trust in the system. Additionally,
the event threshold (5-yr return period) corresponds to a re-
currence time shorter than the flood protection levels in many
European regions, so we assume that missing minor events
will not be as costly as Bouttier and Marchal (2024) argue. In
a preliminary analysis, we tested B values of 0.8, 1, and 1.25
and found that the changes in the fscore were minimal (in the
order of 3%), and in none of the cases, persistence was needed.
However, the selection of B affects the optimal probability
threshold and the resulting bias, i.e., the distribution of errors
between misses and false alarms. Such decision should be taken
in collaboration with the end users to tailor the warnings to
their specific needs (Lavers et al. 2020; Dasgupta et al. 2025).

b. Addressing study objectives

One of the objectives of this study was to evaluate the skill
of the different NWPs within EFAS, with a specific focus on
comparing deterministic and probabilistic models. Figure B1
demonstrates that probabilistic NWPs outperform determinis-
tic models in terms of Brier skill score across all lead times.
Only at short lead times do deterministic NWPs reach similar
levels of skill. The outcome is similar when applying the warning
criteria and measuring warning skill in terms of fyg (Table 3).
At their optimal warning criteria, the probabilistic NWPs, par-
ticularly ENS, outperform deterministic NWPs. The skill of
both types of NWP degrades with increasing lead time, casting
doubt on their ability to issue flood alerts more than 7 days in
advance. The effects of the probability threshold and persistence
criteria differ depending on the nature of the NWP. The proba-
bility threshold has a substantial effect on the skill of probabilis-
tic models, while it does not impact deterministic models. Both
COS and ENS perform better at probability thresholds over
50%, with a wide range of similarly performing values. On the
contrary, persistence proves to be beneficial in improving the
warning skill of deterministic NWPs, but it limits the skill of
probabilistic models. Persistence, also known as poor man’s en-
semble, is a method of creating an ensemble out of a deterministic
forecast (Cloke and Pappenberger 2009). For instance, a persis-
tence of 3/3 is an ensemble of three members with a probability
threshold of 100%. Our results show that while persistence re-
moves the inherent erratic behavior of deterministic models and
notably improves their skill, it should not be applied to HEPS.

Another objective of this study was to determine the appro-
priate method to combine several NWP models into a grand
ensemble. Careful consideration is necessary in selecting this
method to avoid diminishing the skill of the most proficient
NWP within the grand ensemble. For instance, the current
EFAS warning criteria limit the skill of the system to that of
the highest-performing deterministic model (HRES). This
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limitation is caused by a combination method that excessively
relies on deterministic forecasts, as well as the use of persis-
tence. The challenge lies in finding a combination that enhan-
ces the skill of the best-performing NWP, which in the case of
EFAS is ENS.

Our findings demonstrate that ENS is a very strong base-
line, with only a few combination methods yielding gains to
its skill. These findings contrast slightly with Pappenberger
et al. (2008a), who showed for a specific flood event in Roma-
nia in 2007 that grand ensembles can detect extreme events
that a single EPS could entirely miss. This different outcome
might be attributed to the broader range of EPS they used
compared to EFAS, where COS and ENS are not fully inde-
pendent. In our study case, the effectiveness of the grand en-
semble is limited to the first 5 days of lead time. Overall, the
most promising approaches are the member-based (MW) and
skill-based (BW) methods. Both methods have similar opti-
mal warning criteria (no persistence and a probability thresh-
old close to 50%), and their success is based on granting most
of the weight to ENS. However, the reason why they allocate
this weight to ENS differs. In the case of MW, it is coinciden-
tal that the most skillful model also possesses the largest num-
ber of members. On the contrary, BW grants greater value to
ENS because it proved to be a superior model. If a more skill-
ful model with fewer members were to be added to the grand
ensemble, BW would be able to extract that skill, while MW
would not. Therefore, we argue that skill-based combination
methods are preferable.

The last objective was to assess whether the catchment size
limit could be relaxed. Although the skill of the system de-
grades with decreasing catchment size, the optimal warning
criteria enable comparable skill to the current setup at smaller
catchments.

c. Toward operationalization

The decision on the most appropriate combination method
cannot be based solely on skill metrics but also consider other
factors such as the operational implementation effort, user
comprehensibility, or the impact of adding or removing an
NWP. Skill-based approaches, such as BW, are theoretically
superior as they allocate weights based on quality rather than
quantity. They are also the most robust when it comes to add-
ing or removing NWPs. However, they are more challenging
to implement and to explain to end users. To derive the ma-
trix of weights (Fig. 2), a skill-based approach requires an ex-
tensive period of reforecasts upfront, posing a substantial
computational burden on system implementation. Addition-
ally, practitioners using the forecasts would require additional
training to understand that the ensemble members are not
equiprobable, which would be more intuitive.

There remains a question on the use of deterministic mod-
els in a grand ensemble dominated by a probabilistic NWP.
When using a member-based combination, such as MW, de-
terministic models could be removed from the grand ensem-
ble, as the weight allocated to them is so small that their
inclusion barely affects the total probability. Skill-based ap-
proaches, instead, allocate larger weights to these models in

Brought to you by Swedish Meteorological & Hydrological Institute | Unauthenticated | Downloaded 06/18/25 07:15 AM UTC

JOURNAL OF HYDROMETEOROLOGY

VOLUME 26

the very first lead times, when they have proven skill given
their often-higher resolution. The inclusion of deterministic
models is a topic for future analysis, as the spatial resolution
of deterministic and probabilistic NWPs is nowadays similar,
and centers such as ECMWF plan to discontinue their deter-
ministic models in favor of the ensembles.

6. Conclusions

This study describes a procedure to optimize warning thresh-
olds in HEPS. We investigated the ability of deterministic and
probabilistic NWP models in providing correct flood warnings,
and we explored the effects of the warning criteria, namely,
probability threshold and persistence. The final objective of
the study is to device a method to combine several NWPs into
a grand ensemble that outperforms the most proficient, indi-
vidual NWP. Our study case is the European Flood Aware-
ness System (EFASv4), a medium-range continental flood
warning system.

The individual analysis of the NWPs demonstrated that
probabilistic models, particularly ENS, provide better flood
warnings than deterministic models, even for short lead times,
where the latter show some skill. We discovered that the per-
sistence criterion is useful to increase the skill of deterministic
models, as it creates a pseudoensemble, but is counterproduc-
tive in the case of probabilistic NWPs. The criterion that max-
imizes ensemble skill is the probability threshold, whose
optimum shows a certain degree of uncertainty, but always
exceeds a value of 50%.

By default, the combination of several NWP into a grand
ensemble does not improve the overall skill of the flood warn-
ing system. As an example, the current EFAS warning crite-
ria, which uses four meteorological forecasts, is outperformed
by only using one NWP (ENS) with the adequate criteria.
Two of the approaches tested in this work yielded gains in
skill compared with the baseline in medium and short lead
times. One of these approaches (member weighted) assumes
equiprobability among all the model runs, and the other one
(Brier weighted) assigns weights to each NWP based on their
probabilistic skill. In our study case, these two approaches
yielded similar results because the most proficient NWP is
also the one with the largest number of members. Despite
that, we argue that the skill-based approach is conceptually
more appropriate, gives significance to the inclusion of deter-
ministic NWP in the grand ensemble, and would perform bet-
ter if the set of NWPs would change. However, other study
cases may consider other factors such as implementation costs
or explainability in the selection of the combination method.

Finally, we explored the effects of catchment area in the
warning skill, with the idea of relaxing the current minimum
catchment area limit. The results indicate that skill deterio-
rates with decreasing catchment area, as other studies report,
but the improvements in meteorological and hydrological
models over the last decade allow for a reduction in the mini-
mum catchment area. We have proven that, with the optimal
criteria, we can halve the catchment size limit, thereby ex-
panding coverage across Europe, and achieving performance
comparable to the current system setup. We expect that the
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skill at smaller catchments will be positively affected by the
release of EFASVS with a higher spatial resolution.

The results of this study have been integrated into EFAS
version 5.2, available since 13 August 2024 (JRC 2024). This
version includes new total probability products calculated us-
ing the Brier-weighted method and a streamlined warning sys-
tem with a 50% probability threshold for catchments over
1000 km? and lead times up to 7 days.
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APPENDIX A

Analysis of Observed Events

Figure Al depicts the spatial distribution of the stations
used in the optimization of the warning criteria, where col-
ors represent the amount of observed flood events.

The optimization of the warning criteria is based on 1239
stations and 874 observed events. Throughout the study pe-
riod, 61% of the stations did not exceed the 5-yr return pe-
riod, which means that hits and misses cannot exist, and the
only term in the contingency table can be false alarms.

- I
0 1 2 3 4 5 6

no. events (-)

FIG. Al. Geographical distribution of the stations used for opti-
mizing the warning criteria and number of observed flood events
during the study period.
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FIG. A2. Number of stations (blue) and observed events (red)
by catchment area threshold. The vertical, dotted line repre-

sents a catchment area of 2000 km?, the current limit in the
EFAS warnings.

Consequently, the f score for these stations can be either 0
or null.

The imposition of a minimum contributing area of 2000 km?
places a constraint on the number of stations available for opti-
mization, consequently affecting the count of observed events.
In the final phase of our analysis, we assessed the implications
of this criterion by expanding our consideration to stations with
a minimum area of 500 km?. Figure A2 represents the rela-
tionship between an increasing catchment area threshold and
the corresponding number of stations and observed events.
By excluding the points with contributing area smaller than
2000 km?, we discarded 37% of the stations and 48% of the
events. The objective of this decision was to use the current
warning criteria as a benchmark.

APPENDIX B

Probabilistic Skill of Individual NWPs

In the initial assessment of NWP skill, we calculated the
Brier score for each NWP at 12-h lead times. The Brier
score, as an error metric, yields values that can be challeng-
ing to interpret, given the dependence of error magnitude
on the specific variable—particularly in the context of rare
events like floods, where the magnitude is inherently low.
Instead, we employ the Brier skill score (BSS) to gauge the
relative skill of a model in comparison with a reference.
Models outperforming the reference receive a positive BSS,
while those underperforming register a negative BSS. For
the reference, we opted for a dummy model that never pre-
dicts an event (Ppreq = 0) (Legg and Mylne 2004).

Figure B1 demonstrates that probabilistic models exhibit
greater skill than deterministic ones. Only within very short
lead times (0-1 days) do deterministic models approximate
the skill of probabilistic models. This is particularly signifi-
cant for EFAS warnings, as warnings are issued only at
lead times longer than 2 days (indicated by the leftmost
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F1G. B1. BSS of the four NWPs used in EFAS at 12-h lead times.
The reference (BSS = 0) is a model that never predicts an event.
Blue lines represent probabilistic models, and red lines represent
deterministic ones.

dotted line). As lead time increases, there is a degradation
in skill. This decline impacts ENS to a lesser extent than the
other models. Both deterministic models display poor skill at
their forecast horizon.

APPENDIX C

Roebber Diagram: A Visual Summary of the Results

The Roebber diagram in Fig. C1 offers an alternative per-
spective on the results of the optimization of the warning cri-
teria. Roebber diagrams condense four skill metrics into a
single plot, with an ideal model positioned at the top-right
corner (Roebber 2009). Figure C1 shows simultaneously the
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FiG. Cl1. Roebber diagram of the optimized criteria at the lead
time range from 2 to 5.5 days. Four skill metrics are represented:
precision and recall in the x and y axes, bias by the dashed lines,
and the fy g by the solid lines. Triangles illustrate individual NWP,
and circles illustrate the combination of NWP. For reference, the
skill of the current warning criteria is shown as a black cross.
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skill of the current warning criteria, the optimization of indi-
vidual NWP (Table 3), and the optimization of combination
methods (Table 4) for the lead time range of 2-5.5 days.

All NWP models and the current criteria exhibit negative
bias, indicating that EFAS underpredicts the occurrence of flood
events. In the case of the optimizations carried out in this analy-
sis, the selection of the fyg score as the target metric in the opti-
mization forces this bias, as it prioritizes precision over recall. It
is remarkable that the improved f;s of the probabilistic models
is a result of higher precision, while recall values remain similar
across all NWPs and the current criteria.
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