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ABSTRACT: Forecasting heavy precipitation events (HPEs) in the Mediterranean is crucial but challenging due to the
complexity of the processes involved. In this context, artificial intelligence methods have recently proven to be competitive
with state-of-the-art numerical weather prediction (NWP). This work focuses on improving the prediction of the occur-
rence of HPEs over periods from 1 to 24 h using neural network (NN) models. The proposed method uses both ground sta-
tion observations and data from Météo France’s AROME and ARPEGE NWP models, on two regions with oceanic and
Mediterranean climates for the period 2016–18. The verification metric is the Peirce skill score. Results show that the NN
model using only observations or NWP data performs better for shorter and longer rainfall accumulation periods, respec-
tively. In contrast, a hybrid method combining both observations and NWP data offers the best performance and remains
stable with the rainfall accumulation period. The hybrid method also improves the performance in predicting increasingly
intense rainfall, from the 5% to the 0.1% rarest events. The choice of the loss function is found to be an important aspect
of this work, where only balanced loss functions provide results insensitive to rare event frequency. Finally, the hybrid
method is particularly well suited for the prediction of HPEs in the Mediterranean climate, especially during the fall sea-
son, the period during which most HPEs occur.

SIGNIFICANCE STATEMENT: Heavy precipitation events can be deadly, particularly in the Mediterranean, and
are difficult to predict. Traditionally, numerical weather prediction models have been used for forecasting such events
but have shown limitations. This study explores the use of artificial intelligence methods to forecast the occurrence of
heavy precipitation, using numerical weather prediction and observational data. The combination of both types of data,
the so-called hybrid method, offers the best results and is stable with the time period and intensity of precipitation
events. The hybrid method is found to be particularly well suited in the Mediterranean climate, especially during the
fall season, the period during which most heavy precipitation events occur.

KEYWORDS: Mediterranean Sea; Extreme events; Numerical weather prediction/forecasting;
Probabilistic Quantitative Precipitation Forecasting (PQPF); Classification; Deep learning

1. Introduction

The Mediterranean is characterized by hot, dry summers
and mild, wet winters. It presents significant meteorological
variability due to interactions between tropical and polar air
masses, together with a complex topography characterized by
high mountain ranges. These peculiarities can lead to extreme
weather events such as intense rainfall and storms. Heavy pre-
cipitation events (HPEs) in particular are a cause of major
concern as they can generate flash floods that significantly im-
pact the economy and society and often result in human fatali-
ties. The list of catastrophic cases is long, from historic floods
caused by an Aiguat in Catalonia in 1940 (Pardé 1941) to cy-
clone Daniel that brought heavy rainfall in Greece and Libya
(Flaounas et al. 2025) or the more recent flooding in the Valencia
region of Spain (Mandement and Kreitz 2025). As the Mediter-
ranean is densely populated, understanding and forecasting the

meteorological dynamics of these events is crucial, even more so
with a changing climate (IPCC 2023).

Knowledge about the processes responsible for the occur-
rence of HPEs in the Mediterranean has improved over the
years, especially with the HyMeX research program con-
ducted between 2010 and 2020 (Ducrocq et al. 2014). After
summer, the warm Mediterranean fills the lower atmosphere
with moisture and heat. The air near the sea surface becomes
conditionally unstable, i.e., it will ascend vertically if triggered
by a lifting mechanism. The most common mechanism is lift-
ing by orography: If a flow of moist and conditionally unstable
air faces a mountain range, the air may start to ascend and
trigger a thunderstorm. This scenario is common in the Medi-
terranean, as it is surrounded by steep orography, e.g., the
Pyrenees between Spain and France, the Atlas Mountains
throughout Morocco, Algeria, and Tunisia, the Taurus Moun-
tains in Turkey, the Alps, as well as mountainous islands like
Corsica or Crete. This broad orography in proximity to a
warm Mediterranean is an important ingredient in the forma-
tion of rainfall.

Moreover, the triggering of HPEs is partly determined by
the synoptic-scale context that guides the moist airflow toward
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the orography. For instance, Nuissier et al. (2011) and Ricard
et al. (2012) showed the synoptic environment before and dur-
ing HPEs in the FrenchMediterranean: a midtropospheric trough
deepening over the Bay of Biscay, whose orientation and intensity
influence the orientation of moisture fluxes, and thus the location
of HPEs. This is due to the influence of upper-tropospheric insta-
bilities on surface disturbances, as shown by previous studies
in the Mediterranean (Argence et al. 2006, 2009). Depending
on the synoptic-scale context, the moisture origin of HPEs can
differ as well as the quantity of precipitation. Duffourg and
Ducrocq (2011) further showed that both local and remote
sources of moisture can feed HPEs in cyclonic conditions,
with moisture coming from the Atlantic Ocean or tropical
Africa, and the added moisture greatly influences the rainfall
intensity.

Although the necessary conditions to trigger HPEs in the
Mediterranean are well known, challenges persist in fully un-
derstanding their location, intensity, and duration. Bresson et al.
(2009) studied different lifting effects and their impact on the
precise time and location of convective rainfall. Although oro-
graphic lifting is the main mechanism, vertical updraft can also
be triggered by low-level convergence and cold pools}cold air
formed during a thunderstorm by rain evaporation}and the lo-
cation of the events can vary depending on the lifting mecha-
nism. The authors also emphasized that the location depends
on several features, such as the speed and instability of the
upstream flow. The duration and stationarity of HPEs are other
important aspects: the longer the event lasts, the more precipita-
tion might accumulate at a specific location. Ducrocq et al.
(2008) studied three cases of stationary HPEs and demonstrated
that stationarity depends on the ability of atmospheric and topo-
graphic features, through blocking and convergence processes,
to focus moist and unstable flow over a specific location for an
extended period.

Forecasting HPEs traditionally relies on numerical weather
prediction (NWP) models. These models simulate the evolu-
tion of the atmosphere by solving the equations of fluid me-
chanics and thermodynamics. The initial state is formed by
gathering multiple observations from several sources, such as
weather stations, radiosondes, precipitation radars, and satellites,
through a data assimilation process to determine the complete
state of the atmosphere. NWP models fall into two types: global
NWP models that simulate atmospheric circulation over the
entire Earth, with horizontal resolution of about 10 km or
more, depending on the model, and local NWP models that sim-
ulate the weather in smaller, country-sized areas, with horizontal
resolution down to about 1 km. At such resolution, the represen-
tation of the atmosphere becomes fine enough to solve deep
convection without using parameterization schemes and al-
lows better representation of orography. In general, high-
resolution NWP models have been a great advance for HPE
forecasts in the Mediterranean, along with improved parame-
terization schemes and data assimilation (see Khodayar et al.
2021, for a review of outcomes of the HyMeX program).

However, despite these advances for HPEs in the Mediter-
ranean, NWP models still face limitations in predicting their
precise characteristics. A first source of uncertainties arises from
the initial conditions, as the observations are sparse, especially

over the sea, and can contain flaws. The uncertainties can then
be propagated during simulations (Scheffknecht et al. 2016).
Moreover, even if NWP model resolution has increased over
time, small-scale processes such as turbulence cannot be ex-
plicitly resolved. In addition, other small-scale processes, such
as air–sea interaction or cloud microphysics (Hally et al. 2014),
are not yet well represented in NWP model physics. Finally,
even though available computational capacity has increased over
the years, the computational cost increases exponentially with
the resolution of NWP models (Bauer et al. 2015), such that the
use of higher resolutions remains a technological challenge.

Recently, the development of artificial intelligence (AI) has
had a major impact on the world of science. Among AI ap-
proaches, machine learning and deep learning are research
fields that focus on developing statistical algorithms that are
capable of learning a specific task from data without explicit
instructions to perform that task (Murphy 2022). In particular,
neural networks (NNs) are highly flexible learning algorithms
that have proven to be successful on a wide variety of tasks
(Goodfellow et al. 2016). As NNs are a very active field of re-
search, new architectures and paradigms continue to emerge,
yet even more classical models, such as convolutional and re-
current networks, are particularly well suited for learning
complex spatiotemporal patterns from data. The use of these
algorithms in science has grown alongside the increasing
availability of data across many areas of research. As weather
data have been extensively collected in the past, it is not sur-
prising that AI techniques have been increasingly applied to
weather forecasts and that many data-driven meteorological
models for weather forecasting have been developed in the
last few years (Reichstein et al. 2019; Schultz et al. 2021). The
performance of these approaches has risen rapidly, even in a
task as challenging as medium-range global weather forecasts,
where several high-performing models based on cutting-edge
NN architectures, such as vision transformers (Bi et al. 2023;
Pathak et al. 2022) and graph NNs (Lam et al. 2023), have dem-
onstrated skill comparable to that of operational NWP models,
at least for some variables and metrics (Ben Bouallègue et al.
2024).

Among the earliest approaches exploring the use of deep
learning for rainfall prediction, many focused on nowcasting,
that is, the forecasting of weather evolution in the very short
term, typically up to 6 h in the future. Most of these approaches
use only observational data as input, especially radar data (e.g.,
Shi et al. 2015; Agrawal et al. 2019; Ayzel et al. 2020). By com-
bining convolutional and recurrent NNs for images and time
series of observed radar echoes, respectively, these studies
outperform NWP forecasts and classical time extrapolation
methods, especially for very short lead times of less than 1 h.
However, for longer lead times and for increasingly intense
rainfall, the model performance drops significantly. Alterna-
tively, a dense network of weather stations can also be used
as a reliable data source for rainfall prediction (Wang et al.
2017). For instance, Pirone et al. (2023) proposed a method
to forecast the precipitation rate up to 3 h at a given station
by using a fully connected NN with present and past observa-
tions from the same station as well as neighboring stations as
input. This method performs well for the forecast of light to
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moderate rain but faces a drop in performance with increas-
ing lead times and for heavy rainfall coming from convective
motions. As weather stations also record meteorological varia-
bles other than precipitation, similar approaches that consider
neighboring stations to leverage spatiotemporal dependencies
have been used to predict temperature or wind speed from ob-
served fields (e.g., Baïle and Muzy 2023; Baggio and Muzy
2024). Some studies combine different sources of observa-
tional data. For instance, the latest developments of the Google
DeepMind MetNet model, MetNet-2 (Espeholt et al. 2022) and
MetNet-3 (Andrychowicz et al. 2023), take as input observa-
tional data from radar and weather stations as well as satellite
and data assimilation products from a high-resolution NWP
model. The prediction of precipitation issued by MetNet-3 dras-
tically outperforms the NWP model for short lead times up to
about 6 h, but this performance gap progressively reduces for
longer lead times. Moreover, the model performance tends to
be lower for higher precipitation intensities.

As NNs are highly effective at learning complex nonlinear
relationships and can integrate diverse types of data, they are
natural candidates for the postprocessing of NWP forecasts.
Such forecasts are known to suffer from systematic biases and
errors, particularly for variables near the surface (Haiden et al.
2015). To address these issues, operational centers make use of
postprocessing methods to improve weather forecasts. Recently,
machine learning (ML) methods have been increasingly incor-
porated into postprocessing methods, and in particular, NNs
have been proven particularly effective (Vannitsem et al. 2021).
With respect to more traditional postprocessing methods, such
as model output statistics (MOS), which rely on relatively simple
forms of regression, NNs can leverage heterogeneous data sour-
ces and extract more complex patterns, making them a very
promising tool for postprocessing. For example, Rasp and Lerch
(2018) compare several postprocessing techniques on global en-
semble forecasts to predict 2-m temperature at weather stations
in Germany, using several forecasted fields. They found that the
NN postprocessing provides the best results for most stations. In
Schulz and Lerch (2022), the authors make a systematic compar-
ison between several postprocessing methods for wind gusts and
find that the methods based on NNs are the most performing
overall. Other studies have showed that using NNs for NWP
model postprocessing is relevant for precipitation forecasting.
For instance, Frnda et al. (2022) and Liu et al. (2023) improved
global forecasts up to a lead time of 3 days, showing better re-
sults than with other postprocessing methods and reducing the
loss of predictability with the lead time of the NWP.

As discussed above, NNs which leverage observational data
for rainfall predictions perform well for short lead times, but
the prediction performance drops rapidly when considering
longer forecast horizons. Rather than fully replacing NWP mod-
els with deep learning, an alternative approach, motivated by
the success of NNs for postprocessing NWPs, is to integrate
NWP outputs into the NN input alongside observations. Such
an approach is defined here as a hybrid. Among the few stud-
ies that have applied this approach, Espeholt et al. (2022) used
MetNet-2 for rainfall prediction for lead times up to 12 h. Us-
ing only observations or postprocessing performs well at either
short or long lead times only. In contrast, a hybrid approach

using both observed and NWP data gives the best perfor-
mance for all lead times.

This work contributes to the prediction of HPEs by intro-
ducing such a hybrid approach. Specifically, the proposed
model forecasts rainfall threshold exceedance as a binary clas-
sification outcome, capturing events of varying severity across
different rainfall accumulation periods. The proposed hybrid
approach leverages both observational data and NWP outputs
to produce stable forecasts with lead times of up to 24 h. The
focus is on HPEs, which both NWP and data-driven models
struggle to forecast. In the case of data-driven models, the chal-
lenge for HPEs is to learn to forecast events that are, by defini-
tion, rarely represented in the training dataset. To address this
imbalance, several studies have proposed using weighted loss
functions, functions that compare model predictions with ob-
served outcomes during training, to give more importance to
underrepresented events (Shi et al. 2017; Leinonen et al. 2022;
Liu et al. 2023). In this paper, a custom loss function based on
the Peirce skill score (PSS), an equitable evaluation metric, is
presented and compared with the binary cross-entropy loss
function and its weighted variant.

This article is organized as follows. Section 2 presents the
data used for this work, the performed forecasting tasks, and
their related NN models. The results are presented in section 3,
and the conclusions of this work are provided in section 4.

2. Data and methods

a. MeteoNet

This study uses data from MeteoNet (Larvor et al. 2020),
an open-source dataset provided by Météo France. This data-
set includes many different types of weather data, both observa-
tions and NWP forecasts, that are available over two regions of
France and over the 2016–18 three-year period. In this study,
observation data from ground weather stations and NWP
model forecasts are used. Figure 1 shows the extent of NWP
data and the locations of the ground stations. The two avail-
able regions are northwest France, with 93 stations, and
southeast France, with 159 stations. The number of ground sta-
tions has been reduced in this study, compared to the original
dataset, due to the removal of missing values and meteorological
fields. The northwest and southeast regions are here referred to
as the “oceanic” region and “Mediterranean,” respectively,
in accordance with the Köppen climate classification (Beck
et al. 2018). Figure 1 highlights the difference between the two
regions in terms of orography, with the Mediterranean featur-
ing high mountain ranges. Due to differences in climate and
orography, the two regions are considered separately in the re-
mainder of this document. Within each region, however, the
weather stations are subject to similar meteorological condi-
tions and are therefore treated consistently in the analysis, for
example, when selecting the thresholds used to define extreme
events.

Observed meteorological fields at ground stations are pro-
vided with a time step of 6 min. The available NWP data include
deterministic forecasts from two different Météo France opera-
tional models, ARPEGE (Courtier et al. 1991) and AROME
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(Seity et al. 2011). ARPEGE is a global model, with a horizontal
resolution of 0.18 (10 km). At this resolution, deep convection is
not explicitly solved and is therefore parameterized. AROME is
a regional model that forecasts weather over France with a
higher spatial resolution of 0.0258 (2.5 km), which implies that
AROME is a convection-permitting model. The data available
in MeteoNet come from the operational model versions from
2016 to 2018 and are provided over the oceanic and Mediterra-
nean regions, as portrayed in Fig. 1. Operational model versions
are typically updated every year, but the relatively short period
of 3 years ensures a sufficiently homogeneous configuration, in
particular a stable resolution during that period. For each day,
and up to 24 h ahead, only the forecast from the initialization at
0000 UTC of both models is provided. Near-surface fields from
AROME are given with a time step of 1 h. ARPEGE forecasts
are provided on seven vertical levels, with the same extent as
the surface fields, with a time step of 1 h between 0000 and
1200 UTC and 3 h between 1200 and 2400 UTC. To simplify
the data preprocessing, this three-dimensional ARPEGE data
are selected with a constant time step of 3 h. In this study, all
meteorological fields available for these three types of data
are used, that is, ground station observation data, surface fore-
cast fields from AROME, and three-dimensional forecast data
from ARPEGE. The summary of the data used in this study
is presented in Table 1.

b. Forecasting task

The forecasting task in this study is defined as follows: At
each ground station, the objective is to determine whether the
accumulated precipitation between t and t 1 Dt [hereafter
referred to as RDt(t)] will be lower or greater than a given
rainfall threshold QDt. The studied values of Dt, defined as the
accumulation window size (hereafter referred to as the win-
dow size), are 1, 2, 3, 6, 12, and 24 h. The QDt values depend
on Dt and the region and are presented in section 2c. As this

task amounts to forecasting two classes of rain}below or above
QDt} let us define Yt1Dt as the corresponding rainfall class such
that

Yt1Dt 5 0 if RDt(t) , QDt

Yt1Dt 5 1 if RDt(t) $ QDt

:

{
(1)

A machine learning approach for a classification task predicts
the probability pt1Dt that Yt1Dt 5 1. A critical probability PC

must then be considered, such that, with Ŷ t1Dt, the predicted
rain class:

Ŷ t1Dt 5 0 if pt1Dt , PC

Ŷ t1Dt 5 1 if pt1Dt $ PC

:
⎧⎪⎪⎪⎨⎪⎪⎪⎩ (2)

As explained in Jolliffe and Stephenson (2003) and Wilks
(2019), an optimal value P?

C can be selected for PC to maxi-
mize the score used to evaluate prediction quality (further de-
tails are provided in section 2e).

The prediction uses X which represents the NN model in-
puts. All data shown in Table 1 are used as inputs: Station in-
puts are defined as the observations at the given station from
t 2 Dt to t, with a time step of 6 min, and AROME and
ARPEGE inputs are defined as the predictions of each NWP
model with 10 3 10 grid points around the given station from
t to t 1 Dt, the former with a time step of 1 h, the latter with
a time step of 3 h. The learning target}i.e., the data on which
the NN model learns}is calculated using the accumulated
rainfall between t and t 1 Dt observed at the ground station.
More details regarding data management for training are
given in section 2d, and the choice of the value of QDt is dis-
cussed in section 2c.

Figure 2 summarizes the forecasting task for different NN
model initialization times tj during a given day. Index j5 1, … , n
runs over the number of tasks per day, which is n5 24/Dt

FIG. 1. Geographical extent of the MeteoNet database, with ground station localization (orange:
northwest; red: southeast) and topography in shades of color.

AR T I F I C I AL I N TELL IGENCE FOR THE EARTH SY S TEMS VOLUME 54

Unauthenticated | Downloaded 04/20/26 08:32 AM UTC



for Dt $ 3 h and n 5 8 for Dt , 3 h to match the ARPEGE
time step of 3 h and avoid overlapping experiments. For the
NN model initialization time tj, RDt(tj) (green arrows) is pre-
dicted using either station data observed between tj 2 Dt and
tj (blue arrows), NWP model data predicted between tj and
tj 1 Dt (dashed red arrows), or both. Depending on the accu-
mulation window size Dt value (hereafter referred to as the
window size), given that MeteoNet provides NWP forecast
data only from the 0000 UTC initialization run (top red ar-
row), the NN model may use NWP data with a greater or
lesser temporal distance from the NWP model initialization.

This fact should be kept in mind when discussing the ob-
tained results.

It is important to note that the number of experiments
varies depending on the value of Dt, as Dt also represents, for
Dt $ 3 h, the temporal distance between two NN model initi-
alizations. One can estimate the number of experiments Nexp

such that Nexp 5 n 3 (365 3 2 1 364) 3 Nstation, with Nstation

the number of weather stations considered, 365 3 2 1 364
representing the number of days during the three studied
years (2016 being a leap year). Hence, as the proportion of ex-
periments being discarded due to missing values is around

TABLE 1. Summary of the data used in this study.

Source Spatial and temporal resolutions Meteorological fields

Station observations Spatial resolution: pointwise Time resolution: 6 min Wind direction (8)
Wind speed (m s21)
Precipitation (mm)
Humidity (%)
Dewpoint (K)
Temperature (K)
Mean sea level pressure (Pa)

NWP AROME Spatial resolution: 0.0258 Time resolution: 1 h 2-m temperature (K)
2-m dewpoint (K)
2-m relative humidity (%)
10-m wind speed (m s21)
10-m wind direction (8)
10-m u and y wind components (m s21)
Mean sea level pressure (Pa)
Total precipitation since initialization (mm)

NWP ARPEGE isobar levels Spatial resolution: 0.18 with seven isobar levels
(1000, 950, 925, 850, 700, 600, and 500 hPa)
Time resolution: 3 h

Temperature (K)
Wet-bulb potential temperature (K)
Relative humidity (%)
Wind speed (m s21)
Wind direction (8)
u and y wind components (m s21)
Vertical velocity (Pa s21)
Geopotential (m2 s22)

NWP ARPEGE height levels Spatial resolution: 0.18 with seven vertical levels
(20, 100, 500, 875, 1375, 2000, and 3000 m)
Time resolution: 3 h

Pressure (Pa)

FIG. 2. Diagram of forecasting tasks during a day depending on the value of Dt. At each tj, a prediction is made by
the NN model. Blue arrows represent the time period of the observed data used for the NN model prediction. Dashed
red arrows represent the time period of the NWP models predictions data used for the NN model prediction. The red
arrow represents the time period of NWP models predictions from their initialization. Green arrows represent the
time period of Dt.
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10% for each experiment, in the Mediterranean, the num-
ber of experiments with Dt 5 24 h and Dt 5 3 h is, respec-
tively, Nexp ’ 150 000 and Nexp ’ 1 200 000. Hereafter, index
i 5 1, … , Nexp will be used to address the experiments, and
pi will denote the value pt1Dt of the model at index i.

c. Rainfall threshold values

For each region and each Dt, if RDt(t) represents the cumu-
lative precipitation observed at some weather station between
t and t1 Dt, the “climatological distribution” allows one to de-
fine the probability that RDt is above or below a given thresh-
old z. For instance, the so-called complementary cumulative
distribution function (CCDF) of the climatology can be de-
fined as the probability of exceedance of a given rainfall value:

PDt(z) 5 Probability[RDt $ z]

5
Number of events{RDt(t) $ z}

Nexp
: (3)

Figure 3a summarizes the differences between the two regions
by illustrating the climatology CCDF for Dt 5 24 h. This fig-
ure highlights the fact that low to moderate rain is more likely
to occur in the oceanic region, while heavier rainfall is more
frequent in the Mediterranean. Note that the value at z , 1021

directly indicates the probability of observing a rainy day. This
result can also be seen in Fig. 3b that shows the number of rainy

days (number of days for which the recorded daily precipitation
accumulation was above 0 mm) for each month by region: One
is more likely to observe rain in the oceanic region than in the
Mediterranean. However, even though more rainy days are
found in the oceanic region, Fig. 3c reveals that the monthly
accumulated rainfall is generally higher in the Mediterranean.
This is particularly true during fall (especially October and
November) which is when most HPEs occur in the Mediter-
ranean (Ricard et al. 2012).

Reference thresholds QDt for each region can be defined
simply from PDt(z) as the values of z associated with a given
set of probability levels s. These are the so-called “quantiles.”
By definition, QL, the quantile of level L, is the value z such
that

PDt(z) 5 swith s 5 1 2
L
100

: (4)

For example, the 95th quantile, Q95, is associated with s 5 0.05
and is such that PDt(Q95) 5 0.05. Note that the smaller the
value of s (i.e., the larger L), the rarer and more severe the con-
sidered events become.

Table 2 summarizes the values of the 95th, 99th, 99.5th, and
99.9th quantiles of the climatology for each region and Dt.
These quantiles, which correspond to increasingly intense
events, serve as the thresholds QDt used throughout this study
to classify cumulative precipitation events into class 0 or 1

FIG. 3. (a) CCDF of the climatology for Dt 5 24 h. (b) Boxplot of the number of rainy days by month and region. (c) Boxplot of monthly
cumulated rainfall by month and region. In blue: oceanic region; in green: Mediterranean.

TABLE 2. Values of quantiles for each region and each Dt. Values are in millimeters.

Q95 Q99 Q99.5 Q99.9

Dt (h) Oceanic Mediterranean Oceanic Mediterranean Oceanic Mediterranean Oceanic Mediterranean

1 0.4 0.4 1.8 2.6 2.8 4.0 5.5 9.1
2 0.8 0.8 3.4 5.0 4.9 7.6 9.2 15.7
3 1.4 1.4 4.8 7.2 6.8 10.8 12.3 21.3
6 2.8 3.3 8.4 13.1 11.2 18.6 18.7 34.7
12 5.6 7.2 13.5 22.3 17.4 30.4 27.8 55.4
24 10.3 14.1 20.2 35.8 24.8 48.5 38.2 89.6
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[i.e., Y 5 0 or Y 5 1, as defined in Eq. (1)]. By definition, the
relative frequency of the class 1 event (Y 5 1) is s; namely, it
will be s 5 0.05 when considering QDt 5 Q95, s 5 0.01 for
QDt 5 Q99, and so on.

Therefore, the classification task is performed for a highly
unbalanced dataset, and the approach to this issue is discussed
in sections 2e and 2f.

d. Neural network to handle hybrid data

Figure 4 illustrates the NN architecture used in this study
and highlights how the different data sources are integrated
by the NN model during training. This study uses the Python
libraries TensorFlow (Abadi et al. 2015) and Keras (Chollet
et al. 2015) to build the NNs. This architecture answers one of
the following prediction tasks, withM denoting the NN model
output:

pt1Dt 5 M(XStation
t,t2Dt )

pt1Dt 5 M(XAROME
t,t1Dt )

pt1Dt 5 M(XARPEGE
t,t1Dt )

pt1Dt 5 M(XHybrid
t2Dt,t1Dt)

,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
(5)

with XStation
t,t2Dt representing the seven recorded meteorological

fields at the station during the past Dt hours, XAROME
t,t1Dt repre-

senting the eight weather fields forecasted by AROME on
10 3 10 grid points around the ground station during the next
Dt hours, XARPEGE

t,t1Dt representing the nine fields forecasted by

ARPEGE on 10 3 10 grid points around the ground sta-
tion with seven vertical levels during the next Dt hours, and
XHybrid

t2Dt,t1Dt 5 {XStation
t,t2Dt , XAROME

t,t1Dt , XARPEGE
t,t1Dt }, which is defined as

the hybrid dataset.
Given the time steps of respectively 6 min, 1 h, and 3 h,

XStation
t,t2Dt has shape (103 Dt, 7), XAROME

t,t1Dt has shape (Dt, 10, 10, 8)
(AROME forecasts at time t being excluded during data pre-
processing), and XARPEGE

t,t1Dt has shape (Dt/31 1, 10, 10, 7, 9) for
Dt$ 3 h and (1, 10, 10, 7, 9) for Dt, 3 h.

Long short-term memory (LSTM) NNs are used to extract
the temporal information from the feature data. AROME
and ARPEGE data, which consist of 2D and 3D representa-
tions of atmospheric variables, respectively, are first processed
by convolutional blocks (Conv2D and Conv3D blocks), which
are displayed in Fig. 5, to extract spatial information before
being passed to an LSTM. In alignment with the assigned fore-
casting task, the output layer is a densely connected NN}as
defined by TensorFlow}with a Sigmoid activation function,
whose output pt1Dt represents the probability of class 1 occur-
rence. A series of experiments is conducted in which each type
of input data (Station, AROME, and ARPEGE) is considered
and analyzed separately. Additionally, the combination of each
input data in a hybrid dataset is considered, in which case the
respective NN structures of each dataset are concatenated to-
gether. Finally, ground station spatial and temporal information
data (latitude, longitude, and height of the ground station as
well as hour of the day and day of the year) are concatenated
with each structure before passing through a dense block which
is displayed in Fig. 5. Hereafter, the NN model trained with

FIG. 4. NN architecture. The top branch represents how data from ground stations are processed. The middle branch shows the process-
ing of the surface fields predicted by AROME, while the bottom branch shows how the three-dimensional field data predicted by
ARPEGE are handled. Green arrows indicate temporal processing of data; red arrows represent spatial processing of data. When multiple
data sources are used together, the outputs of the individual branches are concatenated and passed through a densely connected NN. The
output of this NN architecture is the probability p of occurrence of class 1.
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either the Station, AROME, ARPEGE, or Hybrid dataset
will be called, respectively, NN-Station, NN-AROME, NN-
ARPEGE, and NN-Hybrid.

Data are randomly split into training, validation, and test
datasets, with respective ratios of 80%, 15%, and 5%, ensuring
that separate days are used when building the three datasets
to avoid biases in the predictions. Note that another split was
tested by separating full months between datasets and gave
similar results. However, given the low quantity of data, the
split per day was preferred. All models were trained on CPUs,
which was sufficient given the number of parameters to be op-
timized and the amount of data. The main training hyperpara-
meters used in this study are displayed in Table 3. Note that
no hyperparameter tuning has been performed for this work.

e. Evaluation scores

In this study, as the main benchmark is the raw AROME
deterministic forecast, predictions are treated as deterministic.
This means that model evaluation is based directly on binary
outcomes Ŷ i corresponding to model outputs pi by means of
Eq. (2), rather than on the values of pi themselves. These scores
are derived from the components of the confusion matrix,
which is a 2 3 2 table comparing predicted outcomes Ŷ i and
actual outcomes Yi using four key components: true positives
(TP), false positives (FP), false negatives (FN), and true
negatives (TN). Considering this, the problem of evaluating
binary forecast–observation pairs (Ŷ i, Yi) is inherently a three-
dimensional problem. When using a scalar score for forecast
evaluation, some information is inevitably lost in the process.
Since the classification task considered here concerns the predic-
tion of rare events, this study argues that forecast performance

should be evaluated using an equitable skill score. Indeed, fol-
lowing Gandin and Murphy (1992), equitable metrics not only
give equal value to random and constant forecasts but also give
greater weight to correct forecasts of rare events, which discour-
ages artificial bias toward the more common event. Taking this
into consideration, this study uses the Peirce skill score (Peirce
1884) (also called true skill statistic or Hanssen–Kuipers discrimi-
nant) to evaluate HPE prediction. This score is the only equita-
ble metric for binary classification which strictly follows the
equitability criteria introduced in Gandin and Murphy (1992)
and is independent of the class relative frequency s and thus
particularly suitable to evaluate predictions of rare events
(Woodcock 1976; Rodwell 2011; Ebert and Milne 2022). PSS
is positively oriented, and its possible values range from 21 to 1,
where 0 indicates no skill and 1 indicates perfect skill. It is de-
fined as the difference between the hit rate H5 TP/(TP1 FN)
and the false alarm rate F 5 FP/(TN1 FP):

PSS 5 H 2 F 5 TP/(TP 1 FN) 2 FP/(TN 1 FP): (6)

The hit rate H, also known as recall, is often used together
with precision, defined as Precision5 TP/(TP1 FP) to evalu-
ate classification performance on unbalanced datasets. Both
precision and recall values range from 0 to 1, where 0 indi-
cates no skill and 1 indicates perfect skill. Precision measures
the likelihood that a predicted class 1 event is actually ob-
served, while recall quantifies the probability that an observed
class 1 event was correctly forecast. The comparison between
these two metrics illustrates the trade-off between correctly
identifying events and minimizing missed detections.

For completeness, results for two additional metrics are
considered, the critical success index (CSI), which is also fre-
quently used in cases of class imbalance, and the Heidke skill
score (Jolliffe and Stephenson 2003; Wilks 2019). The defini-
tion of these scores, along with the corresponding model re-
sults, is reported in appendix B.

The scores presented here and displayed in section 3 are calcu-
lated on both the validation and test datasets. As no hyperpara-
meter tuning has been performed in this study, the performance

FIG. 5. Description of Conv2D, Conv3D, and dense blocks with their associated hyperparameters.

TABLE 3. NN model hyperparameter.

Parameter Value

Optimizer Adam
Learning rate 0.001
Batch size 512
Epoch 512
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on both datasets is expected to be similar, as confirmed by the
results.

f. Loss function

The choice of the loss function is a crucial aspect of the
learning process. The loss function guides the NN by compar-
ing its predictions with the ground truth, and the focus of the
NN training depends on the loss function. This study focuses
on classification prediction; therefore, the loss functions used
are classification losses. A similar approach can be followed
through regression losses but shows lower performance, as
discussed by Baggio et al. (2025). In this study, a comparison
of three different loss functions is performed. The first one,
the binary cross entropy (BCE), is the standard loss function
used for binary classification tasks, and it is defined as

BCE 52
1
N
∑
N

i51
Yi log(pi) 1 (1 2 Yi)log(1 2 pi), (7)

where Yi is the ground truth, pi is the predicted probability at
prediction task index i, and N is the number of events in the
considered sample for metric computation.

As this study focuses on rare events, two loss functions that
explicitly account for the unbalanced dataset are also tested.
These are the weighted BCE (w-BCE) and the Peirce loss
(PL). The w-BCE is a variant of BCE in which weights w1 and
w0 are introduced to handle the class imbalance:

w-BCE 52
1
N
∑
N

i51
w1Yi log(pi) 1 w0(1 2 Yi)log(1 2 pi): (8)

The value of wi is determined by the frequency of the corre-
sponding classes, that is w1 5 1/s and w0 5 1/(12 s), s being
the mean observed rate of the HPEs.The PL is a custom loss
function which is directly derived from the PSS score [(6)]:

PL 5 ∑
N

i51
pi

1 2 Yi

∑
N

j51
(1 2 Yj)

2 pi
Yi

∑
N

j51
Yj

: (9)

Indeed, by expressing the components of the confusion matrix
in terms of forecasts Ŷ i and observations Yi, H, and F are
given by

H 5

∑
N

i
Ŷ iYi

∑
N

j
Yj

F 5

∑
N

i
Ŷ i(1 2 Yi)

∑
N

j
(1 2 Yj)

, (10)

and then Eq. (9) is obtained by setting Ŷ i ’ pi. It should be
noted that when using a class-balanced loss function, more
weight is assigned to the underrepresented class 1, leading to
an expected increase in FPs and a decrease in FNs. This effect
is not considered to be problematic, as the societal cost of
overforecasting HPEs is considered significantly lower than
that of underforecasting such events.

A discussion of the relationship between the “true prob-
ability” qi that Yi 5 1 occurs and pi, the output of the NN
model, according to the optimized loss, can be found in
appendix A.

3. Results

a. The benefits of the hybrid dataset

The relative performance, in terms of PSS, obtained using
NN-Station, NN-AROME, NN-ARPEGE, as well as the NN-
Hybrid model is illustrated in Fig. 6. Results based on alterna-
tive scores are presented in appendix B. The loss function
chosen here is the PL, and further comparisons between loss
functions are discussed in section 3b. Performance obtained us-
ing a benchmark forecast, given by raw AROME predictions, is
also shown. This benchmark is computed by taking the AROME
grid point closest to the station and calculating the accumulated
rainfall forecast over Dt. Persistence is also displayed as a natural
benchmark for rainfall forecasts.

Figure 6a displays the PSS for the 95% quantile threshold
exceedance relative to the window size Dt. The benchmark
(dashed gray line) shows increasing PSS with Dt, with PSS val-
ues between 0.4 and 0.5 for Dt 5 1 h to PSS values around 0.6
for Dt5 24 h. This means that the benchmark performs better
at predicting rainfall threshold exceedance over a longer win-
dow size than over a shorter one. For NN-AROME (dashed
red line), the behavior is similar to that of the benchmark in
the sense that performance improves for longer Dt, and it is
significantly better overall: e.g., for Dt 5 24 h, PSS 5 0.8 in-
stead of PSS 5 0.6 for the benchmark. NN-ARPEGE (dotted
green line) shows PSS comparable to NN-AROME, although
it performs better for Dt # 3 h, thus providing a more stable
performance with Dt overall. In contrast, the NN-Station model
(solid blue line) better predicts rainfall threshold exceedance
for short Dt than for longer ones. It shows a rapid decrease
in PSS with Dt, with PSS values higher than 0.6 for Dt # 6 h}
then outperforming the benchmark over this range of Dt
values}and decreasing below 0.6 thereafter. Persistence
performance portrays a similar behavior to NN-Station with
significantly lower values, which makes NN-Station appear
to be an improved persistence forecast. The NN-Hybrid model
(dotted black line) offers the best overall performance, with
the highest PSS values and the most stability with Dt. Indeed,
PSS values for short Dt are similar to values for longer Dt, al-
though a slight decrease can be seen for Dt 5 24 h. This em-
phasizes the complementarity of observed and predicted data.
Finally, except with NN-Station and for high values of Dt, the
value dispersion between the PSS computed on the validation
and test datasets (shading) is overall low, which highlights the
relevance of using both datasets for calculating scores.

Figure 6b shows the sensitivity of NN models and bench-
mark predictions to the time of day at which predictions are
made for Dt 5 3 h. When examining the predictions of NN
models, the time of day represents their initialization time.
However, for the benchmark, it represents the valid time. The
benchmark depicts a PSS slightly sensitive to the time of day,
with a PSS increase between 0000 and 0300 UTC, followed by
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a slow decrease between 0300 and 1800 UTC. Though a simi-
lar trend can be seen for NN-AROME, PSS values are much
higher overall, as seen in Fig. 6a. NN-ARPEGE provides a
slightly decreasing PSS with the time of day, although slower
than NN-AROME and with a slight increase for the time of day
greater than 15 h. NN-ARPEGE outperforms NN-AROME
after 6 h. On the other hand, apart from a few variations, NN-
Station shows low sensitivity to the time of day. The differences
in PSS sensitivity with the time of day between NN-Station, NN-
AROME, and NN-ARPEGE can be explained by the fact that
NN-Station uses observed information that is continuously
updated, whereas NN-AROME and NN-ARPEGE use data
derived solely from the NWPs initialization at 0000 UTC.
NN-Hybrid again delivers the best PSS performance. A slight
sensitivity to the time of day is observed, with a slowly de-
creasing PSS followed by an increase at 2100 UTC. This data-
set improves the NN model’s performance in PSS overall and
mitigates the time of day sensitivity. Results for CSI and Heidke
skill score (HSS), which are displayed in appendix B, exhibit
similar patterns to those discussed here, thus confirming the re-
sults for PSS.

b. About the choice of the loss function

This subsection discusses how the use of the three loss func-
tions previously defined in section 2f}namely, BCE, w-BCE,
and PL}affects the obtained results. In particular, the choice
of the loss function significantly impacts the probability distri-
bution of the issued probabilistic forecasts, and therefore per-
formance once the critical probability PC is fixed. Results are
shown in Fig. 7 for Dt 5 3 h and the 95th percentile as the
rainfall threshold.

The empirical distribution of HPE outcome probabilities pi
obtained according to the three losses is displayed in Fig. 7a.
The BCE (purple bars) produces most predicted probabilities
in the range between 0 and 0.1, with few exceeding 0.1. This
implies that, with the “natural” choice PC 5 0.5, most pre-
dicted events would not exceed the rainfall threshold. The w-
BCE (pink bars) leads to a more homogeneous distribution of
predicted probabilities, thus allowing to predict many more
threshold exceedances to be predicted when setting the same
threshold PC 5 0.5. Finally, the PL (yellow bars) results in a
distribution which is more binary, where the large majority of
predicted probabilities are either between 0 and 0.1 or be-
tween 0.9 and 1, with no predicted probabilities in between.
The consequence of such a binary behavior is that the pre-
dicted class would be the same for a large range of PC, which
frees up the choice of the critical probability. The differences
in behavior between the three loss functions are further illus-
trated in Fig. 7b, which displays TP, FP, and FN values for
PC 5 0.5. As previously mentioned, with the BCE, most pre-
dicted probabilities remain below PC, resulting in a predom-
inance of TN (not shown) and FN (red bars), while FP
(orange bars) is extremely rare. When using the w-BCE or
PL, TP (green bars) increases, meaning that rain events are
correctly identified more frequently. However, this also
leads to a significant rise in FP. This outcome is expected, as
assigning greater importance to the underrepresented class
implies that misclassifying a positive event as negative is con-
sidered far more costly than the reverse, which aligns with the
objectives of this study.

Figures 7c and 7d offer a more in-depth view on each loss
function’s behavior. In particular, Fig. 7c shows the sensitivity

FIG. 6. PSS performance of the NN model trained on different types of input data from the Mediterranean, for the
5% rarest rainfall events (95th quantile) prediction, with the PL as the loss function and PC 5 0.5. (a) Sensitivity to
the window size Dt. The shading represents the dispersion between the PSS computed on the validation and test data-
sets. (b) Sensitivity to the time of the day, with Dt 5 3 h, at which NN models make their predictions. In solid blue:
NN-Station. In dashed red: NN-AROME. In dashed green: NN-ARPEGE. In dotted black: NN-Hybrid. In dotted
and dashed gray: benchmark. In dotted and dashed purple: persistence.
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of the PSS to PC for each loss function, while Fig. 7d shows
the associated precision–recall curve. As shown by the purple
line in Fig. 7c, the BCE is highly sensitive to the choice of PC,
and the PSS drops rapidly with increasing PC values. A peak
in PSS is observed for P?

C 5 s5 0:05, which corresponds to
the relative frequency s of the class 1 event (Y 5 1). This
value corresponds to the theoretical value which optimizes
PSS as shown by Mason (1979). Most BCE values are then lo-
cated at high precision and low recall (purple symbols in
Fig. 7d). When using the w-BCE (pink line in Fig. 7c), PSS
reaches its maximum around P?

C ’ 0:5 and is more stable over
a wide range of PC (between 0.2 and 0.8). This observation is

explained by simple arguments in appendix A. Most corre-
sponding values in Fig. 7d are found for high recall and low
precision. Finally, when using the PL (orange line in Fig. 7c),
the PSS performance is almost constant for all values of PC,
with the exception of extreme values close to 0 or 1. This sta-
bility is reflected in the precision–recall curve (Fig. 7d), where
a cluster of values is located at high recall and low precision.

In summary, as illustrated by the empirical results in Fig. 7
and explained in appendix a, both balanced loss functions
(w-BCE and PL) provide a greater stability with PC, making
the standard choice of PC 5 0.5 appropriate for PSS evalua-
tion. The BCE shows sensitivity to the choice of the threshold

FIG. 7. Impact of loss function and critical probability on learning performance for the NN-Hybrid trained on the
Mediterranean, for a window size of 3 h, with the 95th quantile as the rainfall threshold. (a) Predicted probabilities
density by loss function. (b) TP, FP, and FN values in percentage by loss function. In green: TPs; in orange: FPs; in
red: FNs. (c) Critical probability impact on the PSS for each loss function. (d) Precision–recall curve for each loss
function. In purple: BCE; in pink: w-BCE; in orange: PL.
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probability PC and requires careful tuning of PC to match the
PSS and recall performances of the two balanced loss functions.

c. NN-Hybrid performance for HPEs prediction

Figure 8 summarizes the performance of NN-Hybrid on
PSS compared with the benchmark for increasingly intense
rainfall events and different loss functions, namely, the BCE
(Fig. 8a), the w-BCE (Fig. 8b), and PL (Fig. 8c).

For all rainfall thresholds, the benchmark (in dashed lines)
displays results that are consistent with what was discussed
previously in section 3a and showcased in Fig. 6a, namely, bet-
ter performance for longer Dt than shorter ones. However,
performance decreases with increasing rainfall thresholds
(from purple to pink, orange, and yellow). In other words, the
more intense and rare the event being predicted, the more
the benchmark struggles to correctly predict its occurrence.
Figure 8a shows that, when using the BCE with PC set equal
to the event’s probability frequency s, the PSS performance of
NN-Hybrid (solid lines) is significantly better than the bench-
mark, reaching PSS values close to 0.8, with minimal sensitiv-
ity to rainfall thresholds. Figures 8b and 8c show similar
results when using a balanced loss function with a standard
choice of PC 5 0.5. First, with both the w-BCE and the PL, all
NN-Hybrid predictions are reaching PSS values above 0.7,
outperforming the benchmark for all Dt and rainfall threshold
values. Moreover, the PSS performance of NN-Hybrid with
both balanced loss functions is stable with increasing rainfall
threshold.

Summing up, the results reported in Fig. 8 show that the
NN-Hybrid model is suitable for the prediction of HPEs for
all the considered quantiles. Indeed, all three methods dem-
onstrated stable performance as the rainfall threshold increases,
which means that NN-Hybrid can predict the occurrence of the
rarest 5% of HPEs as effectively as the 0.1%. These results also
confirm that the performance is comparable across the three

tested loss functions, provided that PC has been chosen in a rel-
evant manner. It is important to note that the result variability
between validation and test datasets (indicated by shading)
can be significant (e.g., Fig. 8b with Dt 5 12 h and the 99.5th
quantile) but is overall low, especially when using the PL as
a loss function.

d. Difference in predictability between regions and
case studies

Figure 9 highlights the PSS performance of the NN-Hybrid
model by region and month of the year, using the 95th quan-
tile as the rainfall threshold, PC 5 0.5, and the PL as a loss
function. Figure 9a first shows the sensitivity to Dt for the oce-
anic region (in blue) and the Mediterranean region (in green).
These results reveal consistently better performance in the
Mediterranean, for all Dt, for both NN-Hybrid and bench-
mark predictions. Moreover, Fig. 9b provides further detail by
comparing monthly PSS performance across the two regions.
While benchmark performance is stable with seasons for the two
regions, a drop in PSS performance for NN-Hybrid predictions is
seen during the summer in the Mediterranean, with better per-
formance during fall and winter. In the oceanic region, however,
no clear seasonal cycle is observed. This can be explained by the
dry summers of the Mediterranean climate, where few days of
rain are observed, while the oceanic climate is prone to more fre-
quent rainy days as shown in Fig. 3b. It is noteworthy that the
PSS performance in the Mediterranean peaks during the autumn
season, which is when most HPEs occur in this region. Further
analyses were performed to test a model on a region while
trained on the other, but results showed poor performance. This
suggests that the models learn specific meteorological patterns
related to each region.

Examples of HPE predictions are shown in Fig. 10 for both
the oceanic and Mediterranean regions to illustrate the NN-
Hybrid forecast in comparison to the raw AROME forecast.

FIG. 8. Results for predicting increasingly intense rainfall events with NN-Hybrid trained on the Mediterranean hybrid dataset, with
(a) the BCE, (b) the w-BCE, and (c) the PL as the loss function. For (a), PC 5 0.05, PC 5 0.01, PC 5 0.005, and PC 5 0.001, respectively,
for the 95th, 99th, 99.5th, and 99.9th quantiles. For (b) and (c), PC 5 0.5. From coldest to warmest color: 95th quantile, 99th quantile,
99.5th quantile, and 99.9th quantile. Solid line: NN-Hybrid predictions. Dashed and dotted line: benchmark predictions. The shading rep-
resents the dispersion between the PSS computed on the validation and test datasets.
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The Mediterranean example (Figs. 10a,b) is an event with
southeasterly moist airflow originating from the Mediterra-
nean and impinging on the Massif Central’s orography, leading
to intense convection and thunderstorms. The maximum accu-
mulated precipitation observed between 1200 and 2400 UTC
reaches 167.1 mm at ground stations and 340 mm over the
sea as measured by radars. The oceanic example (Figs. 10c,d)
is associated with a surface low pressure system over Ger-
many, which induced a southwesterly flow from the Atlantic.
The maximum cumulated precipitation observed between 0000
and 1200 UTC reaches comparatively lower values of 51.9 mm
from ground stations and 100 mm over the sea from radars. The
forecast improvement of NN-Hybrid (Figs. 10b,d) compared to
AROME (Figs. 10a,c) can be seen for both events. At a sig-
nificant number of stations, AROME fails to predict rainfall
threshold exceedance, as shown by many FN (red points) ob-
served in locations where precipitation was intense. On the
other hand, NN-Hybrid successfully forecasts rainfall threshold
exceedance, and TPs (green) are observed where AROME fails,
whereas no FN is present. However, as expected, the number of
FPs (orange) increases with NN-Hybrid. TNs (white) are gener-
ally well predicted by both AROME and NN-Hybrid, with
AROME performing slightly better, as expected.

Thus, the case studies illustrate the improvement provided
by NN-Hybrid in both climates for reducing missed detections
of actual and potentially high-impact events, albeit at the cost
of more frequent false alarms.

4. Conclusions

Heavy precipitation events (HPEs) in the Mediterranean can
cause significant damage and casualties; therefore, it is necessary
to anticipate their occurrence. However, despite considerable

improvement in the past decades, numerical weather predic-
tion (NWP) models still face challenges in forecasting Medi-
terranean HPEs (Khodayar et al. 2021). This study proposes
an approach to improve precipitation forecasting with neural
networks (NNs) using data from both NWPs and station ob-
servations. It focuses on exceedance of high rainfall thresholds
at specific locations for time windows from 1 to 24 h. The
Peirce skill score is used for forecast verification, as it is an eq-
uitable metric suited for rare event predictions.

Results show that NN forecast using data from the global
ARPEGE and regional AROME NWP models considerably
improve precipitation forecasts compared to raw AROME
NWP. When using only observed data, the NN offers similar
performance but only for short time windows. This is consis-
tent with the literature, as most studies which leverage only
observed data face a rapid decline in performance with in-
creasing lead times (e.g., Andrychowicz et al. 2023).

The hybrid dataset}NN-Hybrid, which combines observed
and NWP data}offers the best performance overall. By combin-
ing the best of both types of data, a clear stability with the time
window is found. An additional benefit of NN-Hybrid is that
rainfall threshold exceedance is predicted equally well across
high thresholds ranging from the 95th to the 99.9th quantiles,
for each region and each time window. Results also show statisti-
cally better performance in the Mediterranean climate compared
to the oceanic climate, with peak performance during fall and
winter, the seasons during which most Mediterranean HPEs oc-
cur (Ricard et al. 2012). The approach of this study is similar to
MetNet2 Hybrid from Espeholt et al. (2022), where the authors
present a certain stability with increasing rainfall threshold for
short lead times, although their performance drops at the highest
rainfall threshold and lead times greater than 1 h.

FIG. 9. Regional and seasonal impacts on the PSS performance. (a) Sensitivity to Dt and (b) sensitivity to the month
of the year, for the oceanic (blue) and Mediterranean (green) regions, and NN-Hybrid (solid lines) and benchmark
predictions (dashed lines). In both panels, PC 5 0.5, and the rainfall threshold is the 95th quantile, with the PL as the
loss function.
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These results depend on the informed choice of the loss
function and the associated critical probability PC, which
is guided by the trade-off between missing as few HPEs as pos-
sible and avoiding overpredicting the occurrence of HPEs.
Three loss functions are compared: the classical binary cross
entropy and both the balanced weighted binary cross entropy
and the Peirce loss introduced here. The two balanced loss
functions portray a binary behavior; thus, results are stable
with regard to the choice of PC. On the other hand, the bi-
nary cross entropy outputs predicted probabilities close to
the actual frequencies of the events to be predicted, which re-
quires careful selection of PC. By adjusting the value of PC

to the corresponding probability of the event (e.g., PC 5 0.5
for the 95th quantile), similar results are obtained with the

binary cross entropy as with the two balanced loss functions
with a standard choice of PC 5 0.5. Applying this configura-
tion across the three loss functions leads to a considerable de-
crease in the false negative rate at the cost of an increased
false positive rate. Given the severity of HPEs, this trade-off
is considered acceptable and aligns with the scope of this
study.

It is important to acknowledge the limitations of this study.
First, the developed NN models only provide forecasts for dif-
ferent rainfall accumulation window sizes, but the sensitivity to
delays from NNmodel initialization is not investigated. Further-
more, the available NWP is always initialized at 0000 UTC,
which influences lead time sensitivity. A more detailed study
is needed to assess whether the stability of NN models (in

FIG. 10. Example case studies of rainfall threshold exceedance forecast: 12-h cumulated precipitation prediction from (a),(c) AROME
and (b),(d) NN-Hybrid at (a),(b) 1200 to 2400 UTC 4 Nov 2017 in the Mediterranean and (c),(d) 0000 to 1200 UTC 29 May 2016 in the
oceanic region. White, green, orange, and red dots represent TN, TP, FP, and FN, respectively, with the 99.9th quantile as the rainfall
threshold for the Mediterranean event and Q95th quantile for the oceanic one, the w-BCE as the loss function, and PC 5 0.5. The color
shading represents 12-h cumulated precipitation observed by radar, and gray contours represent altitude.
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particular NN-Hybrid) is still valid with delays from initiali-
zation to better match the framework used in operational
forecasts and in other studies (Espeholt et al. 2022).

Additionally, the period covered by the database (2016–18)
is relatively short, as is the number of HPEs to learn from. A
longer database would allow for learning and validation on
more extreme cases, which also are the most destructive. How-
ever, NWP data are nonhomogeneous due to regular improve-
ments in NWP models, and high-resolution NWP models such
as AROME typically cover only one or two decades. Using re-
forecast data would allow us to alleviate the former limitation
by offering homogeneous data over a long period and an
up-to-date model version (e.g., Doiteau et al. 2024). More-
over, this study focuses exclusively on deterministic fore-
casts, while a probabilistic approach could also be highly
relevant for predicting Mediterranean HPEs (Grazzini et al.
2024). Exploring such probabilistic methods will be an im-
portant direction for future research. We also remark that
using NWP data with higher resolution, as well as fine-scale
remote sensing data such as from a lightning mapping ar-
ray, may be particularly useful, especially given the steep
mountains in the Mediterranean region, as a higher resolu-
tion would enable convection to be fully represented and
the impact of orography to be more accurate. Finally, fu-
ture work will explore whether training across both regions
yields significantly better performance than training exclu-
sively on the Mediterranean.

On another note, even though the goal of this study is to
compare different approaches rather than to propose an inno-
vative NN architecture, we acknowledge that the NN models
used in this study, i.e., a combination of recurrent and convolu-
tional NNs, are somewhat outdated compared to the latest de-
velopments in the field. Using more recent architectures, such
as transformers or generative adversarial networks, could help
us to better extract spatial and temporal information from fea-
ture data. However, these methods are more computationally
expensive than the NNs used here. Finally, an explainable
NN model would help us better understand how the model
operates, which could help meteorological research in un-
derstanding intense weather events (McGovern et al. 2019).
For instance, preliminary work on feature importance, fol-
lowing the Rasp and Lerch (2018) method, suggests that
ARPEGE fields are the most influential in the NNs consid-
ered here. This raises questions about the role of synoptic-
scale information in predicting intense rainfall events, which
will be investigated in future work.
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APPENDIX A

Optimal Threshold Value and Threshold Sensitivity
for PSS

In this appendix, we examine the relationship between qi, the
probability that Yi 5 1, and pi, the output of a model trained to
minimize each of the three losses defined in section 2f. This prob-
lem is closely related to the calibration of the predicted distribu-
tion, a key aspect in probabilistic forecasting.

In practice, the exact relationship between qi and pi is difficult
to establish, as qi cannot be observed. Here, we consider an ideal-
ized scenario in which each qi is assumed to be perfectly known.
Under this assumption, we can replace Yi with its probabilistic
counterpart qi in Eqs. (7)–(9). We also assume in Eq. (9) thatN
is large enough so that N21∑

N
i51Yi ≃ s. In that case, the value

that minimizes the BCE (that turns out to be the negative log
likelihood) is simply:

pBCEi 5 qi: (A1)

According to Eq. (8), pWBCE
i that minimizes the w-BCE loss has

to satisfy pi/(spi)5 (12 qi)/[(12 s)(12 pi)]5 0, which leads to

pw-BCEi 5
qi(1 2 s)

qi(1 2 s) 1 s(1 2 qi)
: (A2)

Note that if s 5 1/2, w-BCE reduces to BCE, as expected, and
we recover pw-BCEi 5 pBCEi . Finally, it is straightforward to show
that PL is optimized by

pPLi 5
1 if qi $ s

0 otherwise
:

{
(A3)

This equation implies that the PL output directly corresponds
to Yi when PC 5 s.

Although qi is not observable, we can empirically verify that
Eqs. (A2) and (A3) are meaningful since, thanks to Eq. (A1),
they entail a specific relationship of pw-BCEi and pPLi as functions
of pBCEi . This is illustrated in Fig. A1 using prediction data from
the hybrid model for Q95 and Q99 exceedance of Dt 5 3-h
cumulative precipitation at Mediterranean ground stations.

Equations (A1)–(A3) are also useful for determining the
optimal threshold P?

C for a given score. In particular, since
the optimal threshold for the PSS score is given by q? 5 s, as
shown by Mason (1979) (see also Jolliffe and Stephenson
2003), which corresponds to P?

C 5 s in the case of the BCE
loss. It results, from Eq. (A2), that the optimal value for w-BCE
becomes P?

C 5 1/2, independent of s. This latter value closely
matches the empirically observed optimal threshold in Fig. 7c.
For PL, as it can be seen from Eq. (A3), there is no well-defined
P?
C, and regardless of the chosen PC (e.g., PC 5 1/2), the pre-

dicted class Yi remains unchanged and so the PSS value. This is
also what we observe in Fig. 7c. Note that if the optimal thresh-
old for a given metric is q? 5 1/2, then the best threshold for
w-BCE is P?

C 5 12 s, whereas PL is not well suited for this score.
Equations (A1)–(A3) can be further leveraged to analyze the

behavior of the score S(q) around its optimal value q5 q? when
using different loss predictions. Specifically, if S(q) corresponds to
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S(pBCE), then the score computed for w-BCE, denoted as
S1(p

WBCE), is given by

S1(pw-BCE) 5 S[q(pw-BCE)],
where q(p) represents the inverse function of expression
Eq. (A2). A straightforward algebraic derivation shows that
at q5 q?, where the first derivative of S(q) vanishes, the ra-
tio of the second derivatives of S and S1 reads:

r? 5
S′′1(P?

C)
S′′0(q?)

5
s(1 2 s)

[1 2 2P?
C(1 2 s) 2 P?

C]2
: (A4)

In the case of the PSS, where P?
C 5 1/2, this ratio takes val-

ues close to r? 5 1/5 and r? 5 1/25 for the Q95 and Q99 thresh-
olds, respectively. As observed in Fig. 7c, for high-quantile
thresholds, the PSS score based on w-BCE exhibits signifi-
cantly lower sensitivity around its maximum than the one
obtained with BCE, indicating greater stability across a
wider range of PC values.

This effect is even more pronounced when using the PL
loss, for which the second derivative is theoretically zero.
Consequently, as emphasized earlier, the PSS score remains
unaffected by the choice of PC.

FIG. A1. Relationship between probabilistic predictions based on BCE (pBCEi ) and w-BCE (pw-BCEi ) losses. For
each elements of the validation and test samples, the obtained values of pw-BCEi vs pBCEi in the prediction of occur-
rence of threshold exceedance of the cumulative precipitation for Dt5 3 h in the case of (top left) Q95 and (top right)
Q99 quantiles. (bottom) The corresponding conditional empirical mean and rms estimated either when pBCEi is fixed
[blue (•) symbols] or when pw-BCEi is fixed [orange (�) symbols]. In all panels, the solid black lines represent the ex-
pected relationship with respect to Eq. (A2).
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APPENDIX B

Alternative Classification Scores

Besides the PSS used throughout this paper, there are many
scores that can be derived from the confusion matrix and that
are commonly used to assess the performance of binary classifi-
cation across various domains (Jolliffe and Stephenson 2003;
Wilks 2019).

The Heidke skill score (HSS) is a widely used score that evalu-
ates the performance of binary forecast performance by compar-
ing its accuracy to that expected by “pure chance.” It is defined as

HSS 5

TP 1 TN
N

2 E

1 2 E
,

where (TP1 TN)/N is the rate of correct predictions (both
negative and positive) by the method being evaluated and E
is the expected rate of correct prediction obtained by chance.
If FP and FN stand for the number of false positive and false
negative forecasts, E, the probability of correctly predicting 0
or 1, is simply the sum of the product of probabilities of pre-
dicting one class (0 or 1):

E 5
(TP 1 FN)(TP 1 FP) 1 (TN 1 FP)(TN 1 FN)

N2 :

The HSS yields a score ranging from 21 to 1. A perfect fore-
cast achieves an HSS of 1, indicating perfect agreement be-
tween forecasts and observations beyond what is expected by
chance. A score of 0 indicates that the forecast has no skill rel-
ative to the reference forecast (i.e., it is no better than chance

or climatology), while negative HSS values imply that the
forecast performs worse than the reference forecast. HSS is
valuable for assessing overall forecast skill, but it is sensitive
to class imbalance and may not be suitable for predicting
HPEs. As advocated in Jolliffe and Stephenson (2003), the
optimal threshold probability for HSS depends on HSS itself
and of s, the rate of observed events, but when the latter is
small enough, choosing the value PC 5 0.5 is appropriate.

The critical success index (CSI), also known as the threat
score (TS), is another metric that can be particularly useful
for imbalanced datasets. It measures the accuracy of posi-
tive predictions, ignoring true negatives, making it useful
for assessing rare event forecasting, such as HPEs. Unlike
PSS or HSS, CSI does not incorporate all four elements of
the confusion matrix. It is defined as

CSI 5
TP

TP 1 FP 1 FN
: (B1)

Note that the CSI ranges from 0 (worst) to 1 (best). As with
HSS, the optimal threshold value for CSI depends on the score
itself and must be estimated empirically. However, when s is
small, PC 5 0.5 is generally close to the optimal value.

The performance of all NN models optimized using the
binary cross-entropy loss, compared to the benchmark in
terms of HSS and CSI scores, is reported in Fig. B1. In
both cases, we used a threshold probability PC 5 0.5, as it
is expected to approximate the optimal value. We observe
that, even for these scores, the hybrid model outperforms
the other variants. Moreover, even if PC is suboptimal, the
hybrid model still outperforms the benchmark across all
window sizes.

FIG. B1. (a) HSS and (b) CSI scores as the function of the window size Dt for various NN models and the bench-
mark. The HPEs considered are the 5% (s 5 0.05) rarest rainfall events (95th quantile), and the loss is the BCE loss
with PC 5 0.5. In solid blue: NN-Station. In dashed red: NN-AROME. In dotted black: NN-Hybrid. In dotted and
dashed gray: benchmark performance. Even if PC 5 0.5 can be suboptimal for both metrics, we see that the hybrid
model provides the best results at all Dt.
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