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Abstract

This study introduces the first high-resolution hazard probability maps of extreme precipi-
tation for Spain, marking a significant step toward a national climate service for hydrome-
teorological extremes. Using long-term daily precipitation records from a dense network
of stations and incorporating topographic data, the methodology combines the Generalized
Pareto distribution with universal kriging to spatially interpolate distribution parameters.
These maps offer reliable estimates of extreme precipitation quantiles, validated against
station-level observations, and are based on a stationary modelling framework—an ap-
proach supported by recent findings showing the temporal stability of such extremes in
Spain and considered more robust than non-stationary alternatives. Distinct spatial pat-
terns emerge, with intense daily precipitation distributed mainly along the Mediterranean
coast and high total event precipitation in the northwest and southwest, reflecting the
influence of varied weather systems. To support decision-making, the study aggregates
these high-resolution data at the provincial level, aligning risk information with adminis-
trative boundaries, and enhancing its relevance for policy and planning. Furthermore, the
maps are made accessible via an interactive online platform (https://retornolluvias.csic.es),
enabling users to explore localized hazard probabilities, thereby supporting adaptation in
water management and civil protection, among others.

Keywords Extreme precipitation - Hazard probability maps - Spatial interpolation -
Stationary models - Climate services

1 Introduction

Extreme precipitation events are a primary driver of erosion processes, soil loss, and
increased risks of land degradation and desertification (Mulligan 1998; Yao et al. 2020).
They also significantly impact land stability, often triggering mass movements such as land-
slides and debris flows (Kirschbaum et al. 2012, 2020). Further, extreme precipitation is
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the main factor behind floods of various types. Flash floods typically result from intense
precipitation occurring over a short period (Norbiato et al. 2007; Smith et al. 2019), while
river floods are driven by prolonged heavy rainfall, which affects large areas and accumu-
lates within river systems (Tarasova et al. 2019). These events lead to severe infrastructure
damage, including the destruction of dams, roads, and other critical structures (Peng and
Zhang 2012; Singh et al. 2018). They also disrupt economic activities, such as agriculture
and industry (Merz et al. 2010; Lesk et al. 2016), and, most critically, cause profound social
consequences, including the loss of homes and human lives (French et al. 1983; Jonkman
2005; Ebi et al. 2020).

Globally, climate model studies suggest that the frequency of extreme precipitation events
could increase under global warming scenarios (Papalexiou and Montanari 2019; Myhre et
al. 2019; Li et al. 2021). Moreover, observational studies indicate that such changes are
already occurring in many regions of the world (Donat et al. 2014; Seneviratne et al. 2021).
In the Mediterranean Basin, and particularly in Spain, existing studies do not provide clear
evidence of an increase in extreme precipitation events (Acero et al. 2011; Serrano-Notivoli
et al. 2018; Begueria et al. 2025). In fact, the latest IPCC report assigns low confidence to
trends related to extreme precipitation in the Mediterranean region (Seneviratne et al. 2021),
as precipitation in this area is characterized by strong interannual and decadal variability
(Vicente-Serrano et al. 2025). Nevertheless, precipitation patterns in this region exhibit sig-
nificant spatial variability, with some areas experiencing very humid conditions, and others
approaching an arid climate. This is particularly true for Spain, a country frequently affected
by extreme precipitation events, though with considerable regional differences in their mag-
nitude (Begueria et al. 2009; Cortesi et al. 2014; Dominguez-Castro et al. 2019).

Given the significant impacts of extreme precipitation events and their strong spatial
variability, it is essential to establish accurate spatial estimations of precipitation hazard
probability (Nerantzaki and Papalexiou 2022). Such estimations provide crucial informa-
tion for developing effective territorial planning strategies that integrate precipitation haz-
ard considerations into environmental, economic, and social management, including civil
protection mechanisms. Various approaches have been employed to estimate the probability
of precipitation events of different intensities and durations using long-term meteorological
station records (Milojevic et al. 2023; Anzolin et al. 2024; Koutsoyiannis et al. 2024; Billios
and Vasiliades 2025). Additionally, some methodologies extend these point-based estima-
tions to ungauged areas by regionalization approaches (Haruna et al. 2022) and spatial inter-
polation of station data. There are previous developments of maps of extreme precipitation
hazard based on the application of extreme value theory analysis and spatial interpolation
techniques in some regions like Greece (Iliopoulou et al. 2024), Argentina (Catalini et al.
2021), Germany (Miniussi and Marra 2021), United States (Risser et al. 2019), and regions
of Italy (Formetta et al. 2024), China (Zou et al. 2021), Sweden (Ul Hassan et al. 2021),
Slovakia (Szolgay et al. 2009), Spain (Begueria et al. 2009) and northern Algeria (Meddi
and Toumi 2015), among others. These hazard probability maps offer valuable insights into
the likelihood of precipitation events of varying intensity and duration, supporting informed
decision-making in risk management and planning.

These maps may be affected by uncertainties if the precipitation records are short (Serin-
aldi and Kilsby 2014), or if they are characterized by a sparse distribution of meteorological
stations or by the presence of complex topographic features that complicate detailed estima-
tions (Mascaro 2018). They may also be affected by uncertainties arising from the potential
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non-stationary behavior of extreme precipitation events (Luke et al. 2017; Anzolin et al.
2024; Begueria et al. 2025), which could limit the representativeness of extreme precipita-
tion quantiles in a changing climate.

In this study, we develop for the first time maps of extreme precipitation quantiles for
Spain as a basis for generating an interactive climate service that allows users to access
precipitation quantiles for extreme events. To reduce existing uncertainties, we have care-
fully processed all available daily precipitation data in Spain to ensure both a high density of
stations—necessary to cover the region’s geographic diversity—and sufficiently long-term
records to provide a representative and accurate assessment of extreme precipitation hazard
probabilities.

2 Data and methods
2.1 Database

We used data from 2,840 daily precipitation stations for 1961-2024 (Fig. 1). Those sta-
tions were selected from the complete set of daily precipitation records available from the
Spanish Meteorological Agency (AEMET), which includes raw data from almost 11,000
stations. This dataset underwent rigorous quality control (Vicente-Serrano et al. 2010), and
series containing more than 35 years of original data were reconstructed using a quantile
matching approach based on neighboring stations (Begueria et al. 2019). For this recon-

Fig. 1 Spatial distribution of the daily precipitation stations used in this study. The limits represent the
Spanish provinces
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struction, only series with at least a 15-year overlap and located within a 50 km radius of the
target station were considered (see further details in Begueria et al. 2025).

2.2 Methods
2.2.1 Selection of the sample

This study followed the methodological approach described by Begueria and Vicente-Ser-
rano, (2006), with some modifications. We focus on estimating the pointwise hazard prob-
ability across Spain of two different variables: the maximum daily precipitation recorded
during an event of consecutive precipitation days, and the total precipitation accumulated
over these consecutive days. These two variables are relevant for assessing the risk of flash
floods in the first case, and the occurrence of river floods and landslides in the second (Braud
et al. 2016; Seneviratne et al. 2021). To ensure the independence of the analyzed records, we
selected the maximum daily precipitation recorded during each event.

We used extreme value theory to estimate the probability of events exceeding a specified
threshold (Hershfield 1973). For this purpose, we followed the partial duration (PD) series
approach, which involves defining a threshold and selecting only the values that exceed it.
These exceedances, denoted as y, are the values above the chosen threshold. As previous
studies have shown that optimal threshold values can vary globally depending on climatic
characteristics (Wang et al. 2020), we tested several methods to define the threshold for
selecting the exceedance series. On one hand, we used percentile-based thresholds, specifi-
cally the 90th, 92.5th, and 95th percentiles. On the other hand, we applied alternative thresh-
old estimation methods included in the tea R package (https://cran.r-project.org/web/packa
ges/tea/tea.pdf), such as the Hill estimator and single and double bootstrap procedures for
determining the optimal sample fraction (Hall and Welsh 1985; Caeiro and Gomes 2014).

2.2.2 Quantile estimation

The series of exceedances over a threshold tend to converge to a Generalized Pareto Distri-
bution (GPD) (Pickands III, 1975), a behavior that has been observed in extreme precipita-
tion series (Gamet and Jalbert 2022). The GPD is characterized by three parameters: the
origin parameter (x,), the shape parameter (x) and the scale parameter (a). Its cumulative
distribution function (CDF) is given by:

P(Y <yla,k)=1— (1—/{%)(%),(%:@—%).

In this study, the parameters of the GPD were estimated using the method of probability-
weighted moments (Hosking and Wallis 1987), which has been shown to provide reliable
estimates for fitting precipitation data (Nerantzaki and Papalexiou 2022).

The probability of an exceedance Y is commonly expressed in terms of its return period ¢,
defined as the expected time between two consecutive occurrences of the event. The return
period is the inverse of the probability of exceedance. For a given threshold exceedance y,
the return period over ¢ years is calculated as:
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where A is a frequency parameter representing the average number of occurrences of Y
per year in the sample. Alternatively, the return level (or maximum value expected) £ in a
period of  years is given by:

Regarding the potential non-stationary behavior of extreme precipitation, it is important to
highlight that recent studies have indicated that such events in Spain are largely stationary
(Begueria et al. 2025), supporting the use of a stationary approach in this study. Moreover,
stationary approaches are more reliable and yield smaller uncertainty than non-stationary
ones (Serinaldi and Kilsby 2015).

Therefore, three parameters of the GPD were estimated at each of the 2,840 meteoro-
logical stations employed in this study, and for each variable of interest separately. This
procedure enabled the determination of the return period corresponding to a given maxi-
mum intensity and total magnitude of precipitation for a specific event and location. The
uncertainty of these estimates strongly depends on the sample size, with greater uncertainty
typically associated with the highest values. Therefore, the magnitude-frequency curves
must be accompanied by estimates of their corresponding confidence intervals, which were
defined according to Rao and Hamed (2000).

2.2.3 Spatial mapping

Several studies have recommended adopting a regionalization approach to estimate spatial
variations in the probability of extreme precipitation events over large areas (Khalili et al.
2011; Haruna et al. 2022; Alshehri et al. 2024). This method identifies common distribution
parameters within specific regions. However, limitations exist in areas with complex terrain
or high spatial variability in extreme events. In such regions, regionalisation struggles to
capture local precipitation characteristics, especially where significant spatial shifts in dis-
tribution parameters occur (Deidda et al. 2021). Such an issue highlights the advantages of
spatial interpolation methods for estimating high return period quantiles (Claps et al. 2022).

While some studies have directly interpolated extreme precipitation quantiles (Meddi
and Toumi 2015; Das 2019; Zou et al. 2021; Miniussi and Marra 2021), interpolating the
parameters of the underlying probability distribution has been shown to perform signifi-
cantly better (Yin et al. 2018; Das et al. 2020). This approach also provides the flexibility
needed to develop interactive maps and services for estimating extreme events.

Following previous research (Begueria and Vicente-Serrano 2006; Yin et al. 2018; Ilio-
poulou et al. 2024; Formetta et al. 2024), we applied an approach to map the parameters of
the fitted distributions at a spatial resolution of 2.5 km, enabling estimation in areas without
direct observations. This allows return periods associated with selected maximum and total
precipitation magnitudes over the events to be determined at any location in Spain.
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To interpolate the distribution parameters x,, o, k and A, we used the universal kriging
algorithm. Unlike ordinary kriging, which assumes a constant mean across space, universal
kriging models the mean as a deterministic function of spatial coordinates, typically using
a polynomial trend surface (Burrough and McDonnell 1998; Pebesma 2004). This method
incorporates large-scale trends along with local spatial correlation captured by the vario-
gram. The algorithm consists of two main steps: first, estimating the underlying spatial
trend using a regression model; second, interpolating the spatially correlated residuals using
kriging. This dual-step process allows for both global patterns and local dependencies to be
addressed, making universal kriging especially suitable for environmental and meteorologi-
cal variables with large geographic gradients.

We used geographic latitude, longitude, and elevation as covariates in the interpolation.
Two regions were considered separately: (i) the Spanish Peninsula and Balearic Islands, and
(i) the Canary Islands. Up to 100 neighbouring observatories were used for the interpola-
tion. For semivariogram fitting, when the range was below 20 km or the sill was zero, a
spherical model with a nugget effect was imposed.

The interpolated grid layers were validated using a jackknife resampling procedure. This
involved sequentially excluding each observatory from the network, estimating the param-
eter values using interpolation from the remaining stations, and comparing the predicted
and observed values. For each gridded distribution parameter (four parameters for each of
the two variables analyzed), we computed the Mean Absolute Error (MAE), the Mean Error
(ME), and the Relative Standard Deviation (rSD)—a normalized measure expressing the
standard deviation relative to the mean. Additionally, we calculated the Kling-Gupta Effi-
ciency (KGE), an error metric combining correlation, bias, and variability, where a value
of 1 indicates a perfect match between observed and modelled data. Finally, we computed
the Index of Agreement (Willmott et al., 2012), a relative and bounded measure of model
performance that retains mean information without being overly influenced by outliers.

2.2.4 Regional assessment at the province level

It is important to emphasize that the occurrence of high-intensity precipitation events exhib-
its substantial spatial variability, particularly in regions affected by convective rainfall.
These events are often characterized by localized maxima and sharp spatial gradients in
daily precipitation. However, the same events may have occurred with similar probability in
nearby areas. As such, point-based estimates of return periods may lead to an underestima-
tion of the probability of high-impact extreme events at specific locations, and hence mis-
leading assessments of risk. This local underestimation may affect broader areas, creating a
false sense of security in the region (Garcia-Ruiz et al. 2000).

To mitigate this issue, in addition to spatial maps, we also calculated magnitude—fre-
quency curves at the provincial level across Spain, which provide estimates the return period
of an event of a given magnitude occurring somewhere within the province. Although this
approach introduces uncertainties—particularly in provinces with pronounced topographic
and climatic gradients—it still offers useful information of return periods for management
purposes within administrative boundaries. In essence, it estimates the return period of an
event of a given magnitude that occurred at least once somewhere within the province.

To this end, we generated synthetic daily precipitation series for each province, using the
highest daily precipitation recorded at any station within the province for each day. These
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series were then subjected to a declustering process, and the maximum daily precipitation
and the total precipitation magnitude for each event was extracted. A GPD was fitted to
these data, and the distribution parameters were calculated for each province.

3 Results
3.1 On-site estimation and validation

The method used to select the threshold for defining precipitation exceedances in the proba-
bilistic analysis yields results comparable to those obtained from most other approaches
(Figure S1). Some methods (e.g., Gomes, Himp) produce higher variability between stations
and generally higher threshold values, which could introduce substantial spatial inconsis-
tencies and reduce the sample size for reliable probabilistic estimation. In contrast, the 90th
percentile of the daily precipitation series (excluding zero values) aligns with the thresholds
obtained through other quantitative methods (e.g., Hall, Mindist), and shows only minor
differences compared to higher percentiles (92.5th and 95th). Thus, the 90th percentile is a
robust and practical choice for threshold selection across Spain. Analysis of mean excess
plots confirms this selection. The chosen threshold lies with the range aligns well with the
range of values for which confidence intervals begin to widen and the curve deviates from
linearity, indicating increased variability (Fig. S2).

Figure 2 shows strong agreement between observed (empirical) CDFs and those mod-
elled using the GPD for maximum daily precipitation recorded during the events at four
meteorological stations randomly selected. The model also performs well for the total pre-
cipitation over the events (Fig. S3), demonstrating consistency between the two variables.
Figure 3 supports these results, summarizing goodness-of-fit tests (Kolmogorov—Smirnov
and Anderson—Darling) and agreement statistics (R%, D and KGE) for the series of maxi-
mum precipitation values. The tests confirm that most exceedance series are well described
by the GPD, with only a small proportion failing the p=0.05 threshold. Additionally, error/
agreement statistics show high concordance between empirical and GPD-modelled distri-
butions, validating the use of exceedance series above the 90th percentile. Similar findings
apply to total event precipitation (Figure S4).
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Fig. 2 Relationship between observed and modelled cumulative distribution functions (CDFs) in four
meteorological stations randomly selected for the maximum daily precipitation during events
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3.2 Parameter mapping

Spatial mapping of GPD parameters derived from point observations reveals strong geo-
graphic coherence (Fig. 4). The shape parameter (o) for daily maximum event precipitation
shows substantial spatial variability, with the highest values along the Mediterranean coast
and some mountain areas. For total event precipitation, the pattern shifts slightly, with maxi-
mum o values concentrated in the northwestern Atlantic coast.

Despite their small size, the Canary Islands show significant gradients in o associated
with elevation and east-west position. The origin parameter (x,) displays a similar spatial
pattern to a, with some regional differences—e.g., high values in northern Spain for maxi-
mum precipitation. The frequency parameter (A) exhibits a clear north—south gradient, with
higher values in the north and lower values in the southeastern Iberian Peninsula (note that
the frequency of events is the same for both variables). The scale parameter (k) shows large
spatial variability, but general patterns emerge: a NW-SE gradient for maximum precipita-
tion and a north—south pattern for total event precipitation. In the Canary Islands, k also
shows strong gradients related to elevation and longitude.

Table 1 presents error and agreement statistics (e.g., ME, rSD, r, and d) for each param-
eter based on a jackknife validation. Overall, a, x,, and A show high consistency between
observed and predicted values using universal kriging. The Agreement Index D exceeds
0.90 in all cases (except for k), indicating small differences between station-based estimates
and spatial predictions. The « parameter, however, shows lower accuracy—especially for
event’s daily maximum precipitation—but still small spatial biases (ME values close to
zero). Although predicted values tend to underestimate the range of observations (Fig. S5),
the averages and distributions remain similar. At the spatial level there is not a bias in the
errors of the parameters comparing the on-site estimated parameters and those parameters
interpolated following the jackknife validation. Figures S6 show the spatial pattern of the
errors illustrating that the spatial distribution of the errors is randomly distributed as there
are not spatial patterns in the distribution of such errors. This is clearly illustrated relating
these errors with the geographic coordinates of latitude and longitude (Fig. S7) showing no
relationship.

3.3 Precipitation hazard probabilities

Figure 5 illustrates return period curves for both maximum daily precipitation and total
event precipitation derived from individual station data. These reveal substantial spatial dif-
ferences in hazard levels. For instance, while some stations show maximum daily precipita-
tion exceeding 275 mm for a 100-year return period, others are below 70 mm for the same
period. Comparable variability is found in total event precipitation estimates.

Return period maps (Fig. 6) clearly reflect spatial gradients. Maximum intensity precipi-
tation during events is highest along coastal areas—particularly the Mediterranean coast—
along with the Pyrenean and Cantabrian Mountain ranges, and the central mountain system.
In contrast, most inland areas record much lower maximum intensities. For total event pre-
cipitation, high values are found in the northwestern, southwestern, and eastern Mediter-
ranean coasts, while inland regions generally show lower totals. Notably, the highest total
precipitation values are concentrated in the northwestern Atlantic coast, which is distinct
from the pattern seen in maximum intensity. In the Canary Islands, strong spatial contrasts
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Table 1 Cross-validation statistics for the different parameters using the jacknife approach

Daily maximum precipitation MAE (mm) ME (mm) rSD r KGE D
Peninsular Spain and Balearic Islands

Alpha 2.35 0.06 0.85 0.84 0.78 091
Kappa 0.09 0.00 0.60 0.43 0.00 0.61
x0 3.51 —-0.02 0.86 0.82 0.78 0.90
Lambda 11.89 0.18 0.97 0.95 0.94 0.98
Total precipitation MAE (mm) ME (mm) rSD r KGE D
Alpha 4.99 0.04 0.91 0.90 0.87 0.95
Kappa 0.06 0.00 0.66 0.55 0.43 0.70
x0 6.53 —0.05 0.91 0.88 0.85 0.94
Lambda 11.89 0.18 0.97 0.95 0.94 0.98
Canary Islands

Alpha 5.03 -0.26 0.64 0.49 0.37 0.65
Kappa 0.13 0.00 0.59 0.33 0.22 0.54
x0 5.28 —-0.08 0.65 0.63 0.51 0.76
Lambda 17.34 1.30 0.93 0.90 0.88 0.95
Total precipitation MAE (mm) ME (mm) rSD r KGE D
Alpha 6.94 -0.24 0.74 0.67 0.58 0.79
Kappa 0.08 0.00 0.59 0.41 0.28 0.61
x0 8.69 1.01 0.69 0.64 0.53 0.76
Lambda 17.34 1.30 0.93 0.90 0.88 0.95

also appear, driven by both island location and elevation. Higher precipitation totals and
intensities are concentrated in the highlands of the western islands. The quantiles derived
from the parameter maps are consistent with station-level results in Peninsular Spain, the
Balearic Islands, and the Canary Islands (Fig. 7, Table S1). Similarly, maps of return peri-
ods for events of different magnitude (Figure S8) show important regional differences, with
some areas (e.g., central Iberia and easternmost Canary Islands) exhibiting very long return
periods—indicating low probabilities of extreme events.

3.4 Regional assessment at the province level

Figure 8 displays the spatial distributions of quantile precipitation for 25- and 50-year return
periods, representing the maximum precipitation and total magnitude values expected to
occur at least once somewhere in each province. The patterns clearly demonstrate regional
disparities in hazard levels, with the highest intensities—exceeding 500 mm in 24 h—
occurring in provinces along the eastern Mediterranean coast, and the lowest values in cen-
tral inland provinces. Magnitude—frequency curves for selected provinces further highlight
these contrasts (e.g., the Valencia province in the eastern Mediterranean exhibits extremely
high precipitation hazard probabilities compared to inland provinces, Fig. 9). On the con-
trary, the pattern of the total precipitation recorded during the event shows a different pat-
tern, with the maximum values recorded in some provinces of North and West Spain.
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3.5 Integration into extreme precipitation information service

All information generated at the grid cell and provincial scales has been integrated into an
interactive climate service (https://retornolluvias.csic.es). The service uses GPD parameters
derived for both maximum daily and total event precipitation to calculate return periods
for user-selected precipitation thresholds and durations. Users can generate maps based on
any desired intensity, magnitude, or return period. Additionally, selecting a specific point or
province allows users to generate magnitude—frequency curves for return periods ranging
from 1 to 500 years, including associated confidence intervals (Fig. 10). These outputs are
downloadable for use in external applications.

4 Discussion and conclusions

This study presents, for the first time, hazard probability maps of extreme precipitation
events for Spain. The methodology is grounded in state-of-the-art approaches that estimate
the parameters of a probability distribution at individual stations based on long-term daily
precipitation records. These parameters are then spatialized into a high-resolution gridded
dataset using universal kriging.

Regarding the probability model employed, our results demonstrate that the General-
ized Pareto Distribution (GPD) performs well in modelling extreme precipitation quan-
tiles in Spain, aligning with other regional and global assessments of precipitation extremes
(Onyutha 2017; Wang et al. 2020). However, mapping high precipitation quantiles is subject
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Fig. 7 Cross validation of the daily maximum precipitation (left) and total precipitation (right) expected
during events in a 20-year return period, based on on-site calculated parameters and those estimated using
the interpolation procedure

to uncertainty in regions with sparse station coverage and complex terrain (Catalini et al.
2021)—features that are prominent across Spain’s diverse topography. To address this, we
incorporated a high-density observational network and auxiliary elevation data from GIS
layers to enhance the interpolation quality in such areas. Using spatial interpolation of dis-
tribution parameters—rather than interpolating gridded precipitation estimates directly—
offers a more robust approach, as it reduces the expected variance associated with extreme
events, consistent with findings from previous studies (Risser et al. 2019). Our results show
high agreement between interpolated parameter estimates and, more importantly, between
the resulting extreme quantiles and those calculated directly at station level. Achieving this
level of consistency in a region like Spain, characterized by highly complex relief and con-
siderable spatial variability in extreme event occurrence, highlights the robustness and util-
ity of the approach adopted.
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Fig. 8 Quantile Maps of daily maximum precipitation a and total precipitation b corresponding to events
with return periods of 25 and 50 years, aggregated at the provincial level across Spain

In this study, we applied a stationary approach to estimate the probability of extreme
daily precipitation intensities and total event magnitudes. This decision is supported by the
observed stationarity of extreme precipitation events in Spain over recent decades (Begueria
et al. 2025). Even when trends are present in precipitation series, this does not necessarily
justify the adoption of non-stationary models. While some research supports the use of non-
stationary models to account for changing climate conditions (Sraj et al. 2016), others argue
that stationary models remain more robust and better supported for mapping precipitation
hazards (Guerriero et al. 2020; Anzolin et al. 2024). As Serinaldi and Kilsby (2015) argue,
non-stationary models, when fitted via inductive inference, introduce structural uncertainty
that often outweighs any gain in predictive accuracy. Stationary models, in contrast, offer
more coherent and reliable estimates, making them preferable for real-world design and
management applications (Luke et al. 2017). It is important to note that under a future non-
stationary precipitation regime, the distribution parameters obtained in this study would
need to be revisited. Current climate change model simulations for scenarios with increased
greenhouse gas concentrations suggest that, as a consequence of thermodynamic processes,
extreme precipitation will scale in line with the Clausius—Clapeyron relationship (Brutsaert
2017). However, for the Mediterranean region, these models indicate that a robust increase
in the frequency and intensity of heavy rainfall events is only expected under global warm-
ing levels exceeding 2 °C (Seneviratne et al. 2021), consistent with more regionally focused
studies in Spain (Monjo et al. 2016). Therefore, at least for the coming decades, the station-
ary approach adopted in this study can be considered a sound basis for generating robust
estimates that are useful for assessing extreme precipitation hazards.The observed spatial
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patterns of daily and event-based precipitation quantiles reflect the underlying climatologi-
cal dynamics of the country. For instance, high daily precipitation quantiles are predomi-
nantly found in eastern and southern Spain near the Mediterranean, largely due to cut-off
lows and other convective systems occurring in autumn (Romero et al. 1999; Nieto et al.
2005; Queralt et al. 2009; Pérez-Zanon et al. 2018). In contrast, the highest total precipi-
tation magnitudes during events tend to be recorded in the northwest, linked to westerly
flows and low-pressure systems, and in the southwest, where deep cyclones displaced to
the south of the Iberian Peninsula induce moist southwesterly flows (Olcina 1994). Overall,
the results highlight the contrasting nature of heavy precipitation events across Spain: short,
intense convective storms prevail along the Mediterranean coast, while the north is primar-
ily affected by more frequent, longer-lasting, moderate frontal systems linked to extratropi-
cal cyclones from the North Atlantic (Garcia-Herrera et al. 2005; Gonzalez-Hidalgo et al.
2025).

The maps of quantiles and return periods for extreme precipitation events in Spain gen-
erated in this study are unprecedented at the national scale. While some previous works
produced quantile maps for extreme precipitation in specific areas of northeastern Spain
(Begueria and Vicente-Serrano 2006; Begueria et al. 2009), they lacked the high spatial
resolution required for a robust hazard assessment. At the national level, the only available
information was developed by the Spanish Government in 1999 (Ministerio de Fomento
1999). However, those outputs consisted of paper-based isolines generalized over broad
regions, which limited their usability. Moreover, the estimations relied on annual maxi-
mum precipitation values fitted to a Generalized Extreme Value distribution, a method later
shown to be less reliable than approaches based on exceedance series fitted with the Gener-
alized Pareto Distribution (Begueria 2005). This study is not only unprecedented in Spain
but also highly novel at the European scale. Several works have analyzed extreme precipi-
tation in Europe from different perspectives, including mapping the frequency of extreme
events (Kalbarczyk and Kalbarczyk 2024), providing seasonal probabilistic estimates (Peter
et al. 2024), or comparing observed events with model simulations (Beranovéa and Kysely
2024). However, only a few studies have produced maps of distribution parameters and
high precipitation quantiles, and these have been limited to specific regions (Szolgay et al.
2009; Iliopoulou et al. 2024; Formetta et al. 2024). None have covered such large areas,
employed such an extensive network of meteorological stations, or achieved the high spatial
resolution presented here. As a result, it is difficult to establish direct comparisons with the
magnitude of the precipitation quantiles obtained in this study. Nevertheless, the present
work can serve as a methodological reference for improving assessments of precipitation
hazard probabilities in Europe and other world regions.Beyond producing high-resolution
maps, the study also offers a practical layer of usability by aggregating hazard probabilities
at the provincial level. While we did not apply a formal spatial regionalization technique to
define homogeneous hazard regions (Haruna et al. 2022; Alshehri et al. 2024), the admin-
istrative-level aggregation offers practical utility. It enables authorities to evaluate hazard
levels within their jurisdiction, thereby supporting the prioritization of mitigation strate-
gies and resource allocation. This reconciliation between fine-scale hazard estimation and
broader governance structures ensures that risk assessments are aligned with administrative
and emergency planning frameworks.

The high-resolution maps of return periods for extreme precipitation generated in this
study offer a comprehensive view of hydrometeorological extremes in Spain. Their spatial
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granularity enables precise estimation of extreme event probabilities, which is particularly
valuable for water resource management and agricultural adaptation strategies. In addition
to generating accurate, high-resolution probability maps, this study demonstrates their inte-
gration into a user-friendly, web-based visualization service. This online platform enhances
accessibility to hazard information, allowing users to interactively explore precipitation
extremes and improve their situational awareness. The system’s capacity for point-specific
queries increases its practical value, enabling tailored hazard assessments for individuals
and institutions. Such tools support informed, data-driven decision-making and contribute to
broader climate resilience initiatives. The integration of high-resolution mapping, province-
level summaries, and an interactive online interface provides a comprehensive framework
for strengthening Spain’s preparedness for extreme precipitation. The new information and
interactive tool will support multiple sectors, including water resource management, dam
operations, and irrigation planning. They will also enhance civil protection by improving
preparedness and response to extreme precipitation events, thereby reducing the associated
economic, social, and human impacts. In addition, the tool will contribute to managing
related risks such as landslides and debris flows, and will be valuable for infrastructure
management, including roads, railways, and drainage systems in urban and industrial areas.
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