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Abstract: Numerous advances in precipitation science hinge on our ability to accurately
categorize storms into physically meaningful classes, particularly to differentiate between
convective and non-convective phenomena. Nonetheless, achieving such classifications
remains a challenge for the research community. Here, we propose a precipitation-driven
typology of storms in the Alps developed through a straightforward methodology for
unsupervised classification. From a vast sub-hourly precipitation dataset, we extracted
over 790,000 independent storm time series. To categorize these, we employed a
resampling-based partitioning algorithm, optimal in clustering big data. Four storm
features (i.e., the maximum intensity, total volume, total duration, and coefficient of
variation) drove our typology on an algorithmic basis. The algorithm revealed five
dominant storm classes, which we termed as “convective”, “stratiform”, “short
stratiform”, “intermittent minor” and “minor” based on a physically-informed
examination of their features. Three other features (i.e., the month of the storm initiation,
solar time at the first occurrence of the maximum intensity, and lightning count) were
used for an independent validation of the classes, together with investigations on the
extent to which each class was clustered in space. Consistency with anticipated physical
patterns suggests the potential utility of our proposed typology across various modelling
applications. These include class-specific stochastic simulation of storms, class-informed
bias adjustment of climate model projections or the development of multi-class extreme
value analyses. Detailed investigations of its climatological traits revealed, among others,
higher convective activity in recent years and specific Alpine regions. We provide the

historical occurrences of the proposed storm typology as an open dataset.
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1. Introduction

Analyzing precipitation storm time series and their climatology is crucial for mitigating
hazards such as floods, landslides and debris flows, and adapting to changing climatic
conditions (D’Odorico et al. 2005; Merz et al. 2014; Breugem et al. 2020; Kahraman et al.
2021). A specialized branch of such analyses is devoted to the separation of storms into
physically meaningful classes, with a particular focus on the differentiation between
convective and non-convective events (e.g., Tremblay 2005; Ruiz-Leo et al. 2013; Feloni
etal. 2019; Sottile etal. 2021; Dallan et al. 2022; Araujo et al. 2023; Treppiedi et al. 2023;
Laaha et al. 2025). Beyond its pivotal role in advancing our comprehension of
precipitation processes, this separation has numerous direct implications for stochastic
modelling, extreme value analysis, and model uncertainty reduction (Bléschl et al. 2019;

Fischer et al. 2019; Fischer and Schumann 2021; Marra et al. 2021; Sottile et al. 2021).

Indeed, the distinct physical mechanisms driving storm generation in each class may
necessitate tailored weather generators (e.g., Kaczmarska et al. 2014; Peleg and Morin
2014; Tseng et al. 2025; Laaha et al. 2025) and operational weather forecasting models
(e.g., Papadopoulos et al. 2005; Gustafsson et al. 2018; Zhou et al. 2019), or class-specific
bias correction methods for climate model simulations (Maraun et al. 2017). At the same
time, deriving physically meaningful and, thus, useful storm typologies is challenging, due
to the high complexity of the storm generation process, which involves interactions of a
variety of physical mechanisms across a wide range of temporal and spatial scales
(Grazzini et al. 2019). This challenge is even more difficult, but often necessary, to tackle
by using only precipitation data from gauges. For this particular setting, which is also the
focus of this study, thresholds on the maximum precipitation intensity or the
decorrelation time have been defined to separate storms into types (e.g., Dallan et al.
2022; Araujo et al. 2023). However, these thresholds carry some degree of subjectivity
and, consequently, ongoing efforts are devoted to their replacement with more objective

methodological means (e.g., Sottile et al. 2021; Treppiedi et al. 2023; Laaha et al. 2025).

Meanwhile, a general storm typology for the entire Alpine range (Section 2.1), a
geographically complex territory attracting major interest in the study of precipitation

dynamics (e.g., Frei and Schar 1998; Weisse and Bois 2001; Isotta et al. 2014; Ménégoz et



al. 2020; Napoli et al. 2023; Estermann et al. 2025) and their links to hydrological
extremes (e.g., Blanchet et al. 2025), is still lacking. The closest available storm typology
was proposed by Grazzini et al. (2019), which concerns only extreme (heavy)
precipitation events in Northern Italy, and requires information on several atmospheric
variables, not only precipitation time series, and is not open data that can be used in a
variety of modelling contexts, including the class-specific stochastic simulation of storm
time series, class-informed bias correction of climate model simulations, and multi-class
extreme value methods. Moreover, it was not accompanied by extended analyses of the
climatological traits of the storm classes. A particularly urgent need, in this regard, is the
detection of trends in the occurrence rates of the various classes (e.g., Rulfova and Kysely
2014; Llasat et al. 2021; Treppiedi et al. 2023), which may provide direct hints on the

expected impacts of the ongoing climate change.

In light of the current gaps in our understanding of the Alpine storm patterns, a
clustering analysis relying solely on precipitation measurements from gauges holds
significant potential and offers several key advantages. First, it ensures a high degree of
applicability across diverse geographical settings. Indeed, supplementary datasets (such
as radar or reanalysis) may exhibit limited availability across many locations or may be
subject to diverse processing methodologies. Second, it enables a more precise
identification of localized rainfall patterns, thereby preventing the misattribution of
broad weather system characteristics to specific localized precipitation behaviors.
Finally, storm typologies derived from this fundamental data source can provide solid
baselines that can be further enriched and contextualized with additional data layers in

subsequent analyses.

Given the state-of-the-art and the rationale outlined above, our aims in this study were

to:

1) Develop a framework for deriving storm typologies, emphasizing simplicity and
versatility, along with objectivity and a demonstrated ability to deliver physically
meaningful storm classifications. Simplicity and versatility were also considered
important in this context, as they will allow transferability around the globe after

marginal adjustments based on the regional climatology or local interests.

2) Introduce an objectively-derived, precipitation-driven typology of Alpine storms.

This typology should comprise storm classes with distinct physical meaning and



characteristics, especially those representing convective and stratiform
precipitation processes.
3) Investigate the unexplored climatology of the Alpine storm classes by addressing
the following key questions:
a) How does the proportion of the classes vary in space?
b) How do the occurrence rates of the classes by season vary in space?

c) Are there temporal changes in the proportion of the classes?
2. Study area and data

2.1  Study area

We studied storms that have occurred in and around the Alps (Figure 1), a region with a
wide range of climates — mainly alpine (polar), boreal (snow) and warm temperate,
according to the updated Koppen-Geiger classification by Beck et al. (2018). Largely due
to the strong influence of mountainous topography on local precipitation especially near
the sea (Buzzi et al. 1998), the Alps offer a compelling setting for the study of precipitation
storm patterns and their climatology (Rubel et al. 2017). Compared to other regions, the
Alps exhibit a higher proportion of high-intensity wet days (Isotta et al. 2014), a larger
proneness to extreme storms (Grazzini et al. 2019) and higher lightning counts
(Kahraman et al. 2022). The precipitation climatology of the greater Alpine region has
been analyzed, for instance, by Frei and Schar (1998), Isotta et al. (2014), Ménégoz et al.
(2020) and Napoli etal. (2023). The mean annual precipitation is typically higher than the
surrounding floodplains due to orographic enhancement, reaching values as high as 3000
mm year-l. The central region receives lower precipitation amounts, on the order of 900
mm year-1, due to the protection effect played by the surrounding mountains (Borga et al.

2005).
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Figure 1. Study area, its topography (extracted from the Amazon Web Services Terrain
Tiles), geographical locations of the precipitation stations and number of complete years
of available data (from January 15t 00:00:00 to December 31st 23:50:00) for each of these
stations.

2.2 Precipitation data

We compiled a comprehensive dataset of sub-hourly precipitation measurements from
670 instrumental stations across five countries (Figure 1): Italy (505 stations), Austria
(74), Switzerland (61), France (27), and Germany (3). Based on the Amazon Web Services
Terrain Tiles (https://registry.opendata.aws/terrain-tiles), the elevations at the locations
of the stations range between -4 and 3,214 m, with a mean and a standard deviation
approximately equal to 773 and 627 m, respectively. Subsets of our dataset were
previously used in the studies by Dallan et al. (2023, 2024), Marra et al. (2024), Correa-
Sanchez et al. (2025) and Peleg et al. (2025), which addressed different research

questions. The original data sources are the following:

o Agenzia Regionale per la Prevenzione e Protezione Ambientale del Veneto
(https://www.arpa.veneto.it).

o GeoSphere Austria (https://data.hub.geosphere.at/dataset/klima-v1-10min).

o Météo-France (https://meteo.data.gouv.fr).

o MeteoSwiss (https://www.meteoswiss.admin.ch).

o Provincia Autonoma di Trento (https://www.provincia.tn.it).

o Provincia Autonoma di Bolzano (https://meteo.provincia.bz.it/default.asp).



o Agenzia Regionale per la Prevenzione e Protezione Ambientale della Lombardia

(https://www.arpalombardia.it).

From these sources, we extracted time series of varying temporal resolutions (5-, 6-
and 10-min), which we then homogenized through time series aggregation to the 10- or
12-min temporal resolution, with the latter being the case for the time series from France.
Additionally, time zone homogenization was conducted and quality issues (i.e., missing
values/dates, negative and other unrealistic values, duplicate dates) were identified and
treated. Time series data records corresponding to calendar years with more than 10% of
their values missing were excluded from our final dataset. This dataset comprises
complete sub-hourly precipitation time series with varying lengths, observed during the
course of 44 years (1981-2024). From these time series, we subsequently extracted the
precipitation storm time series, as detailed in Section 3.1. The number of complete
calendar years per location is summarized in Figure 1. Data for at least 30 complete

calendar years are available for 113 locations, allowing for trend analyses (Section 3.5).
2.3  Lightning count data

There is a well-known association between convective precipitation and lightning
occurrence (Soriano et al. 2001; Papadopoulos et al. 2005; Pineda et al. 2007).
Consequently, lightning counts can be used to independently validate distinctions
between convective and non-convective storm time series (Feloni et al. 2019). Such data,
and more precisely cloud-to-ground lightning counts derived from the World Wide
Lightning Location Network (WWLLN; https://wwlln.net), are available for a large and
representative portion of the stations and storms we examined. Herein, we exploited
them for the independent validation of the precipitation storm classes (Section 3.4).
Detailed information about the WWLLN network can be found in Rodger et al. (2006) and
Virts et al. (2013). Given that the storms often spanned multiple days, the maximum daily
lightning count was extracted for each storm. To ensure consistency and account for
uncertainty in the geolocation, lightning strikes were counted within a +0.5° grid box
centered on the location of each station. Temporal alignment was achieved by matching

the WWLLN lightning data to the storm time ranges.



3. Methods
3.1 Storm time series extraction

Precipitation storm time series, representing wet periods that are independent in time,
were extracted from the merged precipitation dataset (Section 2.2) following the
methodology described in Marra et al. (2020). Considering the climatology of the Alps,
independence was ensured by imposing the lower threshold of 24 hours in the length of
the dry spells between storms. Storms with duration of at least 30 min were included in

our precipitation storm database.
3.2 Storm clustering

To classify the precipitation storm time series, we formulated a methodology employing
unsupervised machine learning (Hastie et al. 2009, ch. 14; James et al. 2013, ch. 10). This
approach is increasingly used for developing storm typologies (e.g., Grazzini et al. 2019;
Sottile et al. 2021) and, more generally, event typologies in the field of hydrology (e.g.,
Markonis et al. 2021; Fischer and Schumann 2024), owing to its objectivity and
scalability—qualities that align well with the objectives of this study. Our clustering
methodology is feature-based, aiming at maximizing intra-cluster homogeneity and inter-
cluster heterogeneity based on the following four diverse features extracted from the
precipitation storm time series (Section 3.1): (a) maximum (peak) intensity, (b) total
volume, (c) total duration, and (d) coefficient of variation. The first three, in particular,
are established as key features in the study of storms (e.g., Herrera et al. 2023), while the
coefficient of variation is a standard feature in stochastic analysis that can also be used to
quantify gradients of variability. To maintain simplicity and avoid redundancy, we did not

employ more features for the clustering.

To address scalability challenges (specifically, the large RAM storage requirements)
posed by our large dataset (Section 2.2), which could not be handled by conventional non-
hierarchical clustering algorithms (e.g., the well-known k-means and k-medoids
described in detail in Hastie et al. 2009, ch. 14.3.6 and 14.3.10), we selected CLARA
(Clustering Large Applications; Kaufman and Rousseeuw 1990, ch. 3) as the core
algorithm. In summary, CLARA is a resampling-based partitioning algorithm (Hopke and
Kaufman 1990) applying k-medoids. These exhibit larger robustness to noise and outliers

with respect to k-means, as they use actual data points (the “medoids”) as cluster centers



instead of computing their cluster centers (the “centroids”). Within CLARA’s framework,
the k-medoids are applied to cluster a random sample of the data, with this process being
repeated multiple times. The best clustering solution is then selected based on a minimum
dissimilarity distance measure and finally applied to the entire dataset. In this study, the
sample number and sample size were set to 10,000 and 1,000, respectively. The

dissimilarities were calculated using euclidean distances.

To ensure that CLARA would not be affected by skewness and different scales in the
features, feature preprocessing took place. More precisely, the feature values were first
transformed and then standardized. Log-transformation was applied to the maximum
intensity, total volume and total duration, and square-root transformation was applied to
the coefficient of variation (due to the existence of zeros in the values of this latter
feature). Standardization of the storm duration and coefficient of variation took place for
all the stations together, while it was done for each station separately, for the maximum
intensity and total volume. This distinction was made because the latter two features are
expected to strongly depend on local climatological conditions, in contrast to the former

two (e.g., Avanzi et al. 2015).
3.3  Storm type validation

The storm classes, obtained through clustering, were initially explored using the four
defining features (Section 3.2) alongside visually inspecting the precipitation storm time
series. Names were assigned to each class on its characteristics and expert knowledge. An
independent physical validation was then conducted to ensure robustness and
generalizability of the clustering outcome. The first phase of this validation relied on three
features that were not involved in the clustering: seasonality (month at the storm
initiation), diurnal cycle (solar time at the first occurrence of the maximum intensity —
note that the maximum intensity may appear more than once in storm time series,
especially for sub-hourly temporal resolutions) and lightning count. The month at the
storm initiation was extracted from the storm time series (Section 3.1). The solar time at
the (first) occurrence of the maximum intensity was chosen over the local time to better
reflect the sun's position in the sky and its influence on storm dynamics. It was estimated
based on the respective UTC time (which was extracted from the storm time series;
Section 3.1) and the longitude at the location of the storm. Lightning count validation was

performed on a reduced but still large sample, due to limitations in the availability of



lightning data (Section 2.3).

The second phase of the independent validation employed spatial clustering tests. In
fact, to make sure they have a physical meaning, it is important that the clusters identified
from local time series have a spatial consistency. For those, we computed the occurrence
rate of each storm class in the neighborhood of each given class on the same day. To do
so, we examined each storm in each station, inspecting distance intervals (km) from
occurrences of the storm itself and other storm classes in distance intervals of: (0, 10],
(10, 20], (20, 50], (50, 100], (100, 200], and (200, 500] km. We only included storms in
this computation, meaning that dry stations in the examined neighborhood were not

considered.

Additionally, we examined the spatial pattern of storm states across the Alpine range
for eight case studies. These included random dates in the winter and early spring (2006-
03-10,2012-01-08,2013-01-27), as well as dates when events that are well-known to the
research community occurred in the region of interest, such as the Vaia storm (2018-10-
29; Davolio et al. 2020), the Lausanne flood (2018-06-11; Gabella et al. 2019), the Vizze
flood (2012-08-04; Destro et al. 2018), the Magra flood (2011-10-25; Amponsah et al.
2016), and the Lierza flood (2014-08-02; Borga et al. 2019).

3.4  Storm type climatology analysis

We performed a climatology analysis of the storm classes. The analysis included three
independent parts. In the first, we computed the occurrence rates of each class at each
geographical location. In the second, we computed seasonal (DJF, MAM, ]JA, SON)
occurrences within each class at each geographical location. To make the identification of
spatial patterns easier, the occurrence rates (%) from the first two parts were grouped
into the following categories: [0, 10], (10, 20], (20, 30], (30, 40], (40, 50], (50, 60], (60, 70],
(70, 80], (80, 90], and (90, 100]. The last part of the analysis focuses on the climatology
variations in time, and was conducted in two steps: (a) Computation of the occurrence
rates of the classes within each of the consecutive time periods 1981-1990, 1991-2000,
2001-2010, and 2011-2023; and (b) Trend analysis for 113 stations with at least 30
complete years of precipitation data (Figure 1). The latter comprised the computation of
the slope of the linear regression line and performance of the Man-Kendall trend test
(Mann 1945; Kendall 1975), with the null hypothesis being correlation zero (no

monotonic trend) and p-values smaller or equal to 0.05 suggesting strong evidence



against the null hypothesis and, thus, trend. Both (a) and (b) were conducted for three
different settings: all seasons combined; summer only (JJA); and the remaining seasons

(DJF, MAM and SON).
4. Results and discussion
4.1 Precipitation storm database

Our precipitation dataset yielded a collection of 792,786 storm time series of varying sizes
and characteristics (Appendix A). The size of this collection surpasses that of the largest
existing precipitation storm collections (e.g., Herrera et al. 2023), as well as that of other
remarkably large event datasets in the field (e.g., Stein et al. 2020; Tarasova et al. 2020).
Combined with its fine (sub-hourly) temporal resolution, this dataset provides a robust

basis for our storm typology.
4.2  Analyzing storm types through their driving features

The division into five classes led to physically interpretable results in terms of the features
driving the clustering (Figure 2), consistent with our aim to derive a storm typology that
satisfactorily reflects precipitation in the Alps. The key role of this knowledge in validating
clusters towards achieving optimal clustering solutions is emphasized in the statistical
learning literature (James et al. 2013, ch. 10.3). Indeed, divisions into fewer classes did
not allow classes representing convective and stratiform phenomena to discernibly
emerge, while divisions into more classes led to outcomes without anticipated physical
meaning. For instance, a six-cluster division yielded a similar structure, with one of our

five clusters being subdivided into two without a clear physical justification.
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Figure 2. Analysis of the (a) maximum intensity, (b) total volume, (c) total duration and
(d) coefficient of variation values characterizing the clusters, and (e-j) investigations of
the relationships between these values.

Overall, a five-class typology seems reasonable. We expected at least two important
classes to emerge—one related to convective processes and another related to stratiform
processes. Additionally, one or more classes would include observations of less significant
phenomena or events that our gauge-based time series cannot fully capture, due to the

fine time resolution and limited spatial coverage of the rain gauges. These expectations

11



are in alignment with previous storm classification studies, such as Rulfova and Kysely
(2013) and Cipolla et al. (2020), which include classes comprising the “mixed” and
“unresolved” events, or Sottile et al. (2022), who clustered 10-min precipitation storm
time series observed in Sicily, Italy into four categories (two of convective nature, one of
possibly convective nature and one of stratiform nature). The same expectations are also
reasonable in light of Grazzini et al. (2020), who considered three classes (of frontal,
intermediate and deep convective origins) while classifying only the extreme storm

events in the Alps.

We named the classes as “convective” (156,295 storms), “stratiform” (182,309
storms), “short stratiform” (190,385 storms), “intermittent minor” (136,056 storms) and
“minor” (127,741 storms), based on the physical examination of their driving features
(Figure 2). Indeed, the “convective” class comprises the storms with the highest maximum
intensities (Figure 2a), among the highest total volumes (Figure 2b) and the highest
coefficient of variation values (Figure 2d). Moreover, the “stratiform” storms exhibit
features typically attributed to stratiform storms and, more precisely, medium maximum
intensities (Figure 2a), the highest total volumes (Figure 2b), the longest total durations
(Figure 2c) and low coefficient of variation values (Figure 2d). The “short stratiform” class
is characterized by maximum intensities and coefficients of variation of similar magnitude
as the stratiform class (Figure 2a, d), though its total volumes are somewhat smaller (Figure
2b) and its total duration is much shorter (Figure 2c). Thus, we hypothesize it represents
stratiform events where winds are orthogonal to the main cloud direction, resulting in
similar properties to typical stratiform storms, but with a shorter total duration. Lastly,
the “intermittent minor” and “minor” classes have mostly low maximum intensities
(Figure 2a) and mostly low total volumes (Figure 2b). The latter contains all the minor
storms with short total durations and low coefficient of variations, and the “intermittent
minor” those with medium total durations and high coefficient of variations (Figure 2c, d).
Visual examination reveals that the “intermittent minor” class comprises storm time
series resembling those of the “minor” class but punctuated by relatively long dry periods.
The “intermittent minor” and “minor” classes likely reflect intermittent station exposure
to storm events, a fact highlighting the challenges in establishing a fully definitive and

physically consistent typology from point measurements.

More generally, when interpreting the derived storm types, it is essential to consider

the nature of our clustering approach, which was station-based (or time series-based).
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For instance, the long total duration and relatively high occurrence rate (approximately
20%) of the “convective” class, which might initially appear inconsistent with typical
characteristics of convective processes, are better interpreted considering the
methodological context, in which the entire storm is classified and not only its convective
component. Moreover, our storm classes demonstrate robustness to data perturbations.
Indeed, subsampling experiments that included the removal of entire regions (results not
presented here for reasons of brevity) consistently produced classes with similar
features. This robustness is a notable advantage, as many clustering methods are sensitive

to such perturbations (James et al. 2013, ch. 10.3.3).

Furthermore, in their review of flood classifications, which offers insights that are also
applicable to storm classifications, Tarasova et al. (2019) identify robustness (which they
define as the ability to obtain similar classes using different data sources) as a critical
characteristic for event typologies. In addition, while the exact form of our storm types
may not be globally transferable, our clustering methodology is, due to its simplicity and
versatility. Consequently, our overall framework also aligns with the transferability and

adaptability requirements emphasized in the same review.
4.3  Validating storm types through independent features

The successful separation of the “convective” class from the remaining storm classes was
further confirmed by our analysis of independent features (i.e., features that were not
used for developing the typology) of the classes. Convective precipitation phenomena are
indeed known to appear more often during and around summer in the Alps (Figure 3a),
to be more common when the sun has warmed the ground enough leading to air lifting
movements (Figure 3b), and to be accompanied by notable lightning activity (Figure 3c).
As stratiform phenomena are more common in spring and autumn in the Alps, the
seasonal analysis also validates the successful separation of the “stratiform” class from

the rest (Figure 3a), showing a bimodal distribution for those storms.
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Figure 3. Analysis of the clusters with respect to their: (a) seasonality, (b) solar time at the
(first) occurrence of the maximum intensity and (c) lightning counts (outliers have been
removed for clarity).

4.4  Validating storm types through spatial organisation investigations

Spatial organisation is found to characterize the historical occurrences of all the storm
classes, with each of them having occurred far more commonly around itself during the
same day than any other class, at least for distances up to 50 km (Figure 4; see the side-
by-side boxplots on the main diagonal thereon). As one would expect, the “stratiform”
class is characterized by the largest degree of spatial clustering. Its historical occurrence
rates exhibit a median equal to about 75% for distances smaller than 10 km far from itself.
This means that storms observed within 10 km from storms classified as “stratiform”, are
classified with the same type about 75% of the time. This median reduces gradually to

about 50% for distances of 200 to 500 km away from the analyzed storm. With the

respective occurrence rates being found equal to about 65% (55%) and larger than 30%



(15%), the “convective” class (“short stratiform” class) is characterized by the second
(third) largest degree of spatial clustering and graduality in the reduction of these rates
with the distance. The large degree of spatial clustering observed for the “convective”
class, though seemingly inconsistent with typical intuitions about convective
precipitation, becomes understandable considering the nature of our clustering problem;
our method classifies the entire storm time series, not solely the moments of convection
appearing in those. Additionally, while individual convective cells are in fact localized,

they are then advected and can cover a relatively large area over the time of the storm.
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Figure 4. Occurrence rates of the classes in the wet stations within various ranges of
distances from the (a) “convective”, (b) “stratiform”, (c) "short stratiform”, (d)
“intermittent minor” and (e) “minor” classes.

For the “intermittent minor” and “minor” classes, the reduction in the occurrence rates
around themselves is more abrupt. This is in accordance with our expectations, as these
classes are expected to be linked to unimportant storms or phenomena that were not
well-captured by our gauges. For example, we expect the stations that only capture the

outermost portions of an important event to only see a minor amount of precipitation.
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Indeed, the median of these rates starts from about 40% for distances less than 10 km and
becomes less than 25% already for distances between 20 and 50 km. Moreover, as the
distance from a storm observation increases, the occurrence rates of different classes
increase notably for some pairs of classes, such as the {“stratiform”, “convective”},

» o« » o«

{“stratiform”, “short stratiform”}, {“stratiform”, “intermittent minor”} and {“stratiform”,

“minor”}. For other pairs, such as {“intermittent minor”, “minor”} and {“short stratiform”,

“convective”}, they remain similar or tend to only slightly increase.

Figure 5 offers a more intuitive understanding of the historical occurrence rates, as
well as case-specific insights contributing to the overall validation. In the winter and early
spring (Figure 5a, c, e), the “stratiform”, “short stratiform”, “intermittent minor” and
“minor” storm classes display noticeable spatial clustering, with this clustering being
more intense for the former two classes. On the contrary, “convective” storm occurrences
were randomly distributed during these seasons, lacking any apparent spatial clustering.
However, on dates with high-impact storm events (Figure 5b, d, f-h), the “convective”
storms also displayed strong spatial clustering, with the “convective” phenomena having
occurred in quite large areas in many cases. In contrast, the “intermittent minor” and

“minor” storm occurrences were few and randomly distributed on these dates, typically

on the edge of the wet region.
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Figure 5. Storm state at stations with data on (a, ¢, e) random dates in the winter or early
spring and (b, d, f-h) dates when well-known storm events occurred.

Notably, heavy rainstorms with large spatial extent were observed in northern Italy on
October 25, 2011 (Amponsah et al. 2016), which our clustering method attributed to
“stratiform” phenomena (Figure 5b). Also notably, the storm that led to a severe flash
flood and numerous debris flows in the Vizze valley (Eastern Italian Alps) on August 4,
2012, (Marra etal. 2014; Destro et al. 2018) was classified as “convective” (Figure 5d). On
August 2, 2014 (Figure 5f), high-intensity, short-duration rainfall caused the Lierza river
(Eastern Italian prealps) to burst its banks, leading to severe flash flooding and landslides
in Veneto, northern Italy (Borga et al. 2019). Our clustering method identified
“convective” storms in those areas on that date. Similarly, on the late evening of June 11,

2018 (Figure 5g), heavy thunderstorms and a record-breaking, high-intensity, short-
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duration storm caused flash flooding in Lausanne, Switzerland (Gabella et al. 2019). Our
clustering method accurately classified the storm occurrences near Lausanne on this date
as “convective”. Finally, the Vaia storm that severely hit north-eastern Italy at the end of
October, 2018 (Davolio et al. 2020), was identified, consistent with Davolio et al. (2020),
as “stratiform” with vast regions of “convective” features mostly in the southern lowlands

(Figure 5h).
4.5 Storm type climatology

Figure 6 illustrates the historical proportions of the classes across the examined locations.
Overall, “convective” storms (Figure 6a) occurred at rates between 10% and 20% in many
locations, including those in Switzerland and Germany, most of those in France and
Austria, and about half of those in Italy. In the remaining locations, mostly including the
largest part of Northeastern Italy, “convective” storm occurrence ranged from 20% and
30%. The “stratiform” storms (Figure 6b) were prevalent, occurring at rates from 20% to
30% in most Italian areas and some locations in France, Switzerland, Germany, and
Austria. Only a few lowland locations in Italy showed lower occurrences of this storm
type. Higher occurrences, between 30% and 40%, were observed at the remaining
locations. Rates of the “short stratiform” storms (Figure 6¢) were more consistent across
the various locations, with most experiencing occurrences between 20% and 30%. Small
variations existed, with a few locations exhibiting rates slightly outside this range, either
10% to 20% or 30% to 40%. Lastly, each of the minor classes (Figure 6d, e) generally
represented 10% to 20% of the occurrences for most locations. However, the
“intermittent minor” storms (Figure 6d) were more frequent for most of the examined

lowland locations in Italy, reaching occurrence rates between 20% and 30%.
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Figure 6. Proportions of the (a) “convective”, (b) “stratiform”, (c) “short stratiform”,
(d) "intermittent minor” and (e) “minor” classes in each geographical location.
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Distinct spatial patterns characterize the historical occurrence rates of the “convective”
(Figure 7a, d, g, j) and “stratiform” (Figure 7b, e, h, k) storm classes across the four
seasons. For nearly all locations, the “convective” class occurs at very low rates during
winter (DJF), as confirmed by Figure 3a, resulting in no notable spatial patterns for that
season (Figure 7a). In contrast, “convective” storms are most frequent in summer (JJA),
and their occurrence rates (Figure 7g) reveal clear meteorological differences across
regions. Specifically, “convective” storms become more common moving from south to
north and from lowlands to highlands. This pattern likely reflects the role of Alpine
topography in triggering convective lifting through orographic effects. In the spring
(MAM) and autumn (SON), “convective” storms appeared more often in low locations in
[taly than in the pre-Alps and Alps, experiencing occurrences, in most cases, between 20%
and 30% and between 10% and 20%, respectively. In the same seasons, the “stratiform”
storms showed occurrence rates that do not reveal clear spatial patterns. In the winter,
they mostly occurred with lower rates for the pre-Alpine and Alpine areas in Italy than
for other regions, while in the summer they occurred with low rates for the low elevation
locations in Italy and for the south locations in France and with somewhat larger rates for
the remaining regions. On the other hand, no notable spatial patterns were observed for

the occurrence rates in the four seasons of the “short stratiform” storms (Figure 7c, f, i, 1).
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Figure 7. Proportions of the seasons within the (a, d, g j) “convective”, (b, e, h, k)
“stratiform” and (c, f, i, 1) “short stratiform” classes.

Notable positive temporal changes were identified in the occurrence rates of the
“convective” class, thereby reinforcing the findings by Dallan et al. (2022), that reported
an increasing trend in extreme short-duration precipitation in the north-eastern Italian
Alps and associated it to enhanced convective activity in the summer. Our results suggest
that this signal is not limited to the area analysed by these authors but pertains to the
entire Alpine area. Recent findings by Dallan et al. (2024) and Estermann et al. (2025)
reported that this increasing trend in extreme (heavy) precipitation in northeastern Italy
and the greater Alpine region is expected to continue in the future, based on analyses of
climate model projections. Although noteworthy changes were observed across all
seasons (Figure 8a, d), the summer changes (Figure 8b, e) were far more prevalent than
those in the other seasons (Figure 8c, f). In particular, the trends were found to be
statistically significant for about 22% and 27% of the stations offering long records for all
the seasons (Figure 8d) and for summer (Figure 8e), respectively. At the same time,
notable negative temporal changes were found for the occurrence rates of the “stratiform”
and “short stratiform” classes, especially for the summer season (Figure 8b, e), with the
respective percentages of the stations with statistically significant trends being found

equal to about 16% for the “stratiform” and 19.5% for the “short stratiform”.
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Figure 8. Analyses of the temporal changes in the proportion of the clusters at the various
stations: (a-c) Percentages of the clusters within consecutive time periods, and (d-f) trend
analyses for the 113 stations offering at least 30 complete years of precipitation data (see
Figure 1), with the percentages of the stations with statistically significant trends being
reported at the top of the side-by-side boxplots of the linear slope estimates.
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5. Summary and conclusions

This study introduces a precipitation-driven typology that separates the Alpine storms
into five classes. This typology was informed by a collection of over 790,000 sub-hourly
time series of independent storms extracted from a vast precipitation dataset spanning
the Alpine range across five countries. A clustering method played a central role in the
development of our proposed typology. This method objectively draws information from
four key storm features estimated using precipitation time series: (a) maximum intensity,
(b) total volume, (c) total duration, and (d) coefficient of variation. It was designed for
simplicity and versatility to enable adaptations to diverse regions around the globe
through marginal adjustments reflecting region-specific climatological characteristics. In
particular for the Alpine region, the robustness of the clustering method in its current
configuration was confirmed through its application to subsets of our storm collection.
Because of its known optimality in clustering big data, a resampling-based partitioning
algorithm was employed herein. Nonetheless, conventional partition-based clustering
algorithms, such as the k-means or k-medoids, are expected to exhibit similar efficiency

in the absence of scalability issues.

Three additional storm features not used for the clustering, specifically the month of
the storm initiation, solar time at the (first) occurrence of the maximum intensity and
lightning count corresponding to the storm, were used in this study for the physical
validation of the derived classes, along with an examination of the extent to which the
occurrences of each class were clustered in space. Overall, the validation showed
consistency with anticipated physical patterns, especially regarding the distinction of
crucial significance between the convective and non-convective phenomena, and guided

the naming of the classes as “convective”, “stratiform”, “short stratiform”, “intermittent

minor” and “minor”.

Fundamental questions in the study of storm typologies concern the climatology of the
classes. For the Alps, we found the occurrence rates of the “convective” storms to depend
both on the location and the season, and identified regions where the same rates were
higher than in others for specific seasons, such as the lower-elevation regions in Italy
during spring. We also found the “convective” storms to be occurring with increasing
frequency in more recent years, particularly during summertime. These findings

underscore the utility of our proposed typology for understanding the complex dynamics
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of Alpine precipitation and reinforce our belief that this typology offers a robust

framework for a variety of modelling purposes in the Alps.

Based on the physical consistency observed, we deem that the proposed typology can
meet various direct methodological uses within the Alpine region, extending beyond the
climatological analysis application conducted in this study. These could range from the
development of stochastic simulation methods tailored to the characteristics of the
storms to the improvement of the bias correction of our climate model projections or to
the development of process-based extreme value analyses. Thus, we provide the historical
occurrences of the classes, together with the storm features, in the form of an open dataset

(Appendix A).
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Appendix A Data availability and statistical software

Information about the 792,786 precipitation storm time series extracted and analyzed in
this study is provided in the form of an open dataset (Papacharalampous et al. 2025). This
information is the following: the geographical location where each storm was observed
indicated by its longitude and latitude, the timestamps at the storm initiation and
termination, the storm features that drove the proposed typology on an algorithmic basis

(i.e, maximum intensity, total volume, total duration, and coefficient of variation) and the
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storm type. The original time series cannot be shared by the authors; the sources of the

original precipitation data are cited in the article (Section 2).

Data processing relied on a combination of the MATLAR and R (R Core Team 2024)
programming languages. The statistical analyses and visualizations were conducted in R,
with the exception of the computational analyses on spatial clustering, including the
creation of Figure 4, which were performed in MATLAB. The following R packages were
utilized: bdc (Ribeiro et al. 2024), cluster (Maechler et al. 2023), data.table
(Barrett et al. 2024), devtools (Wickham et al. 2022), dplyr (Wickham et al. 2023a),
elevatr (Hollister 2023), ggpubr (Kassambara 2023), ggridges (Wilke 2024),
gplots (Warnes et al. 2024), knitr (Xie 2014, 2015, 2024), lubridate (Grolemund
and Wickham 2011, Spinu et al. 2024), raster (Hijmans 2025), RColorBrewer
(Neuwirth 2022), readx1 (Wickham and Bryan 2023), rmarkdown (Allaire et al. 2024,
Xie et al. 2018, 2020), rnaturalearth (Massicotte and South 2023), scales
(Wickham et al. 2023b), streamMetabolizer (Appling et al. 2018) and tidyverse
(Wickham et al. 2019, Wickham 2023).
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