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Abstract. Hail is one of the costliest natural hazards in Switzerland and causes extensive damage to agriculture, cars, and
infrastructure each year. In a warming climate, hail frequency and its patterns of occurrence are expected to change, which
is why understanding the long-term variability and its drivers is essential. This study presents new multidecadal daily hail
time series for northern and southern Switzerland from 1959 to 2022. Daily radar hail proxies and environmental predictor
variables from ERAS5 reanalysis are used to build an ensemble statistical model for predicting past hail occurrence. Hail days
are identified from operational radar-derived probability of hail (POH) data for two study domains, the north and south of the
Swiss Alps. We use data from 2002 to 2022 during the convective season from April to September. The decision to name a day
a hail day is made when POH surpasses 80 % for a minimum footprint area of the two domains. Separate logistic regression and
generalized additive logistic regression models (GAMs) are built for each domain and combined in an ensemble prediction to
reconstruct the final time series. Overall, the models are able to describe the observed time series well. Historical hail reports are
used for comparing years with the most and least hail days. For the northern and southern domains, the time series both show
a significant positive trend in yearly aggregated hail days from 1959 to 2022. The trend is still positive and significant when
considering only the period 1979-2022. In all models, the trends are driven by moisture and instability predictors. The last
two decades show a considerable increase in hail days, which is strongest in May and June. The seasonal cycle has not shifted
systematically across decades. This time series allows us to study the local and remote drivers of the interannual variability and

seasonality of Swiss hail occurrence.

1 Introduction

During the convective season, hail causes substantial damage to agriculture, cars, and buildings in Switzerland (BAFU, 2012).
One extreme hailstorm on June 21, 2021 caused building damage of 400 million Swiss francs (approx. EUR 415 million ) in a
single canton alone (Schmid et al., 2023; Kopp et al., 2023). Addressing hail hazard is challenging, as hail is associated with
complex interactions of thunderstorm dynamics with microphysical processes that are modulated by synoptic-scale dynamics.
Predicting the development and evolution of convective storms is especially challenging in the complex topography of Western

Europe. Orography such as the Alps and Jura Mountains can initiate or modulate convection, for example by increasing
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environmental wind shear that can lead to stronger storm organization (Kaltenboeck and Steinheimer, 2015; Kunz et al., 2018).
In a changing climate, we may also expect changes in hail frequency and intensity. Although some studies report indications
of increasing hail frequency and size (Pucik et al., 2019; Raupach et al., 2023a; Battaglioli et al., 2023a) and hail damage
(Willemse, 1995) in Europe, other studies show a negative trend or no trend (Manzato et al., 2022; Augenstein et al., 2023).
Trends in damage are not necessarily driven by trends in the hazard. Damage is also linked to exposure and vulnerability and
undergoes changes with urban expansion and changes in the built infrastructure.

The pre-Alpine regions north and south of the Alps are regularly affected by severe hailstorms (Nisi et al., 2016; Fluck et al.,
2021). Swiss hail occurrence exhibits a strong year-to-year variability and follows a pronounced seasonal cycle (Schroer et al.,
2023). Recent studies (Nisi et al., 2018, 2020; Barras et al., 2021; Schroer et al., 2023) have highlighted substantial differences
in both inter- and intra-annual hail variability between the northern and southern sides of the Alps. In the northern domain the
peak of the convective season typically occurs in June, whereas in the south, it occurs in July (Fig. 2). Moreover, the occurrence
of hail-prone and hail-sparse years differs between the two regions.

In contrast to North America, where important drivers of the year-to-year variability of severe convection and hail have been
well studied (Tippett et al., 2015; Allen et al., 2020; Taszarek et al., 2020a; Nixon et al., 2023), a thorough examination of the
long-term variability of hail in Switzerland is currently lacking. The lack of long-term direct hail observations often hinders the
analysis of hail frequency patterns and variability (Martius et al., 2015). To be able to analyze long-term trends and variability
in hail occurrence, we need a hail time series longer than any currently available. Environmental hail proxies derived from
sounding, reanalysis, or model data combined with statistical models are typically used to create such extended time series.
The primary advantage of reanalysis data is their spatial and temporal coverage and their availability over long time periods.
Here, we use ERAS data to produce a multidecadal daily hail time series for northern and southern Switzerland from 1959 to
2022. ERAS is considered one of the most reliable reanalyses in representing convective storm environments (Li et al., 2020;
Taszarek et al., 2020b; Pilguj et al., 2022; Varga and Breuer, 2022; Wu et al., 2024).

The development of deep moist convection requires an unstable atmosphere, sufficient moisture at low levels, sufficient
vertical wind shear, and an initiation mechanism (Johns and Doswell, 1992; Doswell et al., 1996). For hailstones to form
in a storm, three additional ingredients are needed: an embryo particle, typically graupel or frozen drops, an abundance of
supercooled liquid water, and sufficient time for the hailstone to grow within the storm’s updraft (Allen et al., 2020; Kumjian
and Lombardo, 2020; Kumjian et al., 2021). Regional characteristics such as terrain barriers, local wind systems, and warm
water surfaces influence the relative importance of these ingredients necessary for hailstorm development, which is why this
study looks at the regions north and south of the Alps separately.

Convection in the region south of the Alps is influenced by the transport of moist and warm air masses originating from
the Adriatic and Mediterranean Seas during southwesterly or southern flow conditions (e.g., Nisi et al., 2016). These air
masses create ideal conditions for convective storm development, when coupled with local wind systems such as mountain—
plain circulations and valley breezes. Previous studies have highlighted the relevance of anabatic—katabatic wind systems in

the southern Pre-Alpine region and specifically in the Po Valley to hail formation (Morgan, 1973; Gladich et al., 2011). The
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southern domain is shielded from northern air masses by the Alpine chain, whereas the northern domain is regularly exposec
to frontal systems originating from the west or north (Schemm et al., 2016).

Due to these unique topographic and synoptic conditions, predicting hailstorm formation in Switzerland requires regional-
speci ¢ models that consider individual interactions. Various atmospheric variables have been used in statistical models to
predict severe hail-producing thunderstorms in Europe (Groenemeijer and van Delden, 2007; Kunz, 2007; Garcia-Ortega et al.,
2012; Manzato, 2012; Mohr and Kunz, 2013; Gascon et al., 201&k R al., 2015; Tuovinen et al., 2015; Melcon et al.,

2017). There are regional differences from the United States (Brooks et al., 2003; Rasmussen, 2003; Johnson and Sugder
2021; Taszarek et al., 2020a; Nixon et al., 2023) and Australia (Allen et al., 2011; Raupach et al., 2023a). Mohr and Kunz
(2013) and Kunz (2007) presented a comprehensive list of hail-relevant meteorological parameters and indices that can be use
as environmental proxies for Europe, and Huntrieser et al. (1997) presented a list speci cally for Switzerland.

The parameters and indices can be grouped into three categories: instability and moisture, which are both thermodynamic,
and kinematic conditions. Latent, conditional, and potential instabilities are captured by indices such as CAPE (Moncrieff
and Miller, 1976), the Lifted Index (Galway, 1956), the Vertical Total (Miller, 1972), the Boyden Index (Boyden, 1963), the
Showalter Index (Showalter, 1953), and the KO Index (Andersson et al., 1989). Other indices combine all three instabilities,
such as the Total Totals (Miller, 1972) and the K Index (George, 1961). Other indices measure the tropospheric moisture
content. such as vertically integrated liquid water; (Greene and Clark, 1972), and kinematic conditions such as the magnitude of
the vertical wind shear (Weisman and Klemp, 1982, 1984). Composite parameters that combine kinematic and thermodynamic
variables such as the SWISS Index (Huntrieser et al., 1997), the Signi cant Hail Parameter (SHIP), and the Hail size Index
(HSI) also correlate well with the occurrence of large hail (Allen et al., 2015; Czernecki et al., 2019; Gensini et al., 2021,
Johnson and Sugden, 2021). The indices are then used in statistical models to estimate the occurrence of halil.

For instance, Mohr et al. (2015a) used a logistic regression approach to estimate the potential for hailstorms in Germany
between 1971 and 2000 and between 2021 and 2050. They nd that the potential for hail events is projected to increase
signi cantly in 2021-2050 compared to 1971-2000 in the northwest and south of Germany.

Logistic regression has also been used by Billet et al. (1997); Schmeits et al. (2005); Sanchez et al. (2009) and L6pez
et al. (2007) to model thunderstorm and hail events. Recently, Battaglioli et al. (2023a) created a logistic generalized additive
model for Europe and the United States from ESWD reports and ERA5 data to model trends of large hail (> 2cm and >
5cm) occurrence. They presented a signi cant increase in hail frequency in northern Italy and parts of southern Switzerland.
Allen et al. (2015) developed a Poisson regression from monthly averages to connect monthly hail frequency to the large-scale
atmospheric environment in the United States. Madonna et al. (2018) presented a Poisson regression hail model using rada
and ERAGS data speci cally for northern Switzerland. Their model captured the intra- and interannual hail variability well, and
their time series showed an increase of 0.5 hail days per month per decade.

We build on Madonna et als (2018) work, but in this study, we increase the resolution of the analysis to daily, we ad-
ditionally include the South of Switzerland, and we extend the time series back to 1959. Unlike Battaglioli et al. (2023a),
who used ESWD severe weather reports, we use Swiss radar data as proxies to model hail day occurrence. Furthermore, w

employ an ensemble of two statistical models, a logistic multiple regression and a logistic generalized additive model (GAM),
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to leverage the best- tting predictors for each domain individually. Our statistical models are tailored to Switzerland. Our goal
is not to build a model for forecasting, but we want to produce the best possible reconstruction of past hail days in Switzerland
from environmental predictor variables. The statistically modelled time series will then be used to study long-term trends and
changes in frequency, seasonality, and the variability of model-derived Swiss hailstorms in past decades.

The paper is structured as follows. Section 2 provides an overview of the datasets used in this study and is followed by a
description of methods in Sect. 3. Model building and performance are explained in Sect. 4. Results from time series analyses

are presented in Sect. 5, which are discussed in Sect. 6. Conclusions follow in Sect. 7.

2 Data
2.1 Radar-derived Probability of Hail

This study uses the radar- and model-based probability of hail (POH) product as a proxy for hail. POH is an empirical halil
detection algorithm from MeteoSwiss that indicates the probability of hail of any size on the ground from 0 to 100 %. The
estimate follows the method from Foote et al. (2005) and Waldvogel et al. (1979) and is based on the vertical distance between
the 45dB EchoTop height measured by the Swiss radar network and the freezing level height obtained from the COSMO-
CH numerical weather forecast model (Baldauf et al., 2011); see Nisi et al. (2016) and Kopp et al. (2024) for a detailed
description of the POH algorithm. POH is currently available from 2002 to 2024 in 5 min and daily temporal resolution on a
1km x 1km Cartesian grid spacing. The third-generation Swiss radar network, which from 2002 to 2012 consisted of three
single-polarization Doppler C-band radars, was updated to the more advanced fourth-generation dual polarization Doppler
C-band radars in 2012. Subsequently two additional radars were installed in mountainous regions at high elevations, where
orographic beam blocking minimized low-level interference from the other three radars. We use thoroughly quality-checked
and reprocessed POH data from the recently published Swiss hail climatology (Trefalt et al., 2023; Schroer et al., 2023) and
consider areas within a 140 km radius around the ve radar stations (Fig. 1). The 140 km radius limitation helps minimize
planar artifacts and ground clutter.

The central Alps are excluded from the analysis because hail rarely occurs there (Van Delden, 2001; Giaiotti et al., 2003;
Nisi et al., 2016) and radar quality may be lower (Feldmann et al., 2021). The central Alps is delineated from the northern and
southern pre-Alps by the boundaries of the of cial prognosis regions from the Federal Of ce of Meteorology and Climatology
MeteoSwiss. This selection of the study domains allows the climatological regimes north and south of the Alps to be separated
and corresponds to those in Barras et al. (2021). Comparing POH data with car insurance loss data, Nisi et al. (2016) showec
that a POH threshold of 80 % best represents hail locally. Note that damage occurs to cars with hailstone sizes of around 2 cir
and larger. More information on the de nition of hail days is described in Sect. 3.1.
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2.1.1 ERAS5 environmental predictors

For multidecadal analyses, ERAS is the best product currently available for Europe. Therefore, we use ERAS reanalysis data
to quantify the hail potential of the atmosphere (Hersbach et al., 2020). In this work, data on model levels (137 levels from
1000 hPato 1 hPa, 0.5° x 0.5° grid spacing), pressure levels (17 levels, 0.5° x 0.5° grid spacing), and surface data (0.25° x
0.25° grid spacing) in hourly and 6-hourly resolution was used from 1959 to 2022. We exclude any data before 1959 from our
analysis because the quality of ERAS declines in those years (Bell et al., 2021) and cannot be used to analyze trends. A tota
of 75 convective parameters was calculated (Table S1 in the supplementary material).

Statistical models classifying hail events typically select the ERA5 grid point that is temporally and spatially closest to the
hail incident. However, such a selection is not possible for reconstructing past hail events because no information is available
on the hail event prior to the observational period. Therefore, to model the occurrence of a hail day, we calculate ERA5 pro les
averaged across the entire northern or southern domains at 12 UTC. The values at 12 UTC exhibited the highest predictive skill,
which may be attributed to the fact that most storms in Switzerland occur in the late afternoon (e.g., Nisi et al., 2016, 2018).
Thus, the 12 UTC value is most likely to capture the atmospheric conditions before storm formation.

Our de nition of hail days focuses on days with more than a single hail cell. The thresholds are set to capture events that led
to damage and affected somewhat larger areas (Probability of H&@ % over a minimum area of 580 Krfor the northern
domain and 499 kifor the southern domain, as detailed in Section 3.1).

2.2 Historic hail data

To check plausibility, we compared the modelled time series to a historical hail data set that is a qualitative combination of
multiple data sources, mainly crop damage reports, extending back to 1825 and early radar data, including research rada
data extending back to 1983 (Mdller and Schmutz, 2021). Most relevant for our study period, 1959—2022, is the agricultural
crop damage data archive by the Swiss agricultural hail insurance company Schweizer Hagel. Radar-based measurement
complement the archive after 2002. The historical information is temporally resolved on a daily scale and spatially resolved
by municipality scale. From this information, we derived a time series with binary hail information using a threshold of ve
affected municipalities. The threshold was selected to best match the annually averaged hail days derived from POH data (se
Sect. 3.1). This historical data archive is subject to signi cant uncertainties, including reporting biases, changing vulnerabilities
and exposures of crop cultures, hail prevention measures, the fraction of insurance partition, and mergers of municipalities
(Willemse, 1995). Due to these limitations, the historical data cannot be interpreted as a homogeneous time series, and &
quantitative comparison is impossible. However, the data contains valuable information on the weakest and strongest active
hail years and an indication of multiyear variability, which can complement model evaluation.
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3 Methods

In this section, we rst provide an explanation of how hail days are extracted using the probability of hail (POH) radar proxies
and then analyze the distribution of the POH time series.

3.1 POH time series

To identify hail days in northern and southern Switzerland, we use daily POH data from 2002 to 2022 during the hail-prone
months of April to September. We use the same domains and area thresholds as Barras et al. (2021). The daily area of POH
80 % is extracted separately for the domains north and south of the Alps (Fig. 1). To qualify as a hail day, the daily maximum
POH must reach or exceed 80 % over an area of at least 58(hwkitme northern domain and 499 Krim the southern domain.

Barras et al. (2021) determined that these thresholds correlate best with days when car damage was reported across Switzerlai
from 2002 to 2012. This de nition implies hail large enough to cause damage to cars, approximately 2cm in size. The sensitivity
of our model's to this threshold was tested by varying the area threshold. We found no signi cant impact on misses or false
alarms, consistent with earlier studies indicating low sensitivity to area thresholds (Madonna et al., 2018). These criteria yield
566 hail days in the northern domain and 560 in the southern domain between 2002 and 2022. The a priori probability of hail
days between 1 April and 30 September is 14.7 % in the north and 14.5 % in the south.

On average, 27.0 hail days per year occur in the north and 26.7 in the south. A maximum of 44 hail days was recorded in
the north in 2009 and a maximum of 37 in the south in 2018. A minimum of 16 hail days occurred in the northern domain in
2020 and a minimum of 17 hail days in the southern domain in 2007.

There is considerable interannual variability with domain-speci ¢ differences during the observation period (Fig. 2a).
Whereas the most recent years in the south show a frequency above the average, the opposite is true in the north. Yet, with
time series of only 20 years, we cannot assess or interpret trends in a robust way.

Hail is a seasonal phenomenon with a strong annual cycle in both domains (Fig. 2b). In the north, hail is most frequent in
June, with a total of 166 hail days, followed by July with 157 hail days. In the south, hail is most frequent in July with 189 hail
days.






