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ARTICLE INFO ABSTRACT
Keywords: Study region: Target area of this study are the main agricultural production zones of Austria. Most
Rainfall erosivity important croplands cover the flat to pre-alpine areas concentrated in the north, east, and

Spatiotemporal erosivity
Agricultural areas
Erosive rainfall patterns
Clustering analysis

southeast of Austria.

Study focus: The novelty of our study is the spatiotemporal assessment of rainfall characteristics
that drive erosivity at the event level as well as the identification of erosive rainfall distribution
patterns within the events. Our assessment approach allows the definition of both typical and
extreme erosivity. Long-term and high temporal resolution rainfall datasets were used to apply a
clustering approach, seasonal and spatial analyses, and rainfall distributions assessment (iso-
pleths) of the identified rainfall types (clusters).

New hydrological insights for the region: Three dominant erosive event-types (clusters) were iden-
tified that strongly relate with Austria’s seasonality and complex topography. The most erosive
rainfall events (cluster C1) are characterized by a high intensity and short duration. C1 events
have the largest occurrence frequency in pre-alpine southern Austria and occur from May to
September. Unlike the less erosive and more evenly distributed event types (C2 and C3) the highly
erosive C1 events have a pronounced maximum rainfall intensity at the onset of the event.

1. Introduction

Natural phenomena, such as unusual rain and wind storms (Azimzadeh et al., 2022; Marzen et al., 2017), overlaid with intensive
agricultural management (e.g. removal of native vegetation and frequent soil tillage), can generate severe soil erosion, threaten soil
health, and lead to the degradation of biodiversity and the reduction of the crop production potential (Borrelli et al., 2022; Panagos
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et al., 2016). According to the Thematic Strategy for Soil Protection in European Union (EU) (European Commission — Soil Thematic
Strategy, 2006), soil erosion by water is a top-ranked hazard for soils in Europe (Panagos et al., 2016; Panagos and Katsoyiannis, 2019).
Borrelli et al. (2022) found high soil erosion rates occurring over half of the European Union’s arable land (53.7%), where soil
displacement due to rainfall is estimated to account for 51% of the total soil displacement.

The rainfall erosivity factor (R) used in the Universal Soil Loss Equation (USLE) and Revised Universal Soil Loss Equation (RUSLE)
models (Renard et al., 1991) includes the kinetic energy of rainfall as well as the 30-minute maximum intensity (EI3g) to account for
both, the erosive power of raindrops and the potential surface runoff that transports the detached soil particles. The according rainfall
erosivity factor (Elgp) is one of the most commonly applied indicators used to define the erosive potential of a storm and combines the
effects of precipitation duration, amount, and intensity (Lai et al., 2016; Renard et al., 1991). Rainfall erosivity can greatly vary
between rainfall events even within a geographic area (Lee et al., 2022). Rainfall erosivity variation is largely determined by the
spatiotemporal distribution of rainfall amounts, rainfall intensities, and seasonal characteristics (Schmidt et al., 2016). However, based
on the traditional USLE-RUSLE approaches, where R-factors represent average erosivity conditions, and following the argument of
Wischmeier and Smith (1958) that storm patterns exhibit random distributions over time, disregarding these patterns does not exert a
notable impact on the long-term prediction of Elso. From this perspective, extreme events are excluded ahead of calculations (Yin et al.,
2017) or intense events should be treated as outliers and neglected for erosivity assessments (Padulano et al., 2021). Accordingly, and
in simplified practical applications, the assessment of soil degradation commonly relies on average annual cumulative rainstorm
erosivity values.

Gonzalez-Hidalgo et al. (2007) and Bagarello et al. (2011) showed that infrequent extreme erosive events significantly impact soil
loss. Studies by Bagarello et al. (2011) claim that a small number of infrequent, short-duration, but intense rainfall events can cause a
majority of soil loss. Gonzalez-Hidalgo et al. (2007), on a daily soil erosion study in Western Mediterranean areas, found that over 50%
of the soil eroded annually was related to only three (daily) erosion events despite high variability between sites, years, and different
approaches. Bagarello et al. (2011) claimed that approximately 75% of the annual soil loss measured at the plot scale on bare soil at the
Sparacia (South Italy) experimental station was due to a single event. Long-term field plot observations in eastern Austria showed that
the three most significant erosion events between 1994 and 2019 accounted for 79% of total soil loss during the same period (Klik and
Rosner, 2020). Yang et al. (2022), using six years of data from the Mahuangtian Basin in China, found greater values of sediment yield
and runoff in 2018 and 2019 than in other years due to extreme rainfall events. Peng and Dai (2022), after conducting rainfall ex-
periments on simulated slopes with surface-exposed bedrock and subsurface fissures, found that rainfall intensity was the driving
factor determining the amount of soil surface erosion and subsurface leakage loss.

As peak rainfall intensity could occur early in the storm, in the middle, or at the end (Nyssen et al., 2005), the intra-storm variation
of peak rainfall intensity affects peak runoff rates, infiltration, and accordingly, soil erosion (Flanagan et al., 1988; Parsons and Stone,
2006). For example, Wang et al. (2016) analyzed the effects of different storm patterns (of constant rainfall amount) on soil loss under
natural rainfall. The authors found that storms with peak intensities occurring during the first half of the duration generated the largest
contribution (55-68%) to the total erosion among the four patterns. Often, the highly erosive (e.g. convective) rainfalls generate their
maximum intensities at the beginning of a rainstorm; in South Africa, more than half the storms generate their maximum peak intensity
within the first quartile of the duration of the storm, and 84% of the storms show maximum intensity within the first half (Nel, 2007).
In Rio de Janeiro, Brazil, similar conditions were found: maximum peak intensity occurs during the first half of the event duration in
45.7% of the storms (Machado et al., 2008).

In addition to that globally increasing climatic variability, including the infrequent intensive rainfall events, may further accelerate
rainfall erosivity (Burt and Weerasinghe, 2014). A recent study conducted by Padulano et al. (2023) found that in the Mediterranean
area, especially in Italy, annual precipitation totals are expected to be unchanged in the future. However, at a monthly/seasonal level,
the authors found great variability, with areas affected by a possible severe increase in soil erosion due to rainfall erosivity patterns
changes. According to the IPCC (2023), heavy precipitation events have become more frequent, intense, and voluminous since 1950,
and it is probable that such trends will continue into the 21st century. This may also apply to Austria: a recent study by Johannsen et al.
(2022), using high temporal resolution and long-term precipitation time series to develop updated R-factors at different spatial and
temporal scales, concluded greater R-factor values compared to the publications of Strauss et al. (1995) and Klik and Konecny (2012).
Klik and Konecny (2012) analyzed the rainfall erosivity of 51 rainfall stations in northeastern Austria and found stations with
significantly increasing trends in rainfall intensity, rainfall erosivity, and event occurrence.

Rainfall characteristics play a crucial role in soil erosion and have a direct impact on soil detachment, water infiltration, and
overland flow (Peng and Wang, 2012). Yang et al. (2022) proved that different erosive rainfall patterns have varying impacts on runoff
and sediment yield. Similar observations reported by Li et al., (2023). The authors carried out a study in Kars areas, where the soil loss
was affected by different rainfall patterns in the field and laboratory.

To date, research endeavors have predominantly focused on the assessment of long-term annual averages of soil erosion rates, often
based on simplified or long-term rainfall erosivity assumptions. Enhanced comprehension of erosive occurrences about temporal and
spatial patterns and dynamics, with a particular emphasis on extreme events, assumes a position of paramount significance in the
precise assessment of erosion risk and the formulation of targeted mitigation strategies to alleviate the impact on agricultural areas.
This is supported by local studies conducted in Austria by e.g. Strohmeier et al. (2015), which indicated that different environmental
contexts react differently to the contribution of rare and infrequent extreme events.

Our work aims to investigate the spatiotemporal occurrence of rainfall erosivity across the most important agricultural areas in
Austria emphasizing on the dominant event-types. The specific aims are (i) to calculate rainfall characteristics, including the USLE R-
factor using long-term and high temporal resolution (5 min) measured rainfall data, (ii) to characterize and cluster dominant erosive
events types, and (iii) to evaluate key spatial and temporal patterns of erosive rainfall events across the Main Agricultural Production
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Zones (MAPZ) in Austria. The results of this study can be used to determine typical to extreme rainfall erosivity occurrences in space
and time, which will subsequently support the development and design of well-tailored agricultural adaptation measures per context.

2. Materials and methods
2.1. Study area and rainfall data

Austria is characterized by a heterogenic topography due to the wide altitudinal range from the flatlands in the East, less than
250 m above sea level (a.s.l.), to more than 3500 m.a.s.l. along the Alpine ridge in the center and west (Matulla et al., 2003). Austria’s
climate is modulated by Atlantic influences from the west, Mediterranean influences from the south, and continental influences from
the east, and shows large differences between the summer and winter seasons (Seibert et al., 2007). Annual precipitation varies be-
tween 430 mm in the eastern flatlands up to 2250 mm along the northern and southern Alpine rims, with an overall mean of 1170 mm
(Matulla et al., 2003). The seasons include winter from December to February, spring from March to May, summer from June to
August, and autumn from September to November.

Target of this study are the areas of greatest agricultural production in Austria. These croplands are predominantly concentrated in
the north, east and southeast (Schmaltz et al., 2023). Austria was officially divided into eight agricultural production zones by the
Federal Institute for Agriculture and Mountain Farmers’ Issues.

(https://bab.gv.at/index.php?option=com rsfiles&folder=Raumgliederungen/&Itemid=477&lang=de). This is also aligned with
publications of the Federal Office for Water Management (BAW), such as Johannsen et al. (2022) and Schmaltz et al. (2023). The
delimitation criteria were altitude, slope, the type and size of business, climate, soil characteristics, agricultural production, and land
use. These areas were determined by High Alps (HA), Eastern Alps (AOR), Pre-Alps (VA), Waldviertel and Miihviertel (WMYV), Alpine
foothills (AVL), North eastern lowlands (NFH) and South eastern hills (SFH) and Carinthian basin (KB) (Fig. 1). The High Alps, a
mountainous zone mostly covered by forest and grasslands with few cropland areas, was not considered in this study due to its minor
agricultural importance. A total of 27 exceptionally long operating and adequate data-quality rainfall stations were selected and
distributed across our target agricultural production zones. Each station recorded rainfall at 5-minute intervals and 0.1 mm resolution
over periods ranging from 27 to 78 years. All data was provided and quality-controlled by the Federal Ministry of Agriculture, Forestry,
Regions and Water Management of Austria. Daily temperature and snow accumulation data were used to distinguish snowfall from
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Fig. 1. Map of Austria’s Main Agricultural Productions Zones and the distribution of selected rainfall stations. Eastern Alps, AOR; Alpine foothills,
AVL; High Alps, HA; Carinthian basin, KB; NFH, North eastern lowlands, NFH; South eastern hills, SFH; Pre-Alps, VA; Waldviertel and Miihlvier-
tel, WMV.
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rain events. A total of twenty-four stations with snow data and three stations with temperature data were assessed in this study. The
details of stations within MAPZ are shown in Table 1 and Fig. 1.

2.2. Erosive rainfall characteristics and R-factor

The R-factor is the product of the kinetic energy of a rainfall event (E) and the maximum rainfall intensity within 30 min (I3g)
(Wischmeier and Smith, 1958) for all rain events occurring during one year. Align with widely used US erosivity tools and models
rainfall of less than 1.27 mm in six hours was used to separate events (Renard et al., 1991). Considering the central European context of
our study, only rainfall events exceeding 10 mm were considered potentially erosive according to the definition of Rogler and
Schwertmann (1981). The kinetic energy of each rainfall event was calculated based on the universal equation by Van Dijk et al. (2002)
verified as producing reliable results across Austrian agricultural areas (Johannsen et al., 2022). The rainfall energy per unit depth for
each time increment (e,) was determined based on Eq. 1:

e, = 0.0283(1 — 0.52 % exp(0.042 x i,)) )

where i, is rainfall intensity (mm h~1) within the period r.
Total event kinetic energy for a single rainfall event (E;) was then calculated by multiplying the rainfall energy per unit depth for
each time increment (e;) by the total depth during that increment (AV;) and summing over the entire rain event:

0
E = Z e, AV, 2
r=1

where 0 is the number of increments for the particular rain event.
The R-factor was calculated by summing the products of the total kinetic energy, E, and the maximum I3 for all events during n
number of years:

n mj
R= % DL (Bl ) ©)
j=1 k=1

Where R is the average annual rainfall erosivity (MJ mm ha'h™! yr_l), EinMJ ha_l, Ispin mm h_l, k is the index of number of erosive
events in each year, mj is the number of erosive events of a given year j, m is the number of events in each year, j is the index of the
number of years used for average, and n is the number of years covered by the data period.

The erosivity density (ED) expresses the erosivity content per unit of rainfall. The event erosivity density is the ratio between the
EI5) per event and the rainfall amount of erosive rainfall. It was calculated for all rainfall measurement stations. ED was also calculated

Table 1
Stations, data period, annual mean precipitation (P), Main Agricultural Productions Zones acronym and altitude of each rainfall station.
Station Period Years P (mm) Acronym Altitude (m a.s.l.)
Altmanns 1977-2022 37 925 WMV 590
Hellmonsodt 1984-2022 39 746 WMV 840
Zwettl-Edelhof 1983-2022 39 607 WMV 595
Liebenau 1984-2022 39 483 WMV 953
Naglern 1981-2022 42 758 NFH 281
Andau 1980-2016 37 468 NFH 119
Blumau 1976-2017 42 735 NFH 233
Gattendorf 1964-2022 56 625 NFH 150
Hollabrunn 1984-2022 38 610 NFH 236
Neunkirchen 1976-2022 47 802 NFH 361
Nikitsch 1985-2022 34 512 NFH 222
Bad Waltersdorf 1965-2021 39 866 SFH 285
Pollau 1979-2021 42 509 SFH 420
Oberwart 1956-2022 42 710 SFH 314
Behamberg 1978-2022 45 385 AVL 495
Geboltskirchen 1981-2022 42 514 AVL 540
Pyhra 1980-2022 41 710 AVL 298
Petzenkirchen 1937-2019 82 923 AVL 258
Bleistatter Moor 1946-2022 59 633 AVL 510
Frankenburg 1967-2022 55 720 AVL 515
Brandl Koralpe 1986-2022 27 830 KB 1415
Magdalensberg 1980-2022 40 720 KB 922
Gmunden Traundorf 1979-2022 44 701 VA 456
St.Leonhard am Walde 1979-2022 36 633 VA 634
Hollenthon 1978-2022 41 470 AOR 685
Kindtal 1968-2021 29 548 AOR 573
Packer Sperre 1954-2021 51 633 AOR 850
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as the long-term mean R-factor divided by long-term mean rainfall by Eq.4:

R
ED= (-
Q) @
Where R is the average annual rainfall erosivity (MJ mm ha™ Th=1 yr- 1), and P is the average annual rainfall (mm yr— 1).

2.3. Event-based cluster analysis

Clustering of rainfall events was performed using the k-means algorithm (Lloyd, 1982). For this purpose, rainfall characteristics
that drive erosivity i.e. rainfall amount, event duration and peak intensity (I3o) were used as input. All applied features were stan-
dardized for calculating the Euclidean distance. The optimum k-value was defined using the elbow method (Mouton et al., 2020),
minimizing the prediction error while increasing the k-value (Syakur et al., 2018). The cluster analysis treats each sample as an object
with a certain location in space. It finds a partition in which objects within each cluster are as close to each other and as far from objects
in other clusters as possible. Eventually, each cluster is represented with a cluster centroid in the feature space. Using Euclidean
distance, the distance between the samples and the cluster centroids is computed where the sum of distances from all objects in that
cluster is minimized (Eq.5).

k n

dist(Eucl) = Z (x[ - cj)2 5)
i 1

j=1 i=

xi is each data point, and ¢j is the centroid of the cluster. The k-means algorithm is iterative; the process is repeated until the Euclidean
distance converges to the minimum value. The Kolmogorov Smirnov test was applied to identify whether the variables are normally
distributed or not. Once the Kolmogorov Smirnov test showed that the observations of each variable of the clusters were not normally
distributed, Wilcoxon-Mann-Whitney-Test nonparametric method was applied to evaluate the dissimilarity between the clusters.

In addition, the spatial autocorrelation of the clusters within MAPZ was assessed. The Moran’s I indices were applied to examine
spatial autocorrelation patterns of erosive events per cluster. This study used the Global Moran’s and the Local Moran’s I index
(MORAN, 1950) as local indicator of spatial association (LISA). Global measures characterize the nature of autocorrelation for the
entire study area based on one single value that summarizes the average data behaviour. Local measures characterize spatial auto-
correlation in extreme values concerning the mean, thereby helping identify hot spots (Anselin, 1995). Local Moran’s I offers 4 types of
results: high values in a high-value neighbourhood - high-high (HH) clusters, low values in a low-value neighbourhood — low-low (LL)
clusters, a low value in a high-value neighbourhood - low-high (LH) and no spatial autocorrelation (zero values) marked as not
significance. Moran’s I values may be positive or negative, representing positive or negative spatial autocorrelation, respectively.

2.4. Sub-event level rainfall distribution

A modified ‘Huff curve’ (Huff, 1967) approach was applied to generate dimensionless cumulative hyetographs with specified
probabilities of occurrence (Gordji et al., 2020; Bonta, 2004). For the modified Huff curve procedure the following steps were applied:
1) erosive rainfall events were defined and selected according to previous analyses; 2) per each event, total rainfall depth (A,mm), total
duration (D, min), cumulative rainfall depth for the rth minute (Ar,mm), and cumulative duration for the rth minute (Dr, min) were
obtained. 3) each event was dimensionless by dividing the cumulative rainfall amount (depth) by the total rainfall amount and
dividing the cumulative duration by the total event duration;

pPr= ©)

t =

(7)

STRSIEEN-S

for each event, values of t, = j(j = 0,0.1,0.2,...,0.8,0.9, 1) are identified or interpolated from the data with corresponding values of p;
= pr. The value of p; represents the dimensional cumulative rainfall depth at dimensional time j in the event.
4) for each value of j(j =0,0.1,0.2,...,0.8,0.9), the n number of p; values are sorted in descending order to obtain a series (pj> (i=1,
1

2,....,n). 5) from this series, the empirical probability of exceedance value, f(%), for any value of (pj)A is calculated as:
L

100;
F=a ®
_ [fln+1)
=[] ©

The value of (pj)iw for exceedance probabilities (f = 10, 20, ...,80,90) was determined with Eqs. 8-9, same process for each of the
nine values of j(j = 0.1,0.2, ...,0.8,0.9) was applied. For each value of f(f =10,20,...,80,90), a curve was drawn (isopleth) connecting
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points j, (pj);- These isopleths derived in 10% increments from 10% to 90% and represent a set of Huff curves. The isopleths are a
probabilistic summary representation of storm curves in terms of dimensionless elapsed times during an event and corresponding
dimensionless cumulative rainfall amounts. For example, a 90% isopleth implies that for all event durations, 90% of the accumulated
rainfall has occurred for all dimensionless event durations (Bonta, 2004). Three isopleths of 10%, 50%, and 90% are eventually
presented in our research. The Huff curve approach was performed for each cluster identified.

3. Results
3.1. Erosive rainfall characteristics and R-factor

In total, 21686 erosive rainfall events are identified in 27 rainfall stations within the target MAPZ, with an average occurrence of 18
erosive events per year. The mean R-factor calculated for all rainfall stations is 1072 MJ mm ha ! h™! yr ! with a standard deviation of
376 MJ mm ha ! h™! yr 1. R-factor ranges between 353 MJ mm ha ! h™! yr! in Andau (NFH) in the east and 1833 MJ mm ha ' h™*
yr’1 in Pollau (SFH) in the south (Table 2). At the event level, mean I3g is 10.5 mm h’l, mean event duration is 18.6 h, and mean ED is
around 2MJha 'h™! yr’l. The south-eastern pre-alpine areas, particularly in SFH, such as Bad Waltersdorf, and AOR, such as Kindtal,
show the largest intensities with a mean annual maximum I3 of 44.3 mm h'and47.2 mmh~}, respectively. Furthermore, these sites
are related to greater mean annual maximum ED and mean annual maximum event duration, but do not always show greater mean
annual maximum rainfall amount. Rainfall stations within NFH, like Andau, are characterized by lowest mean annual maximum
rainfall amount (40.6 mm), I3 (19.4 mm h’l), and ED (3.9 MJha ' h! yr’l). Stations within VA and AVL zones show greater mean
annual maximum rainfall amounts; for instance, 84 mm in St Leonhard and 81 mm in Pyhra.

Table 3 presents the R-factor, erosivity density, and the according standard deviations per MAPZ. R-factors are generally greater in
WMV < AVL < KB < VA < SFH < AOR than NFH. Austria’s southern MAPZ are characterized by the greatest mean maximum rainfall
intensities as well as the greatest R-factor values and the largest standard deviation, except for the AOR zone, which has the lowest SD
(60 MJ mm ha—' h™! yr™1). The erosive events of AOR with the greatest R-factor, 1514 MJ mm ha~' h~! yr !, and the second largest in
ED have lower variance than KB and SHF zones. While the NFH zone in the East shows the lowest R-factor, mean maximum intensity,
and mean maximum rainfall amount. In contrast, the northern zones, which also present large R-factor values, experience large rainfall
amounts.

Table 2

Rainfall characteristics per station in the Main Agricultural Production Zones (MAPZ) of Austria. Location, number of events (>10 mm event pre-

cipitation), mean annual R-factor (MJ mm ha‘h! yr’l). At the event level, the mean of rainfall intensity I3o (mm h’l), event duration EDur (h), and

erosivity density ED (MJ ha~! h™!). Mean annual maximum of rainfall amount (mm), EDur (h), rainfall intensity I3y (mm h™Y),and ED (MJ ha ' h™!
-1

yroo).

Station Events R- I30 EDur ED Mean annual event

factor . . . . .

Maximum rainfall Maximum EDur  Maximum I3, Maximum ED
amount

Altmanns 545 820 89 189 1.7  59.0 45.8 33.4 7.6
Andau 453 353 7.5 15.0 1.3  40.6 40.8 19.4 3.9
Bad Waltersdorf 792 1417 12.6  20.0 2.6 522 62.5 44.3 10.9
Behamberg 1199 1074 7.9 206 1.4 735 56.6 29.8 6.7
Bleistétter Moor 1120 1071 105 20.4 20 56.6 53.0 33.3 7.8
Blumau 560 468 79 16.0 1.5 442 35.4 21.9 4.8
Brandl-Koralpe 664 1431 11.3 183 22 720 57.8 34.4 8.2
Frankenburg 1204 1253 108 21.8 21 705 59.9 39.4 9.4
Gattendorf 622 523 10.5 14.3 2.0 42.8 35.3 26.7 6.0
Geboltskirchen 940 1304 10.3 248 20 756 73.9 40.6 9.6
Gmunden-Traundorf 1089 1578 10.7 237 21 77.0 65.7 40.8 9.8
Hellmonsodt 713 1115 11.6 19.5 2.3 64.6 56.5 40.9 10.0
Hollabrunn 534 601 9.0 16.6 1.7 475 39.1 26.1 5.9
Hollenthon 809 1471 119 16.2 2.4 593 45.4 38.8 9.4
Kindtal 639 1489 12.0 225 25 554 82.2 47.2 11.5
Liebenau 649 1124 11.7 18.1 2.3 61.5 50.1 40.5 9.7
Magdalensberg 780 1025 101 17.4 19 56.5 54.1 32.2 7.5
Naglern 567 581 9.1 17.4 1.7 495 42.6 25.6 5.9
Neunkirchen 775 855 10.0 14.1 2.0 47.1 37.3 30.1 6.9
Nikitsch 515 882 11.6 145 2.3 444 37.1 32.7 7.5
Oberwart 729 1156 131 144 2.7 413 38.2 40.5 9.9
Packer Sperre 1112 1582 12.4 22.6 2.4 81.1 70.1 39.7 9.3
Petzenkirchen 1237 794 9.6 19.7 1.8 61.2 49.0 32.0 7.4
Pollau (Zentralstation) 1005 1833 13.8 149 29 527 58.9 48.5 12.2
Pyhra 798 1104 9.4 189 1.8 813 49.1 32.0 7.4
St. Leonhard am Walde 968 1178 7.9 24.1 1.4 84.8 68.7 27.5 5.9
Zwettl Edelhof 668 890 105 17.6 2.1 549 48.8 34.5 8.1
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Table 3
Mean annual R-factor (MJ mm ha~! h™! yr~!) and standard deviation (SD); mean annual maximum of rainfall amount (mm) and rainfall intensity Iso
(mm h™1) within the Main Agricultural Production Zones (MAPZ) of Austria.

MAPZ Region R-factor SD Mean annual event
Maximum rainfall amount Maximum I3q

WMV N 987 155 60.0 37.3
AVL N 1100 179 69.8 34.5
VA N 1378 283 80.9 34.1
AOR S 1514 59 65.2 41.9
KB S 1228 287 64.2 33.3
SFH S 1469 341 48.7 44.4
NFH E 609 195 45.1 26.1

N: North, S: South, E: East.

3.2. Event-based cluster analysis

Three clusters of erosive events were identified with 2836, 15924, and 2926 events assigned to cluster one (C1), cluster two (C2),
and cluster three (C3), respectively. The Kolmogorov Smirnov test showed a p-value < 0.005. The data is not normally distributed.
Fig. 2 shows the cluster analysis input characteristics i.e. rainfall amount, I3y, and EDur as well as the clustered events’ distributions of
El3p, ED. Overall, the most variable rainfall characteristics per cluster are EDur and rainfall amount. C1 contains the most erosive
events with largest Elgg, I3p and ED values with a mean of 216 MJ mm ha ! h™!, 30.7 mm h™!, and a mean of 7 MJ ha™* h™},
respectively. At the same time, C1 events are the shortest, with a mean EDur of about eight hours. C1 contains around 14% of the
erosive events. C2 is characterized by events with the lowest mean El3g (21.8 MJ mm ha—' h™!) and lowest rainfall amount (17.3 mm).
C2 events are the most frequent, accounting for 73% of total events. C3 event types represent 13% of total events, and their events
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come along with the longest EDur and largest rainfall amount with mean values of 46 hours and 47.6 mm, respectively. Erosive events
of C2 and C3 show similar mean values for ED (1.22 MJ ha ' h™! and 1.48 MJ ha—! h™1) and I3 (7.0 mm h™'and 8.8 mmh™1).

3.3. Spatial distribution of erosive rainfall events

Fig. 3 shows the spatial distribution of erosive events per cluster across MAPZ. Each pie chart indicates the percentage of the events
per cluster, while the size of the pie chart represents the average annual number of highly erosive events (C1 type) per location. There
is observed a greater occurrence of the most erosive events (C1) in the south-eastern pre-alpine areas (AOR and SHF) compared to the
flatlands, particularly in the north-east of Austria. Using global and local Moran’s I indices suggest a significant spatial autocorrelation
of erosive rainfall events of all clusters (Table 4). This assessment provides evidence that the occurrence of erosive events is not only
influenced by the local environment but also by other regional factors, for example the regional topography and climate, which
supports a certain regionalization approach as applied through MAPZ. Local Moran’s I shows the spatial autocorrelation patterns per
each cluster (Figs. 4a-4c). Fig. 4a shows positive spatial autocorrelation of C1 events, particularly in the hot spot areas (high-high
locations) in the south-eastern parts of the country where the most erosive rainfall events occur. On the contrary, ‘low-low’ C1 erosivity
correlations are indicated in the flatlands in the northeast. Figs. 4b and 4c show the spatial patterns of the less erosive C2 and C3 events.
‘High-high’ locations are distributed in the northwest (AVL and VA), while ‘low-low’ locations are indicated in the east, mainly in NFH
and in the eastern of AOR.

3.4. Temporal distribution of erosive rainfall events

3.4.1. Occurrence probability and intra-annual distribution

Figs. 5a and 5b show the empirical exceedance probability curves of rainfall amount and erosivity of all three clusters. In Fig. 5a,
the curves C1-C3 reveal a large difference between the high and low erosive rainfall types concerning the total event precipitation
amounts. The C2 curve contains events with a maximum rainfall amount of 50 mm, and only 5% of the events exceed 30 mm. On the
other hand, more than 80% of C3 events have a total event precipitation amount > 30 mm. Concerning rainfall amount, the most
erosive events (C1) are evenly situated between the C2 and C3 lines. However, rainfall erosivity (Elsp) is by far largest in C1, as shown
by the empirical exceedance probability curves in Fig. 5b. In C1, all events clearly exceed 90 MJ mm ha! h™!, and there is a prob-
ability of 10% that rainfall events may even exceed 500 MJ mm ha~! h~". In contrast, only a very low number of events of C3 reach 100
MJ mm ha~! h~L.

Fig. 5¢ shows the seasonal distribution of rainfall erosivity. Overall, the largest number of erosive events, including the highly
erosivity rainstorms (C1), occur during summer, and only a few erosive events occur in winter. Most highly erosive events occur from
late spring (May) to early autumn (September). C2 events dominate the seasonal distribution throughout the year. In contrast, C3
events are more frequent during the summer season to early autumn and somewhat less frequent during the colder season from
November to April.

3.4.2. Sub-event level rainfall distribution

To visualize the sub-event-level rainfall pattern and to compare typical distributions of the three defined clusters, isopleths of 10%,
50%, and 90% probability were plotted in Fig. 6. C1 isopleths have a predominately-pronounced maximum rainfall intensity at the
onset of the event. For example, the isopleths of 50% and 90% indicate that approximately 0.6-0.9 of the cumulative event-rainfall

300 ¢

c2
200 |
c3

100

Fig. 3. Spatial distribution of erosive rainfall events per cluster. Each pie chart contains the clusters C1 to C3 and shows the percentage of events of
each cluster. The pie chart’s size relates to the number of events in C1.
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Table 4
Global Moran’s I statistics for each cluster shows spatial association in all clusters.
Cluster Global Moran’s I P-value
1 0.279 0.004
2 0.350 0.002
3 0.552 0.000
a) b)
[ J
WMV E
AVLSP ® g
e
e a0 P

HA R

q&”) SlF

Not significant
® High-High
® Low-Low
Low-High

Fig. 4. Local Moran’s I of spatial association of number of erosive events per cluster C1 (a), C2 (b) and C3 (c).

occurs within the first third of the rainfall duration. However, the 10% probability curve also unveils end-pronounced rainfall events in
Cl1. Typically, C1 events have a rather steep rainfall depth increase — either beginning or end pronounced — which relates with high
rainfall intensities. In contrast, C2 and C3 event types appear with a more uniform temporal rainfall distribution. Particularly, the 50%
isopleths show a constant intensity over the entire event in both C2 and C3 clusters.

4. Discussion

A location’s rainfall erosivity is controlled by the intensity and the occurrence frequency of extreme rainfall events. The present
study, using extended period and high-resolution rainfall dataset, determines a substantial increase in rainfall erosivities in contrast to
a study in the north-eastern part of Austria conducted by Klik and Konecny (2012) coinciding with eight stations. For example, the
present study shows mean R-factor values in Blumau of 468, in Pyhra of 1104 or Gmunden with 1578 MJ mm ha! h™! yr'!. In addition,
by MAPZ, values of 608, 1100, and 1378 MJ mm ha 'h! yr‘1 for NFH, AVL, and VA, respectively. While, Klik and Konecny (2012)
used a rainfall dataset at 15-minute time step and an average of 25 years to calculate R-factor. The authors found values of 273 for
Blumau, of 766 for Pyhra and 1044 MJ mm ha~! h™! yr~! for Gmunden and 467 for NFH, 849 for AVL, and 1034 MJ mm ha~ ' h~! yr~!
for VA. The datasets used by Klik and Konecny (2012) are shorter and already indicated increasing trends in erosivity in some of their
assessed stations.

Our results are similar to those reported by Johannsen et al. (2022). Using a high temporal (5 minutes) and spatial resolution
dataset, the authors calculated the R-factor from 1995 to 2015 in Austria. Nine of these stations were also used in the present study.
Besides a possible trend over time and a time step that also impacts the quantification of rainfall erosivity using the USLE method (Yue
et al., 2022). Different empirical considerations of the rainfall kinetic energy and intensity relationships (KE-I) can highly affect the
erosivity estimation (Nearing et al., 2017; van Dijk et al., 2002); our study is based on the equation of Van Dijk et al. (2002) as applied
in the research conducted by Johannsen et al. (2022). Whereas, Klik and Konecny (2012) used the erosivity equation of Brown and
Foster (1987).

The novelty of our study is the spatiotemporal assessment of factors that drive rainfall erosivity and the identification of their
distribution-patterns at the event sub-event level. The clustering method detected three dominant erosive events, which are mainly
determined by Austria’s complex topography. Considering the central role of the Alps, the precipitation is influenced by three primary
airflows, originating from the Atlantic, the Mediterranean, and Eastern Europe (Matulla, 2003). We found that the most frequently
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Fig. 5. Exceedance probability curves of rainfall amount (a) and El3q (b) per cluster; average number of erosive events (>10 mm) per cluster in the
all period (c).

occurring rainfall event type in Austria, with more than 70% occurrence probability throughout the season (C2 events), is charac-
terized by rather homogenous rainfall distributions, low intensities, and low rainfall amounts (Figs. 2 and 5a-b). Based on our applied
criteria, these events have an average duration of 16 hours and are considered long duration, along with low values of EIs(.

According to the study by Seibert et al. (2007) these events could be related to very slow moving flows with approximately 3.8 m/s.
Having the capacity to cause heavy rainfall everywhere in Austria with a minimum intensity in the northeast in addition to being
relatively frequent.

A similar behavior of temporal rainfall distribution was observed for C3 events. However, these events are much longer, with an
average duration of 46 hours. C3 events are characterized as large amounts of total event rainfall but mostly low to average intensities,
contributing up to 13% of the erosive events within MAPZ.

These events could be given by flows that remain for a long time over the Atlantic Ocean, receiving strong humidification of the air,
resulting more in longer rain events (sometimes multi-day) than convective storms. These events are more frequent in the north
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(Seibert et al., 2007).

Opposed to C2 and C3 events, the highly erosive C1 events mainly occur during summer time. They show the by far greatest Elgq
values and have an average duration of 8 hours. At the sub-event-level more than 90% of rainfall occurs in the first hour the event. This
in turn means that, commonly, less than 10% of the rainfall occurs with a low intensity at the tail-end of the C1 rainfall events.

In Austria, C1 erosive events appear to be dominated by convective processes that are more frequent in the zones closer to the
Alpine areas. In the south, heavy rain events are most frequent (median values up to more than 50 mm), as they are additionally fed by
the humidity of the Mediterranean when moist air masses from the south are steered towards the Alps, which was confirmed by an
analysis with observed heavy precipitation in Austria (Seibert et al., 2007).

A strongly seasonal rainfall erosivity pattern was also observed in Italy (Padulano et al., 2023). Summer and autumn months were
related with the largest average values: autumn was usually characterized by large cumulative rainfall, whereas in summer, rainfall
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occurs through few high-intensity events.

In the southern hemisphere, in New Zealand, rainfall erosivity seemed largely controlled by climatic and topographic features.
Lowest annual values (<550 MJ mm ha! h™!) were observed in parts of Central Otago, and peak values (>16 000 MJ mm ha'h)in
the Southern Alps. Seasonally, largest erosivity values occurred in December and January (southern summer), whereas the lowest
values were observed in August (winter) (Klik et al., 2015). Identifying peak-periods and hotspots of erosivity eventually supports the
soil erosion risk assessment in agriculture. The erosion risk of these areas is determined by the frequency with which the most erosive
or extreme events occur. Fig. 4a determines that the highest risk agricultural areas identified as hot spots due to their high frequency of
occurrence of erosive events are AOR and SFH and to a lesser extent KB.

Based on our study’s spatiotemporal occurrence assessment of storm types and their most likely sub-event-level distributions, one
or several representative or extreme rainstorms can be selected or generated per target location and seasonality as so-called ’design
storm(s)’. Such design storms can be applied in subsequent modeling or artificial rainfall simulation experiments. Different rainfall
intensities and temporal patterns interact with landscape characteristics and scales and eventually influence the catchment hydrology,
such as flood peaks (Armon et al., 2019; Gao et al., 2018). While our actual research centers around the occurrence of rainfall erosivity
as the driver of runoff and erosion, future research may facilitate those findings and relate spatio-temporal erosivity information with
the catchment characteristics, e.g., adaptation to extreme runoff and sediment flows.

The gained knowledge on the driving rainfall erosion force and its’ potential consequences (i.e. erosion modeling) can support a
better targeted soil and water conservation design and implementation within the actual Austrian agriculture and climate context.

Nevertheless, upcoming changes in climate and according rainfall characteristics need to be carefully evaluated for the assessment
of medium to long-term future erosivities. Increasing erosivity-trends in north-eastern Austrian MAPZ have been already reported by
Klik and Konecny in 2012. Overall, major variations are expected in the total rainfall amount, duration, and mean rainfall intensity, as
well as the frequency and intensity of extreme events (Papalexiou and Montanari, 2019). Based on the Clausius-Clapeyron Law (i.e. a
warmer atmosphere can hold more water vapor) an increase of 7% of rainfall intensity per oC is expected for physical reasons (Olefs
et al., 2021). Even worse, Schroeer and Kirchengast (2018) found values of up to 14% rainfall intensity increase per oC based on
10-min records during days with extreme precipitation (98th percentile) in southeastern Austria, which clearly exceeds the theoretical
value given by the Clausius-Clapeyron law. A future climate study for Italy showed that, on the seasonal level, large areas of the
country might be affected by a possible severe increase of rainfall-induced soil erosion. Such an increase seems critical under the most
optimistic scenario (RCP 2.6), whereas a potential increase might be lower under the most pessimistic scenarios (RCP 4.5 and 8.5)
(Padulano et al., 2023). Rainfall erosivity is also expected to rise in most regions of China in both annual average rainfall erosivity
(R-factor) and the extreme storm Elzg related with an e.g. 10-year return period which were primarily explained by the elevated
probability of extreme precipitation events (Wang et al., 2023).

On the other hand, in a study by Riquetti et al. (2020) carried out in South America, the future projections were more pronounced in
the Amazon Forest region, with a strong reduction in the mean annual precipitation and R-factor. The largest increase in the R-factor
was projected for the Central and South Andes regions due to the increase in the mean annual precipitation.

According to the IPCC (2023), in most regions of Africa, Asia, North America, and Europe, at 1.5°C, global warming, heavy pre-
cipitation, and flooding events are projected to intensify and become more frequent. At 2°C or above, these changes expand to more
regions and/or become more significant with severe agricultural and ecological droughts. As a general message: with increasing
temperature extreme erosive events will likely increase. According future research and agricultural measures should investigate po-
tential climate change implications on erosivity, building on the observations and thorough rainfall characteristics-erosivity assess-
ments of historical data as performed in our present study.

5. Summary and Conclusions

This study used particularly long-term and high-temporal resolution rainfall datasets from 27 rainfall stations distributed across
Austria’s Main Agricultural Production Zones (MAPZ). A clustering analysis identified three dominant rainfall types (Clusters C1-C3)
based on multiple rainfall characteristics related to erosivity (rainfall amount, intensity, and event duration). The study showed that
the highly erosive C1 event-type is associated with particularly large rainfall intensities but short durations, while C2 and C3 events
have longer durations, lower intensities and specifically lower rainfall erosivities. In contrast to that C3 events, mainly occurring in the
northern pre-alpine areas, exceed the cumulative rainfall amount of C1 events. The highly erosive C1 events have a distinct spatial and
temporal occurrence: our study unveils that zones closer to the High Alps (particularly south-eastern pre-alpine areas) have a larger
occurrence frequency of C1 events, specifically during late spring, summer and early autumn, from May to September, which indicates
a potential relationship with summer thunderstorms. At the sub-event-level, C1 storms reach their maximum intensity in the first
fraction of the event. However, few C1 storms also come along with large rainfall intensities at the tail-end of the event. In contrast, the
long-duration C2 and C3 events are rather evenly distributed concerning their cumulative rainfall amount.

Information on the event-types (clusters), their occurrence in space and time, as well as their rainfall distribution during the event
(cumulative rainfall amount), enables the definition of typical and extreme rainfall events per location and target seasonality. This
creates key input for advanced modelling studies and/or the conduction of specific and representative rainfall simulation experiments.
The knowledge gained about the patterns of erosivity will provide crucial information for effectively planning and implementing
adaptation strategies in the erosion-prone agricultural landscapes of Austria.
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