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Abstract

Rainfall erosivity, expressed in kinetic energy, is determined by intensity, velocity and

drop size distribution. In natural precipitation, these properties vary and can be sub-

stantially altered by the vegetation before reaching the ground. The splash effect of

impacting raindrops on the soil surface can initiate soil erosion. While research in this

regard has focussed on relating plant characteristics to erosion processes, there is a

lack of studies that attempt to reverse this by predicting throughfall kinetic energy

from plant properties. This has been attempted by the Vegetation Splash Factor

(VSF), a model solely based on the three-dimensional distribution of vegetation sur-

faces derived from forest lidar forest data. We conducted a pilot study using the VSF

model to validate it with in situ measurements and confirm its general suitability. We

found a significant correlation between the observed and predicted effect of vegeta-

tion on the kinetic energy of rainfall, which demonstrates the suitability of the VSF,

despite being solely based on structural traits. The observed effect of vegetation on

rainfall kinetic energy exceeded literature reports, leading to systematic underestima-

tion by the model. Our results showed that the VSF can be used to spatially continu-

ously predict the effect of vegetation on the erosivity of rainfall from high-resolution

lidar data. These findings open new possibilities for research on splash erosion under

vegetation, shifting the perspective from point-based studies towards area-wide

approaches. The simplicity of the approach facilitates adaptation for wider use. The

first application of the VSF in a field study has proved that the concept is functional

and can illustrate zones of increased potential for soil loss under full vegetation

cover. This adds to the methodological tool box for erosion studies and can support

decision-makers in forestry and agriculture in the future.

1 | INTRODUCTION

Water erosion is a significant landscape-shaping factor and a major

cause of global soil degradation (Scholten & Seitz, 2019). The economic

damage to agricultural land caused by soil loss has been the focus of

erosion research for decades. However, it is less widely recognised that

erosion processes also occur under the closed canopies of natural and

managed forests worldwide (Gall et al., 2022; Zemke, 2016). Despite

extensive research on erosion, individual mechanisms such as the

splash effect are still not thoroughly explored (Goebes et al., 2014).

The splash effect refers to the kinetic impact of raindrops on the soil

surface that can initiate water erosion. The kinetic energy (KE) applied

to the soil increases with the mass and velocity of a drop

(Ellison, 1948b). Within nature-like drop sizes and a terminal velocity of

9 m s�1, pressures between 2 and 6 MPa can be achieved during the

50 ms of drop impact (Ghadiri & Payne, 1981, 1986; Marzen &

Iserloh, 2021). This energy weakens and fragments soil aggregates and

can move particles over distances of several decimeters depending on

the kinetic energy and substrate (Marzen & Iserloh, 2021; Van Dijk,

Meesters, & Bruijnzeel, 2002). The loosened material is susceptible to

subsequent transport by surface runoff, which sets in once the soil

reaches infiltration capacity (Morgan, 2005).
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The magnitude of the splash effect is determined by the erosivity

of rainfall—which is the focus of this study—and the erodibility of the

soil surface. The erosivity induced by the KE of rainfall is determined

by the velocity and Drop Size Distribution (DSD), which characterises

the drop spectrum based on the frequency of drops per size. Numer-

ous studies have shown that the DSD differs significantly between

freefall (no intermediate interception) and stand precipitation

(throughfall) (Calder, 1996; Dunkerley, 2020; Geißler et al., 2012;

Katayama et al., 2023). Plant surfaces intercept freefall precipitation,

temporarily retain it and then release it through evaporation,

stemflow or throughfall precipitation (Levia et al., 2019). Previous

research has investigated this effect of vegetation on DSD by species-

specific traits and found that the most influential variables are height

and width of canopies, size and shape of leaves, leaf margins, branch

angles and the height of the first branch (Geißler et al., 2012; Goebes

et al., 2015a; Herwitz, 1987; Nanko et al., 2008). Finally, the

throughfall kinetic energy (TKE) can differ substantially from the initial

freefall kinetic energy (FKE) (Nanko, Hotta, & Suzuki, 2006). This is

because heavy drops released from high canopy layers can gain high

velocities and thus high KE on impact. However, when drops are re-

intercepted by lower vegetation layers, they disperse into tiny drop-

lets (Levia et al., 2017; Nanko et al., 2008; Nanko, Hotta, &

Suzuki, 2006; Nanko, Hudson, & Levia, 2016). Because of this disper-

sion effect and the lack of sufficient falling height for drops accumu-

lated on the surfaces of low vegetation layers, understoreys can

reduce the TKE and thus provide a protective effect (Calder, 2001;

Chapman, 1948; Katayama et al., 2023). As a result, the TKE can sig-

nificantly deviate from the FKE, which varies depending on the vege-

tation properties (Geißler et al., 2012; Nanko, Hotta, & Suzuki, 2004;

Song et al., 2018). The ratio between TKE and FKE quantifies this

effect of vegetation on the KE of rainfall (Goebes et al., 2015b). How-

ever, increased sediment discharge under vegetation depends above

all on soil erodibility. Besides soil properties, erodibility is controlled

by the percentage and properties of the soil cover consisting, for

example, of leaf and needle litter or biological soil crusts (Lacombe

et al., 2018; Liu et al., 2017; Miura et al., 2015; Seitz et al., 2017).

Disturbance or absence of such a protective layer can result in signifi-

cant soil degradation if DSDs are correspondingly erosion-promoting

(Abe et al., 2024; Gall et al., 2022; Seitz et al., 2016).

More recent studies have focussed on measuring plant character-

istics and their impact on erosivity. These studies have often focussed

on plantations because their homogeneous vegetation structure makes

them particularly susceptible to erosion. Based on different subsets of

plant traits, these studies have investigated plantations of, for example,

banana (Ji et al., 2022; Zhang et al., 2021), rubber (Liu et al., 2018),

olives (Beniaich et al., 2022), corn and soybean (Ma et al., 2015). Stud-

ies have also considered the effect of strategic intercropping to reduce

TKE through ground cover (Beniaich et al., 2022; Lacombe et al., 2018;

Liu et al., 2018). Other studies have investigated TKE under urban

trees (Alivio, Bezak, & Mikoš, 2023), gradually modified single trees

(Nanko et al., 2008) and under forest stands of different levels of spe-

cies diversity (Goebes et al., 2015b). The studies mentioned highlight

the need for more comprehensive data and recommend expanding

existing datasets to include additional ecosystems and vegetation

zones (Fernández-Raga et al., 2017; Goebes et al., 2016; Levia

et al., 2019). We found that there is a need for comparability of

datasets and standardised methods for vegetation mapping.

One reason for the lack of data is that the high workload of meth-

odologies used limits the scalability of research in this area (see

Fernández-Raga et al. [2017] for an overview of methods). A method

to measure rainfall KE that has been tried and tested for decades are

splash cups (Ellison, 1948a; Fernández-Raga et al., 2019). These sand-

filled cups are installed on site during and after the rainfall event. KE

can be estimated from sand loss via a linear function. The Tübingen

splash cup (T-cup) was developed by Scholten et al. (2011) for KE

measurements with high replication and has been widely adopted as

cost-effective means to investigate the effect of plant traits, for exam-

ple, by Geißler et al. (2012), Goebes et al. (2015b) and Shinohara et al.

(2018). Alternatively, laser disdrometers or acoustic sensors that

directly record and analyse drop spectra electronically can be

employed, although the cost per unit prevents application in large

numbers (Angulo-Martínez et al., 2018; Johannsen et al., 2020). The

measurement methods mentioned share a point-based labour inten-

sive nature, which limits their ability to spatially continuously capture

the entire landscapes or forests.

In contrast, area-wide mapping of vegetation traits using active

and passive remote sensing methods is well-established. Data from

airborne and spaceborne sensors have become a fundamental

resource in the biogeosciences over the last two decades (Boyd &

Foody, 2011; Lechner, Foody, & Boyd, 2020). TKE-relevant vegeta-

tion traits such as leaf area index (LAI) or chlorophyllous content can

be derived from the spectral signal using radiative transfer modelling

(Cherif et al., 2023; Kattenborn, Fassnacht, & Schmidtlein, 2019),

aggregated from look-up tables after species classification or directly

determined from high-resolution scenes using image recognition, for

example, leaf angle (Kattenborn et al., 2022). In recent years, we have

seen significant progress in the field of digital vegetation mapping

using both terrestrial laser scanning (TLS) and airborne laser scanning

(ALS) (Åkerblom & Kaitaniemi, 2021; Hyyppä et al., 2020). The key

advantage of lidar is that vegetation structure is captured directly in

3D. The use of individual tree point clouds and tree measurements

from multi-platform laser scanning for forest vegetation inventories

has been successfully demonstrated by, for example, Schneider et al.

(2019) for tropical and temperate forests. Lidar applications have been

used to describe forest–water interactions such as throughfall par-

titioning modelling (Schumacher & Christiansen, 2020). These

approaches have led to new insights, such as the fact that smaller

trees are more efficient in producing stem flow (Exler &

Moore, 2022). Furthermore, lidar can be used to directly estimate

vegetation structure per grid cell such as LAI (Morsdorf et al., 2006),

fractional vegetation cover (FVC) (Xu et al., 2019) or per voxel, for

example, leaf area density (LAD) (Gonsamo, D’odorico, &

Pellikka, 2013) and gap fraction (Bouvier et al., 2015). Finally, lidar can

also be used to directly estimate vegetation traits such as leaf angle

(Itakura & Hosoi, 2019; Liu et al., 2019). These spatially continuous

vegetation datasets provide valuable information that can be linked to

erosion potential.

Erosion research and silvicultural management have a great need

for large-scale estimates of the effect of vegetation on the erosivity

of rainfall (Beniaich et al., 2022). As part of the widely used erosion

model RUSLE, a crop factor was assigned according to land cover cat-

egories (Panagos et al., 2015). Numerous studies have investigated

erosion by measuring soil loss, for example, using runoff plots or sedi-

ment yields (Zhang et al., 2014). Direct remote sensing-based mapping
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of erosion patterns and moving sediment volumes has been used for a

long time (Sepuru & Dube, 2018; Vrieling, 2006). However, in studies

focussing on erosion, the rainfall erosivity cannot be separated from

the soil erodibility (Zhang et al., 2014). Therefore, these data are not

suitable to investigate TKE. There are few approaches that allow

large-scale calculation of potential erosion from digitally recorded veg-

etation data (Zhongming et al., 2010). Usually, these approaches focus

on the protective effect of vegetation and ignore the potential to

increase the TKE. Previous remote sensing-based approaches have

directly related erosion to the condition of the crowns and gaps in the

canopy (Xu et al., 2019; Zhang et al., 2014); however, the possibility

that closed canopies within vital forest vegetation can increase sedi-

ment discharge was again neglected.

Most TKE research to date has focussed on observing TKE and

the plant characteristics that influence its magnitude. However, to our

knowledge, hardly any study made the attempt to reverse this mecha-

nism and predict TKE locally from plant characteristics; an approach

that becomes even more promising with the availability of spatially

continuous vegetation data. Senn et al. (2020) have thus proposed an

approach for the area-wide prediction of the effect of vegetation on

TKE: the Vegetation Splash Factor (VSF). The conceptual model

applies point clouds from aerial lidar (uncrewed laser scanning [ULS]

or ALS) to map vegetation structure in a 3D voxel space. The model

attributes amplifying and protective effects to the voxels based on

the vertical distribution of gaps and vegetation cover. The calculated

VSF maps indicate the predicted modifications of the KE relative to

open rainfall (Senn et al., 2020). The modelled VSF values are conse-

quently analogue to the observed TKE/FKE-ratios from in situ

measurements. However, a practical evaluation and application using

in situ KE measurements was still pending so far. Therefore, we aimed

to adapt the VSF concept in a temperate deciduous forest study area

in south-west Germany using a ULS dataset to test the initial concept

with minimum modifications. Thus, we addressed the following

research questions:

1. Do the observed TKE/FKE ratios correspond to those reported in

the literature?

2. Do the spatial patterns of VSF values agree with the vegetation

structure?

3. Do the observed TKE/FKE ratios correspond to the VSF values?

4. Can the VSF be used to predict the erosivity of rainfall?

2 | METHODS

To address our research questions, we acquired a ULS dataset of a

forested study area to calculate the VSF map. We equipped the field

site with four transects of splash cups to measure the KE of rainfall.

2.1 | Experimental design and study area

The research area is located in a mixed broad-leaved forest near

Bretten, Germany (49.01576�N, 8.68464�E) at 180 m a.s.l. (Figure 1).

The climate is temperate, warm and classified as Cfb according to

Köppen–Geiger (DWD, 2024). The average annual temperature is

F I GU R E 1 Map and orthophoto of the study area, overlaid with the canopy height model (CHM) and the splash cup positions. The circles

indicate the cup positions and are not to scale.
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10.8�C, with an annual precipitation of 909 mm (German Meteorolog-

ical Service, weather station #710 ‘Bretten’, DWD, 2024).

We defined the study area to include two stands with distinctly

different vegetation structures, which will be referred to as Site 1 and

Site 2 (Figure 1). At each site, we established two parallel transects to

measure the KE of rainfall. The first site (transects A and B) was

dominated by large individual beech trees (Fagus sylvatica) with a

diameter at breast height (DBH) of approximately 45 cm and a height

of 30 m. These trees had large crowns accompanied by some smaller

understorey elements (Figure 2a). We installed these two transects to

cover a gradient from dense canopy cover to freefall conditions. The

transects run parallel to a gravel track that crosses the site and is

mostly covered by overhanging canopy. The second site (transects

C and D) was characterised by a young and dense oak tree stand

(Quercus robur) with a DBH of approximately 20 cm and a height of

16 m. Because this stand was a plantation with fixed row spacing,

there was little variation in terms of tree heights and featured only

few canopy openings (Figures 1 and 2b).

Previous investigations using micro-scale runoff plots

(40 cm � 40 cm) indicated slightly accelerated soil erosion during heavy

rainfall events in zones without soil cover caused by surface disturbance

through walkover. We measured sediment transport rates of

17.5 g m�2 on bare ground compared to <1 g m�2 with leaf litter cover

for Site 1, and 9.5 g m�2 on bare ground and <0.1 g m�2 with moss-

dominated biocrust cover on Site 2. Moreover, we observed small rills

near the tree stems and on runoff plots with bare ground.

2.2 | KE measurements with splash cups

We applied T-cups (Scholten et al., 2011) to measure sand loss as a

proxy for KE (Figure 2). The splash cups were filled with standardised

unit sand (125–200 μm particle size) and deployed on a carrier system

in the field (Figure 2c). Sand loss was determined from the difference

in dry weight of the prepared splash cups before and after a major

rainfall event. Subsequently, we derived the KE from the sand loss

using a linear regression function calibrated with a laser disdrometer

(Scholten et al., 2011). The cups were mounted on bamboo sticks,

15 cm above the ground and distributed along transects with 1-m

spacing. Ten splash cups each were installed for transects A and B,

and nine splash cups were installed each for transects C and

D (Figure 1), resulting in a total of 38 measurements per time step.

F I GU R E 2 Measurement
transects and vegetation on Site
1 (a) and Site 2 (b) with an exemplary
splash cup before a rainfall event
(c) and after a rainfall event without
forest canopy (d: FKE) and with
closed forest canopy (e: TKE).

4 of 17 SENN ET AL.
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We georeferenced the cup locations using relative positions from a

TLS scan registered to the ULS dataset. Splash cup measurements

were carried out at six timesteps between July and October 2020,

with cups collected after significant precipitation events or a maxi-

mum of 4 weeks in the field (Table 1). Precipitation totals and event

peaks defined as maximum intensity during an erosive rainfall

event were retrieved from the DWD (2024) for each time step.

T-cups were closely monitored to avoid rim effects (Scholten

et al., 2011). Wind effects were not observed because of the constant

moisture penetration in T-cups under wind-breaking tree vegetation.

Wildlife damage occurred sporadically and the corresponding cups

were discarded. Thus, the T-cup measurements have proven to be

reliable.

2.3 | Remote sensing measurements

We conducted the ULS scans in August and September 2019 using a

RIEGL miniVUX-1UAV (Riegl Laser Measurement Systems GmbH,

Horn, Austria), installed on a DJI Matrice 600 Pro (DJI Ltd., Shenzhen,

PR China) uncrewed aerial vehicle (UAV). The UAV travelled at a

speed of approximately 5 m s�1 at an altitude above ground of

approximately 60–80 m using a pulse repetition frequency of 100 kHz

and a scan frequency of 50 lines per second. We used scan angles of

±90�. The ULS acquisitions were conducted with two overlapping

double grids with a spacing between the scan lines of 26–30 m. This

combination of settings led to a point cloud density of approximately

800–1200 points m�2 (see Weiser et al., 2021). Two additional sets of

co-registered ground-based TLS scans were acquired on the 28th

September 2020 during the survey period. From these high-resolution

TLS point clouds, we manually extracted the exact positions of the

splash cups. We found the resulting positional accuracy to be superior

over differential Global Navigation Satellite System (GNSS) measure-

ments performed under the tree canopy.

2.4 | Calculating the VSF

We applied the acquired ULS point cloud to calculate the VSF as

described by Senn et al. (2020). The underlying conceptual model is

shown in Figure 3. The model simulates the movement of raindrops

falling through the canopy based on the three-dimensional distribu-

tion of vegetation surfaces to estimate how the KE of rainfall is

modified.

As a first step, we estimated the vegetation cover in a three-

dimensional voxel space (transparent column in Figure 3a) using

modified functions from the lidR R package (Roussel et al., 2020;

Roussel & Auty, 2024). The proportion of horizontal ground coverage

by vegetation can be quantified as vegetation cover and its counter-

part, the gap fraction. It is ‘the proportion of horizontal vegetated area

occupied by the vertical projection of canopy elements’ (Gonsamo,

D’odorico, & Pellikka, 2013). To translate this into a three-dimensional

representation of the distribution of vegetation surfaces, the gap

fraction can be divided into vertical increments called the gap fraction

profile. This procedure is visualised by an exemplary column of voxels

over a grid cell in Figure 3. We calculated the gap fraction profile

using 25-cm increments on a 50-cm grid, representing an increase in T
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spatial resolution compared to the design used by Senn et al. (2020),

who used 1-m increments on a 5-m grid. This adaptation was both

possible and necessary because of the higher spatial resolution of the

lidar dataset.

In the second step, we calculated the drip contribution. This met-

ric indicates the percentage of area per voxel from which drips reach

the ground without further interception. This can be imagined as a

projection of surfaces visible from the ground (cf. Figure 3b). Thus,

the sum of the drip contribution for each cell is 1. In the case of

incomplete vegetation cover, the proportion of uncovered ground sur-

face is attributed to the open throughfall (grey bar).

In the third step, we transformed the drip contribution values

with a height-dependent weighting factor to account for the protec-

tive or amplifying effect of each vertical increment. Starting with 0.5

(protective) at ground level, it increases to 1 (neutral) at 1 m, then

rises steeply at first and slowly approaches its maximum of 3 up to a

height of 10 m, from where drops of all sizes can reach their terminal

velocities (Gunn & Kinzer, 1949; Serio, Carollo, & Ferro, 2019). The

dimensions of the protective and amplifying effect are based on

TKE/FKE-ratios from the literature (e.g. Foot & Morgan, 2005; Geißler

et al., 2013; Goebes et al., 2015b; Nanko et al., 2008) and are

explained in more detail by Senn et al. (2020). Finally, we calculated

the VSF by vertically integrating the weighted drip contribution values

over each grid cell.

2.5 | TKE prediction

The VSF was designed to reflect the protective or amplifying effect

of vegetation on TKE relative to FKE (Senn et al., 2020). Con-

versely, we assume that TKE can be predicted based on the

observed FKE measured by the splash cups under open canopy

positions. For each timestep, we calculated the FKE baseline by

averaging the measurements of the four freefall cups. We then

multiplied the VSF raster with these FKE baseline values to spa-

tially predict TKE. The TKE prediction is therefore a linear scaling

of the VSF as a function of the observed erosivity of the open

precipitation.

3 | RESULTS

The precipitation dataset provided by the German Weather Service

(DWD, 2024) showed six relevant events during the survey period

(Table 1). Four of the recorded rainfall events (a, c, d, f) had similar

total precipitation volumes of about 23 mm. Events b (2.8 mm) and

e (39 mm) showed more extreme values.

We collected 228 valid splash cup measurements over the study

period. For each timestep, we calculated the TKE from the sand loss

observations measured at the cups (Table A1). The results showed an

F I GU R E 3 Visualisation of the vegetation splash factor concept in an exemplary vegetation plot viewed from the (a) side and the (b) bottom
coloured by height. An exemplary grid cell is visualised (a) as a column vertically sectioned into voxels to illustrate how the vegetation cover per
voxel translates into a corresponding histogram. The same grid cell viewed from the bottom up (b) illustrates the surface fractions visible from the
ground and thus contributing drops to the bare ground. The histograms demonstrate how the vegetation cover of the voxel cells (a) translates
into the drip contribution (b).
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average sand loss of 4.1 g, corresponding to an average KE of

359 J m�2 across all measurements (Table 1).

We calculated an average ratio of 4.28 between FKE and TKE,

indicating an overall increase in rainfall KE from the passage through

the vegetation (Table 1). The smallest TKE/FKE ratios occurred at

timesteps b (1.71) and e (2.65) (min and max precipitation), while we

observed the highest ratio at timestep a (8.01). On average, the

TKE/FKE ratios were 2.99 (Site 1) and 5.49 (Site 2).

The splash cup TKE observations along the four transects are vis-

ualised as black points (purple for FKE) in the bottom panel of

Figure 4, arranged vertically according to the six timesteps. The TKE

predictions are visualised as black lines on top of the corresponding

observations and will be further described in Section 3.2.

The extremes in the observed TKE values coincide with the

extremes in the precipitation records, that is, low in timestep b and

high in timestep e. Site 2 resulted in systematically higher values with

a smaller variation. The KE varied with position class, and we mea-

sured the lowest values at the FKE cups. We measured a mean FKE

of 298 J m�2 at Site 1 and 478.3 J m�2 at Site 2. On average, the ero-

sivity under the young oaks (Site 2) was twice as high as under the

large beech stand (Site 1). In addition, we have observed higher stan-

dard deviations of KE measurements per timestep on Site 1.

The top panel of Figure 4 shows four transects through the vege-

tation cover voxel space. These profiles can be directly related to the

TKE observations. The graphs suggest that high values coincide with

tall canopies and long falling heights, especially on Site 2. Low VSF

values can be found in cells with overall low vegetation cover or pre-

dominantly low vegetation. The vegetation cover profiles show a

higher overall number of voxel cells containing vegetation on Site

1 (transects A and B, tall beech trees). Although Site 1 has a denser

understorey than Site 2 (transects C and D, young oak trees), this dif-

ference is not reflected in the canopy cover profile.

3.1 | VSF estimation: Predicted effect of
vegetation on rainfall erosivity

We calculated the VSF with a resolution of 0.5 m for an area of

100 � 100 m that contains the two sites. The resulting raster is

shown in Figure 5 with an overlay of the cup positions and the buffers

created to analyse the characteristics of the two sites. Statistical met-

rics of the entire study area and the buffers around the transects can

be found in Table 2. Over the entire survey area, 0.12% cells con-

tained NAs, 74.8% of the cells contained values above 1, and the

values ranged from 0.27 to 2.98 with a mean of 1.47.

The characteristics of the two sites—stratified by dominant age,

structure and species—are reflected in the calculated VSF values. Site

1, featured tall beech trees with a medium-dense understorey and

resulted in a heterogeneous spatial pattern of VSF values. VSF values

below 1 coincided with gaps in the canopy, whereas the dense crowns

resulted in high values above 2. The young oak trees at Site 2, in con-

trast, resulted in a more homogeneous distribution of VSF values. A

gravel track running through Site 1 can be recognised in the VSF ras-

ter (dashed line in Figure 5). It is characterised by extremely high VSF

values where there are overhanging canopies and low values

under gaps.

To further characterise the two sites, we extracted the VSF

values using a 10-m buffer around the cup locations. The statistical

metrics for the buffer areas are presented in Table 2, with the

corresponding histogram shown in Figure 6. The mean values suggest

F I GU R E 4 Transects through the vegetation cover voxel space (top). KE observations (black points: TKE, purple: FKE) and predictions (lines)

of the individual timesteps (a–f).
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similarity; however, the histogram displays a contrasting distribution

of values. The values on Site 2 resemble a normal distribution, while

Site 1 exhibits a symmetrical peak below 1 and a second peak around

2. This finding coincides with the homogeneous or heterogeneous

nature of the vegetation structures present at the respective sites.

We have extracted the values from the VSF raster at the cup loca-

tions. The mean VSF values at both sites were slightly lower than the

average of the two buffered areas around the transects. We calculated

VSF values around 0.5 at the open canopy positions (FKE positions)

on Site 1. Furthermore, we have calculated the ratio between the KE

measured at each cup and the mean of the four FKE cups for every

timestep. We have then plotted the TKE/FKE ratios against the VSF

to assess the correspondence of the predicted effect of vegetation on

rainfall KE against the observed effect (Figure 7). We found significant

but weak positive correlations for the timesteps d, e and f (at the 5%

level), while c was not quite significant. Timestep b with extremely

low precipitation volume was excluded from further analysis.

We calculated the mean TKE/FKE ratios over all timesteps

(except b) for each cup to compensate for variations in precipitation

characteristics between the events. Figure 8 shows a significant rela-

tionship between the predicted and observed effects.

F I GU R E 5 Map of the calculated VSF values, transects of splash cup positions with buffers for analysis, study sites and the gravel track.

T AB L E 2 Statistical metrics of the VSF values calculated from the
entire study area (combined area of the yellow and turquoise polygon
in Figure 5) and the two buffered areas around the transects (black
polygons in Figure 5).

Study area Buffer A + B Buffer C + D

Min 0.27 0.28 0.42

Median 1.42 1.26 1.47

Mean 1.47 1.35 1.49

SD 0.60 0.68 0.47

Max 2.98 2.96 2.91

F I G U R E 6 Histogram of the calculated VSF values for the buffers
around the transects of the two sites. The buffer polygons can be
found in Figure 5.
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The value ranges of VSF and the TKE/FKE ratios deviate and

have an overall RMSE of 3.43 (without b) with values of the timesteps

varying between 1.27 (e) and 7.21 (a). This indicates that the model

requires adaptation to the local ecosystem, which is in line with the

suggestions made by Senn et al. (2020). To address this, we have

tested whether the adaptation of the model can be improved by line-

arly scaling the VSF values. We calculated the smallest RMSE (2.08)

when scaling the VSF by factor 2.66. As a result the mean VSF at the

open positions increases from 0.43 to a more accurate 1.15.

3.2 | TKE prediction: Modelled erosivity of
throughfall

We used the averaged FKE observations of each timestep to scale the

calculated VSF values and thus estimate the resulting KE. These

predictions are shown as black lines over the corresponding observa-

tions in Figure 4. We have also produced a scatterplot of the KE pre-

dictions and observations to visualise and assess the predictive ability

of the model (Figure 9). Both Figures 4 and 9 suggest an overall

underestimation of the predicted KE values. The underestimation of

KE is more pronounced at Site 2. We calculated positive correlations

(significant for d, e, f and trending in c) between TKE observations

and predictions for all timesteps (except b) (Figure 9), which is analo-

gous to Figure 7.

4 | DISCUSSION

The observed rainfall events were representative of the study area

(DWD, 2024). While we found that overall FKE increased with precip-

itation, we observed large variations within the FKE measurements

F I GU R E 7 Scatterplots of the observed (TKE/FKE-ratio) and predicted (VSF) effect of vegetation on rainfall KE for all timesteps (facets) at
each cup.

F I GU R E 8 Scatterplot of the observed (TKE/FKE ratio) and predicted (VSF) effect of vegetation on rainfall KE averaged over all timesteps
(except b) at each cup.
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normalised by rainfall amount (Table 1). This suggests that the charac-

teristics of rainfall events are more determinant of KE than the

amount of rainfall. In addition, the FKE measurements may have been

affected by wind effects, because the survey design only included

FKE measurements as part of the transects. Depending on the wind

direction, the FKE measured in a small clearing might be susceptible

to distortion of the DSD (Nanko et al., 2020; Nanko, Mizugaki, &

Onda, 2008). The wind tends to interfere with raindrops at different

extents depending on their size (known as winnowing). This alteration

may have led to a decrease in the amount of rainfall and KE reaching

the FKE cups in the open area. For future application, it is crucial to

measure FKE well outside of the stand.

The measured TKE values differed significantly between the two

sites and were twice as high at Site 2 (young oak) compared to Site

1 (tall beech). At Site 2, we found higher mean TKE values for each

timestep and for the survey as a whole. These differences may be

related to the higher canopy storage and retention capacity of the old

growth beech stand at Site 1. Its higher complexity may have resulted

in an increased likelihood of canopy drips being re-intercepted and

dispersed into droplets before reaching the ground (Seitz et al., 2016).

This effect of structural diversity is reflected in the TKE measure-

ments, which at Site 1 vary greatly within the timesteps, while Site

2 showed smaller variation under the homogenous canopy of the

young oaks.

The observed TKE/FKE ratios indicate a significant increase in KE

caused by vegetation. We observed an average TKE/FKE ratio of

4.28, with means per event ranging between 1.71 and 8.01. This indi-

cates that vegetation has at least doubled the KE of rainfall. The varia-

tion is especially large between the different rainfall events (Figure 7).

These values are higher than those reported by previous studies who

have reported ratios of 1.8 to 2.3 under rubber-based agroforestry

systems (Liu et al., 2018), 1.8 and 2 under Japanese cypress planta-

tions (Shinohara et al., 2018), 2.59 under tropical large leaved forests

where TKE increased with successional stage (Geißler et al., 2012)

and ratios close to 1 under young trees with an average height of

2.7 m (Goebes et al., 2015b). With regard to the first research ques-

tion, our results showed higher TKE/FKE ratios than those reported in

the literature. Contrary to our expectations, the results indicated a

stronger vegetation effect under temperate forests compared to plan-

tations exposed to tropical rain storms. Therefore, we consider that

wind effects are a more plausible explanation for the systematic nega-

tive deviation of the FKE measurements.

In our case, the homogenous stand of lower oak trees with sparse

understorey (Site 2) has resulted in higher TKE/FKE ratios compared

to the taller and more heterogeneous beech stand (Site 1) featuring

more but still sparse understorey. It is more meaningful to compare

our findings with the existing literature for Site 2, given its plantation-

like characteristics. However, there is a lack of studies focussing on

TKE under natural heterogeneous forest structures, such as the beech

stand at Site 1.

4.1 | VSF estimation

We have designed the VSF to reflect how vegetation affects the KE

of rainfall analogously to the TKE/FKE ratio. In our KE measurements,

we have observed differences in the magnitude and variation of KE

that correspond to the three-dimensional structure of the forest

stands. In the VSF map (Figure 5), Site 2 is characterised by small vari-

ations in values and gradual changes. These characteristics are

reflected in a narrow histogram (Figure 6) and correspond to the uni-

formity of the vegetation structure in the young oak stand present at

Site 2. The structurally diverse beech stand at Site 1 should lead to

the opposite effect. Numerous openings in the canopy allow light

to enter and encourage the growth of understorey. Vegetation parts

are present at different heights. This structural pattern is reflected in

the VSF map, where gaps in the canopy correspond to areas with

lower VSF values, while tall trees with dense crowns are associated

with high VSF values. As an example, the gravel track crossing Site

1 (shown as a dashed outline in Figure 5) is evidently an area without

F I GU R E 9 Scatterplot of the predicted and observed KE values at each cup, grouped by timestep.
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an understorey but with a mostly closed canopy. This strip stands out

because it has resulted in higher VSF values compared to its surround-

ings. However, the model returned low VSF values in a few places

that coincide with gaps in the canopy. A similar VSF pattern along a

gravel track has been reported by Senn et al. (2020).

The effect of this particular gravel track also underlines the gen-

eral concept behind the VSF model, which can be understood particu-

larly by the absence of understorey (Senn et al., 2020). This scenario

of closed tree canopy without understorey represents the situation

most prone to erosion by splash (highest VSF), whereas the scenario

with understorey in direct neighbourhood represents the maximum

contrast being the neutral case for erosion (VSF = 1). The good repre-

sentation of these effects in the VSF map indicates the functioning of

the VSF and the vegetation cover estimation from the ULS point

cloud in the voxel space. We concluded that the spatial VSF patterns

correspond to vegetation structure, thereby affirming the second

research question.

To determine if the relationship between VSF and observed

TKE/FKE properties extends beyond spatial patterns, we have created

scatterplots (Figures 7 and 8). The scatterplots in Figure 7 show how

the predicted effect of vegetation on TKE (VSF) corresponds to the

observed effect (TKE/FKE ratio) for each cup. We found a significant

statistical relationship that further highlights the potential of the VSF

approach. Our results show that the predicted values correlate with

the measurements. These findings confirm that a relationship exists

between VSF and the TKE/FKE ratios, thereby addressing our third

research question. The large variations between cups, position classes

and timesteps are to be expected because of the effects of wind, rain-

fall variations and the limited size of the dataset.

The VSF model was developed based on observations from previ-

ous studies, which did not report TKE/FKE ratios higher than 3. How-

ever, in our study, we observed TKE/FKE ratios that exceed those

previously reported, and as a result, the observed TKE/FKE ratios

often exceeded the modelled VSF values. We believe that to par-

ameterise a universally suitable VSF model, a larger dataset and more

reliable FKE measurements are required.

The most noticeable deviations show under the canopies. At the

open canopy positions, the TKE/FKE ratio was consistently 1 (neutral).

However, the predicted VSF values were around 0.4 at the FKE posi-

tions, indicating a contradictory reduction relative to themselves. The

reason for this discrepancy is that we defined the open canopy posi-

tions on the basis of the splash cup measurements. For the cup place-

ment, we have defined open canopy positions as positions where

there is no vegetation above the cups. However, it is important to

note that vegetation is often not entirely absent; there (in the point

cloud) may be ground-covering vegetation present beneath the splash

cup. This was the case at the open canopy positions, resulting in VSF

values below 1. The considerations of vertical cup placement lead to

conflicts between two requirements: On the one hand, cups must be

positioned at a certain height above the ground, to avoid the deposi-

tion of detached soil particles. Consequently, the KE measurements

exclude the effect of any ground covering vegetation layers beneath.

On the other hand, it is important to include the effect of the lowest

layers in the model. We have accepted this divergence between

observation and model. Future applications have to consider more

closely how to avoid this issue. Ideally, KE would be measured at gro-

und level, which is not feasible in a non-destructive way and without

contamination by deposition. However, alternative approaches, such

as using acoustic or piezoelectric signals to measure KE are still in

their infancy.

The only truly unvegetated sections within the study area were

the open canopy positions along the gravel track which was not suit-

able for splash cup placement. Here the VSF map indicates values

close to 1.

We tested scaling the VSF as a simple approach for adapting the

model to the observations. We found that the minimum overall RMSE

between VSF and TKE/FKE ratio was achieved with a correction fac-

tor of 2.66. This also reduces the deviation of the VSF at the open

positions by more than 70%.

4.2 | TKE prediction

Our second research question was to test if the VSF can be used to

predict the TKE at the cup positions. The VSF is defined as the effect

of vegetation on the KE of rainfall, that is, the TKE/FKE ratio. Accord-

ingly, the TKE can be isolated by mathematical transformation. Thus,

we predicted the TKE by linearly scaling the calculated VSF values

with the FKE observations. Our approach is based on the assumption

that initially the canopy storage is quickly filled up and afterwards the

TKE increases linearly with the FKE. This initial threshold in rainfall

volume was not reached by event b which we therefore excluded.

The results showed a significant correlation between the KE

observations and the predicted values, indicating that the VSF can be

used to predict rainfall erosivity answering question four. However,

we found that the observed TKE values tended to exceed the predic-

tions, especially at Site 2. This means the measured erosivity of rainfall

under the canopies was higher than predicted. We assume this could

have several reasons. Firstly, the VSF model was developed using a

value range of 0 to 3, based on the TKE/FKE ratios reported in the lit-

erature. However, the TKE/FKE ratios observed in our study suggest

that these rates of amplification may be too conservative. Secondly,

the FKE measurements were taken from the open positions of the

transects and not separately outside of the stand. Thus, the measure-

ments may have underestimated FKE, for example, because of the

winnowing effect. Such a systematic negative deviation of the FKE

measurements would plausibly explain the systematic overestimation

of the TKE/FKE ratios. Finally, the KE measurements with splash cups

were performed above the ground covering vegetation and therefore

missed out their protective effect.

The differences between the timesteps also suggest that the

effect of vegetation on TKE was not linearly related to the FKE. This

may be because of the retention effect of canopy storage (Nanko

et al., 2020). Although the simple scaling of the VSF was suitable for

demonstrating the feasibility of the approach in this study, the effect

of canopy retention needs to be considered more in the future. A bet-

ter representation of the retention effects requires better understand-

ing of the processes involved. Therefore, future studies should

incorporate additional measurements with higher temporal resolution.

Variables such as rainfall volume, measured using tipping bucket rain

gauges or DSD measured by laser disdrometers, can be employed to

investigate canopy retention. The identified determinant vegetation

traits could be derived from remote sensing data and incorporated in

the model.
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4.3 | Method evaluation

The significant correlation between the predicted and the observed

TKE values confirms the general suitability of the proposed approach.

Yet, the small scope of this experiment has resulted in strong varia-

tions in the TKE/FKE ratios between time steps and also between

measurement positions. A better representation of the KE characteris-

tics could be achieved by increasing the number of timesteps. This

would allow for better coverage of the variations in rainfall intensities

and phenological stages.

We assume that the large variations between events can be

attributed to canopy storage and retention effects that differ

depending on the temporal characteristics of rainfall events. Adding

tipping rain gauges at selected freefall and canopy positions would be

valuable for investigating the effects of the temporal distribution of

rainfall intensities. We believe that a good share of the unexplained

variation can be attributed to storage effects. Therefore, we suggest

developing a continuous gash-style interception model that can be

parameterised using canopy storage potential derived from the same

lidar dataset utilised by the VSF model (Gash, 1979; Muzylo

et al., 2009).

Besides increasing the temporal coverage, it is even more impor-

tant to increase the spatial coverage, that is, the sample size. We used

a transect-based design to simplify spatial attribution. However, this

approach resulted in cup positions that tended to represent the

extremes of vegetation cover, specifically closed tall canopy or open

positions. Consequently, there was a lack of intermediate vegetation

cover configurations. When we excluded either the open or canopy

measurement positions, the data showed no significant correlation. To

address this, future studies should prioritise stratification across the

entire gradient to capture a more complete range of throughfall varia-

tions. Additionally, open canopy positions should be located even

more rigorously outside the stand. A larger number of splash cup mea-

surements will improve the significance of the dataset (Goebes

et al., 2015b, 2016; Liu et al., 2018). Previous studies have highlighted

the need for more comprehensive datasets on erosivity covering the

variation of TKE and its drivers that include species, trait expression,

ecosystems and vegetation zones (Fernández-Raga et al., 2013;

Geißler et al., 2013; Goebes et al., 2016; Levia et al., 2019; Nanko

et al., 2020). Combining KE data from more diverse stands with aerial

lidar can improve our understanding of the processes and help to opti-

mise the VSF model. Eventually less in situ data will be required in

order to predict TKE over larger areas.

The parametrisation of the model (height-dependent weighting

factor) is currently based on stochastic findings from the literature.

Eventually, this parametrisation could be based on the physical rela-

tionships between DSD, falling heights and the resulting impact veloc-

ities (Kattge et al., 2020).

One of the most influential variables in the calculation of the VSF

is the gap fraction voxel dataset. For model performance, it is crucial

that the data closely represent the actual vegetation cover gaps. Liter-

ature indicates that the calculated gap fraction and its derivative LAD

are highly dependent on the applied voxel size (Ross et al., 2022) and

the scan angle filtering (Almeida et al., 2019). The VSF model simplisti-

cally assumes an even distribution of vegetation surfaces per voxel

and predicts the probability of throughfall according to the

corresponding gap fraction. However, in reality, vegetation surfaces

are often spatially clustered. Consequently, the smaller the cells, the

better the spatial representation and vertical attribution of vegetation

surfaces. The applied gap fraction calculation approach (Bouvier

et al., 2015) is based on the assumption that every surface present

can be reached by the laser pulse. However, in reality there are

occluded voxels that no pulse ever reaches (Kükenbrink et al., 2017).

This is especially an issue in sparser ALS point clouds but even with

high point densities of ULS point clouds, and a high percentage of

areas below the canopy may remain occluded (Kükenbrink

et al., 2017; Schneider et al., 2019).

ULS and ALS can furthermore differ in the scan geometry, namely

flying height, view angle and line spacing. Including multiple view

angles can be favourable to minimise or detect occluded voxels (Yin,

Cook, & Morton, 2022). This is because canopy gaps allow diagonal

beams to penetrate more easily sideways into a voxel. However, off-

nadir beam angles travel further through the canopy and are thus

more likely to be obscured and not deliver returns from lower canopy

parts (Liu, Liu, & Zhu, 2018). The angle dependence differs between

tree species, where coniferous trees are more affected than decidu-

ous trees (horizontal leaf orientation) (Liu, Liu, & Zhu, 2018). While

not possible in the framework of this study, it would be sensible to

collect ground truth data as a reference for the gap fraction. Suitable

reference data can either be acquired by visual estimation, hemispher-

ical photographs or using ground-based lidar (Almeida et al., 2019).

We found that using returns from all scan angles without filtering

led to better correspondence between the VSF and the TKE/FKE

ratio. Our ULS dataset was captured from a flying height below 80 m

and consequently features a narrow line spacing and a large range of

scan angles. Only a limited number of returns clustered along the

flight lines come from near-nadir scan angles and are thus spatially

unevenly distributed. We assume that filtering our ULS dataset by the

scan angle would have removed too many returns. Avoiding occluded

pixels was more impactful than sticking to the vertical scan geometry.

This agrees with the findings of Liu, Liu and Zhu (2018), who found

that gap fraction accuracy under deciduous stands is not affected by

inclusion of oblique scan angles. Future studies should consider scan

geometry and vegetation characteristics in ULS and ALS surveys.

5 | CONCLUSIONS

This work aimed to test the VSF model that was designed to predict

the effect of vegetation on rainfall erosivity over larger areas using

aerial lidar point clouds. In the framework of this study, we have suc-

cessfully demonstrated that TKE can be predicted from remotely

sensed forest vegetation structures.

We have proved that VSF maps spatially continuously represent

the effect of vegetation on the KE of rainfall on a small tree stand

scale. In particular, the model reproduces both the amplifying and the

reducing properties, making it a promising addition to erosion model-

ling approaches. Furthermore, VSF maps can be scaled by in situ FKE

measurements to spatially continuously predict the KE and thus the

erosivity of rainfall reaching the ground. The method can provide

good indications, but further tests and improvements are required for

precise predictions. The VSF model is therefore suitable to extend the

methodological tool box in erosion studies under vegetation and to

support decision-makers in forestry and also agriculture.
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We intentionally kept the model simple by incorporating only the

three-dimensional distribution of vegetation surfaces, yet it yielded

significant results. The VSF model was parameterised based on

TKE/FKE ratios reported in previous literature; however, the

TKE/FKE ratios observed in our study exceeded those reported in

the literature. This is most likely because of the placement of the FKE

measurements. Consequently, the observed TKE values systematically

exceed those predicted using the VSF. To improve the model for

future applications, the model should be optimised using additional

data and experience from more measurement campaigns in other eco-

systems. Such studies should also investigate for which spatial and

temporal scales the VSF is applicable.

Future model implementations should improve the calibration of

the weighting factor and adapt the model to individual plant species.

Moreover, they could also consider calculating the VSF based directly

on physical laws (e.g. falling height, DSD, acceleration rates) instead of

relying on stochastic relationships. Another promising measure to

improve the model would be to include metrics of canopy storage and

retention, which are particularly determinant in less abundant precipi-

tation events. The VSF has proved suitable solely relying on structural

traits. We appreciate that there are many other influential traits. For

potentially incorporating additional plant parameters (e.g. tree and leaf

traits), it is valuable that previous studies have identified the relevant

traits.

The simplicity of the current model makes it easy to apply, and

the code is published on github. Therefore, we are confident that the

VSF model can be adopted widely by other researchers to investigate

rainfall erosivity in other ecosystems and to test the approach on

larger scales. Another application pathway would be adapting the

model to the GEDI satellite-based lidar product to calculate the VSF

for larger areas. The VSF model has proven reliable, and one promis-

ing application could be the representation of vegetation in large ero-

sion models such as USLE. Using the VSF for the crop factor would

strongly improve the level of detail in which vegetation is

represented.

Despite the presented limitations, this pilot study yields several

important merits: Firstly, we have demonstrated the general suitability

of the VSF model; secondly, we have presented and tested a spatially

continuous approach for an issue previously limited to plots; thirdly,

we have observed discrepancies between the literature and our

observations for rainfall KE under temperate forests; and finally, we

have identified limitations of the approach and presented specific

strategies for improving.
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T AB L E A 1 Measured kinetic energy by cup and event (J m�2).

Timestep

Cup ID Position a b c d e f

A01 Open 53.49 25.48 105.32 70.57 219.93 72.14

A02 Open 37.30 41.15 123.71 36.86 270.00 55.59

A03 Mid crown 256.61 83.79 835.75 242.34 521.01 283.49

A04 Mid crown 159.17 24.60 864.03 310.98 526.44 365.87

A05 Mid crown understorey 88.86 14.27 347.49 177.90 459.81 222.03

A06 Near stem 118.81 3.06 273.24 237.87 462.88 208.02

A07 Near stem 96.39 12.34 313.43 218.26 515.41 191.65

A08 Near stem 309.40 5.60 468.83 258.54 715.55 240.06

A09 Mid crown 462.44 40.45 1049.90 264.05 693.49 254.95

A10 Mid crown understorey 676.41 18.56 392.14 144.20 531.17 187.88

B01 Open 27.75 15.23 174.05 57.17 262.21 74.07

B02 Open 58.13 36.16 233.93 107.69 267.29 105.15

B03 Mid crown 358.17 78.80 846.87 102.61 559.18 146.12

B04 Mid crown understorey 196.73 32.04 357.99 NA NA 259.41

B05 Mid crown understorey 221.68 45.61 528.63 235.34 392.58 283.75

B06 Mid crown NA 9.11 359.39 254.77 628.70 357.03

B07 Mid crown understorey 126.60 9.63 629.14 NA 315.18 334.62

B08 Mid crown understorey 124.93 2.10 605.94 215.55 427.51 218.70

B09 Mid crown understorey 203.12 5.34 322.18 124.06 836.81 114.69

B10 Near stem 110.75 2.98 535.11 240.24 358.34 137.37

C01 Mid crown understorey 229.99 5.43 361.14 320.52 507.44 NA

C02 Mid crown understorey 272.02 37.82 325.16 276.57 597.62 330.68

C03 Mid crown understorey 466.56 39.84 591.66 349.68 733.85 383.91

C04 Mid crown 753.54 52.53 752.49 601.82 983.45 588.69

C05 Mid crown 461.92 118.89 NA 603.13 839.26 584.84

C06 Near stem 594.55 71.27 492.56 668.62 886.71 597.09

C07 Mid crown 366.75 71.35 588.86 501.75 882.42 529.94

C08 Near stem 221.06 28.19 430.75 361.93 755.03 348.45

C09 Near stem NA NA 636.84 439.76 944.40 405.62
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T AB L E A 1 (Continued)

Timestep

Cup ID Position a b c d e f

D01 Mid crown 588.16 106.46 597.36 521.89 802.75 NA

D02 Mid crown 521.62 49.03 651.99 NA 678.69 NA

D03 Near stem 499.21 90.26 537.21 495.01 672.30 461.92

D04 Near stem 462.35 65.22 922.08 427.16 952.11 452.72

D05 Near stem 545.88 132.29 605.76 461.21 753.63 443.88

D06 Mid crown 543.95 151.20 700.14 511.12 875.24 541.94

D07 Mid crown 461.30 74.59 537.21 495.45 858.61 422.60

D08 Mid crown 332.60 108.56 569.34 NA NA NA

D09 Near stem 484.59 69.34 676.85 551.13 913.94 529.77
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