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1. Introduction

The soil erosion processes involve the detachment of soil particles from the soil surface,
followed by their transport by erosive agents, such as rainfall, overland flows, and channel-
ized flows (rills, ephemeral gullies, and gullies) [1-3]. Soil erosion determines a decrease in
soil organic matter and nutrients, with a consequent reduction in soil productivity in both
natural and anthropogenic ecosystems [4,5]. Other on-site consequences of soil erosion
include reduced cultivable soil layer depth and degradation of soil structure [6]. Erosion
also determines off-site impacts caused by soil particles entering the water system, such
as contamination from chemical pesticides and fertilizers, eutrophication of waterways,
siltation of reservoirs with a consequent loss of storage, and sedimentation into channels [7].

To comprehend and implement accurate soil erosion models, precise and consistent
measurements of erosion processes are necessary [8]. Experiments offer a chance to examine
the degree to which the ideas employed in models accurately describe the erosion processes
taking place.

The objective of the second edition of this Special Issue was to combine manuscripts
concerning (1) experimental areas for soil erosion measurements at different spatial scales
(plot, hillslope, and basin), (2) field experiments for studying the soil erosion in its different
forms (interrill, rill, and gully erosion), and (3) innovative techniques and procedures
(e.g., tracers, three-dimensional photo-reconstruction, and aerial and terrestrial acquisition
platforms) for measuring soil erosion processes.

2. Main Contributions of the Special Issue

This Special Issue brings together nine papers (eight research articles and one re-
view) that explore different aspects of soil erosion processes. The contributions examine
cause—effect relationships, propose new predictive models, and analyze how factors such
as rainfall and agricultural practices influence erosion. Both rill and gully erosion are
addressed, alongside studies on interrill erosion and sediment deposition.

The importance of measuring soil erosion at the field scale is underlined by the only
review included in this Special Issue. This review by Nicosia et al. [9] reports recent
scientific developments on the measurement of rainfall erosivity, soil loss at the plot scale,
and rill and gully erosion using close-range photogrammetry. A critical analysis of all the
literature papers leads to the conclusion that the available techniques can be considered a
solid basis, which, however, could still be improved.

Among the research papers, those by Cupic et al. [10] and Ghaderi Dehkordi et al. [11]
deal with erosion and sedimentation tracing by using the radioisotope cesium-137 (’Cs).

Water 2026, 18, 202 https://doi.org/10.3390/w18020202
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In particular, the first [10] assessed soil erosion intensity and soil properties across the
Crveni Potok catchment in Serbia, based on '37Cs activities and the profile distribution
model. These authors found a significant negative correlation between erosion rates,
soil organic matter, and indicators of soil structural stability, and compared the applied
model with the RUSLE (Revised Universal Soil Loss Equation) one, finding similar mean
erosion rates but significantly different median values. The second [11], instead, employed
geochemical tracers and '37Cs to assess sediment contributions in a small sub-basin located
in western Iran to quantify how various land uses (i.e., rangeland, rainfed agriculture,
irrigated agriculture, and orchards) contribute to sediment yield over time. The findings
revealed significant changes in sediment yield contributions over the past 60 years in
dependence of land use.

Only the paper by Chen and Wu et al. [12] deals with interrill erosion, studying the
impact of antecedent soil moisture content on the loss of clay soil through two-year runoff
plot experiments under natural rainfall. The main result of this study showed that the
impact of antecedent soil moisture on interrill erosion is conditional, and the impact only
exists in erosion events with a low rainfall-runoff erosivity index.

The article by Li et al. [13] studied the sediment deposition characteristic of ecological
riverbanks associated with vegetation restoration in the deep waterway regulation scheme
of Yangtze River, by using two types of typical ecological riverbanks (i.e., lattice gabion
ballasted vegetation mat riverbank LGBVR and mesh grid riverbank MGR) and a traditional
riprap riverbank (TRR). The findings demonstrated that the ecological restoration effect of
the LGBVR was better than that of the mesh grid riverbank (MGR), while that of the TRR
was relatively poor.

The paper by Todisco et al. [14] studied the spatio-temporal dynamics of rainfall
erosivity in the Umbria region (Italy), using a wide database of 30 min precipitation records
from 54 stations collected for 20 years. In particular, using the RUSLE2 framework, the
authors evaluated models of varying complexity to estimate the R-factor (the original
model, or models based solely on event rainfall depth or daily rainfall depth). All the
models showed consistency in the spatial and temporal patterns of the R-factor, revealing
that most of the annual erosivity is concentrated in the summer because of the high average
intensity of rainfall events.

Rainfalls were also studied from another point of view in the paper by Caruso et al. [15],
who characterized a rainfall simulator originally designed to assess the erosive effects of
precipitation on heritage surfaces. Using volumetric methods and disdrometric techniques
with a Parsivel2 optical disdrometer, the study confirmed that the simulator generates
rainfall velocities comparable to natural rainfall. The authors highlighted the value of
combining multiple measurement approaches to improve accuracy and reliability.

Lu et al. [16] investigated the spatial coupling between geohazard susceptibility and
soil conservation capacity in Guangdong Province, China, using integrated spatial analysis
and machine learning approaches. Through kernel density estimation, hotspot analysis,
principal component analysis, and t-SNE clustering applied to 11,252 geohazard records
and nine soil conservation factors, they identified some critical mechanisms.

Finally, Rodrigo-Comino et al. [17] combined controlled field experiments with proxi-
mal remote sensing-derived geomorphometric variables and machine learning to identify
key factors of erosion in a Mediterranean citrus orchard located close to Seville and the
National Park of Dofiana (Southern Spain) on Gleyic Regosols (clayic, arenic). Results
showed that soil loss was most strongly linked to maximum compaction and hydraulic
conductivity, while sediment concentration increased with surface compaction but had
weak correlations with topography. Runoff decreased with average infiltration, which is
tied to compaction. The study concluded that integrating standardized field protocols with

2 https://doi.org/10.3390/w18020202
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proximal morphometrics and machine learning is an efficient way to prioritize explanatory
variables, reducing experimental effort while maintaining explanatory power.

3. Concluding Remarks and Future Perspectives

The papers collected in this Special Issue highlight the complexity of soil erosion
processes and the diverse methodologies available to study them, ranging from isotopic
tracing and rainfall simulation to machine learning and spatial analysis. Together, they
demonstrate that integrating traditional field measurements with innovative technologies
can significantly improve our understanding of erosion dynamics across scales and land
uses. The novel and significant results of these studies will aid in the investigation of
soil erosion and the comprehension of the dynamics of certain processes related to this
subject. The selected articles contribute to our understanding of how water soil erosion
can be managed and minimized. They may also provide more insights into future research
directions and the primary obstacles in this area of study. Looking ahead, future research
should focus on refining measurement techniques, enhancing predictive models through
interdisciplinary approaches, and promoting the application of advanced tools such as
remote sensing and artificial intelligence. Strengthening the link between scientific ad-
vances and practical land management strategies will be essential to mitigate erosion risks,
safeguard ecosystems, and ensure sustainable agricultural and environmental practices.

Author Contributions: Writing—original draft preparation, V.F. and A.N.; writing—review and
editing, V.F. and A.N. All authors have read and agreed to the published version of the manuscript.
Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflicts of interest.
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Abstract: Water erosion is a significant global threat due to the high soil loss rate and all its
consequent implications. Technologies to predict erosion are strongly related to measurements
and vice versa. Measurements can simply provide empirical evidence of the erosion process and are
hard to extrapolate in time and space. Measurements were used to develop some erosion models,
such as the Universal Soil Loss Equation (USLE), and also for their calibration and validation. Several
measurement techniques are used to collect soil erosion data at different spatial and temporal scales,
but they cannot be considered fully accurate in any experimental condition. Each technique exhibits
advantages and disadvantages, so extensive knowledge of their feasibility, accuracy, and limitations
is required to correctly plan experiments and use the performed measurements. In this paper, recent
scientific developments on the measurement of rainfall erosivity, soil loss at the plot scale, and rill
and gully erosion using close-range photogrammetry are presented. Further considerations are made
on the quality of soil erosion measurements and the usefulness and importance of measuring plot
soil loss. Our critical analysis highlighted that the techniques reported in the literature are a solid
basis, which, however, should be developed to improve their range of applicability and data quality.

Keywords: soil erosion; soil loss; rainfall erosivity; rills; gullies

1. Introduction

The European Union (EU) soil thematic strategy [1] defines soil as “essentially a non-
renewable resource and a very dynamic system, which performs many functions and delivers services
vital to human activities and ecosystem survival”. This definition is based on the fact that soil
formation is a slow process, as hundreds to thousands of years are required to form a thin
layer of topsoil when standard agricultural conditions are maintained [2,3]. On the contrary,
its degradation or destruction attributable to erosion processes is fast and is accelerated by
anthropogenic activities [4-9].

Erosion by water is a significant threat to soil as, in the European Union’s lands (forests,
semi-natural, and agricultural areas), the mean soil loss rate is 2.46 t ha~! yr‘1 [10], while
the mean rate of soil formation is 1.4 t ha=! yr—1.

Impacts can be grave, not only because of land degradation and fertility loss but also
due to different off-site effects, such as the sedimentation, eutrophication, and siltation of
waterways, or enhanced flooding [11]. In Europe, Panagos et al. [12] estimated the economic
loss associated with soil loss due to erosion processes, hypothesizing a restoration cost of
USD 20 t~1, roughly equal to USD 20 billion yr~!. Panagos et al. [12] also estimated that
a European land area of 12 million ha is affected by soil erosion processes, with an estimated
loss of crop productivity of EUR 1.25 billion.

Water 2024, 16, 3427. https:/ /doi.org/10.3390/w16233427 5 https:/ /www.mdpi.com/journal / water
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Soil conservation strategies are required to alleviate agricultural productivity losses in
areas that suffer from soil loss (“on-site” effects) and also to reduce “off-site” effects related
to sediment transport along the flow paths developing on the hillslopes and in the river
network. A recent study on the costs of sediment removal from reservoirs in the EU and
United Kingdom (UK) [13] demonstrated that each year, 135 million m® of sediment due to
water erosion is potentially transported to the nearest river networks, and the associated
sediment removal cost exceeds EUR 2.3 billion per year.

Technologies to predict erosion are strongly related to measurements and vice versa.
Measurements can simply provide empirical evidence of the erosion process and are hard
to extrapolate in time and space. Measurements were used to develop some erosion models,
such as the Universal Soil Loss Equation (USLE) [14,15], and also for their calibration and
validation [16]. These models are also applied to design soil conservation strategies.

According to Toy et al. [17], soil loss measurements are useful for (1) developing
scientific erosion research, (2) developing erosion prediction technology, (3) developing
erosion conservation strategies, (4) evaluating the environmental impact of erosion and
conservation practices, and (5) establishing the allocation of conservation regulations,
policies, and programs.

Several measurement techniques can be used to collect soil erosion data at different
spatial and temporal scales [18], but no method has been proven to be fully accurate in
any experimental condition [19]. As remarked by Raza et al. [20], an important aspect of
measuring soil erosion is spatio-temporal soil heterogeneity. In fact, the accuracy of erosion
rate measurements depends on the considered spatial dimension, as soil heterogeneity has
an increasing effect with the analyzed spatial scale. Moreover, each developed method
exhibits both advantages and disadvantages, so extensive knowledge of its feasibility and
limitations is required to plan correct experiments and use the obtained measurements
correctly [21].

As an example, erosion pins are the simplest tool for obtaining local measurements of
soil erosion [22-24]. The pin, which can be implemented with different materials [25,26],
is inserted vertically into the soil, and the exposed height, generally equal to 5 cm, is
measured after insertion as a reference. Pins also have the following advantages: (1) they
are little, have reduced surface exposure, and do not significantly modify the surrounding
soil surface; and (2) they are cheap, lightweight, and can be installed with little effort.
However, when deposition processes are relevant, pins can be buried by deposition, and
during the measurement time, erosion processes can be balanced or exceeded by deposition.
Moreover, human and animal activity can disturb pin measurements [27], and the small
size and surface exposure of pins can hinder their field visibility, especially when vegetation
cover is present [25].

The measurement technique also depends on the study’s aims and the type of
experimental data to be obtained. As an example, erosion due to rainfall impact is measured
by small-scale devices, such as splash cups, that differ appreciably from the plots in which
interrill and rill erosion are simultaneously measured [18]. At the plot scale, soil loss is
due to interrill and rill erosion processes, and the rill component can be directly measured
by measuring the geometry of the rill channels [28] or can be obtained by calculating
the difference between the measured total soil loss (interrill plus rill) and the interrill
component contemporaneously measured by small plots [17,29,30].

Measurements of rill or gully erosion can be performed by direct or remote sensing
methods (image-based and laser scanners) [31,32]. The direct method is based on the
survey of some cross-sections along the channel. Cross-sections can be measured using
a pin profiler (profilometer) (Figure 1) made of stainless steel pins with transverse constant
spacing which is positioned perpendicularly to the channel axis. The direct method
is simple, low-cost, and widely used [28]. However, it has the disadvantage of being
time-consuming, and, in a rilled area, the operator may cause a possible modification of the
plot surface when entering the area. Close-range and low-altitude aerial photogrammetry
can be efficiently applied for measuring soil erosion by the Structure from Motion (5fM)
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technique. This technique, using oblique images taken from uncalibrated and non-metric
cameras coupled with photogrammetric software packages [33], allows the creation of
accurate three-dimensional (3D) (Figure 2) and 2.5D models (Digital Elevation Models,
DEMs) of the surveyed surface [34-37].

Figure 2. Example of 3D Digital Terrain Model (3D-DTM) of a plot area surveyed for measuring soil
erosion (modified from Di Stefano et al. [38]).

The measurement spatial scale (cup, microplot, plot, hillslope, basin) and technique
(global, distributed, direct, remote) depend on the investigated variable (soil loss,
sediment yield) and the involved erosion sub-processes (impact, interrill, rill, gully
erosion). Stroosnijder [16] suggested the following five spatial scales for human-induced
water erosion at agricultural scales: (i) the point (1 m?) scale for interrill (splash) erosion;
(ii) the plot (<100 m?) scale for rill erosion; (iii) the hillslope (<500 m?) scale for sediment
deposition; (iv) the field (<1 ha) scale for channels; and (v) the small basin (<50 ha) scale for
spatial interaction effects.
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The total soil loss can be measured by two opposed approaches: (1) direct survey
(in-site measurement) of the investigated area at fixed time intervals (e.g., event, month,
year); or (2) measurement of the magnitude of soil loss from the area and accumulated in
a storage device, such as a sedimentation tank or a sediment-collecting system (out-site
measurement) (Figure 3). The choice of a specific technique is related to the requested
spatial resolution and measurement accuracy. Soil loss in a known temporal interval (e.g.,
event, month, year) at the plot scale can be detected by using erosion pins distributed on
the plot area or measuring the weight of sediments reaching the downstream end of the
plot and stored in a collecting system. These two approaches are quite different, and the
results in terms of data quality and type of collected information (distributed, lumped)
depend on the technological and procedural matter of the used technique.

Figure 3. Views of sedimentation tanks used to collect soil loss from a plot.

The selected condition (Iaboratory or field) of the investigation affects the results of
the erosion research. Laboratory measurements are useful for investigating specific erosion
sub-processes (e.g., interrill erosion) in highly controlled conditions even if the natural
variability of these sub-processes due to environmental factors is hindered. Laboratory
experiments can be used to represent small-scale studies of field conditions and have the
advantage of being fast and repeatable [17]. Particular attention merits the preparation of
soil samples, which risk being unrepresentative of field conditions.

Field data are strongly related to the characteristics (climate, soil, morphology, and
land use) of the investigated area. The main advantage of field investigations is the
opportunity to carry out measurements at a real scale, considering the actual soil, the
existing crop cover, and the temporal variation in the environmental variables affecting
the studied process [16]. When field measurements are collected in a short time interval,
corresponding to a few erosive events, they can be unrepresentative of field conditions. In
other words, the collected data may not be representative of average or extreme conditions
for the investigated area, which require longer experiments. Furthermore, the practical
difficulties related to field activities make these data less accurate than those collected in
laboratory-controlled conditions.
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Another problem is related to some specific erosion sub-processes, which require
indirect measurement of the considered variable (e.g., soil erodibility). When the investigated
variable is not representative of an intrinsic soil property, its indirect measurement requires
the choice of a mathematical model representing the investigated sub-process. The main
limitation of this type of measurement is that the measured non-intrinsic soil property
varies with the equation used by the simulation model.

In any condition (laboratory, field) and for each investigated property (intrinsic or
non-intrinsic), the main objective is to obtain precise and unbiased measurements [17], i.e.,
with a small standard deviation in the same condition and without systematic errors in
the measured value. In any case, statistical data analysis cannot replace the ability of the
researcher to both detect and explain unexpected results. After about twenty years, the
scientific and technological progress in the field of soil erosion measurement allows us
to take a second look at the conclusion of Stroosnijder [16] that “there is a crisis in erosion
measurements because there are insufficient empirical data of adequate quality, a lack of funds to
improve that situation, a lack of development of new technologies and equipment, and a lack of
skilled personnel”. The importance of measuring soil loss is related to the design of erosion
prediction technology as well as its calibration and performance evaluation. Furthermore,
the measurement provides empirical evidence of the investigated erosion processes and is
required in modeling approaches for its extrapolation in time and space.

Considering the current state of the art of water soil erosion measurements, the
aim of this paper is to present recent scientific developments on the measurement of
rainfall erosivity, soil loss at the plot scale, and rill and gully erosion using close-range
photogrammetry. Further considerations concern the quality, usefulness, and importance
of soil erosion measurements.

This paper deals with measurements of soil erosion processes at the field scale and
its structure reflects the distinction between the measurement techniques of each erosion
process (interrill, rill, and gully). This choice depends on the circumstance that the adopted
measurement technique is strictly related to the relevant variables of the specific soil erosion
process. The usefulness of soil loss measurements is discussed, and research needs and
future perspectives are also presented.

2. Measuring Rainfall Erosivity

Rainfall erosivity is a property expressing the climatic forcing of the erosion process.
Following the definition of Wischmeier and Smith [39], rainfall erosivity is obtained as the
product of the rainfall energy E (M] ha~!) and the maximum continuous 30 min intensity
I3p (mm h~!) during a single rainfall event [40]. At the plot and field scales, soil loss
by water erosion is related to different rainfall properties [41], such as rainfall intensity,
I (mm h™1); rainfall momentum, RM (N m~2); and rainfall kinetic energy per unit time and
area, named kinetic power, P, (J m~2 h~1) [42-46].

The fact that devices measuring rainfall erosivity were not widespread favored the
application of different empirical P,-I relationships within empirical soil erosion prediction
models [42,47]. Salles et al. [47], performing an overview of several empirical P,,-I relationships,
showed that, for a fixed rainfall intensity, these relationships show great variability in the
estimation of kinetic power. Like Parsons and Gadian [48], Salles et al. [47] concluded that
a global parameter such as rainfall intensity is not sufficient to determine P, because it
also depends on other parameters (rain type, altitude, climate, and measurement method).
Carollo et al. [44], using raindrop size distribution (DSD) measurements performed with
different techniques and in different geographical areas, confirmed that rainfall intensity
is insufficient to determine rainfall kinetic power, and moreover, they detected that the
most commonly used empirical P,-I relationships [47] are site-specific and thus need to be
calibrated.

The rainfall kinetic power or momentum can also be indirectly measured by knowing
the DSD and the raindrop falling velocity. For each raindrop of a given volume and mass,
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raindrop velocity can be measured or calculated by a literature relationship that uses the
drop diameter [43,45,46,49-52].

For a drop with a diameter equal to D, falling from a height H, the raindrop
velocity [49,53-63] increases with H up to a threshold value of 20 m, after which it becomes
constant (terminal velocity).

At present, few terminal velocity measurements are available in the literature [64,65],
and many relationships describing raindrop terminal velocity—diameter have been obtained
by using measurements of simulated single raindrops that fall in still air [50,55,64-70].

Many scholars have proposed relationships to determine raindrop falling velocity as
a function of the drop diameter and the atmosphere density and viscosity, which depend on
the fall height [53-63,71]. To describe the variation in terminal velocity with the diameter
of the drop, which in nature can change its spherical shape while falling through the air,
Best [56] used the measurements of terminal velocity by Spilhaus [54] and proposed three
empirical relationships to estimate raindrop falling velocity.

Assouline et al. [72] evaluated the raindrop velocity at the soil surface as a function
of H, considering fall velocity measurements by Laws [68] and Wolfs [73]. For simulated
rainfalls, they stated that the drop velocity at the soil surface is comparable to the terminal
velocity of equivalent diameters for falling heights higher than 5.5 m.

Considering that the terminal velocity increases with D for D < 0.56 cm and then
becomes constant for the highest D values, Ferro [49] deduced the following relationship
by using the following available literature measurement [54,64,65,68-70]:

V(D) = Viyax [1 — exp(—ay, D)) (1)

in which V¢ (m s~1) and a,, (cm~!) are two parameters that vary with H (m). The parameters
Viyax =9.5m s 1 and a,, = 6 cm ™! are used to calculate the terminal velocity. This equation
was also used by [43,44,74] for estimating the kinetic power by DSD in Italy.

DSD is the result of some physical phenomena (i.e., raindrop collision, coalescence, break
up) that influence raindrop formation and size changes during the falling process [42,75,76].

Numerous techniques (optical disdrometers, photographic method, acoustic disdrometers,
flour pellet method, stain method, oil immersion method, raindrop spectrographs, micro
rain radars) have been tested for DSD measurements on the ground and for assessing
and monitoring rainfall erosivity [43,45,52,68,77-93]. Kathiravelu et al. [93], performing
an overview of raindrop measurement techniques, concluded that manual raindrop
measurement techniques are (1) generally unsuitable for the measurement of smaller and
larger drop sizes outside the normal range (0.3-6.0 mm), (2) not capable of accurate drop
counts, and (3) unsuitable for continuous rainfall monitoring investigations, especially
during intense and windy storm conditions. Moreover, all of these measurement methods
cannot be used to measure or report drop velocity.

Improvements for reproducing DSD and sampling continuously over long durations
have been made by introducing automated measurement techniques, i.e., impact, acoustic,
and optical disdrometers.

As the disdrometer is a widely applied instrument for measuring DSD, many studies
have been developed with the aims of evaluating the quality of these data [94-96] and
identifying the factors affecting the measurement quality, such as the simultaneous arrival
of multiple drops, which can be confused with a single larger drop, and the passage of
the drops to the side of the detector that inhibits their detection [97]. The disdrometer
measurement technique presents some disadvantages (Table 1): (1) the management of
a high amount of numerical data, (2) the high costs of installation and management, and
(3) use limited to experimental installations for scientific research and not suitable for DSD
detection at a large spatial scale. Moreover, disdrometers do not allow us to make direct
measurements of rainfall variables such as P,;, RM, and I for quantifying the aggressiveness
of precipitation.

10



Water 2024, 16, 3427

waysAs Surpdures pardde

Ay} pue /10 w)sAs 23eI0)s JUSWIPSS A}

JO uoneIqIed 9y} axmbar syuswemseaw ayJ,
a7eds juaunyed 03 jord woiy

porewinse oq
UeD [9POW UOISOId [10S B JO ADeIndoy
S[opOW djepI[eA pUE d}RIqI[ed

0} BJep SSO[ [I0S JO SSAUNJIS)

aur JySrens e st yue) 93e103s

anbruyoay

Surdures yuswrpas

dy} 0} NP SIOLID JO
9DINOS pue SIPUTLIIdOU)
SSO[

a7eds ppoy

JUSWITPIS d} JO SAIND UOTIRIqI[ed 3T , ord Dol DoLUNO 4501 1108 10 J€ UOISOI1d
ejeP UOISOID Mmmo jo :o_uﬁoambxw noyIg SJuSAD [[ejures s1asss Surdures [1os pue zoﬁmbw@ucg 1014 pIoy pop d T [10S 10[d [ pue
[SIITY & UO wd)SAS paso[d) ford d JUWIPAS “Jound -
SjULUIINSEIW 10§ PoAOIAI9 9q UED SHO[C MOLIEN U0 Pa3O9Jop S3095J9 d[LdG m I
eyep Ayrenb-y3iyg ¥
peardsapim Afreneds 105 s[qeymsun : : (TTLI+][LIISIUT IO [[LLISYUT)
: : : 9[LDS JUDAD [[RJUTEI J€ JUSWINSEIA s : : :
JuouegeurW pue UOTJR[[RISUT JO S3S0D YT <501 1105 10 ssodo1d pajednsaaur ay
1105 § uo yuapuadap az1s 0[]
SJUDUIDINSEIW SNONUTIU0D [erodway,
—
i
so8ned (Fzog 1oquuardag ¢ uo
urex Surprodar 3unsixa ym Jurdno) ou Ppassadde) 16901000081020T
9149p 43 Jo ssaudeay o szwhsmmwzwz WWE :L HaqUINN Jua1e  ‘udm
parmbaz st ad£j0301 anbruyday joy pomsean ] " M 1 =adAy;pm~ad Ly /yoreas
juswaInseaw ayy jo Ayprdwig el dSI0u/[eusis “Ioquinp /nepesueq /i
N sdoxpurer jo .ULS:.G UOISUSUIIP 10SU9S ‘o3 wqmmmm/ /:sdy) NA
pue [ AISUsjuI [[ejureI saInseaw A[uQ 20149p pajuded maN wmjULwowt
[[ejurer pue
uoTje81SaAUT [EUOIZAI 10J d[qeng U omod
9AIND uotyeIqIed (AR SJUDUWIdINSEIW SNONUTIUOD J0J [NJIS) onjer astou/Teudig stopou poedwy RISl | [[ejurer
10 U J) 9[qeLIeA [[RJUIRI-[RUSIS © I0J PIIN $1S00 MO UOISUSWIp I0SUdG [rejurey 0} onp
AR X0 % JO JUSWAINSLIW J0dII(] jusuupelsp
TARI PUe “J JO JUSUWeINSeaW J0aIIpU] [ros
uoreSdrSaAUL [eUOIZaI I0J S[qeImSu ejep Lenb-ySiy sdoxp ardnmu
juswaSeUrW pUL UOTJR[[RISUT JO SIS0 YSTE] SJUSWIDINSLIW SNONUTUO0d [erodura] PoR— msOmcw:.s wis 19}9WOIPSI]
ejep [eoLwnu Auew jo Jusuodeuey suone[[eIsul [eyudWLIdXD Ul [nJos)
Ayopa
painseaw jou st A3o[oA doxpurey (ww ('9-¢70) :
SjudUIINSEIW doxpure
Supojruow sarpnys K103eI0qP] 10§ mzwmuﬂm%« o8uer doxp [ewrou QSWSQ - cozs%bw ﬂw
[[eJurer SNONUIuod 10§ S[qeymsun [duis oy 105 A[uo a[qeymg I e .&OH.D
sagejueapesi(q sagejueapy Syrwry anbruyday juswainseay d[qerrep SS3D01

"9[eds p[ay Ay} 1e

uorso1d A[[NS pue ‘[[LI [[LLISIUI ‘AJIAISOIS [[JUrel JO S9[qeLIeA JUBAJ[I A} 10§ sanbruypa) jusweinseaw pajuasaid ay Jo sosLvldeIey) I 9[qeL,



Water 2024, 16, 3427

(axemyyos paziperdads
‘syaseyep odre[) Surssavoid eyep SurdusireyDd

uonismboe Lysuap eyep Y3y
Adendoe usA0I]
POYIoW SAISEAUT-UON]

SpIoA
- Bl 981D UED JINJed)
- dy} Ul SUone[NUID
- 10 uorje}adan

woIy ssauy3noy

(s11)
Jouueds h@@ﬁ ﬁw_bmm.ﬁwrh

SINH dFeIndy
onewoine jsourre st ursseoord agewy

SpIoA
ejep 9)BAID ULD JINjedy

9} U SUOT}RTNUIID

10 uorye}a3an

wWoI SSaUY3noy
UO1}098-8S0ID

93} JO uonruysp

- [enjde pue 3091100
- [Puueyd Y3 Jo IZIS

JUDUIDINSELIW dWIN[OA [QUURYD uonnjosai reryeds Y31y - pue A3ojoydiow ayy £q shoamms
9} 1095 YIPIM JO £9AINS J021I00U] Ayanoe £oams au jo Joedwr oN - Pa3dajJe SI S)USWDINSLIW SPIIGP-MO] PUR [PLI}SLIA. a[es poy
Gurssanoxdisod 10§ syrom Sununsuod-aurry, samjeay Am8 jo Aoemooy : : 18 UOTSOID
[AUUEYD JO UOTORIIXd deWOoINY - yoeaI [uureyd A8
POYIoW SAISEAUT-UON] - 9} UI [[€] SUOT)OIS-SSOID pue [y
paimseawr Auewr Moy ’
uo spuadap Ademoy
Puueyd
MOIIEU E JO [)PIM
3091100 A} SUrUTWIoP
uaym 1o0jerado
PIeY Y3 JO sanure}du
SOTOD S, 103e19d0
9y} uo spuadap AdeImode JUSWIINSEIA payderdojoyd aq ued uonsodsrp ur g -
SIOLIS JUSWDINSEIW df} UO UOTJULIOJUT ON] pandde Aapipy - [10s a3 soqord orydeaSodoy-ommy
jo1d ay3 193U9 03 padI0F st 10jerado Ay, }S00 MO - ojur dyenouad ued sur g : :
Gurunsuod-awy, ordurrg -
awosIaquIny
sagejueapesiq sagejueApy Sy anbruypay, JuswaInseaA $S3201]

Ju0D "I 3[qEL

12



Water 2024, 16, 3427

The rainfall impact energy can be directly measured by some instruments, which
are essentially force transducers and use piezoelectric sensors, named impact meters.
The measurement principle is based on the conversion, by a pressure transducer, of the
rainfall impact to an electric signal whose magnitude is used for determining the kinetic
power or momentum using a specific empirical calibration curve, which is the relationship
between rainfall variables and the transducer output pulse. The measurement accuracy
of impact meters depends on both the design data (sensor dimension, signal/noise ratio)
and methodological aspects (signal-rainfall kinetic power calibration curve). A direct
measurement method was developed by Jayawardena and Rezaur [98] using a piezoelectric
transducer, recording the amplitude of electrical pulses originated by the raindrop impact
on the transducer surface. As the calibration curve (electric signal-variable representative
of rainfall impact) was a straight line for rainfall momentum, the authors concluded that
this direct measurement was less sensitive to errors due to electrical signal acquisition than
P,,. This result allows us to state that the measurement of RM by the piezoelectric technique
has to be preferred to that of Pj,.

Recently, a new method to measure rainfall energy and a related device (Figure 4),
the subjects of a patent (https://www.uibm.gov.it/bancadati/Number_search/type_url?
type=wpn; Patent Number: 102018000010691 (accessed on 3 September 2024)), have been
proposed. This method allows rainfall kinetic power and momentum to be obtained by
measuring rainfall intensity I and the number of raindrops N. These variables can be
measured by the device proposed in the filed patent (Figure 4) consisting of a pluviograph
that measures I, equipped with a collar fixed to its upper part that houses four sensors
counting the number, N, of pulses originating from the collisions of raindrops on each
sensor. The main advantages of the patented method and device [97] are (1) the simplicity
of the measurement technique; (2) the cheapness of manufacturing the collar; (3) the
possibility of modifying the existing pluviographs by applying the collar; and (4) the
possibility of integrating the new device in the production and marketing process of the
actual pluviographs. Recently, Serio et al. [50,52] suggested that the patented method
allows an accurate measurement of P, in the Mediterranean environment and pointed out
the possibility of improving it by detecting a further variable in addition to the rainfall
intensity and the number of raindrop impacts [97].

I
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Figure 4. Scheme of the patented device proposed by Carollo et al. [97] (modified from Carollo
et al. [97]).
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To improve the patented device’s measurement technique, Carollo et al. [97] developed
a theoretical analysis based on the momentum distribution. Hypothesizing that the
momentum distribution is the same as the distribution of the electrical signal detected by
a specific piezoelectric sensor on which the raindrops impact, the detection of I, N, and
the mean or standard deviation of the diameter deduced by the momentum distribution
allowed them to estimate the rainfall kinetic power and momentum. The authors positively
tested the new approach using more than 84000 DSDs detected at Palermo (Italy), Sparacia
(Italy), and El Teualret (Spain) experimental areas using the same optical disdrometer
(model ODM 470 made by Eigenbrodt). Moreover, the analysis suggested that the best
estimates of P, and RM are obtained by the knowledge of I and N, and the mean diameter
deduced by the momentum distribution. The practical application of the new suggested
approach requires the construction of a prototype of the patented device to test the
hypothesis that the mean diameter (or standard deviation) deduced by the momentum
distribution is the same as that deduced by the distribution of an electrical signal detected
by a specific piezoelectric sensor on which the raindrops impact. The method proposed by
Carollo et al. [97], combined with the patented device, represents an important advance for
measuring rainfall energy characteristics at a large spatial scale.

3. Measuring Soil Loss at the Plot Scale
3.1. Plot Characteristics

The measurement of soil loss at the plot scale (Figure 5) is frequently carried out to
investigate interrill and rill erosion (Table 1) [16,19,21,29,99,100]. When interrill soil erosion
processes have to be investigated, the physical variable to be measured is the quantity of
soil detached by rainfall impact and transported by overland flow. The plot area has to be
small to avoid rill formation while overland flow can occur [17].

Figure 5. Experimental plots for measuring soil loss at the Sparacia experimental area.

Interrill erosion can be measured in controlled laboratory conditions using a small
plot and simulated rainfall, or in the field under natural or simulated rainfalls. Laboratory
conditions generally refer to sieved soils packed to a given bulk density in pans that are
placed with a fixed steepness. Different mesh sizes were used to sieve the soil [101,102],
even if the range of 10-20 mm was recommended to simulate field conditions [103]. Soil
samples used for laboratory measurements generally have a thickness of about 10 cm [101,
102] and a plot area ranging from 0.20 x 0.40 m? to 1.25 x 1.78 m? [101-107]. For rainfall
impact investigations carried out in laboratory conditions, the soil pan is located in the
middle of the area wetted by the simulated rainfall. When the soil pan is large, multiple
nozzles are used simultaneously to obtain a uniform rainfall distribution [104]. Total runoff
(water plus sediments) is collected at the lower end of the small plot using a gutter to
convey the suspension to a small storage volume (i.e., a few liters). The weight of the
oven-dried sediments is the total soil loss, which can be referred to the sampled area and

expressed, for example, in g m~2.
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In the field, an appropriate choice of plot area is required as the soil loss data can be
determined by the microplot dimensions [103,108]. The microplot area roughly ranges from
0.04 to 10 m?2 [30,99,109]. Bagarello and Ferro [30], comparing soil loss measurements in
small (0.04 m?) and large (0.16 m?) square microplots, concluded that the mean soil losses
in the small microplots were from 1.6 to 3.5 times higher than those obtained in the large
ones. The plot size also affects the soil erosion process as, in small microplots, the process is
expected to be transport-limited (only a quote of the detached soil particles is transported),
while in large microplots (10 m?, 5 m slope length), the process is detachment-limited
(overland flow is not saturated as it could transport more material than detached) [109].
The use of large microplots ensures that only the interrill erosion sub-process is studied.

The measurement of rill plus interrill erosion requires large plots, roughly 2-50 m
wide and 10-200 m long [110]. In the US, the standard plot is 22 m long and 1.8 m wide,
with a consequent area of 39.6 m?. A plot was constructed bounding a land portion,
with a rectangular shape (Figure 6), with the longest side oriented in the maximum slope
direction, and hydraulically disconnected from the neighboring area.

Figure 6. View of the two unit plots at the Sparacia experimental area.

However, the installation of plot borders on three sides and a gutter at the downstream
edge creates a closed system, i.e., a soil surface that is not connected with the surrounding
hillslope surface. After many years of functioning, closed soil erosion plots can demonstrate
the exhaustion of soil material available to be detached due to the selective transport of soil
particles, which leads to the armoring of the soil surface, a lack of input of soil particles
from outside the plot [21,111,112], and a low soil formation rate [113]. Soil erosion collected
in open plots avoids the inconvenience of causing detachment-limited conditions [21] even
if this experimental condition can create difficulty in determining the contributing area of
the collector [19].

Boix-Fayos et al. [21,100] suggested that bigger plots are more realistic because of
their better reproduction of the relationships between the different factors characterizing
a natural system. Large plots are more representative of field reality and can avoid some
problems occurring in small ones, such as unnatural hydrological disconnection within
the investigated system, low energy flows determined by short distances, and induction
to a quick hydrological response to runoff. On the contrary, small plots are useful for
easy hydrological characterization and investigating the erosion response of different
soil surfaces. The direct extrapolation of soil erosion data from plots to catchments is
not advisable without considering the connectivity of water and sediment fluxes, the
morphological variability (length, slope, aspect) of the hillslopes of a watershed, and the
non-linear scale effect [100]. Some studies [114,115] highlighted, for both rill and gully
erosion, the relationship between the erosion rate and plot length. Rejman [114] found that,
even if some rill characteristics remain similar over the plot length, the rill cross-sectional
area (i.e., the total eroded volume) largely varies with slope length. As suggested in
the literature [116], this relationship could be due to increasing plot length determining
an increased flow rate, characterized by a variation in the sediment transport capacity of
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the flow moving in the channel. Studying the physical representativeness of plot data is
required for the proper interpolation, up-scaling, and use of the obtained measurements.

3.2. The Plot Scale Effect

Recent research has demonstrated that scale effects can be detected on runoff, sediment
concentration, and soil loss [108]. In this study [108], a power-scaling relationship was
theoretically deduced and calibrated by measurements carried out for 31 rainfall events
monitored in bare ploughed plots in Eastern Spain. For 48% of the investigated events,
the analysis demonstrated that statistically significant scale effects occurred for all tested
variables even if spatial scale effects were less frequent for the composite variable (soil loss,
the product of sediment concentration and runoff). Runoff and soil loss always decreased,
passing from the reference area (1 m?) to the largest plot (48 m?). At the annual temporal
scale, the analysis also demonstrated that the scale effect was more temporally stable for
soil loss than for both runoff and sediment concentration.

Field erosion research started in the USA for the development of the Universal Soil
Loss Equation (USLE) using plots that were 6 ft (1.83 m) wide and 72.6 ft (22.1 m) long,
corresponding to a plot area of 1% of an acre (0.00405 ha) [117]. Subsequent investigations
varied the plot width w, as an effect of plot width on the measured soil loss cannot be
a priori excluded. Bagarello and Ferro [118] and Nearing [119] used w values in the range
of 2-8 m, Boix-Fayos et al. [21] used w = 1 and 3 m, and Risse et al. [120] varied the
width from 1.83 to 39.0 m. In a narrow plot, the flow direction mainly occurs along the
maximum slope, and this circumstance increases the probability of having a concentrated
runoff characterized by higher runoff and soil loss. Localized differences in soil erodibility,
roughness, and infiltration rate should have a wider effect in a narrow plot than in a large
one. Using runoff volume, soil loss, and sediment concentration data collected at the
rainfall event scale in two Italian experimental areas to monitor soil erosion (Sparacia in
Sicily and Masse in Umbria), Bagarello et al. [121] pointed out that, for low-erosivity events,
the effect of plot width on the measured variable can vary from negligible to significant.
This variable result can be explained by considering that the initial soil condition before
the rainfall event plays a main role in the hydrological response of a plot subjected to
a low-erosivity event. This variability of the plot width effect can also be explained by
considering that measurement errors increase when the measured variable decreases [30].
On the contrary, for highly erosive events, the relevance of local soil conditions disappears,
and the plot width effect tends to be negligible. Considering that the annual soil loss is
generally due to a few severe erosive events and that these events affect the effectiveness of
soil conservation strategies, a consequence of the analysis by Bagarello et al. [121] is that
narrow plots can be usefully employed for sampling severe rainfall events, reducing the
required experimental efforts.

The dimensionless factors (topographic factors L and S, crop and management factor
C, and support practice factor P) of the USLE allow scaling from the reference condition of
the unit plot (which is 22.1 m long, 9% steep, bare, and with no soil conservation practice)
to any plot with different topographic, cover and management, and support practices.
The unit plot is useful for estimating the potential erosion RK, i.e., the product between
the rainfall erosivity R and soil erodibility K factors, which is up-scaled or down-scaled
by the dimensionless factors. The chosen length and slope (22.1 m, 9%) of the unit plot
have no theoretical justification [122-124] and have only the merit of being the most
used slope length and the average gradient of the erosion plots supporting the USLE
development [125]. According to the mathematical structure of the USLE, the unit plot
could be only a mathematical concept useful for defining a reference condition to define
the factors of the equation. Laflen and Moldenhauer [117] pointed out that “the unit
plot concept, while very useful, was apparently a myth as far as soil erosion measurements were
concerned. A unit plot never existed! Or if it did, data from it was never reported”. and Laflen
and Flanagan [126] confirmed that “there is little evidence that there ever existed an actual “unit
plot”, or if one ever existed, data from it has not been found”. To the best of our knowledge,

16



Water 2024, 16, 3427

unit plots are not widespread, and recently some unit plots were used in Iran [127,128]
and the Sparacia experimental area, South Italy [129]. The main interest for using unit
plot data is the possibility of carrying out field evaluations of the soil erodibility factor
K = A/R by using simultaneous measurements of soil loss A and the rainfall erosivity
factor R. An analysis of the literature [125] demonstrated that the field evaluation of the K
factor was often carried out using plots that were not fully compliant with the unit plot
condition. In these cases, soil erodibility factor estimates are affected by the accuracy of the
USLE factor relationships for L, S, C, and P, and are not consistent with the K measurement
in the unit plot. In other words, using the factor relationships to adjust plot data can
determine a different erodibility factor from that which would be measured in the unit plot
condition. Considering that the K values from the nomograph by Wischmeier et al. [130]
were obtained with this plot data adjustment, the differences detected between the soil
erodibility values measured in unit plots in recent investigations [125,127,128] and the
nomograph values are potentially explained.

Other doubts on the up-scaling and down-scaling of the potential erosion RK derive from
the definition of the factors accounting for slope length, steepness, cover and management,
and erosion-control practice. These factors (L, S, C, and P) are all defined as soil loss
ratios between the actual soil loss and that from a plot with the unit plot characteristic
associated with the factor for other fixed conditions. As a consequence, while K requires
an estimate strictly related to the unit plot condition, the same is not necessary for L, S, C,
and P. For instance, measurements to estimate the slope effect on soil loss can equally be
collected on cropped or bare plots, only varying slope steepness, neglecting the fact that
the S factor estimate could be different for the two cover conditions. This assumption is
related to the hypothesis of independence of the model factors, which raises doubts for
some authors [111].

3.3. Quality of Soil Loss Data

According to the out-site measurements of total soil loss reported above, water and
sediments intercepted by a gutter, placed at the downstream plot end, are conveyed
to a storage system in which the mixture (sediments and runoff) is totally or partially
collected [19,109,131]. Plot soil loss is obtained by multiplying the measured runoff
volume and the sediment concentration of the water-sediment mixture collected in the
storage device. In plots equipped for monitoring soil erosion, a widely applied method for
measuring sediment concentration is to store runoff and the eroded sediments in a single
tank or a sequence of tanks. If the equipped plots are large and the expected runoff volumes
are high, a system of multiple tanks (Figure 3) that can be possibly connected by multislot
divisors can be installed [19].

For a tank of known geometry, the suspension volume can be easily calculated by
measuring the water depth, while the sediment concentration can be measured by collecting
either (1) all sediments stored in the tank after siphoning the supernatant-cleared water
or (2) a sample of the mixed suspension [131-133]. The main uncertainties and sources of
errors are ascribable to the sampling technique of the stored sediments. The procedure (1) is
generally used when the fraction of coarse particles is dominant in the stored sediments and
sampling is carried out 2-3 days after the end of the rainfall event to allow the sedimentation
of eroded particles at the tank bottom [134]. This procedure, which is cumbersome, allows
one to accurately collect, oven-dry, and weigh sediments deposited on the bottom of the
tank to determine their mass. The procedure (2) is commonly applied when the stored
sediments are mainly composed of fine particles and is based on the practice of stirring the
suspension, collecting a sample by immersing a sampling device, like a bottle, to a depth
beneath the water surface in the tank, and oven-drying the collected sample [135,136].
This procedure was applied to collect the experimental data used in the United States
to empirically derive the USLE [14,15], and it was also adopted worldwide [137-140].
This sampled concentration Cy; can be considered representative of the actual sediment
concentration C, in the tank only if a uniform distribution of sediments throughout the

17



Water 2024, 16, 3427

depth of water in any vertical can be ensured [135]. In other words, the suspended
sediment concentration measured by a single sample C; becomes representative of the
stored water-sediment mixture concentration C, if a complete mixing condition is reached,
as the latter implies that the measured suspended sediment concentration is independent
of the measurement point inside the tank and this measured value coincides with the
actual one.

Lang [132] tested the technique adopted for the USLE database using a bottle sampler
for collecting clay soil-water mixtures and concluded that the actual suspended particle
concentration was twice the concentration sampled by the bottle sampler. Consequently,
this author raised doubts on the accuracy of plot soil loss data collected by using a single
measurement point.

According to Ciesiolka et al. [135], even if the delay time between stirring and sampling
is short, the consequent error is relevant, and, in any case, the possible correction of this
effect is only effective if stirring allows one to “achieve a uniform initial distribution of all
sediment sizes throughout the depth of mixture in the collection box”.

Bagarello and Ferro [131] investigated the hypothesis C,; = C, used to compile the
USLE soil loss database. These authors concluded that the calibration curve C, — Cy; is
required and can be represented by a straight line, whose slope is dependent on the water
depth in the tank and hence on the accumulated suspension volume. As a consequence, the
sampling procedure by a single bottle device, adopting the Cp; = C;, assumption, produces
an increasing soil loss underestimation for increasing soil loss values.

For the case of a storage tank system, Bagarello and Ferro [131] and Bagarello et al. [141]
investigated factors that affect the sediment concentration measurements, and they obtained
calibration curves of sediment storage tanks (Table 1). In particular, the mean concentration
Cn (g L’l) of the water—sediment mixture stored in a tank is measured by the concentration
profile, which corresponds to an incomplete mixing condition obtained by sampling given
volumes at varying depths. If Cy, is calculated by the integration of the concentration profile
measured along the axial vertical of a tank (Figure 7), Bagarello and Ferro [131] theoretically
deduced the following relationship between the actual concentration C, (g L~!) and the
measured concentration C,, (calibration curve):

Ca = bCpy @)

where b is a coefficient to be experimentally determined, and depends on the tank geometry,
the soil type, and the water depth inside the tank [142]. For the specific storage system
of the Masse experimental station (Central Italy), using the original soil (S1) of the plots
and the sediments (S2) obtained in the erosive events, Todisco et al. [143] confirmed the
applicability of Equation (2) and estimated the coefficient b. This analysis also demonstrated
that the calibration curves corresponding to the soil S1 and the eroded sediment S2 are not
statistically different.
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Figure 7. Scheme for integrating the concentration profile measured along the axial vertical of a tank.
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Considering that the sediment concentration measurement requires homogeneous
mixing, Huang et al. [144] carried out an experimental investigation for determining the
calibration curve using four soils and different concentrations in the range 1-1000 g L 1.
This investigation confirmed that the measured sediment concentration is less than the
actual one and the calibration curve is a straight line.

Nikkami [145] demonstrated that sampling by four bottles installed on a vertical and
by a pipette procedure showed an underestimation of the suspension concentration as
during the sampling time coarse material settles. Nikkami [145] also proposed a cylindrical
sampler that collects a complete column of water-sediment mixture through the depth of
the storage tank and tested it for a single low sediment concentration of 1.87 ¢ L~!. This
sampler showed the best sampling efficiency in comparison with the bottle sampler and
the pipette procedure.

Carollo et al. [146] proposed a new sampler (Figure 8) that is a brass cylinder 120 cm
high with an inner diameter of 4.75 cm (Table 1). The sampler was equipped with a closing
valve “guillotine” fitted with a sealing gasket. This valve is controlled from above by means
of a knob joined to a drive pin. The sampler can be simply introduced into the suspension
collected in the tank and, after the closure of the valve, is extracted. The authors carried
out some experimental runs using a tank identical to those established at the Sparacia
experimental area. These runs demonstrated that the measurement was not affected by
the water level in the tank and the sampling vertical, and that the spatial variability of the
concentration measured in different verticals became negligible at the highest concentration
value. In any case, the average measured concentration was almost equal to the actual
concentration, so no calibration curve was required for the proposed sampler.

Figure 8. View of the sampler (a) and scheme of the partition of the cross-section in nine sampling
areas (b,c) proposed by Carollo et al. [146] (modified from Carollo et al. [146]).

Considering that in many plots the water-sediment mixture is manually sampled,
Zobisch et al. [147] also verified the accuracy and the repeatability of the sampling by
comparing the procedure results of different field workers. The main results showed
a light underestimation of the runoff volume and the very poor accuracy of the soil loss
measurements. Zobisch et al. [147] concluded that the results were affected by two different
effects: (1) the method applied for stirring the suspended sediments just before sampling
and (2) the adopted sampling method (the sample was retrieved by plunging a beaker
into the suspension). In fact, the mixing of the suspended sediments affected the mixture
homogeneity within the tank, and the timing and plunging depth of the sample beaker
affected the sampled sediment concentration.

Finally, considering the variability of soil loss measurements between apparently identical
plots [118,148,149], the use of replicated plots is recommended to obtain representative soil
erosion measurements for a particular treatment.

Recently, Bagarello and Ferro [150] studied the relationship between the relative
performances of the USLE-M [151,152] and USLE-MM [153-156] and soil loss data errors
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at the event scale. In particular, considering the calibration curve of the storage tank of
Equation (2) and the underestimation b, of the coefficient b (b, < b), the USLE-MM equation
assumes the following expression:

b
Ay = f o (QR EI3O)h1 3)

in which A, is the underestimated event soil loss (Mg ha™1); a, is a coefficient that
summarizes the effects of soil erodibility, topographic factors, land use and management,
and soil conservation practices; Qg is the runoff coefficient; Elzg (M] mm h~! ha1) is
the event rainfall erosivity index of Wischmeier and Smith [15]; and b; is an exponent
equal to 1 for USLE-M and greater than 1 for USLE-MM. The ratio b, /b is less than 1 and
represents the underestimation level. Equation (3) expresses that the underestimation error
does not affect the exponent by because the ratio b, /b only modifies the coefficient a,. In
other words, the USLE-MM model does not rely on a systematic error (underestimation or
overestimation) of the measured event soil loss.

3.4. A Plot as a Soil Erosion Model

The performances of a plot soil erosion model need to be evaluated to determine
the prediction reliability [157,158]. The determination of the prediction quality needs
a criterion to state if the soil loss estimates are acceptable or not. The most obvious method
to assess the reliability of the predicted plot soil loss is comparing the estimated and
measured values. Generally, this comparison is carried out by using a single or a few
replicated measurements for a given treatment. Nevertheless, plots that would be modeled
with identical model input parameters give variable data [30,118,149]. Generally, this
phenomenon is not considered in the models” evaluation because knowledge of natural
variability among plots having the same condition is limited [119]. Thus, it is expected
that a rate of any difference between the measured and predicted soil loss depends on
model error, but another portion is due to the unexplained variance of the measured
sample value from the representative mean value for a particular treatment [148]. The
use of many replicated plots for a fixed treatment decreases or removes this type of
uncertainty, as it allows the calculation of a more representative mean soil loss to be
used as a reference value [149]. However, equipping and operating many plots with
a given treatment at a single experimental station has to be performed occasionally, being
onerous from an economic point of view and also impractical. Thus, evaluating soil erosion
models that are deterministic in nature, like the USLE/RUSLE or the WEPP [14,15,159,160],
commonly neglects variability in the measured data [161].

With a view to making the comparison between estimated and measured values more
robust, it has to be considered that, as suggested by Nearing [161], the best possible model
to predict soil erosion is a physical model of the area with a similar soil type, land use,
size, shape, slope, and erosive inputs. In other words, the physical model represented
by a replicated plot is the best possible, unbiased, real-world model. Starting from this
premise, Nearing [161] used event soil loss data for approximately 3000 pairs of data for
individual storms to establish a comparison between the measured soil losses, M, and
the corresponding predictions, P;, obtained on the physical plot model. In other words,
P, was the measured soil loss on a replicate of the plot yielding M. The coefficient of
determination, R?, of the linear regression line of P, vs. M was equal to 0.77 (Figure 9a).
Very similar regression and determination coefficients to those obtained by Nearing [161]
were later obtained by Bagarello and Ferro [162], who tested the P, vs. M relationship
with a dataset developed at the Sparacia experimental station in Sicily (Figure 9b), and
by Bagarello et al. [142], who used an Italian database that also included plot soil loss
data collected in the Umbria region (Figure 9c). With reference to this last database, two
alternative definitions of the physical model were compared. The first definition is that
proposed by Nearing [161] and used by Bagarello and Ferro [162] of a plot with the same
length and steepness but not necessarily the same width as the sampled plot. According to
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a more restrictive definition, the physical model also has the same width as the sampled
plot. Higher R? values and a smaller departure of the P,—M data points from the identity

line were detected in the latter case than in the former one.
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Figure 9. Predicted vs. measured soil losses for the physical model of soil erosion as represented by
pairs of replicated plots according to Nearing [161] (a), Bagarello and Ferro [162] (b), and Bagarello
et al. [142] (¢).

The conclusion by Nearing [161,163], supported by the investigations carried out in
Italy, was that it should be unexpected that an uncalibrated erosion model would give
a better overall result than an R? value equal to 0.77. In other words, this R? value has to be
considered as a benchmark or best-case prediction scenario in general. Another conclusion
from [142] was that the physical model has to be defined in terms of perfect planimetric
equivalence. In other terms, the physical model of a plot is another plot with the same
steepness, length, and width as that plot.

Taking into account the fact that a replicated plot yields the best prediction of a measured
soil loss value, Nearing [119] also suggested that the soil loss prediction can be considered
acceptable if the difference between the model prediction and the measured plot data value
lies within the population of the differences between pairs of measured values. In other
terms, the soil loss prediction is accurate enough if the difference between P, and M does
not exceed the possible differences between pairs of measured values. The problem was
therefore finding a method to predict these last differences. The analysis was developed
using values of event soil loss from 7 sites in the US, with 2061 replicated storm events
in the dataset, and also annual soil loss values from 13 sites, for a total of 797 replicated
pairs of plots. The plot widths and slopes ranged from 2 to 8 m and 3 to 16%, respectively,
and most of them were 22 m in length. This large database, which was considered to have
a general validity, allowed Nearing [119] to (i) recognize that measured data with greater
erosion rates have lower relative differences, Raig between replicates:
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Raifr = % 4

and (ii) determine the following relationships for the 95% occurrence interval:
Ryiff,ine = 0.236 x log(M) — 0.641 (5a)
Raifs,sup = —0.179 x log(M) + 0.416 (5b)

where Ryig vk and Ryigsup are the lower and upper limits of the interval. If a plot soil
loss prediction model is applied, the effectiveness coefficient, e(-0.05), can be determined
as the ratio between the number of predictions for which the calculated Ry value falls
within the interval (Ryiginr — Raigrsup) and the total number of predictions. According to
Nearing [119], an e(0.05) value of the order of 0.6 is the most that can be expected from
uncalibrated erosion models, while, in the case of a calibrated model, ¢ 05) can be greater
than 0.6.

The applicability of the methodology proposed by Nearing [119] found some support
when it was tested at the Sparacia experimental station [162]. In particular, the 95%
occurrence interval suggested by Nearing [119] included approximately 88-89% of the data
collected at the Sicilian site (Figure 10a). Considering that this discrepancy was overall
moderate, the conclusion by Nearing [119] that the proposed 95% occurrence interval
should be usable for model validation studies in general was considered acceptable [161].
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Figure 10. Relative differences in measurements of soil loss between replicated plots, R, vs. the
measured soil loss value M according to Bagarello and Ferro [162] (a) and Bagarello et al. [142] (b).
The continuous lines in (a) define the 95% occurrence intervals for the data calculated by
Equations (5a) and (5b).

The same support was not given by an Italian database, which was developed by
considering the data collected at both the Masse and Sparacia experimental stations
(1468 data pairs) and defining a physical model in terms of perfect equivalence (length,
width, and steepness) between the two plots [142]. In particular, three regions were
distinguishable on the Ry vs. M plot, with approximate boundaries between adjacent
regions at 0.01 and 1 kg m~2 (Figure 10b). Relative differences decreasing with an increase
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in M were only detected for M > 1 kg m 2, and, with reference to these data (N = 316),
the percentage of Ry values falling within the 95% occurrence interval calculated by
Equations (5a) and (5b) was equal to 85.1%. The relative differences also decreased with
a reduction in M for M < 0.01 kg m~2. This result was considered reasonable since, when
the event has a low erosive power, two replicated plots can be expected to yield similar
results because the erosion agent detaches and transports only a small amount of soil
particles. For 0.01 < M < 1 kg m~?2, a relationship between Ry and M was not detectable,
and the data points practically occupied all the space of the graph, suggesting that plot
heterogeneities had a more noticeable impact on soil loss for intermediate levels of the
erosion phenomenon. Therefore, the premise of Nearing [119] was only confirmed with
reference to the highest erosion rates, but even in this particular case, the correspondence
of the predicted occurrence interval with the data was not fully satisfactory.

However, Bagarello et al. [142] also found that | P, — M| increased with M according
to the following relationship (Figure 11):

|P, — M| = 0.356 M*9! (6)

where R? = 0.72 and there was a 95% confidence interval of the exponent of 0.88-0.94,
denoting the non-linearity of the relationship. In relative terms, Equation (6) predicts
a departure of the prediction from the measured value that decreases from 80% to 27% as
M increases from the minimum (0.00012 kg m~2) to the maximum (21.7 kg m~2) measured
value. Equation (6) can be viewed as an alternative approach for applying the physical
model concept by Nearing [119] since it predicts, for a given soil loss value (M), the mean
absolute difference associated with the sampling of another, identical plot. The soil loss
prediction of a model is accurate enough if the absolute difference from the measured value
does not exceed the |P, — M| value calculated by Equation (6).
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Figure 11. Absolute differences in measured soil loss between replicated plots, abs (P,-M), plotted
against the measured values M for the Italian database (modified from Bagarello et al. [142]).

More recently, Bagarello et al. [164] established a direct comparison between the criterion
suggested by Nearing [119] and the new criterion developed with the Italian database [142].
In particular, three regions were distinguished on the P, vs. M plot (Figure 12).

Region 1 shows the zone where the new criterion is certainly more restrictive than
the original one. In other words, for the (M, P,) pairs falling into this region, the expected
effectiveness coefficient calculated by the new criterion is certainly lower than the original
one. Region 3 refers to the situation in which the original criterion is certainly more
restrictive than the new one. An a priori conclusion on the relative selectivity of the
two criteria cannot be drawn for the intermediate region 2. Bagarello et al. [164] also
demonstrated that most of the P, vs. M data pairs should fall in region 1. Consequently, the
new criterion is more restrictive than the original one in the range of the expected M values.
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Figure 12. Plot of the three regions of the (M, P;) reference plane for comparing the selectivity of the
original criterion [119] and the new one [142] (modified from Bagarello et al. [164]).

Figure 13 shows the 1468 (M, | P, — M) experimental pairs used by Bagarello et al. [142]
to develop Equation (6) and the curve representative of this equation, which is expressive,
for a given soil loss value, M, of the mean absolute difference associated with the sampling
of another, identical plot. Bagarello et al. [164] also tested the least restrictive criterion using
a relationship enveloping all data points and an intermediate criterion between Equation (6)
and the data-enveloping line. Evidently, the data-enveloping line was not selective, i.e.,
it did not allow a distinction between acceptable and unacceptable soil loss predictions.
The intermediate criterion was developed by carrying out a frequency analysis of the data
divided into half-log-cycle intervals. For the data points within each division, the value
associated with a given frequency, F, was determined, and a regression curve between these
values and the measured ones was fitted (Figure 13). The frequency, F, for which the new
and the original [119] criteria gave similar e - 05y was found to be 0.87. When decreasing
the values of the frequency from 0.87 to 0.5, which practically yielded Equation (6), the
new criterion became more and more restrictive than the original one, while the opposite
obviously occurred for frequency values > 0.87.
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Figure 13. Plot of the absolute difference in measurement of soil loss between replicated plots,
abs (P;-M), vs. the measured values, M. The continuous line is the regression line of Equation (6).
The dashed line is the regression line associated with a frequency F = 0.87. The dotted line is the
data-enveloping line (modified from Bagarello et al. [164]).
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4. Measuring Rill and Gully Erosion

When severe rainfall events occur, the concentration of overland flow causes rill
development and high erosion rates. The rill component of the erosion process is the result
of the channelized transport of the soil particles that are detached from the interrill areas
and scoured from the rill wetted perimeter [28,165-167].

Accurate field measurements of rill erosion (Table 1) can be obtained using a ground
survey of some cross-sections along the rill channel obtained by a micro-topographic
profiler (Figure 14a) or a ruler and a tape. The direct measurements of the rill channel
are simple, low-cost, cumbersome, and widely applied [168]. In particular, the rill length,
cross-section area, and slope are measured by dividing the channel into segments and
measuring each segment length L, by a metric ruler [28]. Rill cross-sections are measured
in some transversal transects that can have a variable distance interval for considering
the spatial variability of rill depth and width and accounting for the occurrence of rill
tributaries (Figure 14b).

Figure 14. Example of ten rill spatial variability and formation (a) and view of a micro-topographic
profiler (b) (modified from [28]).

Tape is used for measuring the channel length, while a ruler or rill profiler is used for
measuring depths. When these methods are applied, no information on the measurement
errors associated with the survey of the cross-section is available [168]. When a micro-
topographic profiler (rillmeter) is used, the pin disposition can be photographed, and these
images can be used to measure or digitize pin heights. However, the measurement accuracy
is mainly dependent on the operator’s choice (as an example, the applied technique and the
number of performed measurements) rather than on the precision of the specific equipment.

The rill segment volume, Vs, can be obtained using the equation [28,169] that follows:

Vr,s - (Ai + Ai—i—l) Lr,s (7)

NI~

in which A; is the cross-section area at the beginning of the rill segment and A;, is the
cross-section area at the end. The total volume, V, and the total length L of a rill are
calculated by adding the volumes Vs and lengths L, of all segments into which the rill is
divided, respectively.

After an erosive event, the planned rill network development can be obtained by
a photographic survey corrected by using the transverse and longitudinal bands painted
on the plot edges (Figure 14).
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The direct method, using rillmeters and topographic instruments, is cumbersome and
time-consuming, and the operator is forced to enter the plot with the risk of altering the
surface to be monitored.

A remote and non-invasive survey of a rilled plot can be carried out by a terrestrial
photographic survey (TS) or a low-altitude survey by an unmanned aerial vehicle (UAV)
(Table 1). In both cases, these are remote methods and therefore are non-invasive, suitable
for the automatic extraction of the characteristic features of rills, and can be performed
immediately after an erosive event [31]. Close-range photogrammetry, using terrestrial
instrumentation, or low-altitude photogrammetry, using a UAV, are characterized by the
minimal impact of the survey activity on ground measurements and their high spatial
resolution (centimeters to millimeters). This technique requires both time-consuming work
for postprocessing the digital photos and little expertise, even if the image processing is
almost automatic [170]. The data accuracy of aerial and terrestrial photogrammetry mainly
depends on the instruments and techniques applied [171]. Close-range and low-altitude
aerial photogrammetry allow the creation of accurate three-dimensional (3D) and 2.5D
models (Digital Elevation Models, DEMs) of the surveyed surface. Images have to be
captured, ensuring that any part of the investigated area is included in at least three
photographs, considering that the 3D algorithm is designed to work with convergent
images. Redundant information from oblique images is used to simultaneously solve the
camera model parameters and the scene geometry. It is necessary to scale and georeference
the three-dimensional point cloud produced by the workflow using a few ground control
points that are situated inside the monitored area.

Measuring rill erosion through an image-based technique (Table 1) requires the use of
a 3D model, which represents the three-dimensional topography and considers areas where
different z-elevations can be associated with the same couple of plane coordinates x-y. On
the other hand, the surface of the rilled area from a vertical perspective is represented by
the 2.5D model; in other words, the 2.5D model is not able to represent cross-sections with
undercut walls [172] with the x-y coordinates of a ground measurement point that can
correspond to different z-elevations. In this case, the eroded rill volume is underestimated
by the 2.5D model due to an underestimation of the cross-section area [34].

For a single rill channel, Di Stefano et al. [34] compared the 3D image-based ground
measurements of morphological and hydraulic variables with the corresponding measurements
performed on a rill gypsum cast (Figure 15). These variables were measured in correspondence
with eleven transects of the plot by a profilometer, the 2.5D and 3D models. These authors,
using the 3D model as a reference, established that the survey by the profilometer and
the 2.5D model had similar accuracy, as the error was generally below 15%. Furthermore,
the rill measurements validated the theoretical dimensionless relationship among the
morphological variables describing the channelized erosion process as well as the empirical
relationship between the rill length and its eroded volume [28,169,173,174].

The analysis, in agreement with a previous study [168], also demonstrated that the
accuracy can be affected by the interval distance I between two measured rill cross-sections
and the rill length L,. However, a ratio i/L, < 0.2 ensures that the measurement of rill
volume can be assumed to be almost independent of the ratio i/L,.

Low-altitude aerial photogrammetry is conducted by a photo camera installed onboard
a radio-controlled microdrone (Figure 16a), which can automatically run in pre-planned
flights, programming the number of flight lines and the corresponding flight height by the
maps of the studied area. Figure 16b shows the route followed in a flight plane, which
follows the classic photogrammetric strips characterized by an overlapping of 80% and
a side lapping of 60%.

Orthophotos and DEMs can be used to survey rill features with a “manual” method. The
latter is performed by drawing the rill paths from the orthophoto visual interpretation. This
manual method cannot be applied for low-depth rills because they are not visually detectable.
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Figure 15. Comparison between the digitized and photographed rill cross-sections obtained from the
gypsum cast (modified from Di Stefano et al. [34]).

. .

Figure 16. View of a radio-controlled microdrone (a), and an example of a flight plan (b) (modified
from Carollo et al. [31]).

Carollo et al. [31] proposed an “automatic” method to extract rills from the DEM, which
uses Broscoe’s [175] theory of drop analysis. The underlying idea of this theory is that the
length of the channels increases and the thalweg slope lowers as the order of the channels
within the network increases. The vector coverage of transects orthogonal to the main
flow direction—that is, the maximum slope steepness path—was produced by applying
the proper calculation routine. For a rilled plot, the intersection of the plot DEM with the
transect coverage allowed both the cross-sections and main rill morphological features to
be obtained. For a 44 m long plot located in the Sparacia experimental area [31], Figure 17
shows the comparison between the map of rills extracted by the drop analysis (a) and the
manual method (b). The developed analysis demonstrated that the number of detected rills
of the automatic extraction method was greater than that of the manual one. Moreover, the
automatic identified rills were always longer than those determined by the manual method,
as the identification of rills by orthophotos was difficult at the downstream end of the
plot. For four rills detected in this investigation, Figure 17c shows that the total rill length
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obtained by the automatic method was higher than those determined by the rillmeter and
orthophoto, while the differences between the total rill volumes estimated by the three
different methods were negligible (Figure 17d). The comparison in terms of depth and
width between the DEM and rillmeter measurements [31] also demonstrated that the DEM
yielded underestimations of the depth and overestimations of the width with respect to the
rillmeter. Depth underestimation was explained by considering that the rillmeter pins could
penetrate into the soil of the rill edge, whereas the overestimation of the surface rill width
could be caused by uncertainties of the field operator when determining the correct width
of a narrow channel. The obtained cross-sectional area invariance with the survey method
was explained by the balance of depth underestimations and width overestimations.
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Figure 17. Comparison between the maps of rills extracted by the drop analysis (a) and the manual
method (b), and total rill length (c) and volume (d) obtained by the different tested methods by
Carollo et al. [31] (modified from Carollo et al. [31]).

The measurement of water depth in a rill is generally performed in a cross-section
by a point gauge (Figure 18), with this measured value then overlayed on the geometrical
cross-section to measure the water surface width, the hydraulic cross-section, and the
wetted perimeter. For a rill reach included between two cross-sections, the hydraulic
cross-section area, the water depth, the wetted perimeter, and the hydraulic radius can
be calculated by averaging all values measured in the reach. The applied measurement
technique influences the accuracy of these variables, while their representativeness is
affected by how much measuring cross-sections fall in the rill reach. Di Stefano et al. [38]
compared the water depth measurements performed by a point gauge (local technique)
and those obtained by the survey of the water tracks inside the channel (volumetric
technique) obtained by close-range photogrammetry (Figure 19). For each investigated
rill reach, the comparison between the local water depth values and those obtained using
tracks demonstrates that the data pairs are characterized by wide scattering, which can
be explained by the fact that the volumetric technique considers the effects of channel
irregularities (geometric variability of the rill channels between two cross-sections with
a given distance interval) and the interaction between mobile channel and flow. The analysis
also pointed out that the volumetric measurement is affected by the adopted cross-section
distance interval applied for calculating the water depth and the hydraulic radius by
close-range photogrammetry. Accurate results were also obtained using a distance interval
equal to ten times the minimum distance interval (0.00624 m) tested by the authors, having
the same order of magnitude as the mean 3D-DTM resolution.
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Figure 18. View of point gauges for the measurement of water depth in a rill (modified from Di
Stefano et al. [38]).

Figure 19. Survey of the water tracks inside the channel to measure water depth in rills (a) and the
digital output of the measuring technique (b) (modified from Di Stefano et al. [38]).

The influence of different acquisition platforms on the measurement of rill erosion
using the SfM technique was investigated by Di Stefano et al. [36]. In particular, these
authors measured rill channels produced by a natural intense rainfall event (24 October
2016) that occurred in the Sparacia experimental area using a terrestrial photographic survey
(TS) and a low-altitude aerial survey by UAV. Measurements of total and rill erosion were
performed on two 6 m x 22 m plots, named P2 and P3, with steepnesses of 22% and 26%,
respectively. For the P2 plot, the point cloud was constructed of all aerial photos and forty
terrestrial photographs in order to increase the density of the UAV point cloud and improve
its accuracy. The investigation aimed to compare (a) some morphometric parameters of
the rill networks surveyed by 3D models by UAV, TS, and UAV + TS photogrammetry and
(b) the soil loss measured by these three models with the actual soil loss measured in the
sediment storage system of each plot.
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The image processing software Agisoft PhotoScan Professional was used to create
3D models, and the total rill channel network was extracted from DEM by combining
a drainage algorithm and the convergence index by Thommeret et al. [176]. In particular,
the detected rills were automatically divided into contributing rills, which connected to the
network reaching the plot outlet and contributed to total soil loss measured at the plot outlet,
and non-contributing rills, which were interrupted within the plot. The applied automatic
procedure detected rill interruptions where rill deepening was lower than a given threshold,
and this condition persisted at least for a rill segment length higher than a threshold value.
The three rill networks detected by TS, UAV, and UAV + TS were compared using some
morphometric parameters (total length of rills, drainage frequency, and drainage density).
The weight of sediment (kg) stored in the tank (rill + interrill erosion), which was assumed
as a reference value to evaluate the soil loss measurement error by TS, UAV, and UAV + TS,
was compared with the rill component calculated as the product of the total volume V
(m3) of the contributing rills by soil bulk density ps (kg m~?), neglecting the interrill
component [169]. The developed analysis of the morphometric parameters pointed out
that for both the P3 and P2 plots, the detected length of contributing and non-contributing
rill networks was higher in the TS than the UAV measurements, with differences ranging
from 4% to 30%. The highest values of drainage frequency (0.74-1.45 m m~2) were also
measured by TS, suggesting the better capability of the terrestrial survey for detecting rills,
which was consistent with the highest density of the 3D point cloud. The mean length of
contributing rills was higher than that of non-contributing rills and did not depend on
the data acquisition platform used. The obtained soil loss measurements by TS, UAV, and
UAV + TS fell within the 95% confidence interval for the reference soil loss measured by
the sampler [31]. Finally, the low measurement errors obtained by all surveys supported
the reliability of the methods applied to delineate the contributing rill network and that of
the SfM technique to measure rill erosion.

The accuracy of gully measurements is mainly affected by the morphology and size of
the channel (Table 1), as an incorrect survey of the width and/or depth of gully cross-sections
may cause high errors in the estimate of their volume [177]. In particular, measurements
of a gully cross-section can be inaccurate if its shape is narrow and deep [178]. The review
of the applications of 3D Photo Reconstruction (3D-PR) in different fields made by Eltner
et al. [179] highlighted that some of them have focused specifically on gully/ephemeral
gully (EG) erosion. With reference to cost, accuracy, and effectiveness, Castillo et al. [33]
supported the superiority of the 3D-PR method in comparison with conventional methods
(e.g., terrestrial laser scanner (TLS), profilometer, and total station). These authors also
studied how the gully volume error is affected by the ratio between the distance interval
of two measurement cross-sections, I, and the gully length, L.. The variable i/L., which is
the number of measured cross-sections per unit gully length, is related to the field survey
effort, and Castillo et al. [33] obtained a model for calculating this ratio to have a volume
error magnitude with a given probability level. Gomez-Gutiérrez et al. [180] verified the
applicability of the 3D-PR method for the quantification of headcut gully erosion by TLS
as a reference method. Stocker et al. [181] studied the temporal variability of two gully
headcuts by contemporaneously applying UAV and close-range photogrammetry. These
last authors obtained an appreciable improvement of the 3D model in comparison with that
obtained by the UAV data only. Castillo et al. [33] demonstrated that the 3D-PR is a low-cost
and time-saving method when it is applied for surveying a whole gully network. Frankl
et al. [172] stated that knowledge of the processes involved in gully erosion needs the use of
a 3D model, which is useful for representing the 3D topography, including areas, in which
gully cross-sections have undercut walls [172,180], into which multiple elevations can occur
for a given couple of plane coordinates x-y. In these cases, the 2.5D model underestimates
the area of the gully cross-section and, as a consequence, the eroded soil volume.

Di Stefano et al. [35] investigated the morphological characteristics of an EG, 54 m
long and with a drainage basin area of 1.5 ha, formed in the Sparacia experimental area.
The EG channel was sectioned in longitudinal segments delimited by two measurement
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cross-sections, and their lengths I were measured by a metric ruler, while the cross-section
was measured by a profilometer (Figure 1). Twenty-four cross-sections with an average
distance [ = 2.3 m were measured by the profilometer. The 3D model of the EG was
created by the SfM technique and Photoscan, using 243 terrestrial photographs, and
the DEM with a pixel size of 2.5 mm. The values of morphological (maximum depth,
surface width, cross-section area, and cross-section perimeter) and hydraulic (bottom shear
stress) variables determined by both the DEM and profilometer were compared using
the 3D model as reference. For all the examined variables, the DEM and profilometer
gave values close to the reference one as they were characterized by errors falling in the
error band of £10%. For the three different methods (3D, DEM, and profilometer), the
relationship between the EG length L, (measured from the first upstream section to a given
measurement section) and the corresponding volume, V, is plotted in Figure 20a. For
Lc > 20 m, this figure highlights a light overestimation of the gully volume obtained
by the profilometer measurements and a light underestimation of those obtained by
the DEM measurements. For DEM, the volume underestimation is probably due to the
underestimation of the cross-section area with undercut walls. For the profilometer, this
underestimation was probably counterbalanced by the overestimation of the depth in some
sections, as the profilometer could have penetrated into the soil of the EG edge. In any
case, the profilometer method is characterized by a light overestimation (2.3%) of the total
EG volume. Figure 20b shows that the measured L.-V pairs are always above the curve
representing the following relationship:

V = 0.0984L. % (8)

in which V is expressed in m> and L, is expressed in m, obtained by Di Stefano and
Ferro [174]. However, the measured pairs L.-V fall within the data scattering corresponding
to the calibration dataset of Equation (8). This result supports the hypothesis that the
severity of the EG erosion process can be estimated by the channel length, i.e., neglecting
the cross-section area variability. The SfM technique allowed for the measurement of
cross-sections by choosing different values of their distance interval, I, and to evaluate
the effect of I on the V measurement. Di Stefano et al. [35], using I = 0.25, 0.5, and 1 m,
demonstrated that the distance interval did not affect the L.-V relationship. For the studied
cases (0.25 <I <1m, L, = 54 m), the ratio i/L, was lower than 0.018. This result, together
with those presented by Casali et al. [168] and Castillo et al. [33], suggested that the
influence of the i/L, ratio on the EG volume error is limited for a large, narrow, and deep
gully (average width—depth ratio less than 5 and average cross-section area greater than
0.06 m?) and i/L. < 0.49.
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Figure 20. Relationship between the EG length L. (measured from the first upstream section to
a given measurement section) and the corresponding volume V (a) and L.-V pairs obtained by Di
Stefano et al. [35] and Di Stefano et al. [169] (b) (modified from Di Stefano et al. [35]).
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Using estimates of the soil volume bounded by cross-section limits, several studies
conducted in recent years have evaluated methods for measuring rill erosion [177,179,182,183].
These methods, which use 2D and 3D approaches, necessitate precisely defining the boundaries
of every cross-section of every channel under investigation [184]. Stated differently, there
may be a disagreement between the suitability of a volume-based measuring method and
the challenges of accurately defining the perimeter of every cross-section and the channel’s
boundary surface. Currently, two distinct approaches are used: (1) the visual examination
of the cross-section profile, and (2) threshold identification for a particular morphological
feature. For the second approach, the cross-section limits are localized where there is a sudden
change in the slope of the cross-section profile [35,177]. The extraction of the cross-section
profile by a DEM is needed to identify a threshold for a given morphological variable, such
as slope, plan curvature [178,185,186], or convergence index [176]. Nevertheless, as their
applicability is restricted to the investigated rill, the criteria are typically subjective and
cannot be used broadly [187]. Castillo et al. [182,183] proposed an automated method based
on the calculation of a simple geometrical measurement, which is the bank trapezoid area
corresponding to any point of each gully bank. Castillo et al. [182] stated that the point
in the bank that corresponds to the largest trapezoid area determines the gully limit for
each bank. This automated approach yields results comparable with those obtained by the
visual assessment of five scientists experienced in gully erosion assessments. An approach
to providing a correct and actual definition of cross-section width was developed by Casali
et al. [177]. This definition can be used to propose a new method for determining the
geometry of gully cross-sections, which is based on the availability of both a detailed DEM
of the gully whose geometry needs to be determined (DEMpost) and a DEM of the same
area (DEMpre) prior to the formation of the investigated gully (not more than 1 year old).
This theory relies on the fact that the periodicity (usually one year) of tillage operations
influences the formation—obliteration cycle of an ephemeral gully. The gully-eroded area
or cross-sections are derived by subtracting the DEMpost from the DEMpre in a vertical
plane orthogonal to the channel axis. The width of the gully in a given section is defined by
the line that connects the two points where the two DEMs intersect. When the DEM of the
eroded area before the gully appeared is not available, the procedure may not work.

In order to identify the actual channel from the hillslope areas, Palmeri et al. [184]
suggested a new technique for estimating the actual cross-section depth and determining
the cross-section limits in rills and ephemeral gullies. These authors demonstrated that, for
the maximum value of the hydraulic radius, the real depth corresponds to a specific bank
slope. The ratio of the tested channel’s total volume to its boundary wetted surface yielded
the hydraulic radius.

5. The Usefulness of Measuring Soil Erosion

Govers et al. [188] suggested that soil erosion is a self-evident process and “simple
visual observations on rills and gullies . . ... .....are clear indications that the implementation
of conservation measures is necessary”. This consideration could support the idea that
a qualitative assessment is sufficient, notwithstanding Govers et al. [188] arguing that
“erosion rates should be reliably quantified in order to assess the necessity for conservation measures”.

Assuming the hypothesis that “wash erosion” (i.e., interrill erosion) is negligible as
compared to the mass of soil eroded by rills and gullies, Boardman and Evans [189] support
the consideration that “field-scale assessment of erosion is a satisfactory technique” and it is the
best way of assessing erosion. Furthermore, “monitoring a landscape to assess the severity,
frequency and extent of erosion is quick, easy and cheap”. This idea is entirely opposed to
using plot experiments to study the processes driving soil erosion and collect data to
calibrate and test soil erosion models. Roels [190], discussing the estimation of soil loss at
the regional scale based on plot data, correctly stated that “insufficient attention is given to
the sources of bias associated with the use of particular plot sizes or equipment, and to statistics
(e.g., sampling procedures, replication, etc.)”. Notwithstanding the listed difficulties and the
lack of standardized plots, Roels [190] argued that “it is possible to collect well-defined and
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precise measurements” if the use of statistics in the experimental plot design and in the data
treatment is assured. Accurate soil loss estimates at the event scale are required when “the
annual soil loss is dominated by only a few storms per year”. Farrell and Neff [191] established
that when erosion plots are used, reliable estimates of the annual soil loss can be obtained
by measurements carried out for 15 or more years. This long measurement period and the
consequent costs make the plot approach unattractive for many researchers.

Why is measuring soil erosion important? In the words of Stroosnijder [16], it is
important because “measurements are needed for the design of technology as well as for its
evaluation”. Erosion prediction technology depends on measurements for its development,
calibration, and testing. Measurements alone can give empirical evidence of the investigated
process and need modeling approaches for its extrapolation in time and space. Beven [192]
pointed out that the difficulties in building a hydrological model could be consequent
to the unavailability of adequate measuring techniques. Stroosnijder [16] also noticed
that data of adequate quality are insufficient as soil erosion experimentation is expensive,
new technologies and equipment should be developed to reduce the heaviness of soil loss
measurements, and skilled personnel are lacking.

The validity of the measurements depends on the appropriateness of the applied
techniques for the research objectives to be achieved [100]. In particular, the spatial scale of
measurements has to be related to the hydrologic and geomorphological processes to be
investigated. Direct extrapolation from plots to the basin scale must be accurately carried
out, as the connectivity of water and sediment fluxes should be considered. The size of
the plot is related to the aims of the investigation: large plots are representative of the
heterogeneity of the natural system, while wide plots allow for reducing the border effects,
and long plots are useful to carry out rill erosion measurements. The size of the plots also
affects the number of replicates needed to obtain a representative measurement. Indeed, it
should increase as the plot size decreases in order to have similar surface patterns among
the different replicates [21].

6. Research Needs and Future Perspectives

Even though several analytical forms of raindrop size distribution have been proposed
over the years, the most applied analytical form for meteorological and soil erosion studied
is the gamma distribution [47,50,76]. Assouline and Mualem [75], considering the Weibull
distribution, suggested a new approach for studying the mechanism of the forces that
shape the raindrop size distribution through coalescence and break up processes along
their pathway from the cloud to the soil surface. The authors stated that the hypothesis of
uniform random raindrop fragmentation led to considering the measured DSD as identical
to the Weibull distribution since the probability of a drop breaking up is proportional to its
relative volume. Considering the physical meaning of the Weibull distribution, its reliability
to reproduce rainfall DSDs should be investigated. Furthermore, a theoretical approach
to determining rainfall kinetic power and momentum by Weibull distribution should be
developed. Moreover, the drop sizes detected by a disdrometer could be analyzed at the
event scale to determine the DSD for the whole rainfall event, to estimate the corresponding
parameters of Ulbrich’s distribution, and to verify the theoretical expression of P, and RM
at the event scale.

The construction of the prototype of a new device (Figure 4) (https://www.uibm.
gov.it/bancadati/Number_search/type_url?type=wpn; Patent Number: 102018000010691
(accessed on 3 September 2024)), could permit the verification of the hypothesis that the
rainfall momentum distribution, M(D)dD, is the same as the distribution of the electrical
signal detected by a specific piezoelectric sensor on which the raindrops impact.

Unit plots are not widespread and this experimental equipment is only rarely
available [127-129]. The availability of unit plot data should be increased, as these data
allow us to carry out field evaluations of the soil erodibility factor and verify the available
mathematical tools such as the nomograph of Wischmeier et al. [130].
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Investigations on the ratio of interrill and rill erosion and the weight of the two
processes on the plot soil loss should be encouraged. The low measurement errors obtained
by terrestrial and aerial surveys encourage the verification of these results in different field
conditions. In particular, the reliability of the methods applied to delineate the contributing
rill network and that of the SfM technique to measure rill erosion should be verified in
rilled surfaces developed in soils with different textures.

Previous results suggested that the severity of the EG erosion process can be estimated
by the channel length, i.e., neglecting the cross-section area variability. This result can be
used to estimate the contribution of the gully erosion using surveys of areas in which the
gullies are localized and their length can be simply measured.

Finally, new field measurements will be beneficial for testing soil erosion models
and apply the most accurate ones for developing soil conservation strategies, and for
quantifying the soil loss reduction attained with soil conservation practices (i.e., biochar,
cover crops, etc.).

7. Conclusions

About twenty years ago, Stroosnijder raised the question of whether the measurement
of soil erosion was possible. Although he was certain that “measurements are needed to
develop, calibrate, and validate” erosion prediction technologies, he believed that the lack of
good soil loss data was chronic and attributable to the lack of funds required to realize and
maintain field experimental installations, the need for new measurement technologies and
equipment, and the lack of skilled personnel.

This question is also relevant to counteract the opinion of other authors that consider
soil erosion as a self-evident phenomenon and think that “simple visual observations on rills
and gullies” are sufficient to assess the need for soil conservation measures. The idea of
a field-scale assessment of erosion as a technique sufficient to monitor the phenomenon and
establish soil conservation practices strongly contrasts with that of using measurements to
calibrate and test soil erosion models useful for supporting soil conservation strategies.

Even if soil erosion experimentation is expensive, in recent years many new measurement
technologies and equipment have been developed.

In this paper, a critical review of the most commonly used field measurement techniques
and the effect of measurement errors on data quality were presented.

This analysis supported the following main conclusions:

(1) The measurement of rainfall erosivity, which is the climatic forcing of the
erosion processes, requires the design of simple devices, with low costs of installation
and management, able to detect the raindrop size distribution and the rainfall energy
characteristics. The low cost is a requirement that is useful for guaranteeing installation in
many sites, which is the prerequisite to spatially distributed information;

(2) The plot scale measurement requires appropriate studies on interpolation, up-
scaling, and technologies able to obtain high-quality data with known accuracy;

(3) The effect of systematic errors in soil loss data, due to the assumption that
the measured concentration of the suspension collected in the field plot storage system
coincides with the actual one, has to be considered in the calibration and testing of soil
erosion models;

(4) The natural variability between plots having the same treatment is required for
evaluating a model. While a portion of any difference between the measured and predicted
soil loss depends on model error, another portion is due to the unexplained deviation of
the measured sample value from the representative mean value for a particular treatment;
the variability of measured data has to be considered when a deterministic model is tested;

(5) A remote and non-invasive survey of a rilled plot carried out by a terrestrial
photographic survey (TS) or a low-altitude aerial survey by UAV are methods suitable for
the automatic extraction of the characteristic rill features. Close-range photogrammetry,
using terrestrial instrumentation or low-altitude aerial photogrammetry, is characterized
by the minimal impact of the survey activity and high spatial resolution;
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(6) The rills detected by a remote survey can be separated into contributing rills,
which are connected to the network reaching the plot outlet and contribute to total soil
loss measured at the plot outlet, and non-contributing rills, which are interrupted within
the plot;

(7) The water depth values measured using tracks along the rill are obtained by
a volumetric technique that considers the effects of channel irregularities (geometric
variability of the rill between two cross-sections) and the interaction between the flow
and mobile channel;

(8) The 3D-PR method is a low-cost and time-saving method when it is applied to
surveying a whole gully network. The gully erosion needs the use of a 3D model, which can
represent the three-dimensional topography, including cross-sections with undercut walls;

(9) The severity of the EG erosion process can be estimated by the channel length.

In conclusion, the main research gaps to overcome are the following:

(1) New devices for the direct measurement of rainfall characteristics;

(2) An increase in the availability of unit plots equipped for the investigation of
different soils;

(3) Encouraging the application of new measurement techniques to determine the
weight of interrill and rill erosion;

(4) Testing the applicability of the gully channel length as an indicator of erosion
process severity;

(5) The use of soil erosion measurement to assess new soil conservation strategies (i.e.,
biochar, cover crops).
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Abstract: Citrus orchards are especially vulnerable owing to low inter-row vegetation
cover, and frequent tillage. Here, we combine controlled field experiments with proxi-
mal remote sensing—derived geomorphometric variables and machine learning (ML) to
identify key factors of erosion in a Mediterranean climate citrus plantation located close
to Seville and the National Park of Dofiana (Southern Spain) on Gleyic Regosols (clayic,
arenic). We conducted rainfall simulations with 30 s sampling, measured infiltration
(mini-disc infiltrometer), saturated hydraulic conductivity (Kfs; Guelph permeameter),
compaction (penetrologger), and soil respiration (gas analyzer) at multiple points, and
derived high resolution morphometric indices from proximal sensing (UAV-LiDAR). Linear
models and Random Forests were trained to explain three responses: soil loss, sediment
concentration (SC), and runoff. Results show that soil loss is most strongly associated
with maximum compaction and Kfs (multiple regression: R? = 0.68; adjusted R? = 0.52;
p = 0.063), while SC increases with surface compaction and exhibits weak relationships
with topographic metrics. Runoff decreases with average infiltration, which is related to
compaction (3 = —4.83 £+ 2.38; R2 =0.34; p = 0.077). Diagnostic checks indicate centered
residuals with mild heteroscedasticity and a few high leverage observations. Random
Forests captured part of the variance for soil loss (~29%) but performed poorly for runoff,
consistent with limited sample size and modest nonlinear signal. Morphometric analysis
revealed gentle relief but pronounced convergent—divergent patterns that modulate hydro-
logical connectivity. There were strong differences in the experiments conducted close to
the trees and in the tractor trails. We conclude that compaction and near surface hydraulic
properties are the most influential and measurable controls of erosion at plot scale and the
UAV-LiDAR could not give us extra-insights. We highlight that integrating standardized
tield protocols with proximal morphometrics and ML can be the best method to prioritize a
small set of explanatory variables, helping to reduce experimental effort while maintaining
explanatory power.
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1. Introduction

Soil erosion and land degradation are among the most pressing environmental chal-
lenges of the 21st century, particularly in the context of accelerating climate change, inten-
sive land use, and resource depletion [1,2]. Climate projections suggest that the frequency
and intensity of extreme rainfall events will increase in many regions, exacerbating soil
erosion and the associated loss of soil fertility, water storage capacity, and ecosystem ser-
vices (IPCC, 2022; https:/ /www.ipcc.ch). Unsustainable agricultural practices, especially
those characterized by intensive soil management, further aggravate these processes as
demonstrated many years ago [3,4]. However, this has resulted in widespread topsoil
depletion, declining crop productivity, and deterioration of water quality [5-7]. Tackling
soil erosion is therefore critical to achieving both global food security and sustainable
land management, as the degradation of arable land directly threatens the resilience of
agricultural systems [8,9].

In perennial cropping systems such as citrus orchards, soil erosion rates are particularly
severe due to sloping terrain, frequent tillage, and low ground cover between rows [10-12].
This issue has severe economic and environmental consequences, especially in major
citrus-producing regions [13]. For example, studies in China in citrus have reported soil
loss rates exceeding tolerable thresholds by up to several times [14,15], while research in
Spain has highlighted high sediment yields and off-site impacts in Mediterranean orchards
under conventional management [16]. Similarly, in South America, citrus plantations in
countries such as Brazil show significant rates of soil and nutrient loss, which compromise
soil fertility and water quality downstream [17,18]. These examples illustrate that soil
erosion in perennial orchards is a global problem with direct implications for agricultural
sustainability and ecosystem services.

Addressing this challenge effectively requires robust and reliable field data. High-
quality datasets with sufficient replication, standardized equipment, and reproducible
protocols are essential for quantifying soil erosion processes and for calibrating and val-
idating predictive models [19-21]. Experimental approaches such as rainfall simulation
experiments, infiltration and permeability measurements, and soil compaction assessments
provide crucial insights into the physical mechanisms driving erosion [22,23]. However,
these techniques are labor-intensive, time-consuming, and often restricted to small spatial
scales, which limits their broader applicability, especially as a nature-based solutions [24,25].

Recent advances in machine learning (ML) offer an opportunity to overcome some
of these limitations by detecting patterns and predicting soil erosion risks from complex
datasets [26]. While ML applications have become increasingly common in soil science, the
integration of proximal remote sensing data such as drones—which allows the derivation
of high-resolution geomorphological and morphometric information [27,28]—with field
experiments remains rare. Traditionally, methodologies such as rainfall simulation experi-
ments, infiltration and compaction measurements, or soil respiration analysis have been
applied independently, without linking them to spatially explicit datasets. The main nov-
elty of our article is the integration of a specific approach at the same time, which enables
the identification of the key explanatory factors behind soil erosion from multiple perspec-
tives, thereby reducing the number of experiments and variables required and improving
the scalability and cost-effectiveness of monitoring programs. The new results would
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be related to the identification of the most influential explanatory factors controlling soil
loss and sediment dynamics in woody crop systems, thereby improving the design of soil
erosion monitoring strategies and reducing the need for extensive experimental campaigns.

In this study, our main novelty and primary objective is to combine controlled field
experiments with proximal remote sensing-derived morphometric variables to better under-
stand soil erosion dynamics in citrus orchards. We conducted a series of rainfall simulation
experiments, infiltration, permeability, compaction, and soil respiration measurements
at multiple sampling points (10), which were then integrated with detailed geomorpho-
metric information derived from proximal sensing (UAV-LiDAR) using machine learning
algorithms to detect patterns and relationships.

Our working hypothesis is that integrating standardized field experiments with prox-
imal remote sensing-derived geomorphometric data through machine learning would
allow the detection of a small subset of explanatory variables that account for most of
the observed variability in soil erosion. If confirmed, this approach could substantially
optimize the monitoring process by minimizing the number of field experiments required,
improving the spatial extrapolation of results to larger areas, and providing a cost-effective
framework for sustainable soil management in citrus orchards worldwide.

2. Materials and Methods
2.1. Study Area Description

The study was conducted in a commercial citrus orchard located in the province of
Seville (southern Spain; Figure 1a), in proximity to the Dofiana National Park, a region
characterized by its Mediterranean agroecosystem and flat topography. The selected
site lies on tow inter-row lines with minimal slope (<5%; Figure 1b) and an elevation of
approximately 5.4 m above sea level (Figure 1c). The orchard is cultivated with orange
trees under irrigated conditions for most of the year due to very poor natural drainage and
twice tilled per year using heavy machinery. Soil sampling and field experiments were
carried out near the coordinates 209599.5 E, 4119656.5 N (EPSG:25830; UTM Zone 30N).
The experimental orchards were planted in April 2010 in the Lower Guadalquivir Valley
and comprise four citrus varieties: Navel Powell and Barnfield (both grafted onto Carrizo
citrange), Nova (Citrumelo rootstock), and Valencia Midknight (Macrophylla rootstock).
All plots share the same planting frame (7 m x 4 m), tree age (15.7 years), and similar
management practices, including drip irrigation, annual tillage, and chemical weed control.
This homogeneity ensured consistency across the experimental conditions while allowing
for comparison across scion-rootstock combinations.

The soil at the site is classified as a Gleyic Regosol (clayic, arenic) according to the
TUSS-WRB [29] classification system (Figure 1d). It developed from a heterogeneous
mix of silt, sand, and clay, with surface compaction observable in tractor traffic lanes
and lower horizons, though no surface sealing was detected. The surface horizon (A)
shows a silty clay loam texture, moderate blocky and prismatic structure, and ferric mot-
tling indicating hydromorphic processes. Subsurface horizons (B and B/C) are compact,
with low biological activity and poor aggregation stability (0.18-0.25), high pH values
(7.89-7.99), and low to moderate electrical conductivity (421-462 puS/cm). The orchard
exhibits signs of surface erosion, particularly between the rows on slight mounds, and
features wide desiccation cracks (2-5 cm width, up to 20 cm deep). Rock outcrops are
absent, and coarse fragments are scarce (<10%), which, together with the weak aggrega-
tion and high compaction, suggest vulnerability to both waterlogging and erosion. The
site’s accessibility and contrasting microtopographic features made it suitable for the in-
stallation of rainfall simulation plots, infiltration tests, and soil physical and biological
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monitoring. The Bajo Guadalquivir region, located in southwestern Andalusia (Spain),
experiences a Mediterranean sub-humid to semi-arid climate, characterized by hot, dry
summers and mild, wet winters. According to the Junta de Andalucia’s climate classifica-
tion (https:/ /www.juntadeandalucia.es/medioambiente/portal /areas-tematicas/cambio-
climatico-y-clima/clima-en-andalucia/regiones-climaticas-de-andalucia, accessed on 10
December 2025), the area is characterized by mean annual temperatures between 17 °C and
19 °C, with maximum summer temperatures often exceeding 40 °C, especially in July and
August. Annual precipitation ranges from 500 to 700 mm, distributed irregularly across the
year and concentrated in autumn and winter months (October—March). The prolonged dry
season, combined with intense rainfall episodes, increases the vulnerability of the soil to
erosion processes. This climatic regime exerts a strong influence on hydrological dynam-
ics and vegetation cover, with important implications for runoff generation, infiltration
patterns, and the intensity of erosive processes in cultivated lands such as citrus orchards.
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Figure 1. Study area. (a): localization in Europe of the study site; (b): exact localization of the sampled
points (1-10) in the citrus orchard plantation; (c): general overview using a UAV; (d): soil profile in
the study area (Gleyic regosol; clayic, arenic; IUSS-WRB, 2022 [29]).

2.2. UAV-Based Photogrammetry, Field Experiments and Laboratory Analysis

Due to the logistical complexity of conducting rainfall simulations and in-situ soil mea-
surements across a working commercial citrus plantation, we opted for a high-replication,
low-spatial-extent sampling design. Each sampling point was selected to represent a dis-
tinct morphometric unit derived from proximal sensing data, and field measurements were
repeated per point using standardized protocols. The average values of these replicates
were used to characterize each point (Supplementary Material S1). While this approach
limits the number of spatial units (n = 10), it enhances internal consistency and minimizes
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intra-plot variability because they were carried out the same days. This trade-off is not
common in soil erosion studies under real-field conditions because the necessity of joining
various trained researchers and specific calibrated devices the same days at the same mo-
ment, also where physical constraints restrict the number of simulated rainfall events that
can be realistically deployed.

2.2.1. UAV Survey and LiDAR Data Acquisition Workflow

Ground Control Points (GCPs) were strategically placed throughout the site using a
high-precision GNSS receiver (Leica Zeno 20; Leica Geosystems, Heerbrug, Switzerland),
with centimeter-level accuracy). The UAV platform employed in this study was a DJI
Matrice 350 RTK (Shenzhen, China) equipped with a LiDAR sensor. This quadcopter
features a Real-Time Kinematic (RTK) positioning system, enabling real-time, high-accuracy
georeferencing. The onboard sensor, a DJI Zenmuse L2 (Shenzhen, China), integrates
LiDAR technology with a high-resolution RGB camera. The onboard RGB camera delivered
20 MP resolution, enabling point cloud colorization. The mission comprised three flights
conducted at mean altitudes of 51.9 m, 56.5 m, and 77.8 m, with average flight speeds
between 4.1 and 4.2 m/s. Processing in DJI Terra, set to high point density (100%), produced
point clouds with an average density of 1702 points/m? across the study area (0.378 km?),
from which a digital elevation model (DEM) was generated at 0.1 m/pixel resolution.

This setup allows for the generation of high-density 3D point clouds, which are crucial
for detailed topographic reconstruction, detection of vegetation cover changes, and the
production of digital terrain and surface models. The acquired data were processed using
DJI Terra software (V.5) and subsequently analyzed and visualized through Geographic In-
formation System (GIS) tools (ArcGIS Pro (https:/ /www.esri.com/en-us/arcgis/products/
arcgis-pro/overview, accessed on 10 December 2025), ESRI, Louisville, CO, USA). In the
case of LiDAR data, the processed outputs included 3D point clouds and both Digital
Surface Models (DSM) and Digital Terrain Models (DTM). For DSM and DTM products
derived from LiDAR, a Canopy Height Model (CHM) was computed by subtracting the
DTM from the DSM. This allowed estimation of vegetation height at each sampling location.
However, since the sampling points were deliberately placed in bare inter-row areas free
of canopy cover, the CHM was only used as a verification layer and not included in the
predictive analysis. Vegetation density was not computed from LiDAR data; field obser-
vations and imagery were used to confirm the absence of vegetative obstruction. Raster
values for all morphometric indices were extracted using a 3 x 3 pixel window (equivalent
to ~1.8 m?), centered on each sampling point. This window size balances spatial precision
with the need to reduce noise from microtopographic variability and positional uncertainty
between UAV-derived rasters and GNSS-located field samples.

A total of 12 morphometric and topographic variables were derived from the
high-resolution LiDAR-based Digital Elevation Model (DEM) using SAGA GIS (SAGA
User Group/Hamburg University of Technology; Germany). The parameters include
both average values and their corresponding standard deviations to capture the spa-
tial heterogeneity within the sampling window. Specifically, slope characteristics were
represented by Slope_mean and Slope_std, while curvature metrics included both
Plan_Curvature and Profile_Curvature, providing insights into flow direction and pro-
file convexity, respectively. Hydrological and catchment properties were described using
Channel Network_Base_Level, Channel Network_Distance, Total Catchment Area, and
the Topographic Wetness Index (TWI), all expressed as both mean and standard deviation
values. Additional descriptors such as Aspect, Hillshade, LS Factor (from the RUSLE
model), CIT (connectivity Index; adapted from [30]), and Convergence Index were also
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extracted to reflect solar radiation, erosive potential, flow accumulation, and network
initiation thresholds. The inclusion of standard deviation values enhances the dataset’s
capability to represent microtopographic heterogeneity, a critical factor in runoff generation
and erosion processes. Finally, to extract local terrain attributes around each sampled
point, a Python-based workflow was implemented using GeoPandas, Rasterio, and NumPy.
A shapefile containing GPS-located citrus sampling points was reprojected to match the
coordinate reference system (EPSG:25829) of the SAGA-derived raster layers. For each
raster, mean and standard deviation values were extracted within a 3 x 3 pixel window
centered on each point, effectively capturing microtopographic variability. The resulting
values were compiled into a structured table and exported as a CSV file for subsequent
statistical and machine learning analyses.

2.2.2. Rainfall Simulation Experiments

A total of ten rainfall simulation experiments were conducted to evaluate the response
of the soil to controlled rainfall conditions, maintaining consistent parameters such as
intensity, droplet size, water volume applied per unit area, and duration [31]. For this
purpose, we used the mini-portable rainfall simulator developed by Eijkelkamp (The
Netherlands), which applies artificial rainfall over a confined plot of 0.0625 m? (Figure 2a).
This device simulates rainfall through a pressurized sprinkler system, enabling the collec-
tion of quantitative data on runoff production, infiltration, and sediment detachment [32].
Although limited in spatial scale, the simulator is highly practical for field use due to its
low water consumption, short setup time, and minimal personnel requirements [33]. It
is particularly well-suited for estimating soil erodibility under standardized conditions,
following methodologies such as those proposed by [34]. During each test, an identical
volume of water was applied to each plot, and runoff and eroded sediment were collected
through an outlet positioned at the base of the simulator. The simulated rainfall had a drop
size of approximately 5.9 mm and was applied for 360 s at a steady rate of 6 mm-min 1.
The equipment consists of three main components: a calibrated sprinkler head containing
49 capillary tubes to ensure uniform rainfall distribution; an adjustable aluminum stand
to control drop height (maintained at 35-40 cm in our case); and a base frame to stabilize
the system and direct water flow toward the outlet without lateral losses. Prior to each
simulation, site-specific surface characteristics were recorded to assess their influence on
runoff activation and erodibility [35,36]. These included: (i) vegetation cover (%), which
was <5%, estimated through grid analysis of overhead photographs following (ii) rock
fragment cover (%), also <5%, assessed using the same method; (iii) surface roughness,
measured in both directions using the chain method described by [37]; and (iv) slope
angle, determined with the LiDAR drone. During the simulation, the same operator—
ensuring consistency and avoiding observer bias—recorded key hydrological response
times: (i) Time to Ponding (Tp), indicating when the entire plot surface became visibly
saturated; (ii) Time to Outlet (To), marking the appearance of the first drop at the outlet;
and (iii) Time to Runoff Initiation (Tr), corresponding to the start of continuous surface
flow [38]. After each experiment, the volume of runoff (liters) and sediment yield (grams)
were determined in the laboratory. Runoff samples were evaporated at 110 °C to isolate
solid content, and sediment concentration (g-L.~!) was calculated by dividing the mass of
solids by the volume of water collected.

2.2.3. Infiltration and Permeability Experiments

To evaluate soil permeability and infiltration capacity at the pedon scale (parallelly),
two devices were employed at selected locations within the catchment area: a mini-disc
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infiltrometer (Figure 2b) and Guelph Permeameter (GP; Figure 2¢). Simultaneously with the
rainfall simulation experiments, infiltration measurements were conducted using a mini-
disc infiltrometer [19,38]. A total of 20 measurements were performed, with 10 repetitions
carried out on each side of the simulator to capture the spatial variability of infiltration
near the runoff plots. These measurements provided valuable data on infiltration rates and
near-surface hydraulic conductivity under field conditions. The mini-disc infiltrometer
consists of a transparent acrylic reservoir connected to a semi-permeable disk at its base
and a vertical suction regulation tube. For each measurement, the reservoir was filled with
water, the suction was set to 4.5 cm, and the decrease in water volume was recorded using a
stopwatch at fixed time intervals (10's, 30 s, 1 min, 2 min, and 5 min). This approach allowed
for a consistent assessment of infiltration behavior across the experimental area. A total of
10 permeability tests were conducted following the methodology outlined by [39]. Each
test lasted approximately 30 min, with water level readings taken every 2 min to calculate
infiltration dynamics over time. The final infiltration rate (cm-min~1) was determined by
averaging the values recorded once a quasi-steady flow had been reached [40,41]. Based on
the GP measurements, both the infiltration flux and the saturated hydraulic conductivity
(Kfs) were computed using the equations proposed by [42], which have been widely applied
in field hydrology studies.

Figure 2. Methods employed in the field experiments and measurements. (a): Rainfall simulations;
(b): Infiltration (mini-disc); (c): Guelph permeameter; (d): Soil compaction; (e): CO, analysis; (f): soil
profile description.
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2.2.4. Soil Compaction and CO,

In parallel, soil respiration was measured using an EGM-5 infrared gas analyzer (PP
Systems, Amesbury, MA, USA; Figure 2d), which detects CO, emissions, a proxy for
microbial activity and soil biological function [43,44]. The system uses a non-dispersive
infrared (NDIR) sensor operating at 4.26 pum to selectively quantify CO, concentrations,
reducing cross-sensitivity to other gases. Measurements were conducted with a closed-
loop system connecting the analyzer to a soil respiration chamber (SRC, 1171 mL) that
covered an area of 78 cm?. CO, fluxes were measured over 60 s, generating both linear and
quadratic models of gas accumulation. Each measurement was replicated three times at
different positions within the same plot, resulting in 20 individual readings, all recorded in
ppm and stored digitally via USB for subsequent processing and analysis.

Soil penetration resistance was assessed using a Penetrologger (Eijkelkamp, Zevenaar,
The Netherlands) equipped with a medium-sized cone featuring a 60° apex angle, follow-
ing standard field protocols [45-47]. Measurements were conducted within a 2.5 m? plot
established adjacent to the rainfall simulation area to ensure consistency in surface condi-
tions. Penetration depth and resistance were recorded systematically at 50 cm intervals
along a regular grid (Figure 2e), allowing for high-resolution spatial analysis of compaction
patterns and subsoil structure. The device automatically logged depth-resistance profiles,
facilitating rapid data acquisition and minimizing operator-induced variability.

The dataset was designed from the monitored citrus field with variables derived
from UAV-based photogrammetry, field surveys, and laboratory analysis. The dataset
includes hydrological indicators (runoff, soil loss, sediment concentration), soil properties
(e.g., compaction, infiltration rate), and morphometric terrain attributes (e.g., slope, aspect,
curvature, LS factor). All preprocessing and analyses were performed in 4.4.0 (R Core
Team, 2024) and RStudio 2025.05.1 (“Mariposa Orchid”). All data manipulation steps
were conducted using the tidyverse (data manipulation and visualization), janitor (data
cleaning), corrplot (correlation matrix visualization), ggplot2 (visualization), randomForest
(machine learning) and caret (model training and validation support). Variables were
standardized and renamed using clean_names() for consistency. Only numeric variables
were retained for correlation and modeling purposes.

2.3. Dataset Description, Preprocessing, Analysis and Model Construction
2.3.1. Correlation Analysis and Exploratory Visualization

To reduce dimensionality and assess collinearity, Pearson correlation coefficients were
calculated [48,49] using the cor() function with pairwise complete observations. A threshold
of Irl > 0.7 was used to select explanatory variables relevant to the target variable (e.g.,
soil_loss, runoff, or sc). The results were visualized with corrplot. Although Pearson
correlation was initially used to filter highly collinear variables (Ir| > 0.7), the primary
objective was not to exclude non-linear associations but to simplify the model due to the
low sample size. We recognize that alternative methods like VIF or PCA could also be
employed in future work to retain variables with non-linear explanatory power. Scatterplot
matrices (pairwise plots) were created to explore linear and non-linear trends using the
base R function pairs(). Additionally, simple linear relationships were visualized using
ggplot2 with geom_point() and geom_smooth (method = “Im”).

2.3.2. Model Construction

Random Forest models were implemented using the randomForest package in R with
500 trees (ntree = 500). The number of variables randomly sampled at each split (mtry) was
set to 1, a conservative choice aimed at reducing the risk of overfitting given the limited
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dataset (n = 10). We did not constrain tree depth or minimum node size, as the primary
objective was to explore variable importance rather than optimize predictive accuracy. Vari-
able importance was assessed using two standard metrics: the percentage increase in mean
squared error (%IncMSE) and the increase in node purity (IncNodePurity). To validate
model performance, we randomly split the dataset into a training set (80%) and a hold-out
test set (20%) using the caret::createDataPartition() function. All training, feature selection,
and internal validation (via 5-fold cross-validation) were conducted on the training subset.
Model performance was then evaluated on the independent test set using Root Mean
Square Error (RMSE). Given the small sample size, results are interpreted heuristically to
identify potentially relevant explanatory variables rather than for predictive generalization.

Complementary to Random Forest models, multiple linear regression (MLR) models
were fitted using the Im() function in R. Diagnostic plots (e.g., residuals vs. fitted, Q-Q
plots, scale-location, and leverage) were used to evaluate model assumptions. Both MLR
and RF approaches were applied to the three erosion-related response variables (soil loss,
sediment concentration, and runoff), and their performance was compared using R? and
RMSE values.

The methodological workflow implemented in this study is summarized in the follow-
ing flowchart (Figure 3), which integrates UAV-based data acquisition, field experiments,
laboratory analyses, and statistical modeling.

1. Data preparation and
acqusition

2. Data processing and
feature extraction

Study area description
Seville (Spain), flat topography
and irregular micro-topography,
Gleyic Regosol (IUSS-WRB, 2022)

!

UAV-LiDAR data
DJI Matrice 350 RTK, Zenmuse
L2, 1702 points/m? across the
study area (0.378 km2) for 10 cm
resolution

=L

Field experiments (10 sampling points)
10 rainfall simulations, 20 Guelph
permeameter and mini-disc infiltrometer
measurements, 200 soil respiration
measurements and 200 penetration
points

Morphometric indixes
12 SAGA-based parameters (e.g.
slope, TWI, LS factor, etc.), 3x3
pixel Windows, value extraction
(QGIS, Python)

Data processing
Standardization, Cleaning
(Tidyverse / Jaratool or similar
tools). Numerical variables, CSV
compilation

Exploratory analysis
PR Studio: earson Correlation (r
>0.7), Pairwise Plots, ggplot2

Modeling approach
Random Forest (ntree=500,
mtry=1). Train/Test Split (80/20),
5-fold CV (Cross-Validation).

Complementary Linear Models
Multiple Linear Regression
(MLR), Residual Diagnostics

!

Evaluation & Interpretation
RMSE \IncMSE, IncNodePurity,
Heuristic Variable Importance,

RF vs. MLR Comparison

Figure 3. Methodological workflow followed in this study [29].

3. Results and Discussion
3.1. Descriptive Statistics of the In-Situ Experiments and Measurements, and UAV-Survey

The analysis of infiltration dynamics using the mini-disc infiltrometer revealed rela-
tively homogeneous surface conditions across the citrus orchard, which coincided with the
study conducted by [50] in the conventional citrus plantation. Average infiltration rates,
based on ten replicated measurements, ranged from approximately 1.4 to 3.1 mm-min~!,
values typical of moderately compacted soils with low to medium permeability [51,52].
The boxplot shows low dispersion and a nearly symmetric distribution, supporting the

presence of uniform infiltration patterns. Although a few individual points were recorded
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above the whiskers, these likely represent minor field-scale variability rather than systemic
heterogeneity (Figure 4a).
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Figure 4. Hydrological response of the experiments and measurements. (a): average soil infiltration
rates (mini-disc infiltrometer); (b): average soil saturated hydraulic conductivity (Guelph permeame-
ter); (c): average soil flux matric potential; (d): Toutlet (time to outlet), Tponding (time to ponding)
and Trunoff (time to runoff generation); (e): runoff, sediment concentration and soil loss per interval
using a rainfall simulator.

In contrast, the saturated hydraulic conductivity (Kfs) values, obtained with the
Guelph permeameter (Figure 4b), exhibited substantial variability among samples, span-
ning from <2.0 mm-h~! to >3.5 mm-h~!. The distribution was strongly skewed by several
high outliers, pointing to possible structural differences in the subsoil and heterogeneous
pore connectivity, likely influenced by localized macropore flow, coinciding with other
crops such as olive orchards and vineyards [53,54]. This variability underscores the com-
plexity of water movement in structured agricultural soils, where preferential pathways
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can strongly alter infiltration rates [55,56]. Similarly, matric flux potential (MFP) val-
ues remained generally stable across the orchard, clustering tightly around 1.59 x 1074
cm?-min~!, except for a single elevated observation (Figure 4c). This consistency suggests
relatively uniform matric suction and water release potential under unsaturated conditions.

The rainfall simulation experiments provided further insight into the initial hydro-
logical response of the soils. The temporal parameters—Time to Ponding (Tp), Time to
Outlet Flow (To), and Time to Runoff (Tr); Figure 4d—captured distinct phases in water
movement. Ponding occurred rapidly (3-15 s) and with minimal variability, reflecting
limited storage capacity at the surface. In contrast, outlet and runoff initiation times
showed greater dispersion (9-22 s and 10-25 s, respectively), suggesting microtopographic
differences and variability in flow connectivity across the plots. The narrow ranges ob-
served for these parameters are consistent with the uniform surface texture inferred from
infiltration measurements [57,58]. The temporal evolution of runoff (L-m~2), sediment
yield (g'm~?2), and sediment concentration (g-L~!) revealed a consistent erosive pattern
across replicates (Figure 4e). Runoff increased sharply in the first minutes, peaking be-
tween 1:00 and 2:30 min, before gradually stabilizing. Sediment yield followed a similar
pattern, with maximum detachment and transport during early stages, when soil cohesion
was lowest and surface sealing most active. Sediment concentration peaked in the initial
interval (0-30 s), consistent with splash erosion dominance, before dilution effects reduced
concentrations [36,59]. These findings collectively highlight the effectiveness of the rainfall
simulator in reproducing early-stage erosive dynamics [60,61].

In Figure 5, soil respiration and compaction results are depicted in a different heatmaps.
CO, measurements peak in plots 6 and 9, suggesting hotspots of microbial activity likely
driven by favorable moisture or organic matter conditions [62,63]. However, the tempera-
ture at plot 6 appears anomalously high or incorrectly recorded (gray bar), which warrants
further investigation. Soil compaction is highest in the center column, particularly from
plots 2 to 10, indicating consistent mechanical pressure likely from repeated machinery
traffic [64,65]. Interestingly, despite elevated compaction, high CO; levels still appear,
implying that microbial activity may persist even under physical soil stress, or that surface
conditions remain aerated [66]. These observations support the need for integrated mon-
itoring, as respiration hotspots may not always align with assumptions based solely on
compaction or temperature.

CO: Measurements Air Temperature Soil Compaction

Compaction (MPa)
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Figure 5. Gas analysis and air temperature, and soil compaction. av: average; max: maximum; min:
minimum; sd: standard deviation.
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Finally, the morphometric characterization using SAGA GIS (Table 1) depicts a land-
scape of gentle relief but marked spatial heterogeneity. While the orchard’s topography was
predominantly flat, high-resolution LiDAR enabled the detection of microtopographic fea-
tures such as mounds, furrows, and subtle drainage paths [16,67]. These features, though
minor in gradient, significantly influenced local hydrological behavior. Morphometric
indices were derived from the DTM after vegetation filtering using standard ground clas-
sification algorithms to eliminate canopy influence. Slopes were generally low (0.1-0.2)
and hillshade values consistent (~0.8), yet several indices indicate pronounced contrasts.
Channel Network Base Level (1.8-4.5) and Distance (0.1-0.6) varied little, pointing to
stable relative incision. By contrast, the Convergence Index (—13.3 to +13.7) and CIT Index
(0.0-5.5) emphasize the alternation between convergent hollows and divergent ridges,
which directly influences runoff concentration and sediment redistribution. LS Factor
(0.6-3.3) and TWI (2.6-6.0) variability further suggest differences in erosion potential and
wetness conditions, while Total Catchment Area showed the highest variability (1.4-427.7),
reflecting sharp contrasts in upslope contributing area. The combination of these metrics
indicates a terrain with alternating convergent—divergent patterns, variable hydrological
accumulation, and localized zones more susceptible to erosion and moisture accumula-
tion [68-70].

Table 1. Basic morphometric statistics derived from LiDAR-based terrain analysis in SAGA GIS.
Values correspond to the mean and standard deviation of a 3 x 3 pixel window centered on each
sampling point. The indices include: (a) CNBL—Channel Network Base Level (m); (b) CND—
Channel Network Distance (m); (c) Convergence Index (unitless); (d) Catchment Area (m?2); and
(e) TWI—Topographic Wetness Index (unitless, log-transformed ratio of upslope area and slope).

Aspect CNBL CND II?(Ii:x I(r:1 (g:; Hillshade LSFactor glllarl:/ g;ifl Slope ia:::' (;gi)
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2i2.3i 34 Ogli 1ﬁ7.3i _2gf3i 08 2;; 0.0 0.0 01 %gf.; 4f.6i
36+ 27 Oéli Ofoi *27;?[ 0.8 0'19.1i 0.0 0.0 0.1 122‘5 6i 6'39 f
264 21 0640 0040 13§?0i 0.8 05; 0.0 0.0 0.1 1'5*_;[ 25;
224 18 0511 3§?1i 1'; 6* 0.8 2'; Si 0.0 0.0 0.1 22g95 6i 4‘£ Oi

3.2. Correlation Matrix to Define Key Related Hydro-Pedological Variables

Figure 6 shows the Pearson correlation coefficients among all numerical predictors

and the target variable (soil loss), allowing visual identification of multicollinearity and key
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pairwise relationships between measured variables and the target parameters of soil loss
and runoff. The results indicated that strong correlations (r > 0.6) were found primarily
with soil loss, while no substantial associations were observed with runoff. Maximum soil
compaction also exhibited a strong positive correlation (r = 0.71), suggesting that surface
consolidation contributes significantly to increased erosion potential [71]. Similarly, matric
flux potential (r = 0.69) and saturated hydraulic conductivity (Kfs) (r = 0.65) were positively
associated with soil loss, indicating that hydraulic properties play a critical role in modulat-
ing infiltration-excess runoff and sediment yield [54]. Interestingly, a negative correlation
was found between the standard deviation of air temperature (Tair_SD) and soil loss (r
= —0.67), potentially reflecting the influence of temperature variability on soil moisture
dynamics and vegetation cover, although this is an idea to be explored in the future. These
findings highlight the combined effects of surface conditions, hydraulic behavior, and mi-
croclimatic variability on erosion responses in citrus orchards, reinforcing the importance
of integrating multi-scale field and terrain data in soil degradation assessments [72-74].
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Figure 6. Correlation matrix using Pearson linear relationships. av: average; max: maximum; min:
minimum; sd: standard deviation; co2: gas analysis of CO,; tair: air temperature; sc: sediment
concentration; Toutlet (time to outlet), Tponding (time to ponding) and Trunoff (time to runoff
generation); cit_index: connectivity index; TWI: Topographic Wetness Index; Is_factor: LS factor
(USLE); kfs: soil saturated hydraulic conductivity.

3.3. Prediction of Key Hydro-Pedological Variables and Processes

As a starting point for the results related to the modeling approach (Figure 7), we
jointly address the three hydrological responses: soil loss, sediment concentration (SC),
and runoff.
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Figure 7. Pairwise scatterplot matrix of runoff, soil loss, and key terrain variables. Each subplot
shows the relationship between two variables with fitted trendlines and dispersion patterns. Values
are standardized. This matrix helps assess multicollinearity and co-variability between predictors
and erosion responses. Pairwise (a,c,e) and residual (b,d,f) graphs show the main results obtained

after applying the random forest machine learning technique.

Table 2 summarizes the model performance metrics obtained using the 20% test data.
The performance of the soil loss and SC models were moderate (R? = 0.28-0.29), while the
runoff model performed poorly. Moreover, to assess model performance beyond internal
fit, we implemented a hold-out validation approach by splitting the dataset into a training
set (80%) and a test set (20%), repeated for each target variable (soil loss, runoff, and
sediment concentration). In the training phase, Random Forest models achieved moderate
to strong fits, with R? values ranging from 0.68 to 0.75 depending on the variable. However,
performance on the test set was noticeably lower (R? between 0.12 and 0.30), reflecting
the expected instability due to the limited sample size (n = 10). Root Mean Square Error
(RMSE) values on the test data confirmed this discrepancy, showing increased prediction
error relative to the training phase. These results underscore the exploratory nature of our
analysis: the machine learning models were not intended to produce robust predictive
outputs but to help identify the most influential explanatory variables under the specific
conditions of a citrus orchard. The limited generalization is thus an inherent feature of the
dataset’s structure and sampling scope.
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Table 2. Summary of the prediction performance for each model (including RMSE and correlation
coefficients between predicted and observed values in the test folds).

Model Dataset R> RMSE MAE Notes
RF (soil_loss) Test (20%) 029 1419 113.6 Train/test split, ntree = 500
RF (SC) Test (20%) 028 1242 954 Low signal, short range
RF (Runoff) Test (20%) —0.46 NaN NaN Poor model fit
3.3.1. Runoff

For runoff, a simple linear regression with infiltration average (inf_av) indicates a
clear inverse trend: each 1-unit increase in inf_av is associated with a —4.83 unit change in
runoff (3 = —4.83 £ 2.38), explaining 33.9% of the variance (adjusted R? = 0.26; Fy,5 = 4.10;
p = 0.077). The scatterplot shows a steady decline in runoff as infiltration increases, al-
though the 95% CI remains wide, reflecting small sample size. Diagnostic plots reveal
centered residuals, mild heteroscedasticity and tail departures, and a few high-leverage
points, none exceeding usual Cook’s distance thresholds. Pairwise displays suggest weak
or no linear associations of runoff with aspect_mean, cit_index_mean, Is_factor_mean, or
slope_mean. A random-forest model performed poorly (% variance explained = —46%,
MSE = 20.34), with unstable importance scores—consistent with limited data and weak
nonlinear signal. Overall, the evidence supports infiltration capacity as a primary con-
trol on runoff, but results should be considered tentative, warranting larger samples and,
potentially, transformations or mixed /regularized models.

3.3.2. Sediment Concentration

Exploratory analyses indicate a clear positive association between SC and maximum
compaction: SC increases steadily from low values at ~0.80 compaction to markedly higher
values near 0.90, although the 95% confidence band is wide, reflecting limited sample
size and dispersion. Pairwise plots show weak or no linear relationships between SC and
aspect_mean or proﬁle_curvature_mean, and no consistent monotonic pattern with soil_loss.
Diagnostic plots for the SC-compaction fit show centered residuals with mild heteroscedas-
ticity and tail departures from normality, plus a few high-leverage observations. Overall,
these results suggest that surface compaction is the main proximal control on SC in our
dataset, while topographic metrics contribute little; however, inference should be cautious
given leverage points and the small n.

3.3.3. Soil Loss

The multiple linear regression model for soil loss (soil_loss) using maximum values
of compaction (compaction_max) aspect_mean, and kfs explained 67.8% of the variability
(R?), with an adjusted R? of 0.52 and a global test close to significance (F = 4.22; p = 0.063).
Maximum compaction showed the largest positive effect (3 = 1.74 x 10%), followed by
kfs ( = 0.069), while aspect_mean had a negative effect (3 = —89.5); none of these were
statistically significant (p > 0.15-0.47). Diagnostic plots indicated centered residuals, slight
heteroscedasticity, and tail deviations, with some high-leverage points. The random forest
model explained 28.8% of the variance (MSE = 2.67 x 10%) and confirmed the relevance
of compaction_max and kfs (highest %IncMSE and IncNodePurity), while aspect_mean
contributed less information. Overall, the results suggest that compaction and hydraulic
conductivity are key factors influencing soil loss; however, the small sample size and
observed variability highlight the need for expanding the dataset and exploring transfor-
mations or regularization.
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3.4. Challenges and Main Weaknesses

One important limitation of this study is the reduced number of spatial sampling
points (n = 10), which constrains the generalizability and statistical power of both conven-
tional and machine learning analyses. While each point was thoroughly characterized with
repeated field measurements, and averaged to obtain representative values, this aggrega-
tion inevitably reduces the ability to model uncertainty within sampling units. Future work
should consider hierarchical or mixed-effects modeling frameworks to incorporate both
intra-point variance (via more replicates od the rainfall simulations) and spatial heterogene-
ity (upper, backslope and footslope). Similarly, expanding the number of plot units would
allow for more robust machine learning applications and external validation. Nevertheless,
the current approach serves as a methodological proof-of-concept for integrating proximal
sensing and field experimentation in erosion diagnostics under real-world constraints. We
acknowledge that Random Forest is generally robust to multicollinearity and capable of
handling a large number of predictors, including the detection of non-linear patterns. Thus,
in principle, a preliminary filtering of variables based on Pearson correlation is not strictly
necessary. However, in our initial experiments the performance of the models was relatively
weak. For this reason, and following recommendations in the literature (e.g., [48,49]), we
applied a correlation-based variable reduction (Ir| > 0.7) to minimize redundancy and to
facilitate model interpretation. This approach was also combined with scatterplot matrices
and pairwise plots to examine both linear and non-linear relationships. Nevertheless,
we agree that it would be valuable to also test Random Forest without prior filtering in
order to verify whether model performance improves when all predictors are retained. In
addition, it will be worthy to explore other feature selection strategies embedded within the
model, as well as dimensionality reduction through PCA, to compare the outcomes. This
would allow us to assess more comprehensively whether the correlation-based filtering
might have constrained the predictive capacity of the models. We acknowledge that the
aggregation of repeated field measurements into averaged values at each sampling point
may have reduced the capacity to model intra-point variability. Future studies should
explore hierarchical modeling strategies (e.g., linear mixed-effects models) to integrate
replication structure and better represent uncertainty components at multiple scales.

Future studies may consider dimension-reduction methods such as Partial Least
Squares (PLS) regression, which are well suited for small sample sizes with high-
dimensional predictors and have been extensively applied in environmental and chemo-
metric contexts.

The field experiments conducted in a citrus orchard near Doflana National Park
(Seville, southern Spain) revealed crucial insights into erosion processes in flat Mediter-
ranean agroecosystems. Through the integration of UAV-LiDAR-derived topographic
variables and detailed field measurements, we found that compaction and infiltration
dynamics are the dominant controls on hydrological responses [15,50]. Soil loss was most
strongly associated with maximum soil compaction and near-surface saturated hydraulic
conductivity (Kfs), with aspect_mean showing a negative relationship—likely reflecting the
influence of solar exposure and biological soil cover, particularly moss. Indeed, LiDAR-
derived aspect maps showed shaded microsites beneath the citrus canopy (north- and
east-facing orientations) with visible moss growth, which appeared to modulate erosion by
increasing surface stability (Figure 8a,b). These subtle biophysical differences significantly
impacted model outputs [61]. For sediment concentration (SC), surface compaction was
the strongest predictor, while topographic variables contributed little explanatory power
although they demonstrated the relevance of the sediment mobilisation close to the trees
and the compaction in the inter-row areas (Figure 8c; [64,75]). Infiltration emerged as the
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primary driver for runoff generation, with an inverse relationship between infiltration
and runoff clearly established. However, all models were constrained by limited sample
size, moderate heteroscedasticity, and the presence of high-leverage observations. Random
forest models confirmed the central role of compaction and Kfs but struggled to capture
variance in runoff and SC, underscoring the challenge of applying machine learning with
small, noisy datasets. Overall, our results highlight the feasibility and value of integrating
proximal sensing with field experiments to identify erosion hotspots and optimize monitor-
ing protocols in perennial cropping systems. Yet, future studies should prioritize larger
datasets, additional microclimatic and biological indicators which affect aggregate stability
(Figure 8a,d), and regularized modeling frameworks to improve predictive reliability.

Figure 8. Some key factors affecting soil erosion in citrus orchards detected after finishing the study

without possible measurements. (a). Biocrusts and catch crops; (b). inter-row areas with bare
soils; (c). concave micro-topography where runoff activates soil erosion; (d). example of compacted
soil aggregate.

The relatively weak contribution of UAV-LIiDAR to the erosion models in our study
is primarily explained by the very gentle relief and limited topographic variability of the
citrus orchard as other researchers confirmed [76]. In such flat agroecosystems, morpho-
metric indices derived from high-resolution LiDAR data can provide little differentiation
among sampling points, thereby constraining their explanatory capacity. This result should
not be interpreted as a limitation of the technology itself but rather as a reflection of the
site-specific conditions, which reduce the sensitivity of terrain attributes to capture erosion
drivers using visual inspections [77]. Nevertheless, UAV-LiDAR offered important indirect
benefits by ensuring centimeter-level georeferencing accuracy, maintaining microtopo-
graphic consistency, and providing a replicable framework for future monitoring [78].
These strengths highlight that while UAV-LiDAR may add limited explanatory power in
low-relief environments, it remains a valuable tool for scaling up erosion assessments,
especially when applied in more heterogeneous landscapes.

4. Conclusions

This study demonstrates that integrating UAV-LiDAR-derived morphometric vari-
ables with standardized field experiments provides valuable insights into the drivers of
soil erosion in citrus orchards under Mediterranean conditions. Despite the limited sample
size, considering the difficulties to perform such number of parallel experiments with
four different devices at the same time during summer (dry soils) with enough trained
researchers, consistent physical controls emerged across multiple models: soil loss was
primarily influenced by maximum soil compaction and saturated hydraulic conductivity
(Kfs); sediment concentration was associated with surface compaction; and runoff was
inversely related to average infiltration. The aspect orientation derived from LiDAR data
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revealed the presence of moss and more stable surface conditions in shaded areas under
the citrus canopy, emphasizing the role of microclimatic and biological factors in erosion
dynamics. Although machine learning approaches such as random forests were useful
in identifying relevant predictors, their performance was constrained by data variability
and sample limitations. Overall, this framework highlights a cost-effective and scalable
strategy for monitoring erosion risk, prioritizing key variables, and guiding sustainable
land management in perennial cropping systems.
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Abstract: Rainfall simulators are crucial devices in erosion research, enabling the controlled
reproduction of precipitation characteristics for both laboratory and field investigations.
This study presents a comprehensive characterization of a rainfall simulator originally
designed to assess the erosive effects of precipitation on heritage surfaces. The simulator,
installed at the University of Le6n, was evaluated using volumetric methods and disdro-
metric techniques, employing a Parsivel? optical disdrometer. Simulations were conducted
with a falling height of 10 m and high-intensity rainfalls. Spatial uniformity was assessed
through thematic mapping and the Christiansen Uniformity (CU) coefficient, revealing
limited uniformity across the full wetted area, but an improved performance within the
central zone (CU up to 80%). Disdrometric data provided detailed insights into drop size
and velocity distributions, enabling the estimation of rainfall intensity, kinetic energy, and
momentum, as well as the spatial uniformity of the energetic parameters. Empirical models
to estimate the raindrop’s fall velocity were tested against disdrometric measurements,
confirming the simulator’s ability to generate rainfall with velocity characteristics compa-
rable to those of natural precipitation. Moreover, the findings underscore the importance
of integrating multiple measurement approaches to enhance the reliability and accuracy of
rainfall simulator characterization.

Keywords: rainfall simulation; rain erosivity; disdrometric measurements; fall velocity;
raindrop size distribution; heritage erosion

1. Introduction

The importance of rainfall simulators in erosion research lies in their capacity to
reproduce key precipitation characteristics, such as rainfall intensity, kinetic energy, and
momentum, in a rapid and controlled manner while eliminating the variability inherent
to natural rainfall [1-4]. Due to these advantages, rainfall simulators have been used as a
systematic approach for both laboratory and field studies [5-7].

Over time, a wide range of simulators has been designed [8], each adapted to
specific research topics, including soil erosion [9-12], hydrology [13,14], water infiltra-
tion [15,16], runoff and sediment transport [17-19], heritage surfaces erosion [20,21], soil
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texture [22,23], the roles of runoff and splash erosion in soil degradation and landform
development [24-27], or the assessment of environmental impacts [28-30].

Nevertheless, the development of high-fidelity rainfall simulators remains a consid-
erable challenge [31]. Moreover, despite their widespread use, the lack of standardized
protocols and the heterogeneity of research goals represent additional limitations [32-36],
constraining the comparison of research results [8,37]. Indeed, devices range from simple
drip systems with capillary tubes [38] to pressurized nozzles/sprinklers [31] and aspersion
mechanisms [20]; some operate under highly controlled laboratory conditions, while others
are deployed in full-scale field plots; rainfalls can be applied from microplots [39] to large
field plots [40].

Few recognized protocols provide standardized procedures for rainfall simulator
calibration, testing configuration, and data collection and analysis. As an example, the
American Society for Testing and Materials (ASTM) developed the ASTM D6459 and
the ASTM D7101 protocols for rolled erosion control [41-45]; both aim to ensure the
reproducibility and comparability of erosion-related experiments, promoting consistent
evaluation of hydraulic performance under simulated rainfall conditions.

Common approaches for characterizing rainfall simulators typically include the use of
rain collectors to quantify rainfall intensity, photographic techniques to determine raindrop
fall velocity, and disdrometers to evaluate the size and velocity distribution of simulated
raindrops [46-48]. However, the choice of a particular characterization method can sig-
nificantly influence the measured rainfall parameters [37,49-51], potentially introducing
variability into the results and highlighting the need for standardized protocols to ensure
comparability across studies [52-54].

Green and Pattison [55] stated that the number, spatial arrangement, and physical
characteristics of rainfall collectors, such as their size and shape, directly affect the repre-
sentation of rainfall distribution over a plot surface. According to the authors, these factors
influence the assessment of uniformity, which is usually quantified using the Christiansen
Uniformity (CU) coefficient:

Isi’lc

ne -1
cu:100<1—211|1 5') (1)

in which I; is the rainfall intensity of a single rain collector, s is the mean rainfall intensity,
and 7, (—) is the number of rainfall collectors. Thus, as the CU value approaches 100%, the
rainfall pattern becomes increasingly uniform.

In other words, the CU method is susceptible to the sampling resolution and the layout
of collectors, resulting in differences in a rainfall simulator characterization when different
experimental setups are employed. As a consequence, the CU reflects both the performance
of the applied testing procedure and the simulator’s actual performance. However, the
CU coefficient remains one of the most widely applied methods due to its simplicity,
widespread acceptance, and long-standing use as a standard metric for comparing rainfall
simulator performance across different studies [55].

In previous literature, various thresholds of the CU coefficient have been proposed
to evaluate the spatial uniformity of rainfall simulators. A classification, originally de-
veloped by the American Society of Agricultural and Biological Engineers (ASABE) [56]
for irrigation systems, also adopted in rainfall simulation research as a benchmark for
experimental reliability [12,20], defines drippers and nozzles as follows: unacceptable
(CU < 60%), poor (60% < CU < 70%), fair (70% < CU < 80%), good (80% < CU < 90%), and
excellent (CU > 90%). Other authors [10,11,57,58] consider rainfall to be uniform when CU
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exceeds 80%, especially in small-scale experiments. For large plot areas, a threshold of 70%
or less has been accepted in some studies [26,59].

Regarding the use of photographic methods for estimating the fall velocity of rain-
drops, although these techniques have proven reliable, particularly in drip-type rainfall
simulators [49,50], their application in pressurized or other complex devices faces several
practical limitations. Manual procedures are time-consuming and labor-intensive; in addi-
tion, results depend on the operator, and errors can occur in the estimated kinetic energy of
up to +28% compared with the results obtained using automated methods [60]. Additional
limitations arise from drop deformation during free fall, which tends to flatten drops,
affecting velocity estimation [61]. Furthermore, drops located too close or too far from the
camera calibration plane appear enlarged or reduced, respectively, requiring the filtering of
out-of-focus data [61]. Finally, in multi-nozzle simulators with high drop densities, drop
overlap in the image plane can lead to identification and sizing errors [61].

Currently, disdrometers represent the last advancement in the field, enabling a com-
prehensive characterization of precipitation. Specifically, these devices provide detailed
measurements of the rainfall Particle Size and Velocity Distribution (PSVD), which is crucial
for a more reliable estimation of the rainfall kinetic energy, P, (J/ m?/s), and momentum,
M (N/m?). These are two key parameters to define rainfall erosivity [62] and play a cen-
tral role in soil detachment and splash erosion processes [8,63], infiltration and runoff
dynamics [64], and rainfall-induced deterioration of cultural heritage surfaces [20].

Most disdrometers use a laser optical technology, such as the Eigenbrodt ODM
470 [65,66], the Laser Precipitation Monitor (LPM) [67], the Multi-Angle Snowflake Cam-
era [68], the Particle Size Velocity (Parsivel) [69] and its integrated version (Parsivel?) [70],
and the two-dimensional video disdrometer [71,72].

Among the various disdrometers available, the Parsivel? (OTT Hydromet GmbH,
Kempten, Germany) and the LPM (Thies Clima, Gottingen, Germany) are particularly
prevalent in the field of rainfall simulator characterization [8,73-78].

Research on natural precipitation using Parsivel> and LPM disdrometers [79] has
demonstrated that both instruments systematically tend to underestimate raindrop fall
velocity and exhibit substantial discrepancies in the measured PSVD, with these differences
becoming more pronounced at higher rainfall intensities. According to the authors [79],
such differences and underestimations may arise from both hardware- and software-related
factors, including geometric variations in the laser configuration.

Further potential biases intrinsic to optical disdrometers include the nonuniform
power distribution across the laser beam, the misinterpretation of multiple particles as a
single drop, and the occurrence of margin fallers, i.e., drops that only partially intersect
the beam and are therefore not fully detected [80]. Although the manufacturers state that
these devices incorporate corrections for margin fallers and multiple particles, the specific
methodologies employed to address these sources of error remain undisclosed [79].

Therefore, due to the widespread tendency of optical disdrometers to underestimate
fall velocity, several studies [72,79,81-88] have avoided the use of measured velocity dis-
tributions, opting instead for empirical relationships [88-91] calibrated on natural rainfall
data, which relate terminal velocity, defined as the equilibrium speed at which gravitational
and aerodynamic drag forces are balanced [92], to raindrop diameter.

Based on the experimental data of Gunn and Kinzer [88], Atlas et al. [89] and Atlas
and Ulbrich [90] adopted the following empirical relationship to estimate the terminal
velocity of raindrops, V(py (m/s), as a function of their diameter D (mm):

V(p) = 9.65 —10.3e~ %P )
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Beard [91] did not propose a closed equation for estimating fall velocity but developed
a physically based model in which environmental variables (such as altitude, latitude,
temperature, relative humidity, air pressure) are considered. Therefore, this parametric
model uses several fit curves to represent the terminal velocity over specific diameter
ranges and atmospheric conditions.

Another formulation used in literature [93,94], also to estimate raindrop terminal
velocity in disdrometers that do not provide direct velocity measurement [92,95,96], is that
of Ferro [97], who used measurements from several studies [88,91,98-101] to propose the
following relationship:

Vip) = Vall — exp(—a;D)] ®)

in which D is expressed in cm, while the coefficients V}, (m/s) and ay, (cm) vary with the falling
height, assuming values, respectively, equal to 9.5 m/s and 6 cm for natural precipitations.

However, previous empirical formulations are not commonly applied in simulated
rainfall experiments, since the limited drop falling height under laboratory conditions often
prevents raindrops from reaching their terminal velocity.

An alternative approach is to apply empirical relationships validated under laboratory
conditions to estimate the fall velocity of raindrops, in which Vp is explicitly expressed as a
function not only of the raindrop diameter but also of the drop falling height set during the
experiment. Recently, after having analyzed fall velocity measurements in literature in the
falling height range of 0.5 m to 20 m [98], Serio et al. [49] proposed the following relationship:

D) = 12& 1_ 6—11‘43h’°‘24D} @)
408

in which D is expressed in cm and / (m) is the falling height, i.e., the distance from the

sprinkler’s outlet of the rainfall simulator to the disdrometer measuring surface. The

reliability of Equation (4) was positively verified using both experimental fall velocity

measurements, up to 1.3 m, obtained with a drip-type rainfall simulator [49] and literature

data up to 13 m [99].

In this context, the primary contribution of this study is the comprehensive characterization
of a laboratory rainfall simulator, which is currently being employed in studies on heritage
erosion. This characterization is performed by comparing different approaches, i.e., a volumetric
method using rain collectors and a disdrometric one employing a Parsivel? disdrometer, and
highlighting the discrepancies that can arise depending on the method chosen.

This is critical because erosion studies require the quantification of not only rainfall in-
tensity but also crucial erosivity parameters such as rainfall kinetic energy and momentum,
and their spatial uniformity across the tested surface.

The results presented here will deepen our understanding of the simulated rainfall’s
characteristics, enabling us to adapt the current configuration to different events, thereby
enhancing the simulator’s applicability to a variety of different situations focused on soil
and heritage erosion.

In addition, disdrometric data and raindrop velocity distribution collected with an
optical disdrometer are analyzed to evaluate the simulator’s ability to reproduce raindrop
velocities comparable to those observed in natural rainfall.

2. Materials and Methods
2.1. Experimental Setup

In the present study, the rainfall simulator (RS) recently proposed by Fernandez-
Raga et al. [20] is used; this RS was originally designed for studies on stone-based heritage
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erosion [20,102]. The device is located at the Department of Chemistry and Applied Physics,
Industrial Engineering School, University of Leén. The characterization of the RS was
performed using rain collectors for the volumetric calibration and an optical disdrometer
(OTT Hydromet GmbH, model Parsivel?, Kempten, Germany) for the disdrometric one.
The falling height, defined as the distance from the RS to the optical disdrometer sampling
surface, was set to 10 m.

2.1.1. Rainfall Simulator Design

The RS is suspended and anchored by tensioned steel cables to the walls of an internal
courtyard (Figure 1), whose vertical walls reduce the wind influence and prevent droplet
drift.

Figure 1. Rainfall simulator (RS) structure.

Tap water was avoided to supply the RS as its mineral content could, over time,
compromise the hydraulic efficiency of the system by depositing calcium, especially in the
smallest parts of the system (microsprinklers). Moreover, deionized water better represents
natural rain from a physical/chemical point of view since the presence of salts modifies
the water surface tension [103]. Therefore, using a purification system (Wasserlab, model
DE7003, Barbatdin, Navarra, Spain), deionized water was continuously supplied to a 100 L
tank equipped with a submersible pump (LISTA, Ehlis S.A., model Hidrosub AS-216,
Illescas, Toledo, Spain).

Water was then conveyed to the main supply line using a surface pump (Hidrobex
model EH-125, Parets del Vallés, Barcelona, Spain), which delivered it to the top of the in-
ternal courtyard. A constant pressure was selected for the present work. In particular, since
weathering and erosion processes on stone-based cultural heritage occur over large tempo-
ral scales, an appropriate methodology already established for these scenarios [20,102,104]
was followed, resulting in rainfall intensity values higher than those observed under natural
precipitation conditions.

Still, since the surface pump loses power over time [20], its functioning was automated
with an Arduino program. Therefore, after a continuous and constant run of 55 s, the
program stops the pump for 5 s, thereby allowing for a constant mean flow rate over time.
The cycle can be programmed for the desired time. For this investigation, a total rainfall
cycle of 5 min was chosen.
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Once water reaches the upper part of the hydraulic system, the main pipeline feeds
the RS structure (Figure 1), which consists of a metal frame supporting four independent
pipes equipped with 46 emitters with a flow rate that can range from 1 to 70 L/h (Figure 2).
Specifically, two emitter models commonly employed in gardening applications were
selected: 26 drippers releasing droplets in eight peripheral directions (Figure 2a), and 20
minisprinklers with a single central outlet for drop release, which can generate a spray
radius of 0-0.5 m (Figure 2b).

(@) (b)

Figure 2. Emitters employed in the RS: drippers (a) and minisprinklers (b).

Both emitter models allow a fine regulation of the outlet pressure by screw-
ing/unscrewing, thus impacting the size of simulated raindrops. Consequently, to generate
simulated rainfalls with the widest possible drop size variability, both the positioning and
the opening of the drippers and the minisprinklers were set randomly.

2.1.2. Optical Disdrometer

The disdrometric calibration was performed using a Parsivel? disdrometer (Figure 3).

Figure 3. Parsivel? optical disdrometer (OTT Hydromet GmbH, Kempten, Germany).
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This optical device is widely employed in both simulated and natural rainfall studies.
It measures the diameter and fall velocity of individual raindrops, classifying them into 1024
possible size—velocity combinations: 32 diameter classes ranging from 0.2 mm to 25 mm,
with class widths progressively increasing from 0.125 mm to 3 mm, and 32 velocity classes
ranging from 0.2 m/s to 20 m/s, with class widths increasing from 0.1 m/s to 3.2 m/s. The
assignment of each drop to a specific combination is governed by an undisclosed internal
algorithm [84].

2.2. Laboratory Protocol for the Rainfall Simulator Characterization
2.2.1. Volumetric Characterization

The volumetric calibration was focused on a rectangular sampling areaof 1.8 m x 1.8 m
(Figure 4).

1.2 m

1.8 m
1.2 m

10.87-11.06 cm
f Rain collector
50 Parsivel

3 cm

L B Ak R AL N
B A AR AL N J
(B A AR L N
B K R AL N
® &6 &6 & o o

1.8 m

Figure 4. Schematic representation of the volumetric and disdrometric characterization method. All
36 rain collectors were contemporarily employed in the 1.8 m x 1.8 m wetted area, while a single
Parsivel? disdrometer was alternatively positioned at the center of each of the 16 measuring surfaces
of the 1.2 m x 1.2 m wetted area.

Since the floor is composed of regular square tiles measuring 0.3 x 0.3 m, the char-
acterization was performed by placing rain collectors at the center of each of the 36 tiles.
Moreover, given the simulator’s configuration, characterized by a great falling height and
high simulated rainfall intensities, concerns arose around the droplet impact potentially
inducing splash phenomena. This could lead to water losses from within the collectors
or, conversely, to additional inflow caused by droplets rebounding off the floor, thereby
compromising the accuracy of volumetric measurements.

To address this issue, short plastic vessels (py), with a capacity of 0.5 L and a sampling
surface of 9.607 x 10~3 m? (Figure 5a), and tall plastic cups (p.), with a capacity of 1 L and
a sampling surface of 9.276 x 1073 m? (Figure 5b), were tested. For both rainfall collector
types, the larger upper diameter was used to determine the effective sampling surface.

The two distinct collector designs were employed to experimentally evaluate and
quantify the potential error introduced by droplet splash (splash-in/splash-out), ensuring
the robustness of the volumetric calibration.
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In addition, a third calibration dataset was obtained using p.s across two successive
rainfall simulation cycles to verify the temporal consistency of the simulator performance.

In other words, three different treatments (T) were employed: p, for 5 min (T1), p. for
5 min (T2), and p, for 10 min (T3). Due to their limited capacity, p,s could not be used for
the 10 min simulation.

Figure 5. Rain collectors used for the volumetric calibration: plastic vessels (a) and plastic cups (b).

Before each rainfall simulation, p, and p. were calibrated using a digital scale. After
the simulation, their outer surfaces were dried, and the collected water volume (Vol, L) was
weighed. Knowing the volume collected by each collector, their sampling area (A, m?), and
the simulation time (tg, 1), the simulated rainfall intensity (Is, mm/h) was calculated as:

Vol

Ig= ——
ST Atg

©)

For each treatment, three repetitions were performed, leading to a total of 324 rainfall
intensity measurements. To evaluate the rainfall spatial distribution of T1, T2, and T3,
the mean value of the three repetitions was considered to determine the CU coefficient
according to Equation (1).

Moreover, the Ig spatial distribution was also graphically evaluated using a geographic
information system (GIS) software (QGIS, version 3.34.14-Prizren) by creating thematic
maps, one for each treatment. To allow direct visual comparison among treatments, a fixed
graduated color scale was applied, ranging from light yellow to dark red, to represent
increasing rainfall intensity.

To determine whether the observed differences in terms of simulated rainfall intensity
were statistically significant, a two-way analysis of variance (ANOVA) with replication was
performed. The analysis considered two factors: treatment (T1, T2, T3), which reflects vari-
ations in both collector type and simulated rainfall duration, and collector position within
the simulator. That is, the ANOVA test determines whether the considered factors, either
individually or through their interaction, are responsible for any statistically significant
differences in terms of simulated rainfall intensity. Specifically, F-values and corresponding
p-values were calculated for each main effect and for the interaction term, and these were

71



Water 2025, 17, 3429

compared against the critical F-values to assess significance. The analysis was conducted
using a significance threshold of & = 0.05.

2.2.2. Disdrometric Characterization

Regarding the disdrometric characterization, a 1.2 m x 1.2 m wetted area was con-
sidered (Figure 4). This focus was selected because the previous volumetric calibration
suggested that the central 1.2 m x 1.2 m plot provided the most consistent and uniform
rainfall distribution. Thus, the Parsivel® disdrometer was placed at the center of each of the
resulting 16 tiles (Figure 4).

For each position, three 5 min rainfall cycle repetitions were performed, resulting in a
total of 240 1 min raw PSVD.

For each minute, rain intensity was determined using the following relationship:

t &2 D¥n

6004 1 Ueff,

(6)

Ip =

0\\21

in which t (s) is the sampling time, equal to 60 s for the present investigation, D; (mm) is
the mean diameter of the i-th diameter class, #; (—) is the number of drops recorded in the
i-th class, and o (mm?) is the effective sampling area that accounts for the margin faller
effect. This means that, to account for the undercounting of drops falling near the laser-
beam edges, a correction was applied to the nominal Parsivel? sampling area (5400 mm?),
according to the following relationship [79,84,105,106]:

n; D,‘
Teff = L<W - N2> )

where L (mm) and W (mm) are the Parsivel?® laser beam length and width, respectively,
which are equal to 180 mm and 30 mm, and N (—) is the total number of drops recorded
during the 1 min interval.

Regarding the rainfall kinetic power and momentum, each raw PSVD was processed
as follows for their determination:

3
D, \7 2
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in which p (kg/m?) is the water density, equal to 1000 kg/m?, v; (m/s) is the mean fall velocity
of the j-th velocity class, and 7;; is the number of drops recorded in the i-th and j-th class.

The mean Ip, P, and M values of each position were employed to determine the
spatial uniformity of the measured variables, according to Equation (1). Also, similarly to
what was described in Section 2.2.1, the same procedure using a GIS software was followed
to obtain thematic maps of the Ip, P, and M spatial distributions.

The rainfall intensity values obtained from the volumetric characterization using
rain collectors were compared with those derived from the disdrometric calibration. As
the previous two-way ANOVA with replication (Section 2.2.1) revealed no significant
differences among the volumetric treatments (T1, T2, and T3), their mean value, denoted as
IT (mm/h), was used to represent the volumetric rainfall intensity.
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(a)

To evaluate whether the RS was capable of generating raindrops resembling the
terminal velocity of natural ones, an analysis of the measured fall velocity using the
Parsivel? disdrometer was conducted.

Specifically, at first, for each i-th diameter class of the Parsivel® disdrometer, the weighted
mean raindrop fall velocity measured with the Parsivel? disdrometer, vp (m/s), relative to the
entire dataset and thus independently of the sampled positions was obtained as follows:

Y20 ni
op = = (10)
1

Then, the resulting vp values were compared with the calculated fall velocities, Vp),
derived from Equations (2)-(4).

3. Results and Discussion
3.1. Rainfall Intensity Spatial Distribution: Volumetric and Disdrometric Differences

Figure 6 shows the spatial distribution of the rainfall intensity (Is) obtained from
the three volumetric characterization treatments: T1 (Figure 6a), T2 (Figure 6b), and T3
(Figure 6¢). Each circle represents the average rainfall intensity recorded at a specific
sampling position, calculated from three repetitions per treatment.

(b) (c)

____________________________________________________

Figure 6. Spatial distribution of rainfall intensity (Is) for the three characterization treatments (T)
employed in this investigation: T1 (a), T2 (b), and T3 (c).

The thematic maps reveal a certain degree of variability in rainfall intensity, with
lower values observed in the peripheral zones and higher values concentrated in the
central area. When comparing the full sampling area (1.8 m x 1.8 m) with a slightly
reduced central portion (1.2 m x 1.2 m), the latter, despite exhibiting higher intensity
values, shows improved spatial homogeneity.

This central concentration may be attributed to the simulator’s configuration: the 46
emitters, randomly oriented and alternately screwed in to reproduce a complex rainfall
spectrum, may contribute more significantly to the central area, where drops from multiple
emitters overlap, while the peripheral zones receive input from fewer emitters. As a result,
the volumetric distribution is not perfectly uniform in the full sampling area.

These observations are supported by the data presented in Table 1, which reports,
for each treatment, the mean I value, standard deviation, and CU coefficient calculated
according to Equation (1), for both the full and reduced sampling areas.

The analysis reveals that the simulator delivers, on average, a nearly constant rainfall
intensity across treatments (Table 1), considering both the full and reduced sampling areas.
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However, the RS shows noticeable spatial differences within the full sampling area (CU from
56% to 62%), but improved uniformity across the 1.2 m x 1.2 m one (CU from 68% to 80%).

These results indicate that, within the full wetted area, the RS exhibits poor uniformity
according to ASABE standards [56]. However, when considering only the central portion
(Figure 6), the simulator reaches a 70% threshold across all treatments (mean CU equal
to 75.16%) and even approaches 80% in T1 and T2, a threshold commonly adopted as a
benchmark for uniformity in small-scale experiments [10,11,57,58] (Table 1).

Table 1. Mean rainfall intensity (Is), standard deviation, and Christiansen uniformity (CU) coefficient
(CU) for the three characterization treatments (T) employed in this investigation, evaluated in both
the 1.8 m x 1.8 m and the 1.2 m x 1.2 m sampling surfaces.

Treatment Mean I Standard cu Mean I Standard cu
(mm/h) Deviation (%) (mm/h) Deviation (%)

1.8 m x 1.8 m Wetted Area 1.2 m x 1.2 m Wetted Area
T1: py, 5 min 183.1 87.2 61.7 256.9 66.6 79.5
T2: pc, 5 min 181.8 91.0 59.9 252.9 71.0 77.6
T3: pe, 10 min 182.9 108.3 55.9 257.6 98.1 68.4

Although measuring two rainfall cycles might intuitively seem to reduce variability,
T3 shows the highest variability (Figure 6c), the lowest CU values, and the highest standard
deviations (Table 1), indicating the presence of more extreme intensity values. This is likely
not due to manual interventions (the system runs continuously under Arduino control),
but rather to nonstationary effects inherent to the simulator during its operation.

To further investigate whether significant statistical differences exist between the
employed treatments (effect 1) and the position of the rain collectors (effect 2, accounting
for the spatial distribution), a two-factor ANOVA was performed. The results in terms of
sum of squares (SQ), degrees of freedom (df), mean squares (MQ), F-value, p-value, and
F-critical are presented in Table 2.

Table 2. Two-factor ANOVA investigating whether significant statistical differences exist between
the three employed characterization treatments and the rain collector positions.

Source of Variation SQ df MQ F-Value p-Value F-Critical
Rain collector position 2,496,505.58 35 71,328.73 59.14 6.40 x 10~% 1.48
Treatments 107.17 2 53.59 0.04 0.96 3.04
Interaction 197,798.09 70 2825.69 2.34 1.43 x 107° 1.36
Intragroup 260,497.13 216 1206.01 — — —
Total 2,954,907.96 323 — — — —

The results of the two-factor ANOVA show highly significant differences due to rain
collector position (F-value > F-critical; p < 0.001), demonstrating spatial heterogeneity to
represent the primary source of variability in rainfall intensity. In contrast, treatment effect,
assessing differences due to collector type and simulation duration, is not statistically
significant (F-value < F-critical; p = 0.96), indicating that rainfall intensity does not change
appreciably among treatments.

Considering the previous results, rainfall intensity at each position can be expressed as
a single representative value, I, obtained by averaging the results from the three different
treatments.

Furthermore, to exclude positions less relevant from an erosive point of view, thus
characterized by lower rainfall intensity values, and to characterize a more uniform pattern
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of the simulator from a disdrometric standpoint, the outer positions of the 1.8 m x 1.8 m
pattern were excluded from subsequent analyses. Thus, only the central 1.2 m x 1.2 m wetted
area was considered (Figure 6). For each of the 15 1 min PSVD measurements recorded using
the Parsivel? disdrometer, Equation (6) was applied to compute the corresponding rainfall
intensity value, and the mean Ip value was then obtained by averaging these 15 values.

To assess the agreement between the two measurement methods, the (Ir, Ip) pairs cor-
responding to each fixed sampling position were plotted in Figure 7, in which the solid line
indicates the perfect agreement (1:1), while the dashed lines indicate the £20% error boundaries.
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Figure 7. Comparison between simulated rainfall intensity measured with rain collectors (I7) and
that measured using a Parsivel? disdrometer (Ip).

Overall, the Parsivel? disdrometer appears to underestimate rainfall intensity com-
pared with the rain collectors. Indeed, 87.5% of the measures lie below the 1:1 line (Figure 7),
and 43.75% of the points exhibit errors greater than or equal to 20%. This result is consistent
with those found in literature [81], where a general underestimation of rainfall intensity
using the Parsivel? is detected and variance between identical Parsivel? devices increases
significantly with precipitation intensity. Furthermore, many authors [79,84,105-107] have
reported that underestimation in rainfall intensity can be attributed to instrumental errors,
including margin fallers—raindrops pass only partially through the sensor’s laser beam
and are thus misclassified as smaller drops—and double detection—a single large drop is
erroneously registered as two or more separate smaller drops.

However, it is important to note that the measurement surfaces are not identical:
the disdrometer measures intensity over a rectangular area of 54 cm?, whereas the rain
collectors cover circular areas of 92.76 cm? (pv) and 96.07 cm? (pe)-

Therefore, the observed discrepancies between It and Ip can be explained by the
expected underestimation under extreme rainfall intensity conditions, the differences in
the real measurement surfaces, and the fair spatial uniformity exhibited by the simulator.

To further deepen the analysis on the differences between the two measurement
methods, spatial distribution of rainfall intensity obtained using both rain collectors (I1)
and a Parsivel? (Ip) is shown in Figure 8.

The coherent spatial overlay of the position of the rain collectors and the disdrometer,
combined with consistent color coding, enables immediate visual comparison between the
two measurement methods. This facilitates the identification of areas with similar rainfall
intensities, the detection of extreme events, and a first evaluation of the spatial distribution
captured by the disdrometer. Specifically, similar rainfall intensity values were recorded in
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only a few positions and, compared with the rain collector data, the intensities measured
with the disdrometer appear less uniformly distributed.
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Figure 8. Spatial distribution of simulated rainfall intensity in a 1.2 m x 1.2 m sampling surface,
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obtained using rain collectors (I7) and a Parsivel® disdrometer (Ip).

To quantitatively assess the uniformity of the simulated rainfall based on the full
dataset from both rain collectors and disdrometric measurements, the CU coefficient was
calculated using Equation (1). Notwithstanding similar mean rainfall intensities, equal
to 255.8 mm/h (rain collectors) and 229.6 mm /h (disdrometer), the volumetric method
yielded a CU of 75.7%, while the disdrometric method resulted in a lower CU of 61.1%.

According to the ASABE classification [56], the RS in the 1.2 m x 1.2 m surface
would be rated as fair (70% < CU < 80%) when evaluated using rain collectors and poor
(60% < CU < 70%) when evaluated using the disdrometer.

These discrepancies are consistent with findings reported in literature, which highlight
that the number, spatial arrangement, and physical characteristics of rainfall collectors,
such as their size and shape, directly influence the representation of rainfall distribution
over a plot surface [55].

3.2. Rainfall Kinetic Power and Momentum Spatial Distribution

To evaluate the uniformity of the rainfall energy-related parameters, i.e., the rainfall
kinetic power (P;) and momentum (M), derived by applying Equations (8) and (9) to the
disdrometer raw PSVD, their spatial distribution was analyzed. Figure 9 shows, for each
sampled position, the mean P, and M values of fifteen 1 min PSVD.

Opverall, the distribution of energetic parameters (Figure 9) mirrors the pattern previously
observed for rainfall intensity (Figure 8), displaying a non-uniform spatial distribution within
the wetted area of 1.2 m x 1.2 m. The rainfall momentum exhibits a higher degree of spatial
uniformity compared to kinetic power, likely due to the quadratic dependence of the latter on
fall velocity. Indeed, the uneven distribution of rainfall intensity reflects the non-uniform spatial
pattern of the drop size distribution and the associated fall velocities. Thus, this variability in
raindrop fall velocity is further amplified in the calculation of kinetic power.

Specifically, the RS discharges a mean P, of 1.54 ]/m? /s and a mean M of 0.39 N/m?
in the 1.2 m x 1.2 m sampled area, registering a CU coefficient, respectively, equal to 61.5%
and 65.0%. These values reflect a level of spatial variability comparable to that observed
for rainfall intensity (Ip) (CU = 61.1%). Therefore, when assessed through disdrometric
methods, the simulator exhibits poor uniformity [56] across the three metrics (Ip, Py, M).
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Figure 9. The spatial distribution of the rainfall kinetic power (P;) (a) and Momentum (M) (b) ob-
tained using a Parsivel® disdrometer.

3.3. Raindrop Fall Velocity

Given the 10 m drop falling height of the employed RS, raindrops are expected to reach
terminal velocities comparable to those observed under natural precipitation conditions.
To verify this, the weighted mean fall velocity for each diameter class, vp, measured with
the Parsivel® disdrometer was compared with the velocities V(p calculated using empirical
relationships from literature. Specifically, Equations (2) [89,90] and Equation (3) [97]
represent typical fall velocities under natural rainfall conditions, while Equation (4) [49]
was developed to estimate drop velocities in laboratory settings.

Figure 10 shows the comparison between the measured vp, derived from raw PSVDs
using Equation (10), and the calculated V p) relationships. In particular, Figure 10a displays
vp versus V(p), with a 1:1 reference line and +20% deviation bands, allowing visual
assessment of the agreement between measured and predicted velocities. Figure 10b
illustrates the variation in both vp and V p) as a function of drop diameter.
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Figure 10. Comparison between weighted mean velocity measured with the Parsivel® disdrometer,
vp, and calculated, V(py, raindrop fall velocity (a); variation in both vp and V p) as a function of drop
diameter, D (b).

77

T

13

14



Water 2025, 17, 3429

Generally, the agreement between experimental measurements and empirical relation-
ships demonstrates the

Effectiveness of the RS system in generating drops that fall at velocities consistent with
terminal conditions, as evidenced by the close alignment between measured and predicted
values (Figure 10a,b). However, the Parsivel® tends to underestimate fall velocities com-
pared with all the tested empirical relationships, consistently with what has been observed
in natural precipitation events [79].

Moreover, Equation (4) results applicable for predicting the fall velocity of simulated
raindrops under the present experimental conditions, despite having been previously
validated only for drip-type simulators with limited drop heights [49] (Figure 10a,b). The
points of Atlas et al. [89] fall entirely within the £20% error band, while those of Ferro [99]
and Serio et al. [49] show greater errors, between 2 m/s and 4 m/s (Figure 10a).

Furthermore, for smaller diameters (D < 3 mm), the Parsivel? shows a general tendency to
slightly underestimate the fall velocity compared with the values calculated using literature-based
relationships. Conversely, for larger diameters (D > 3 mm), all the empirical models accurately
describe the velocity of the simulated raindrops (Figure 10b), with greater uncertainty for diameter
values above 6 mm. These results are consistent with the findings by Luo et al. [108], who reported
that the Parsivel? exhibited a slight negative bias in mean fall velocity for the 1.375-2.75 mm
diameter range, while showing a positive bias for drops exceeding 5.5 mm in diameter.

It is worth noticing also that the empirical relationships tend toward an asymptotic
value of approximately 9-10 m/s (Figure 10a,b), which is consistent with the maximum
velocities observed in nature for drops of around 6-8 mm. In contrast, the Parsivel?
disdrometer recorded both unrealistically large drop diameters (up to 13 mm) and a
maximum weighted mean fall velocity of 11.02 m/s (Figure 10a,b). These outliers may
be attributed to coalescence phenomena induced by the simulation system, instrumental
errors such as overlapping drops within the laser beam being interpreted as a single drop,
or the limited fall height, which may prevent the onset of breakup processes typically
observed in larger natural raindrops [109].

It is also important to consider that the velocity comparison in Figure 10 is presented per
fixed diameter class, without accounting for the relative abundance of drops within each class,
as the goal was to assess whether the agreement between measured and calculated velocities
holds consistently across the full range of drop sizes. However, such an evaluation must be
weighted by the actual frequency of occurrence of each diameter class. Specifically, in the
present dataset, approximately 99.9% of all simulated raindrops fall within the diameter range
of 0.31 mm to 6.50 mm. Consequently, discrepancies observed at larger diameters may have
limited practical relevance, given their negligible contribution to the overall drop population.

3.4. Broader Implications and Future Applications

The RS characterized here is being currently applied to investigate the erosive effects
of precipitation on stone-based heritage surfaces [20,102]. Nevertheless, the comprehen-
sive characterization presented in this study using volumetric methods and disdrometric
technics extends its potential far beyond this specific research field. Indeed, the detailed
assessment of rainfall intensity, kinetic energy, and momentum, as well as their spatial
distribution and the information regarding fall velocity provide a complete description of
the simulated rainfall regime, therefore allowing the use of this simulator for a wide range
of hydrological and erosive research topics.

Specifically, we recommend the 1.2 m x 1.2 m as the maximum sample size for experi-
ments requiring the highest level of accuracy and fully controlled rainfall parameters. When
testing samples that exceed this size, the characteristics for the area beyond this 12 m x 1.2m
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plot must be evaluated relying only on the calibration data derived from the rain collectors,
which cover the larger area, or spatially interpolating the disdrometer data to the unmeasured
zones, while acknowledging the associated uncertainties that this estimation process introduces.

Moreover, since the selected sampling procedure can substantially influence the results
of the simulator characterization, standardization of sampling procedures is of paramount
importance and must combine different characterization methodologies for a more robust
and comprehensive analysis.

However, in light of the results presented in this work, future research should aim
to enhance the spatial uniformity of simulated rainfall and to standardize the protocol
for a more robust and reliable comparison between events, thereby enhancing the overall
reproducibility and applicability of the simulator for comparative studies.

4. Conclusions

This study provides a comprehensive characterization of a laboratory RS originally
designed to reproduce the erosive effects of high-intensity rainfall on heritage materials.
The integrated use of volumetric and disdrometric techniques allowed for a detailed
evaluation of the simulator’s hydrological and energetic performance, confirming its ability
to realistically simulate the erosive effects of precipitation by achieving natural-like drop
velocities and, therefore, kinetic energy and momentum.

The volumetric calibration, performed using different collector types and sampling
durations, demonstrated that the simulator delivers consistent average rainfall intensities,
but exhibits marked spatial variability over the entire wetted area. However, the CU
coefficient improved up to nearly 80% within the central area.

Conversely, the analysis of the spatial distribution of rainfall intensity, kinetic power,
and momentum obtained with a Parsivel? disdrometer within the same central area re-
vealed poor uniformity.

Disdrometric measurements also confirmed the simulator’s ability to generate rain-
drops able to achieve velocities comparable to those predicted by empirical relationships
for natural rainfall, confirming its reliability in reproducing realistic fall dynamics even
under limited falling height conditions.

Future research should aim to enhance the spatial uniformity of simulated rainfall
and provide deeper insight into the physical realism of simulated precipitation, verifying
whether the measured drop size distribution fits commonly used probabilistic functions
such as gamma, Weibull, or lognormal.
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List of Symbols and Units

The following Symbols and Units are used in this manuscript:

Symbol Description Unit

A Rain collector sampling area m?

an Coefficient of Equation (3) cm

cu Christiansen uniformity coefficient %

D Raindrop diameter mm
D; Mean diameter of the i-th diameter class mm

h Drop falling height m

I; Rainfall intensity of a single rain collector mm/h
Ip Rainfall intensity measured by the Parsivel? disdrometer mm/h
Is Mean rainfall intensity mm/h
It Mean rainfall intensity across the treatments T1, T2, and T3 mm/h
L Length of the Parsivel® laser beam mm
M Rainfall momentum N/m?2
N Total number of drops in 1-min sampling time by the Parsivel? disdrometer )

e Number of collectors )

np Number of diameter classes for which the disdrometer recorded velocities )

n; Number of drops in the i-th diameter class ()

1jj Number of drops in the i-th dimeter class and j-th velocity class )

Pn Rainfall kinetic power J/m?/s
t Sampling time for the disdrometric characterization s

tg Time of the simulation for the volumetric characterization h

VD) Terminal fall velocity of raindrops according to literature relationships m/s

0] Mean fall velocity if the j-th velocity class m/s
Va Coefficient of Equation (3) m/s
Vol Water volume sampled by rain collectors L

up Mean raindrop fall velocity recorded by Parsivel?® for each i-th diameter class ~ m/s
W Width of the Parsivel? laser beam mm
Oeff Effective sampling area of the Parsivel® disdrometer mm?
0 Water density Kg/m?3
Abbreviations

The following abbreviations are used in this manuscript:

ANOVA Analysis of variance

ASABE American Society of Agricultural and Biological Engineers
ASTM Advancing Standards Transforming Markets

df Degree of freedom

GIS Geographical iformation system

LPM Laser Precipitation Monitor

MQ Mean square

Parsivel Particle Size Velocity
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Pe Plastic cups

PSVD Particle Size and Velocity Distribution

Po Plastic vessels

RS Rainfall simulator

SQ Sum of square

T Treatment for the volumetric characterization of the rainfall simulator
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Abstract: This study investigates the spatial coupling between geohazard susceptibility
and soil conservation capacity in Guangdong Province, China, using integrated spatial
analysis and machine learning approaches. Through kernel density estimation, hotspot
analysis, principal component analysis (PCA), and t-SNE clustering applied to 11,252
geohazard records and nine soil conservation factors, we identify three critical mecha-
nisms: (1) Topographic steepness (LS factor) constitutes the primary control on geohazard
distribution (r = 0.162, p < 0.001), with high-risk clusters concentrated in northeastern
mountainous regions (Meizhou-Huizhou-Heyuan); (2) Vegetation coverage (C_mean) me-
diates rainfall impacts, exhibiting significant risk reduction (r = —0.099, p < 0.001) despite
counterintuitive negative correlations with mean rainfall erosivity; (3) Soil conservation
effectiveness depends on topographic context, reducing geohazard density in moderate
slopes (Cluster 0: 527.04) but proving insufficient in extreme terrain (Cluster 2: LS = 20.587).
The emerging role of rainfall variability (R_slope, r = 0.183) highlights climate change
impacts.

Keywords: geological disaster; soil and water conservation; correlation; principal
component; clustering

1. Introduction

Geological hazards are destructive surface changes induced by geological processes
or human activities, constituting natural disasters that pose severe threats to both society
and ecosystems [1,2]. Global disaster inventories confirm that high-relief terrains and
coastal zones are particularly prone to landslides, debris flows, and subsidence, events
that frequently result in substantial socio-economic losses across these vulnerable regions.
Critically, the escalating pace of climate change—manifested through increased frequency
and intensity of extreme weather events—combined with the intensification of land-use
practices, is dramatically amplifying the exposure and susceptibility of communities to
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these pervasive hazards [3]. This heightened risk profile underscores an urgent need for
innovative mitigation strategies to enhance resilience [4,5].

Soil-water conservation (SWC) serves as a foundational disaster mitigation strategy by
enhancing slope stability through erosion control [6]. Previous studies have demonstrated
that vegetation restoration, structural stabilizers (e.g., lime, cement, and fly ash), and
terrain engineering (e.g., soil compaction) can significantly mitigate rainfall-induced slope
failures [7-9]. However, regionally divergent disaster susceptibilities persist, reflecting
spatial heterogeneities in SWC implementation efficacy [10,11]. Thus, quantifying spatial
linkages between geohazard density and SWC effectiveness emerges as a critical research
frontier for sustainable risk governance [12].

Guangdong Province, situated in southern China, features diverse topography char-
acterized by complex landforms and a humid climate with abundant rainfall. The region
experiences various geological disasters, including landslides, collapses, and debris flows.
Due to significant terrain undulations, intricate geological conditions, and high-intensity
precipitation, Guangdong faces perennial threats from geological hazards. In recent years,
accelerated urbanization and infrastructure development have intensified human impacts
on the geological environment, leading to increased frequency and risk of geological dis-
asters. To mitigate these risks, soil and water conservation measures have been widely
implemented across Guangdong. These include vegetation restoration, soil improvement,
and conservation engineering projects, which collectively enhance ecological conditions
and soil structure [13]. For instance, the following may be considered: Vegetative cover and
slope surface treatment reduce rainfall-induced soil erosion [14]; Barrier facilities decelerate
debris flow velocity and dissipate destructive energy [15]. Such interventions not only
lower disaster occurrence probabilities but also improve regional ecological resilience.
However, the effectiveness of conservation measures varies significantly across regions,
influenced by local geological settings, climatic patterns, and anthropogenic activities.

In recent years, scholars worldwide have made significant achievements in the research
on geological hazards and soil-water conservation. Studies primarily focus on the following
aspects: (1). Spatial distribution and influencing factors of geological hazards: Technologies
such as remote sensing and Geographic Information Systems (GIS) are used to analyze spatial
distribution characteristics and key influencing factors [16-18] (e.g., topography, rainfall, soil
types) of geological hazards. These studies provide crucial data support for revealing the mech-
anisms of geological hazard occurrence. (2). Effectiveness evaluation of soil-water conservation
measures [19,20]: Through field observations and experimental studies, the effectiveness of
various soil-water conservation measures (e.g., vegetation restoration, engineering barriers) in
reducing soil erosion and controlling geological hazards is evaluated. These studies provide a
scientific basis for promoting and optimizing soil-water conservation practices. (3). Relationship
between geological hazards and soil-water conservation [21,22]: Some scholars employ statis-
tical analysis to explore the relationship between geological hazard frequency and soil-water
conservation measures, finding that conservation factors (e.g., vegetation coverage [23], soil
retention capacity [24]) significantly influence hazard occurrence. Despite these substantial
accomplishments, most studies concentrate on single factors or localized regions, lacking sys-
tematic, global-scale spatial analysis of the relationship between geological hazard density and
soil-water conservation capacity. Systematic research remains relatively scarce for regions like
Guangdong Province, characterized by complex geological conditions and diverse hazard types.
In particular, studies on the spatial distribution of geological hazard density and its correlation
with soil-water conservation capacity are insufficient. The complexity of geological hazards and
the diversity of conservation measures in Guangdong necessitate further research to uncover
intrinsic relationships, providing scientific foundations for disaster prevention and mitigation.
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This study aims to elucidate the spatial distribution characteristics of geological
hazard density in Guangdong Province through spatial analysis methods and explore its
relationship with soil and water conservation capacity. The specific objectives include: (1).
Reveal spatial distribution patterns of geological hazard density: Utilize spatial hotspot
analysis to uncover the spatial distribution laws of geological hazard density within the
study area and identify high-risk zones. (2). Investigate spatial correlations between
geological hazard density and soil and water conservation factor: Quantify the spatial
correlation between geological hazard density and soil and water conservation factor, and
identify key influencing factors. The findings will provide critical insights for geological
hazard prevention and mitigation in Guangdong Province and other similar regions.

2. Materials and Methods
2.1. Study Area

Guangdong Province is located in the Pearl River Basin in southern China. The
province features complex topography, primarily consisting of coastal plains, hills, and
mountains. It experiences a humid subtropical monsoon climate, characterized by abun-
dant annual rainfall. The average annual precipitation exceeds 1500 mm, with uneven
distribution concentrated predominantly in the summer rainy season. Major rivers, includ-
ing the Pearl River (Zhu Jiang), East River (Dong Jiang), and West River (Xi Jiang), form
an extensive river network. This hydrological system exerts a crucial impact on regional
soil-water conservation and the occurrence of geological hazards [25].

Guangdong Province exhibits a complex and diverse geological environment, primar-
ily composed of granite, metamorphic rocks, and sedimentary rocks, representing distinct
geological formations. The terrain features significant topographic relief, with mountainous
areas accounting for over 76% of the total land area. Owing to complex topography and
highly variable climatic conditions, the region is prone to frequent geological hazards, with
landslides, rockfalls, and debris flows being the most prevalent types. During torrential rain
seasons (April-September), intense rainfall and elevated soil saturation levels significantly
increase the susceptibility to catastrophic geological events, particularly in mountainous and
rural slope-cutting zones [26].

2.2. Data Source and Type

The spatial distribution data of geological hazard sites in Guangdong Province
was obtained from the Resource and Environment Science and Data Center of the
Chinese Academy of Sciences (https://www.resdc.cn/DataSearch.aspx) (accessed on
31 March 2024), encompassing 11,252 hazard sites across seven categories: collapses, sink-
holes, debris flows, land subsidence, ground fissures, landslides, and unstable slopes [27].

The dataset of soil conservation service preventing soil water erosion in China (1992-2019)
is available at Science Data Bank (https://cstr.cn/31253.11.sciencedb.07135) (accessed on
31 March 2024) [28]. This dataset includes nine zip files (“.rar”). All the data in the zip files
are raster data (“.tif”). The details about every zip file we used were as follows (Figure 1).

“C1992-2019.rar”: It contains the mean value and changing rate of the C-factor from
1992 to 2019, which were named “C_mean.tif” and “C_slope.tif”, respectively.

“K_300.rar”: It contains the K-factor data, named “K_300.tif” (300 m x 300 m resolution).

“LS_300.rar”: It contains the LS-factor data, named “LS_300.tif” (300 m x 300 m resolution).

“P_300.rar”: It contains the P-factor data, named “P_300.tif” (300 m x 300 m resolution).

“R1992-2019.rar”: The mean value and changing rate of the R-factor in China from
1992 to 2019, named “R_mean.tif” and “R_slope.tif”, respectively. The resolution of the
datais 1 km x 1 km.
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“SC 1992-2019.rar”: The mean value and changing rate of soil conservation service
(300 m x 300 m resolution).
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Figure 1. Study Area and Dataset. (a) geographical location of Guangdong Province; (b) geomorphic
features of Guangdong Province; (c) spatial distribution of the dataset.

Which, C is the vegetation cover and management factor (dimensionless); K is the soil
erodibility factor (t h MJ~! mm™1!); LS is the topographic factor (dimensionless) with L
being the slope length factor and S being the slope factor; P is the support practice factor
(dimensionless); R is the rainfall erosivity factor (MJ mm ha=! h~1 a~1); SC is the soil
conservation service (t ha=! a!) is defined as soil retention, which is soil water erosion
prevented by vegetation and practice measures.

2.3. Method

(1) Using the Kernel Density Estimation (KDE) method [29,30], we generated a den-
sity distribution map of geohazard sites via ArcGIS Pro 3.0.0 to determine their spatial
density distribution.

. 1 & X — x;
Gridcode = nth< A ) 1)

where Gridcode represents the estimated density value at location x; n denotes the total
number of geohazard sites; /1 is the bandwidth (smoothing parameter); K signifies the
kernel function, with commonly used types including the Gaussian kernel and Uniform
kernel; x; indicates the location of the i-th geohazard site.

The bandwidth (search_radius) selection mechanism strictly follows Silverman’s rule
of thumb for spatial correction algorithms. The tool automatically calculates the optimal
radius based on the spatial distribution of the input points (11,252 disaster points) using

the following formula:
(. IQR .
h=09x mm(a, 134> X 1

Qil—=

()

where ¢ is the standard deviation of the nearest neighbor distances, IQR is the interquartile
range, and n = 11,252.

(2) Using ArcGIS Pro 3.0.0 and geohazard distribution data of Guangdong Province,
we applied spatial statistical analysis to calculate the z-score and p-value for each geohazard
site [31]. The z-score measures the local clustering intensity of geohazard sites, while the
p-value (derived from the z-score based on the standard normal distribution) evaluates
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the statistical significance. Confidence intervals further determine the reliability range of
the results. This approach ultimately identified significant hot spot and cold spot clusters
within Guangdong Province, revealing the spatial distribution characteristics and their
statistical significance of geohazards.

The steps to identify significant geological hazard clusters using the Z-score are as follows:

1. Calculate the local density: Compute the kernel density value x; for each location in
Guangdong Province;

2. Calculate the global statistics:

S|

X =

Z?:l Xi 3)

$= \/n i 12?:1(’” %)’ @)

X;i —X
Zi: ZS (5)

where x is the observed value; ¥ is the average value.

3. Calculate Z-score:

4. Significance test for the Z-score of individual locations (Hotspot Analysis):

If z; > 2.58, location i is a significant hotspot at the 99% confidence level (i.e., the
hazard density at this location is far above the average level);

If1.96 < z; < 2.58, location i is a hotspot at the 95% confidence level;

If —1.96 < z; < 1.96, location i is not significant (i.e., the hazard density is close to the
average level);

If —2.58 < z; < —1.96, location i is a significant cold spot at the 95% confidence level;

If z; < —2.58, location i is a significant cold spot at the 99% confidence level (i.e., the
hazard density at this location is far below the average level).

(3) By overlaying soil and water conservation indices with geohazard density distribu-
tion data, we calculated the correlations and significance levels between geohazard density
and each factor. Principal Component Analysis (PCA) [32,33] was employed to extract
dominant influencing factors and quantify their impact on geohazard density.

The input data includes 11,252 observation samples and nine soil and water conserva-
tion factor variables (C_mean, C_slope, K_300, LS_300, P_300, R_mean, R_slope, SC_mean,
SC_slope). The analysis process is as follows:

1. Data Standardization: Use Z-standardization to eliminate the effects of dimensions:

Z=o(x—p) ©)

where p is the mean of the variable, and ¢ is the standard deviation.
2. Correlation Matrix Calculation: Construct a 9 x 9 Pearson correlation matrix R

"1 ... T19
R=|: -~ @)
g1 ... T99
Yo (xpi— i)

rij = corr(x;, xj) = ; (8)
\/2?-1 (xki—%7)*Lp_q (xkjfxij)

3. Eigen Decomposition: Solve for the eigenvalues and eigenvectors of the correlation
matrix. The eigenvalues A satisfy the following:
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IR—AI| =0 )

where R is the correlation matrix and [ is the identity matrix.

4. Component Selection: Retain the principal components based on the Kaiser criterion
(eigenvalues > 1).

5. Factor Rotation: Apply Varimax rotation to optimize the structure of the loading matrix.

(4) KMO Test: Conduct the Kaiser-Meyer-Olkin (KMO) test to quantitatively evaluate
the sampling adequacy and variable intercorrelation strength, ensuring data suitability for
factor analysis. The KMO calculation formula is as follows:

1. Calculate the partial correlation matrix:

R*l
- \/diag(Rfl) x diag(RT)

P (10)

where, R~ is the inverse of matrix R mathbit RT is the transpose of matrix x R, and the
diagonal elements are set to 0.
2. Calculate the KMO value:

T
Yz 15+ Lin P

KMO = (11)

(5) Bartlett’s Test of Sphericity: Perform Bartlett’s test to statistically verify the presence
of significant systematic associations among variables by rejecting the null hypothesis of
an identity correlation matrix (p < 0.01).

= |n-1) = 22| (cinR) (12)
where p represents the number of variables, which is 9. |R| values are the determinants of
the correlation matrix.

(6) t-Distributed Stochastic Neighbor Embedding (t-SNE) is a nonlinear dimension-
ality reduction method particularly suitable for high-dimensional data visualization.
This method retains the local structure features of the data by optimizing the Kullback—
Leibler divergence between the probability distributions in the low-dimensional and high-
dimensional spaces. The principle is as follows:

1. High-Dimensional Space Similarity: For high-dimensional data points xi and xj, the

conditional probability is defined as:

exp(~ i — x| /207)
Pjii = N (13)
Tisiexp(—xi - x¢l|2/207)

where 0; is the variance of the Gaussian distribution centered at x;, controlled by the
perplexity parameter.

Prep(P;) = 2", H(p)) = —Zj pjiilog,pji (14)

2. Low-Dimensional Space Similarity: In the low-dimensional embedding space,
similarity qij is measured using a Student’s t-distribution:
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(14 i)

- YAl (1 + llyx — 3/1||2) B

qij (15)

3. Optimization Objective Function: The objective is to minimize the Kullback-Leibler
divergence between pairwise distributions:

Pij

-1 16
5 (16)

KL(P[|Q) =), Zj pijlog

Using gradient descent optimization, the partial derivative with respect to y; is as follows:

O0KL -1
5y, — 1 (P = ai) (v — y)) (1+ v — vl (17)

In this study, t-SNE is used to reduce the dimensionality of the standardized soil
conservation factors (including eight indicators such as terrain ruggedness, vegetation
cover index, and rainfall erosivity) from a high-dimensional space to a two-dimensional
visualization space. The t-distribution characteristic of t-SNE effectively handles the long-
tail distribution features present in this study (such as the slope distribution), avoiding the
“crowding problem” and enhancing the visualization of geomorphological features. The
parameters are set as follows:

Perplexity = 30, balancing local and global structures;

Learning rate = 200, ensuring the convergence of the optimization process;

Early exaggeration = 12, enhancing cluster separation;

Number of iterations (n_iter) = 1000, ensuring sufficient convergence of the algorithm.

(7) Subsequently, K-means clustering was employed to delineate characteristic zones
using the following:

1. Core formula of K-means clustering;:

Objective function:

T = Y0 Ve llx — il (18)

where k is the number of clusters, C; is the set of samples in the i-th cluster, y; is the centroid
of the i-cluster, and ||x — ;]| is the Euclidean distance from the sample point x to the
centroid y;. The centroid y; is calculated as follows:

1
i = @era x (19)

The Euclidean distance is calculated as follows:

d(xy) =\ L (- y)° 20)

where x, y are two p-dimensional sample points (where p = 9 soil and water conservation
factors), and x;, y; are the values of the j-th variable.

Cluster number selection criteria:

@ Elbow method: The rate of decrease in J(k) as k increases:

o[

when A(k) is significantly smaller than A(k + 1), choose k as the optimal value.
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2. Kruskal-Wallis test (overall difference test):

12 K R?
H= <N(N+1)Zi=l m) —3(N+1) (22)

where N is the total sample size, k is the number of clusters, R; is the rank sum of the i-th
cluster, and n; is the sample size of the i-th cluster.
3. Mann-Whitney U test (pairwise comparison):

ni(ng +1)

U=R -5

(23)
where R is the rank sum of the first group.

3. Results
3.1. Distribution Characteristics of Geohazard Density

Figure 2a displays the spatial distribution of geohazard types across Guangdong
Province, indicating province-wide coverage with a particularly dense concentration of both
variety and quantity in cities like Guangzhou and Shenzhen. Figure 2b illustrates regional
geohazard intensity, where Areas (0.001-282.841) represent widespread low-intensity zones.
Areas (1979.884-2825.644) denote concentrated high-intensity zones, primarily in Meizhou,
Huizhou, Heyuan, and the surrounding regions. Figure 2c identifies geohazard hot spots
and cold spots using hot spot analysis: Deep red areas (99% confidence level) cluster in
Meizhou, Huizhou, and northern Heyuan. Orange areas (95% confidence level) show
broader distribution, including peri-urban zones of Qingyuan City.

3.2. Correlation Between Geological Hazard Density and Soil Conservation Factors

Figure 3 illustrates the correspondence between kernel density values and nine erosion
factors (C_mean, C_slope, K_300, LS_300, P_300, R_mean, R_slope, SC_mean, SC_slope).
Correlation analysis demonstrates significant relationships between geological hazard den-
sity and soil-water conservation factors (p < 0.05) (Figure 4, Tables 1 and 2). Key correlations
include: strong negative correlations with mean rainfall erosivity (r = —0.247) and mean
vegetation coverage (C_mean = —0.099); strong positive correlations with topographic
factor (LS_300 = 0.162), mean soil conservation capacity (SC_mean = 0.116), and rate of
change in rainfall erosivity (R_slope = 0.183); while soil erodibility (K_300 = 0.019) and rate
of change in soil conservation capacity (SC_slope = 0.067) exhibited slight yet statistically
significant positive correlations.

Table 1. Correlation Matrix.

grid_code C_mean C_slope K_300 LS_300 P_300 R_mean R_slope SC_mean SC_slope
grid_code 1 —0.099 —0.018 0.019 0.162 0.007 —0.247 0.183 0.116 0.067
C_mean —0.099 1 0.269 0.065 —0.549 —0.348 0.256 —0.237 —0.566 0.109
C_slope —0.018 0.269 1 0.073 —0.137 —0.119 —0.059 0.002 —0.167 —0.126
K_300 0.019 0.065 0.073 1 —0.012 —0.154 —0.346 0.281 —0.047 0.023
LS_300 0.162 —0.549 -0.137 —0.012 1 0.258 —0.252 0.22 0.954 —0.262
P_300 0.007 —0.348 —0.119 —0.154 0.258 1 0.011 0.018 0.248 —0.098
R_mean —0.247 0.256 —0.059 —0.346 —0.252 0.011 1 —0.244 —0.05 —0.345
R_slope 0.183 —0.237 0.002 0.281 0.22 0.018 —0.244 1 0.194 0.085
SC_mean 0.116 —0.566 —0.167 —0.047 0.954 0.248 —0.05 0.194 1 —0.422
SC_slope 0.067 0.109 —0.126 0.023 —0.262 —0.098 —0.345 0.085 —0.422 1
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Figure 2. Spatial Distribution of Geohazard Types in Guangdong Province. (a) geohazard type of

Guangdong Province; (b) Z-score distribution; (c) cold and hot spots distribution.
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Figure 3. The correspondence between kernel density values and nine erosion factors.
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Figure 4. Correlation Diagram between Soil Conservation Factors and Geological Hazard Kernel Density.

Table 2. Correlation and Significance Analysis Results.

Factor Correlation p-Value Significance Interpretation
R_mean —0.247 0 o p <0.001
R_slope 0.183 0 i p <0.001
LS_300 0.162 0 e p <0.001

SC_mean 0.116 0 e p <0.001
C_mean —0.099 0 o p <0.001
SC_slope 0.067 0 b p <0.001

K_300 0.019 0.0006 i p < 0.001
C_slope —0.018 0.0019 * p<0.01

P_300 0.007 0.2469 n.s. p>0.10

Notes: Significance (p-Value): p-Value < 0.001, “***”; p-Value < 0.01, “**”; not significant, “n.s.”.

3.3. Principal Components of Soil and Water Conservation Affecting Nuclear Density

The results of the factor analysis suitability test indicate that the Bartlett’s test of
sphericity yielded a statistic of 153,644.1 (p < 0.001), strongly rejecting the null hypothesis
of variable independence and supporting the suitability of the data for dimensionality
reduction analysis (Table 3 and Figure 5). However, the KMO test value was 0.47, below
the recommended threshold of 0.6, indicating weak commonality information among
the soil and water conservation factors. Specifically, there is significant informational
independence between variables, such as a strong direct association between LS_300
(topographical factor) and SC_mean (soil conservation capacity) (p = 0.97, p?> = 0.94),
whereas the association between vegetation cover (C_mean) and rainfall erosivity (R_mean)
is mainly mediated by topography (r = —0.55 vs. p = —0.13). This complex interaction
pattern reflects the spatial heterogeneity characteristics of the soil and water conservation
system in Guangdong Province.
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Table 3. The results of the factor analysis suitability test.

Variable Pair rij rlzj Pij pfj
C_mean vs. C_slope 0.27 0.07 0.19 0.04
C_mean vs. K_300 0.06 0.00 0.19 0.04
C_mean vs. LS_300 —0.55 0.30 0.30 0.09
C_mean vs. P_300 —0.35 0.12 —0.29 0.09
C_mean vs. R_mean 0.26 0.07 0.41 0.17
C_mean vs. R_slope —0.24 0.06 —0.13 0.02
C_mean vs. SC_mean —0.57 0.32 —0.39 0.15
C_mean vs. SC_slope 0.11 0.01 —0.08 0.01
C_slope vs. K_300 0.07 0.01 —0.04 0.00
C_slope vs. LS_300 —0.14 0.02 0.11 0.01
C_slope vs. P_300 —0.12 0.01 —0.04 0.00
C_slope vs. R_mean —0.06 0.00 —0.10 0.01
C_slope vs. R_slope 0.00 0.00 0.09 0.01
C_slope vs. SC_mean —0.17 0.03 —0.13 0.02
C_slope vs. SC_slope —0.13 0.02 —0.29 0.09
K_300 vs. LS_300 —0.01 0.00 —0.15 0.02
K_300 vs. P_300 —-0.15 0.02 —0.07 0.00
K_300 vs. R_mean —0.35 0.12 —0.38 0.14
K_300 vs. R_slope 0.28 0.08 0.26 0.07
K_300 vs. SC_mean —0.05 0.00 0.12 0.02
K_300 vs. SC_slope 0.02 0.00 —0.12 0.01
LS_300 vs. P_300 0.26 0.07 0.20 0.04
LS_300 vs. R_mean —0.25 0.06 —0.64 0.41
LS_300 vs. R_slope 0.22 0.05 —0.05 0.00
LS_300 vs. SC_mean 0.95 0.91 0.97 0.94
LS_300 vs. SC_slope —0.26 0.07 0.39 0.15
P_300 vs. R_mean 0.01 0.00 0.16 0.02
P_300 vs. R_slope 0.02 0.00 —0.02 0.00
P_300 vs. SC_mean 0.25 0.06 —0.18 0.03
P_300 vs. SC_slope —0.10 0.01 —0.09 0.01
R_mean vs. R_slope —0.24 0.06 —0.04 0.00
R_mean vs. SC_mean —0.05 0.00 0.61 0.37
R_mean vs. SC_slope —0.35 0.12 —0.05 0.00
R_slope vs. SC_mean 0.19 0.04 0.08 0.01
R_slope vs. SC_slope 0.08 0.01 0.16 0.03
SC_mean vs. SC_slope —0.42 0.18 —0.48 0.23
Total 2.90 3.25

KMO = 2.90/(2.90 + 3.25) = 0.47

3.3.1. Results of Principal Component Analysis (PCA)

Principal Component Analysis (PCA) reveals that soil and water conservation fac-
tors explain 83.13% of the total variance across five principal components (Figure 6,
Tables 4 and 5). PC1 (31.42% variance) has high positive loadings from topography (LS_300,
0.54) and soil conservation services (SC_mean, 0.55), and a high negative loading from
vegetation cover (C_mean, —0.46). PC2 (19.28% variance) is driven positively by rainfall
erosivity (R_mean, 0.60) and negatively by soil erodibility (K_300, —0.50) and soil con-
servation change rate (SC_slope, —0.41). Subsequent PCs capture complex interactions:
PC3 (13.83%) shows inverse vegetation cover (C_slope, 0.59) and soil conservation change
(SC_slope, —0.56); PC4 (9.80%) reflects synergy between engineering measures (P_300, 0.59)
and vegetation change (C_slope, 0.68); PC5 (8.80%) indicates opposite responses in rainfall
erosion (R_slope, —0.57) and engineering measures (P_300, —0.55).
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Figure 5. Comparison chart of variable correlation and partial correlation.
Table 4. Principal Component Loadings Table.
PC1 PC2 PC3 PC4 PC5 PCe PC7 PC8 PC9
C_mean —0.462 0.067 0.233 —0.072 0.008 0.029 0.754 0.386 —0.067
C_slope —0.158 —0.054 0.591 0.683 0.119 —0.234 —0.054 —0.291 -0.017
K_300 —0.01 —0.498 0.355 —0.237 —0.276 0.605 0.067 —0.35 0.022
LS_300 0.544 —0.014 0.116 —0.015 0.289 —0.041 0.383 —0.052 0.675
P_300 0.262 0.167 —0.304 0.588 —0.546 0.314 0.253 0.068 —0.028
R_mean —0.134 0.596 0.09 —0.291 —0.378 —0.196 0.123 —0.566 0.135
R_slope 0.193 —0.428 0.127 —0.128 —0.565 —0.624 0.036 0.195 0.009
SC_mean 0.548 0.112 0.176 —0.122 0.183 —0.051 0.268 —0.14 -0.717
SC_slope  —0.201 —0.407 —0.557 0.105 0.18 -0.22 0.355 —0.509 —0.079

Table 5. Principal Component Variance Table.

Principal Component

Variance Explained

Cumulative Variance

PC1
pPC2
PC3
PC4
PC5
PCo6
pPC7
PC8
PC9

0.314249
0.192757
0.13828
0.098034
0.087963
0.079334
0.052394
0.035187
0.001803

0.314249

0.507006

0.645286
0.74332

0.831283
0.910616
0.96301
0.998197

1

97



Water 2025, 17, 2527

Principal Component Analysis of Soil and Water Conservation Factors

(a) Scree Plot of PCA (b) Factor Loadings Plot (PC1 vs PC2)
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Figure 6. Principal Component Analysis of Soil and Water Conservation Factors.

3.3.2. t-SNE Dimensionality Reduction and Clustering Analysis

Cluster analysis identified five feature regions (contour coefficient = 0.246, Calinski-
Harabasz index = 7046.5) (Figure 7, Table 6): Cluster 1 exhibits the highest disaster density
(672.59), where low vegetation coverage (0.026) and steep terrain (topographic factor = 11.305)
dominate risk factors, with moderate soil conservation capacity (2462.48) insufficient to offset
topographic disadvantages. Cluster 2 shows extreme terrain (topographic factor = 20.587),
driving high disaster density (578.11), where even the strongest soil conservation capacity
(5454.60) remains inadequate. Clusters 3 and 0 exhibit similar vegetation coverage and terrain
factors, but they differ in hazard levels (600.42 vs. 527.04). Cluster 3 is characterized by high
soil conservation capacity (781.42), while Cluster 0 is influenced by high rainfall erosivity
(9863.08). Cluster 4 represents the sole low-risk zone (disaster density = 101.84), where
flat terrain (topographic factor = 1.306) and high vegetation coverage (0.206) synergistically
mitigate the impact of maximum rainfall erosivity (10,482.20).
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Figure 7. Cluster analysis identified five feature regions.
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Table 6. Clustering Feature Table.

Cluster Disaster Density Vegetation Coverage Terrain Factor Rainfall Erosivity Soil Conservation
(Median) (Mean) (Mean) (Average) (Mean)
0 527.04 0.197 3.339 9863.08 725.937
1 672.59 0.026 11.305 7730.72 2462.48
2 578.112 0.032 20.587 9617.99 5454.6
3 600.42 0.197 3.531 8542.3 781.424
4 101.835 0.206 1.306 10482.2 307.082

The spatial distribution of clusters (Figure 8) and corresponding geomorphic char-

acteristics (Figure 9) reveal critical patterns: Clusters 1 and 3 share identical geomorphic

composition (marine deposits: 76.3% + fluvial-lacustrine deposits: 11.8% + alluvial deposits:
15.8%) yet exhibit different disaster densities (672.59 vs. 600.42). Cluster 2 displays extreme
geomorphic homogeneity (marine deposits: 93.5%), with the maximum topographic factor

(20.587) confirming uncontrollable risks in open marine terrain. Cluster 0 contains the

highest proportion of alluvial deposits (32.7%), driving its heightened sensitivity to rainfall

erosion (9863.08) and resulting in moderate disaster density (527.04). Cluster 4 is enriched

with gentle continental slopes (42.3% occurrence) and lacustrine plains, where flat terrain

(topographic factor = 1.306) and dense vegetation (coverage = 0.206) completely suppress

the strongest rainfall erosivity (10,482.20), achieving minimal disaster density (101.84).
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Figure 9. Spatial Distribution Characteristics of Clustering across Different Geomorphological Types
(Code 11 (Marine deposits): Dominated by wave and current action in coastal environments; Code 16
(Pluvial-lacustrine deposits): Fluvial-lacustrine transitional zones with periodic flooding; Code 17
(Alluvial deposits): River channel and floodplain sedimentation; Code 20 (Arid pluvial deposits):
Ephemeral flood deposits in dry regions; Code 40 (Gentle continental slopes): Transitional slope
environments between continental shelf and deep basin.).

4. Discussion

This study presents a comprehensive spatial analysis of geohazard density and soil
conservation capacity in Guangdong Province. Our findings reveal fundamental relation-
ships as follows:

Comprehensive analysis indicates that Guangdong Province exhibits diverse and
widespread geohazard types, with higher intensity observed in eastern and northern
regions (e.g., Meizhou and Qingyuan). Geohazard hotspots are primarily concentrated
in areas surrounding Meizhou and Huizhou, while cold spots dominate cities such as
Maoming and Yangjiang.

The correlation between the kernel density of geological disasters and soil and water
conservation factors reveals two core mechanisms. (1) Natural protection effect: A high
average rainfall (R_mean) represents a normal level, where a higher average rainfall pro-
motes vegetation growth, and dense vegetation (C_mean) significantly inhibits geological
disasters, confirming its ecological barrier function. This is consistent with existing research,
which indicates that vegetation itself is beneficial for slope stability [34]. Additionally, for
slopes affected by rainfall, the application of vegetation significantly increases the safety
factor of the slope [35]. (2) Risk-driven pattern: Steep terrain (LS_300) directly triggers
disasters, while the positive correlation of soil conservation (SC_mean) is an interesting
phenomenon. This reflects that areas with stronger soil conservation capacity often have
higher geological disaster risk levels (positive correlation). This positive correlation is the
result rather than the cause [36]. It reveals that in high-risk areas (due to steep terrain),
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more management efforts (soil and water conservation projects) have been made, thereby
increasing soil conservation. Therefore, high soil conservation is an indicator or marker
of the strong management needs and actions in high-risk areas. In practice, we cannot
use the level of soil conservation alone as an evaluation standard for geological disas-
ter susceptibility. A comprehensive evaluation, including actual management measures,
is needed.

Although the KMO value (0.47) is lower than the conventional threshold, the spatial
heterogeneity of soil and water conservation factors it reflects is precisely the essential
characteristic of the disaster system in Guangdong Province. A key warning is that the
increasing trend of rainfall erosivity (R_slope) becomes an emerging source of risk, high-
lighting the potential threat of climate change. Extreme rainfall induces geological disasters,
becoming a challenge for geological disaster prevention and control under climate change
conditions [37,38]. The weak impact of soil characteristics (K_300) indicates that regional
disaster differentiation is mainly dominated by terrain and climate. The five PCA dimen-
sions form an integrated framework for soil-water conservation dynamics. PC1 and PC2
dominate (50.7% combined variance), revealing core drivers: PC1 highlights the conflict
between topography-driven conservation efforts and inadequate vegetation management;
PC2 underscores high rainfall erosivity coupled with degrading soil conservation capacity.
This structure provides a quantitative basis for spatial differentiation of geological hazard
risks, prioritizing regions where natural forces and conservation lapses intersect.

The partitioning results reveal three core patterns: (1) Absolute dominance of topogra-
phy: Clusters 1-2 demonstrate that steep terrain is a sufficient condition for disasters, even
with strong management measures (Cluster 2), the risk cannot be completely mitigated [39];
(2) Vegetation-topography synergistic barrier: Cluster 4 validates that flat terrain combined
with dense vegetation can completely inhibit disasters, highlighting the combined necessity
of landform modification and ecological restoration; (3) Dual-path mechanism in medium-
risk areas: Cluster 0 and Cluster 3 demonstrate considerable similarity across multiple
environmental indicators (e.g., vegetation coverage, terrain factor, soil conservation), but
exhibit significant divergence in geomorphic composition. As the fundamental basis of
surface materials, geomorphic composition governs the efficiency of water—soil interactions.
The heightened erosion sensitivity in Cluster 0 arises from the triple hybrid of marine,
fluvial-lacustrine, and alluvial deposits (98%), compounded by the amplification effect
of arid deposits, leading to persistent erosion. Conversely, Cluster 3’s elevated disaster
density is primarily attributed to the abrupt destabilization tendency inherent to marine-
dominated sediments—despite lower erosion sensitivity, individual disaster events likely
generate larger-scale impacts. The similarity in environmental parameters is superseded
by geomorphic distinctions: under comparable vegetation and terrain conditions, disaster
typology (gradual erosion versus catastrophic failure) more effectively explains disaster
density variation than total erosion volume. This analysis substantiates the principle that
geological foundations dictate disaster mechanisms. Future investigations should examine
event-based rainfall records and historical disaster patterns (e.g., prevalence of large-scale
landslides or liquefaction events in Cluster 3). Regarding mitigation strategies: Cluster 0
necessitates distributed interventions (e.g., vegetated swales); Cluster 3 requires prioritized
monitoring of critical rainfall thresholds (e.g., installation of piezometers).

The geomorphology-disaster feedback reveals three universal mechanisms: (1) Abso-
lute dominance of topography: In marine sedimentation zones (Clusters 1-2), disaster risk is
inherently determined by coastal geomorphic configuration (e.g., cliff inclination, sediment
consolidation), where engineering interventions (e.g., Cluster 2’s conservation capacity
of 5454.60) offer only marginal risk reduction due to fundamental landscape constraints.
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(2) Hydrological sensitivity effect: The alluvial system (Cluster 0) exhibits amplified feed-
back to rainfall erosion dynamics, with runoff coefficient increases during storm events,
mandating adaptive rain—flood management frameworks integrating real-time hydrolog-
ical monitoring. (3) Geomorphology—ecology synergistic barrier: Slope transition zones
(Cluster 4) develop efficient disaster buffering through geometric—ecological coupling—
where gentle gradients and multilayer vegetation coverage (canopy + understory) jointly
dissipate kinetic energy, establishing a replicable regional management paradigm for haz-
ard mitigation efficacy.

5. Conclusions

Based on 11,252 geohazard records (Resource and Environment Science and Data
Center) and multi-decadal soil conservation datasets (Science Data Bank, 1992-2019), this
study employed Spatial Clustering (Kernel Density Estimation + Z-score hotspot analysis),
Multivariate Statistics (PCA with KMO and Bartlett’s p < 0.01 validation), and Machine-
Learning Partitioning (t-SNE and DBSCAN clustering) to analyze geohazard-environment
linkages across Guangdong. Four principal conclusions emerge from this research:

1. Spatial risk stratification: Guangdong exhibits distinct geohazard zones: high-risk
mountainous northeast (Clusters 1-2), medium-risk transitional areas (Clusters 0, 3),
and low-risk coastal plains (Cluster 4). This stratification provides a targeted manage-
ment basis.

2. Key controlling factors: Geohazard susceptibility is primarily governed by topo-
graphic steepness (LS factor), modulated by vegetation coverage (C_mean) and
rainfall variability (R_slope). Soil conservation measures show location-dependent
effectiveness, achieving optimal results when combined with vegetation restoration
on moderate slopes.

3. Climate change impacts: Increasing rainfall variability (R_slope) emerges as a sig-
nificant emerging risk factor, particularly given climate projections for intensified
precipitation extremes in South China.

4. Management implications: High-risk zones: Prioritize engineering-slope stabilization
combined with deep-rooted vegetation; Medium-risk zones: Implement vegetation-
based solutions with continuous cover monitoring; All zones: Establish early-warning
systems triggered by R_slope thresholds.
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Abstract: This study examines the spatio-temporal dynamics of rainfall erosivity, R, in the
Umbria region (central Italy), based on a 20-year dataset of 30 min precipitation records
from 54 stations. Using the RUSLE2 framework, models of varying complexity were
evaluated to estimate the R-factor: the original model (Model A), and models based solely
on event rainfall depth h, or daily rainfall depth hy. All the models show consistency in the
spatial and temporal patterns of the R-factor: higher erosivity is observed in the southern
and northwestern areas, while summer contributes the most to annual erosivity due to the
high average intensity of rainfall events. Trend analyses indicate stationarity across most
stations. Compared to Model A (mean R-factor: 1840 MJ mm ha 1h! y_l), the models
based on he underestimate the R-factor by about 15%, whereas the R-factor derived from the
hg4-dependent model is almost equivalent. The estimate from Model A is also approximately
20% higher than that of a previous study conducted on a more limited dataset. The most
likely reason for this difference appears to be the formula used for estimating the R-factor.
The study highlights the practicality of simplified models, which offer a viable alternative
in contexts where high-resolution precipitation data are unavailable. It also demonstrates
the benefits of denser station networks and longer observation periods, particularly in
regions characterised by complex terrains.

Keywords: RUSLE2; rainfall runoff erosivity factor; runoff models; erosion models; hydro-
logical processes seasonality; zoning of hydrological processes

1. Introduction

Soil is a vital, non-renewable resource essential for agricultural productivity, ecosys-
tem services, and global sustainability. Its role in carbon sequestration, water regulation,
and biodiversity maintenance underpins numerous ecological and economic processes [1].
However, unsustainable land-use practices, such as deforestation, overgrazing, and inap-
propriate agricultural methods, have led to widespread soil degradation, compromising
both food security and ecosystem resilience. Among the various degradation processes,
water erosion is particularly significant, as it not only diminishes soil fertility but also
accelerates desertification, alters hydrological cycles, and contributes to downstream sedi-
mentation [2].

Water erosion involves the detachment and transport of soil particles through chemical
and mechanical mechanisms. This process is influenced by a combination of interrelated
factors, including climatic conditions, soil characteristics, topography, vegetation cover,
and land management practices [3]. Climatic changes, particularly in regions prone to
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intense rainfall events, amplify erosion risks by increasing runoff potential and the erosive
force of precipitation [4]. In the Mediterranean region, a hotspot for erosion studies, the
interplay of steep topographies, erodible soils, and intense rainfall creates a scenario of
heightened vulnerability [5-7].

Rainfall aggressiveness, a key driver of erosion, is determined by the intensity and
duration of precipitation events. This parameter is quantified through the concept of rainfall
erosivity, which measures the kinetic energy of rainfall and its ability to generate runoff [8,9].
The interaction of raindrop impact with soil particles initiates the detachment process, while
the subsequent overland flow facilitates particle transport [10,11]. The R-factor, central
to models like the Universal Soil Loss Equation (USLE) and its successors (RUSLE and
RUSLE-2), captures this erosive potential, combining the effects of kinetic energy and
maximum 30 min rainfall intensity [12]. These models have become fundamental tools
for assessing soil erosion risk, offering insights that extend beyond soil conservation to
support flood and landslide risk assessments [13-16].

The USLE framework estimates annual soil loss (A) using the equation:

A=RxKxLxSxCxP,

where

e A:average annual soil loss (t ha™1);

e R:rainfall erosivity factor (MJ mm ha—'h=1);

e K:soil erodibility factor (th ha=! MJ~! mm™1);
e  L:slope length factor;

e  S:slope steepness factor;

e  C:cropping and management factor;

e  P:erosion control practices factor.

Accurate estimation of the R-factor requires high-temporal-resolution rainfall data,
usually recorded at intervals of 1 to 60 min. These data allow for precise results based on
the accumulated erosivity of individual rainstorm events [17]. However, in many regions,
such data are scarce, requiring the formulation of empirical models that relate erosivity to
readily available rainfall metrics, such as daily, monthly, or annual totals [18-20].

Rainfall erosivity studies across Europe demonstrate significant spatial and temporal
variability. In Slovenia, Mikos et al. [21] used high-resolution precipitation data to assess
erosion risks, while in Spain’s Ebro catchment, Angulo-Martinez et al. [22] highlighted the
influence of extreme events on sediment transport. Mici’c Ponjiger et al. [23] produced
rainfall erosivity maps for the Western Balkans region based on RUSLE and RUSLE2 mod-
elling and ERAS data, highlighting the presence of well-defined spatial patterns. Petroselli
et al. [20], for a small area in central Italy, conducted a comparative evaluation of several
simplified formulas that can be used to estimate annual rainfall erosivity in the absence of
high-resolution rainfall datasets. In Switzerland, Meusburger et al. [24] produced detailed
erosivity maps that informed national conservation strategies. At a continental scale, ad-
vancements in geospatial analysis have enabled estimates of rainfall erosivity across Africa
and Europe using satellite-derived precipitation data and geostatistical models [25,26]. In
the Algarve region of Portugal, these approaches have been further refined by integrating
secondary variables like elevation, thus improving spatial predictions of erosivity [27].

In Italy, a comprehensive assessment based on 10 years of pluviographic data from
386 meteorological stations produced a high-resolution (500 m) national map of rainfall
erosivity [28]. The study revealed distinct spatio-temporal patterns, underscoring the
importance of localised assessments for effective land management. The broader appli-

107



Water 2025, 17, 801

cations of these findings extend to natural hazard mitigation, with rainfall erosivity data
aiding in the prediction of floods and landslides caused by high-intensity precipitation
events. In Europe, a detailed study [29] leveraging a decade of pluviographic data from
over 1500 meteorological stations led to the creation of a high-resolution (500 m) map of
rainfall erosivity across the continent. This work highlighted significant spatial variability
in erosivity values, shaped by climatic and geographical factors. This framework supports
policymakers and stakeholders in implementing sustainable land-use practices. However,
previous studies have certain shortcomings, such as the limited length of the historical
series used and the density of weather stations, even in areas characterised by high spatial
variability in precipitation.

The present study examines rainfall erosivity estimation using four models of varying
complexity, focusing on the region of Umbria in central Italy. The reference Model A utilises
high-resolution semi-hourly data to compute the R-factor with exceptional accuracy, cap-
turing the detailed dynamics of individual rainfall events. While ideal for focused research,
the computational demands and data requirements of Model A limit its applicability in
regions lacking detailed records.

Model B introduces a methodological simplification by employing monthly parameters
(otm, Pm) specific to each meteorological station, striking a balance between accuracy and
practicality. Model C further reduces computational complexity by segmenting the year
into three seasonal periods (winter, humid, and summer) and applying constant parameters
for each station. This approach lowers data requirements while preserving the robustness
of erosivity estimates. Finally, Model D is designed for contexts where only daily rainfall
data are available, establishing a relationship between daily cumulative rainfall (hg) and
daily erosivity (Ry).

The first objective is to analyse the spatiotemporal variability of the R-factor at the
regional scale. The resulting isoerosivity maps are essential for land-use planning and soil
conservation, as they identify areas of heightened vulnerability, support the prioritisation
of mitigation strategies, and contribute to sustainable land management [30]. The second
objective is to define and test simplified models to facilitate R-factor estimation through
less detailed input data. The resulting models are useful for size remediation and protec-
tion solutions for soil conservation at the local scale, and also for when long-time series
of detailed meteorological data are unavailable. Finally, by integrating high-resolution
precipitation data, simplified modelling approaches, and advanced geospatial techniques,
enhance the planning, programming, and management of the soil erosion protection policy.

Spatial resolution is a critical factor in this context. The results obtained are only truly
valuable when they can be effectively integrated into areas of a relatively limited size,
such as the Umbria region. In larger areas, the use of low-resolution spatial scales can
provide general guidance for policy development; however, these scales are insufficient for
delivering the detailed and precise information required for more targeted and actionable
decision-making. For this reason, a further objective of the study was to compare the
R-factor map obtained in this work, based on a dense network of stations, with the one
derived from larger-scale studies [29].

Finally, the statistical trend analysis of annual erosivity series allowed for complet-
ing the study with valuable insights into the presence of potential long-term changes in
erosion risk.
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2. Materials and Methods
2.1. Materials

The study refers to the Umbria region, which extends across central peninsular Italy
with a surface area of 8465 km?. The region is characterised by a predominantly temperate
climate, with cool winters and warm summers, although local variability is influenced by
the region’s morphology, which includes both hilly and mountainous areas. The average
annual precipitation is approximately 857 mm with a relevant interannual variability.
Precipitation is primarily concentrated in spring and autumn (40.5%), followed by winter
(34.4%). Although summer is the driest season, it still contributes 25.1%. The distribution
and intensity of rainfall play a crucial role in erosion processes and the management of
regional water resources.

The dataset used for the analysis was defined based on semi-hourly precipitation time
series provided by the Regional Hydrological Service, encompassing a total of 94 meteo-
rological stations. Overall, the initial database contained 29,779,498 semi-hourly records,
corresponding to approximately 1700 years of observations. However, not all stations in the
initial dataset were included in the final analysis. Stations with excessively short historical
series were excluded, as well as years with incomplete months characterised by more than
5% of missing data. This filtering process was carried out to avoid underestimation of the
annual R parameter.

The final dataset, obtained after these operations, includes 54 meteorological stations
(as shown in Figure 1 and Table 1), each with a sufficiently long historical precipitation
series. To enhance the representativeness of the areas near the regional boundaries, stations
from Verghereto (ID54) and Castel Cellesi (ID12), located in neighbouring areas outside of
Umbria, were also included in the analysis. The density of the monitoring network, with
one station every 156.8 km? (equivalent to a grid of approximately 12.5 km x 12.5 km),
ensures high spatial coverage, which is crucial for an accurate representation of erosive
dynamics at the regional scale.

Legend:
@ Metereological station :
Regional boundaries

4

Figure 1. Localization of the stations in the territory. Numbers represent station’s IDs.
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The altitude of the stations ranges from 109 to 1087 m above sea level (mean: 382 m
a.s.l.). Of the total number of monitored stations, 46% are in hilly areas (300-700 m a.s.1.),
42% in flat areas (0-300 m a.s.l.), and 13% are situated in mountainous regions (>700 m
a.s.l.). Two stations are located at altitudes exceeding 1000 m a.s.1.

Table 1. Identification codes (ID), name, and altitude above sea level (m a.s.L.).

Metereological  Elevation (m Elevation (m

ID Station as.l) ID  Metereological Station asl)
1 Allerona 153.2 28 Norcia 691.3
2 Amelia 319.5 29 Orvieto 3114
3 Armenzano 707.7 30 Orvieto Scalo 109.3
4 Azzano 235.2 31 Pajs;fg‘lflzgsul 327.8
5 Bastardo 331.5 32 Perugia Fontivegge 308.5
6 Bastia Umbra 203.3 33 Perugia Santa Giuliana 433.8
7 Bevagna 211.5 34 Petrelle 341.9
8 Cannara 1914 35 Petrignano del Lago 303.9
9 Carestello 517.8 36 Pianello 231.5
10 Casacastalda 730.1 37 Piediluco 370.0
11 Casigliano 272.5 38 Pierantonio 239.0
12 Castel Cellesi 362.8 39 Ponte Felcino 191.6
13 Cerbara 310.0 40 Ponte Nuovo Torgiano 170.0
14 Citta di Castello 304.0 41 Ponte Santa Maria 240.1
15 Compignano 240.2 42 Ponticelli 2449
16 Foligno 220.0 43 Ripalvella 453.1
17 Forsivo 963.2 44 San Benedetto Vecchio 729.4
18 Gualdo Tadino 596.5 45 San Biagio della Valle 257.0
19 Gubbio 471.5 46 San Gemini 297.1

20 La Cima 790.8 47 San Savino 260.0

21 Lago Corbara 128.0 48 San Silvestro 379.9

22 Massa Martana 327.9 49 Spoleto 353.2

23 Moiano 270.3 50 Terni 123.0

24 Monte Cucco 1087.2 51 Todi 326.1

25 Montelovesco 634.1 52 Umbertide 305.7

26 Narni Scalo 108.9 53 Vallo di Nera 306.7

27 Nocera Umbra 535.7 54 Verghereto 1069.2

2.2. Methods

2.2.1. Isoerosivity Maps

Isoerosivity maps are generated through a zonation process based on cluster analysis
of the R parameter, which is estimated using the following models. The visualisation is
achieved through Inverse Distance Weighting (IDW) interpolation of the mean annual R
values recorded at individual stations.
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2.2.2. Model A

According to the definition by Wischmeier and Smith [8], the calculation of the rainfall
erosivity factor (expressed in M] mm h~! ha~! y~1), requires precipitation data with a
temporal resolution of at least semi-hourly intervals. Given the limited availability of such
high-resolution data, simplified calculation models or those requiring precipitation data
with lower temporal resolution are often used.

In this study, several models were parameterized using as reference data the erosivity
calculated with the RUSLE 2 model [31], referred to in the text as Model A, as follows:

Re = Ee X I30/ (1)

where Re (M] mm h™! ha~1) denotes the erosivity of single erosive event; E. (M] ha1)
is the total energy of the event; and I3y (mm h™1) is the maximum semi-hourly intensity
during the event e.

In the rainfall dataset, following the methodology of Wischmeier and Smith [8], indi-
vidual events are identified as rainy periods preceded and followed by at least six non-rainy
hours. Each event is then subdivided into elementary events i, for which the specific energy
e; MJ ha—! mm™1) is calculated as follows:

e = (1072 x 0021, @

where I; (mm h~!) denotes the erosivity of single erosive event.
The total energy of the event is given by the summation of the individual e; values
as follows:

k
Ee = Zizl €i, (3)

where k is the total number of elementary events within the rainfall event.

Re, calculated using Equation (1), serves as the reference value for subsequent eval-
uations and model parameterization. Specifically, the annual value (Ry) is defined as
the summation of the erosivity of all individual events occurring between 1 January and
31 December:

Ry = 2:1 Re, )

where n is the total number of erosive events in the given year.
The mean annual erosivity R for each station is considered as the multi-year average:

R= (L), Ry) /v ©)

where N is the total number of years analysed.

2.2.3. Simplified Models for Erosivity Estimation Based on the Event Rainfall Depth he

Accurate estimation of rainfall erosivity through derived USLE models necessitates
semi-hourly precipitation records. However, reconstructing long-term historical series
with this level of detail remains impractical. While gridded datasets (e.g., E-OBS or ERA5-
Land) offer a potential alternative, their temporal resolution is typically inadequate for
this purpose. Consequently, it becomes essential to develop models that simplify the
estimation of the R factor using rainfall data with lower temporal resolution, which are
more widely available.

To reduce the computational burden of calculating Re in terms of the required temporal
resolution of the data, a literature-based model was evaluated [32-35]. In this model, the
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rainfall erosivity index for a single event is assumed to be proportional to the power of the
rainfall depth of the event he (mm):

Re = o % hﬂ ) ®)
ts

where « is the scale factor; 3 is the model parameter; t is the temporal reference; and s is

the spatial reference.

The parameters « and (3 assume different values based on the selected temporal
reference t and spatial reference s.

If the temporal reference t is not specified, the parameters are determined using the
sample of all events available in the historical series of station s. Conversely, when t is
specified (e.g., the month of January, the period from June to September, etc.), the following
procedure is applied.

The sample of all events occurring during the specified t periods in the historical series
is extracted (e.g., all events in January). For each event, he and Re are calculated using the
procedure described for Model A. The parameters o and 3 are then determined through
regression analysis between the two variables. This procedure is repeated for each t and
for each spatial reference.

Model B

With reference to Equation (6), the erosivity of a single event R, is calculated by taking
the temporal reference as the month t = m and the spatial scale as the individual station
s. With S representing the number of stations and M the number of months m in a year,
S x M parameter pairs {¢mys, BPms; m=1,...M;s=1,... S} are determined and employed
in Equation (6) to estimate the erosivity Re of rainfall events with depth he in the month m
and station s. As in the case of Model A, the annual erosivity Ry and the average annual
erosivity Ry, are subsequently calculated using Equations (4) and (5).

Although it represents a simplification compared to the estimation procedures of USLE
and RUSLE-2, Model B remains highly complex due to the variability, and consequently,
the large number of parameters required.

Model C

With reference to Equation (6), the erosivity of a single event R is calculated by taking
the temporal reference as the period p, while the spatial scale remains focused on individual
stations. With S representing the number of stations and P the number of periods p in a year,
S * P parameter pairs {ops, Bps;p=1,...P;s=1,... S} are determined using the procedure
described for Model A, and employed in Equation (6) to estimate the erosivity Re of rainfall
events with depth he for period p and station s. The total number of periods is three:
1, the winter period (January, February, March, December); 2, the humid period (April,
May, October, November), and 3, the summer period (June, July, August, September). As
in the case of Model A, the annual erosivity Ry and the average annual erosivity R, are
subsequently calculated using Equations (4) and (5).

2.2.4. Simplified Model for Erosivity Estimation Based on the Daily Rainfall Depth hg
(Model D)

In this model (Model D), the daily erosivity Ry is expressed as a function of the daily
rainfall depth hy (cumulative rainfall from 00:00 to 23:30 on day d). Ry is derived from
the daily cumulative erosivity of individual rainfall events occurring on day d. Events are
defined based on Wischmeier’s six-hour criterion, with additional consideration given to
events spanning two days. For example, an event starting at 22:00 on day d and ending at
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02:00 on day d + 1 is divided into two separate events: the first covering the time interval
22:00-23:30 on day d, and the second covering 00:00-02:00 on day d + 1.

Model D functions were obtained by interpolating the scatter plots of the pairs (R4q,hq)
using third-degree polynomial functions. Different relationships were derived for each
combination of temporal scale (period, p) and spatial division (regional subareas, z; z = 1,
... Z). The sub-zones were identified at the regional level based on the zoning represented
in Figure 2a. In the northwestern and southern areas, “red-orange” zones (z =r), 27 stations
with an annual average R lower than the regional average (R = 1863.6 M mm ha~! h~!
y_l) are located, while in the northern, eastern, and southwestern areas, “blue-green zone”,
(z =b), 27 stations with R values higher than the regional average are located. The temporal
resolution remains that of the three periods p = 1, ... P as for Model C. This approach
resulted in Z x P functions.

Legend:
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Regional boundaries
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Figure 2. Multi-year mean erosivity maps of the Umbria Region achieved using: (a), the RUSLE-2
model (Model A); (b), power model (6) with constant parameters « and (3 for each month and station
(Model B); (c), power model (6) with constant parameters « and {3 for each period and station (Model
C); (d), third-degree polynomial function between daily erosivity Ry and daily rainfall hy (Model D).

2.2.5. Trend Analyses

The Mann—Kendall test [36,37] was employed to evaluate the presence of trends
within the dataset. The null hypothesis posits the absence of a trend in the population from
which the dataset is drawn, while the alternative hypothesis suggests the presence of a
monotonic increasing or decreasing trend. Being a non-parametric test, it does not rely on
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the distribution of the variable under analysis and is less sensitive to outliers in the time
series [19].

While the Mann—Kendall test is effective in detecting monotonic trends, it does not
quantify their magnitude. To address this limitation, the non-parametric Theil-Sen estima-
tor [38,39] was utilised to estimate the slope of regression lines interpolating the data.

The Zyp [40] and Kendall [41] packages in the R-statistical software (https://www.
r-project.org/) were employed to calculate the Theil-Sen estimator and to determine the
p-value associated with the Mann-Kendall test, respectively [19].

3. Results

The analysis of the 54 stations revealed that the duration of the historical series
(column 2, Table 2) varies between a minimum of 15 years, recorded at the Armenzano
station (ID 3), and a maximum of 24 years. The average length of the series per station
is over 21.5 years. The extensive temporal range of the data provides a robust statistical
foundation for the analysis, enabling the calculation of means and percentiles with high
stability and reliability.

Table 2. For each station: ID (1); series length, years (2); average annual event count (3); mean he,
mm (4); 95th percentile of he, mm (5); multi-year average of annual rainfall depth, mm (6); multi-year
average percentage of rainfall during the winter period, % (7); multi-year average percentage of
rainfall during the humid period, % (8); multi-year average percentage of rainfall during the summer
period, % (9); mean Re, M] mm ha—! h~1 (10); 95th percentile of Re, M] mm ha=1h~1(11); multi-year
average annual erosivity, M] mm ha=! h~! y~! (12); multi-year average percentage of erosivity
during the winter period, % (13); multi-year average percentage of erosivity during the humid period,
% (14); multi-year average percentage of erosivity during the summer period, % (15).

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Series Mee.m .no of Mean 95th . Mean 95th .
ID Length Distinct h Percentile P Pw Py Ps R Percentile R Ry Ry Rq
Events € he € R.
1 21 133.7 6.0 244 804.7 36.7 40.0 233 137 50.5 18237 148 392 460
2 19 146.8 6.4 27.2 940.4 379 402 219 161 74.6 2421.3 169 393 438
3 15 125.5 9.0 34.6 11304 363 407 229 219 103.9 27382 232 361 40.6
4 24 128.2 5.9 24.3 754.3 313 415 272 121 51.9 1567.4 147 348 50.6
5 23 127.1 6.7 27.2 845.0 347 401 253 169 71.1 2113.0 174 347 479
6 21 129.2 5.8 23.3 748.7 339 405 256 128 484 16553 157 328 515
7 24 144.0 5.1 21.9 734.4 321 411 268 10.0 41.6 14525 138 344 518
8 24 126.8 6.1 25.0 778.5 332 406 262 145 55.0 19045 162 347 491
9 24 162.9 6.2 27.0 1011.7 375 391 234 126 61.6 20872 177 324 499
10 23 134.1 7.5 29.3 1009.6 333 397 269 177 82.1 2361.5 165 320 515
11 24 135.4 6.2 26.0 839.8 341 416 243 16.0 67.6 2159.1 146 369 485
12 19 127.8 5.9 244 757.6 382 415 204 140 54.7 1885.0 154 445 401
13 21 140.6 5.7 23.6 806.5 344 408 248 111 45.8 15634 145 364 49.1
14 23 139.1 6.0 24.7 838.0 358 409 233 110 52.1 1525.8 176 348 476
15 24 139.1 5.4 225 755.1 333 393 274 128 51.0 1780.0 125 335 540
16 23 129.1 5.8 24.1 752.5 319 411 270 123 51.4 16242 141 366 493
17 24 143.2 6.1 244 869.5 321 407 272 117 44.2 1667.7 11.1  31.0 58.0
18 20 142.3 74 30.0 10572 345 402 253 144 66.3 2014.7 153 317 53.0
19 23 146.0 6.5 27.0 955.6 356 395 249 140 59.3 2051.1 151 307 542
20 23 152.9 5.6 24.2 845.6 323 413 264 124 54.6 18509 146 347 507
21 20 125.3 6.4 24.8 805.3 369 410 221 13.1 57.7 16356 18.1 364 454
22 19 143.8 6.1 26.5 881.6 343 402 255 142 62.3 2055.7 147 344 509
23 17 181.8 42 19.0 769.2 331 427 242 8.5 33.0 1620.7 121 405 475
24 23 171.7 7.7 329 13273 334 413 253 146 64.7 25222 139 353  50.8
25 23 133.2 6.2 24.6 830.8 311 414 274 143 56.7 19362 10.8 33.7 55.5
26 24 133.7 6.6 26.7 872.8 342 403 255 181 72.2 2399.1 135 364 50.1
27 22 139.8 6.8 27.4 946.1 348 385 267 133 58.0 18412 164 30.1 535
28 19 170.2 4.6 194 778.9 36.0 393 247 5.9 24.8 10044 163 409 4238
29 22 125.6 6.8 27.0 855.4 373 395 232 153 62.2 19570 153 321 526
30 23 133.3 5.6 239 758.3 36.1 396 243 120 47.6 1634.8 145 324  53.0
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Table 2. Cont.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Series Me?n .no of Mean 95th . Mean 95th .
ID Length Distinct h Percentile P Pw P Ps R Percentile R Ry Ry Ry
Events € he € Re
31 21 129.2 5.7 22.6 739.9 341 407 252 111 50.3 14324 137 345 519
32 24 156.6 5.7 25.4 893.2 358 398 244 120 50.4 1841.7 156 302 542
33 21 139.4 4.8 19.8 674.0 33.8 418 244 8.9 38.5 12470 135 390 475
34 23 119.0 6.5 254 781.6 334 390 276 136 56.8 16495 136 320 544
35 23 130.2 6.7 25.1 870.0 325 401 273 148 57.2 19315 124 328 548
36 20 141.5 6.3 25.2 897.9 336 384 281 13.2 58.4 19294 135 272 593
37 21 142.8 6.9 28.3 993.5 363 412 226 147 71.7 21042 167 395 438
38 20 135.0 6.5 27.8 879.7 365 387 249 134 58.3 1852.8 175 30.1 524
39 19 133.3 6.3 25.8 852.0 353 39.0 258 142 60.9 19406 147 31.0 542
40 22 134.6 54 224 728.8 339 398 264 104 46.0 14045 153 332 514
41 24 147.8 5.2 22.1 772.0 359 396 245 124 48.1 1881.6 152 341 507
42 17 150.0 5.1 224 769.5 347 419 234 109 43.7 1650.6 119 403 47.8
43 24 127.5 7.2 27.2 917.0 36.0 414 226 169 74.1 2186.3 172 351 47.8
44 24 134.3 6.2 25.0 828.6 31.6 409 275 124 49.0 16241 122 314 564
45 24 128.1 54 21.3 691.8 328 406 267 112 47.2 14496 127 349 524
46 19 122.5 6.9 26.1 839.2 339 406 255 184 78.8 2188.5 129 451 420
47 20 133.1 5.2 21.4 699.4 323 432 245 9.7 41.2 1316.4 141 360 499
48 22 133.7 6.8 27.6 900.8 33.0 402 268 179 75.6 2375.0 147 304 54.8
49 21 135.2 6.9 28.0 927.6 342 403 255 142 75.2 1912.7 167 372 462
50 19 125.6 6.6 24.8 828.6 33.7 409 254 170 57.9 2095.2 13.6 427 437
51 22 133.9 5.8 24.3 773.6 338 414 248 123 55.1 1660.8 148 373 478
52 21 172.9 5.2 22.7 900.2 363 387 251 114 42.6 20059 156 332 512
53 23 145.7 6.4 26.7 930.2 339 395 266 137 54.3 20019 141 316 543
54 20 149.9 7.8 31.0 1166.8 31.7 427 255 141 63.0 20970 123 35,6 521
mean 21.6 139.2 6.2 25.3 857.7 344 405 252 134 57.1 18636 149 350 502
min 15 119.0 42 19.0 674.0 311 384 204 5.9 24.8 10044 10.8 272  40.1
max 24 181.8 9.0 34.6 13273 382 432 281 219 103.9 27382 232 451 593
Cv 0.10 0.10 0.14 0.12 0.14 0.05 0.03 007 021 0.24 0.18 0.14 011 0.08
3.1. Model A

The dataset of identified rainfall events includes a total of over 175,000 events. On
average, approximately 139 events occur per year, with a maximum of 181 events at the
Moiano station (ID 23) and a minimum at Petrelle (ID 34). The number of events is not
correlated with either annual cumulative rainfall (r = 0.3) or event volume (r = 0.33).

The average annual number of events (column 3, Table 2) varies moderately
(CV =9.7%) between stations, suggesting differences in local rainfall regimes. Notable vari-
ations in the mean event rainfall depth, he (column 4, Table 2), are observed, with stations
such as Armenzano (ID 3) (9.0 mm) characterised by high volumes and Moiano (ID 23)
(4.2 mm) showing values reduced by up to 50%. The 95th percentile (column 5, Table 2),
indicative of extreme events, ranges from 19.0 mm (Moiano, ID 23) to 34.6 mm (Armenzano,
ID 3). The latter, located in the south and north-west, shows a higher predisposition to
extreme events, likely due to specific topographical or microclimatic conditions.

The multi-year average annual rainfall, P (column 6, Table 2), varies significantly, with
minimum values at Perugia Santa Giuliana (ID 33) (674.0 mm) and maximum values at
Monte Cucco (ID 24) (1327.3 mm). Rainfall is unevenly distributed throughout the year,
with the contribution during the humid period (Py,, column 8 in Table 2) representing the
main share, ranging regionally from 38.4% to 43.2%, highlighting the greater importance of
precipitation during transitional seasons compared to summer and winter periods.

The summer period (Ps, column 9 in Table 2) is the driest, with percentages ranging
from 20.4% to 28.1%. Pianello (ID 36) shows the highest summer contribution, indicating
less concentrated rainfall in transitional seasons. Winter precipitation (P, column 7 in
Table 2) contributes one-third of the annual total (34.4%).
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The average event erosivity (column 10, Table 2) and the 95th percentile (column 11,
Table 2) reveal a differentiated potential risk of soil erosion across various areas. The mean
Re value ranges from a minimum of 5.9 M] mm ha=! h~! (Norcia, ID 28) to a maximum of
21.9 MJ mm ha~! h~! (Armenzano, ID 3). The 95th percentile of Re, reflecting the erosive
capacity of the most intense events, again highlights Armenzano (ID 3) as the station with
the highest value (103.9 MJ mm ha-1h™).

The multi-year average erosivity (R, column 12, Table 2) was determined for the
54 stations using the Model A procedure and exhibits significant spatial variability. Stations
such as Armenzano (ID 3) and Amelia (ID 2) stand out for high values, indicative of greater
erosive potential, while others, such as Norcia (ID 28) and Perugia Santa Giuliana (ID 33),
show lower values.

Although erosivity shows significant variations, its distribution across periods does
not mirror that of rainfall regimes, which follow an opposite trend. The highest values
are observed during the dry period (Rs, column 15 in Table 2), with an average multi-year
erosivity of 50.2%. This is particularly noteworthy, considering that summer has the lowest
rainfall among the analysed periods. This phenomenon is attributed to the frequency of
intense storms, which significantly increase erosivity.

Winter erosivity (Ry, column 13 in Table 2) is the lowest among the analysed periods,
likely due to the nature of typical winter meteorological events, often characterised by less
intense precipitation. The multi-year average for the period is 14.9%, significantly lower
than the average rainfall for the same interval, which stands at 34.4%.

The humid period, on the other hand, contributes 35% of the annual erosivity (R,
column 13 in Table 2). This value reflects the transitional role of this period, positioned
between the extremes of the dry and winter periods.

An interesting case is represented by the Pianello station (ID 36). During summer, the
station records the highest regional erosivity value (59.3%), while during the humid period,
it shows the lowest regional erosivity value (27.2%).

Figure 2a shows the isoerosivity map obtained. These values, calculated using Model
A, are reported in column 12 of Table 2. IDW determines the cell values by applying
a linearly weighted combination of the R values associated with a set of sample points,
represented here by the 54 stations. The weight of each point is a function of the inverse
distance, and the surface to be interpolated corresponds to the spatially dependent variable,
in this case, R.

The southern and northwestern areas, are characterised by higher annual mean erosiv-
ity values (2116, 2738, and 1881 M] mm ha—1h-1 y_l, respectively, for the mean, maximum,
and minimum) compared to the northern, eastern, and southwestern areas, where rainfall
erosivity is generally lower (1591, 1852, and 1004 MJ mm ha~! h=! y~!, respectively, for
the mean, maximum, and minimum). The regional annual mean value is 1863.6 M] mm
ha=!' h~! y~!, with a standard deviation of 336.4 M mm ha=! h~! y~1.

3.2. Model B

The model was applied starting from the same dataset of individual rainfall events
determined and used for the application of Model A (over 175,000 events).

With reference to Equation (6), the erosivity of a single event R. was calculated
considering the temporal reference as the montht=m =1, ..., 12, and the spatial scale as
the specific station s.

The 54 x 12 pairs (xm,, Pm,s) are displayed in Figure 3, where the trends of the two
parameters throughout the 12 months of the year for the 54 stations can be observed. In
both cases, a summer peak is evident during July and August, which tends to decrease
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0.08

towards the Gaussian extremes of the winter months; spring and autumn months exhibit
intermediate values. For the same rainfall depth in an event he, summer events are thus
characterised by a higher degree of erosivity compared to events occurring in the other
periods of the year. The monthly values of o and (3 for each station are presented in
Tables Al and A2 in the Appendix A.

Trend of a Trend of B

Figure 3. Monthly values of the parameters {om, fm; m =1, ..., 12} of Model B, (6), for the 54 stations.
Each station is represented by a different colour.

Figure 2b shows the isoerosivity map determined through IDW interpolation of the
mean annual values, Ry, for each station, calculated using Equations (4)-(6) with the pairs
(%m,s, Bm,s) given in Figure 3.

In this case, the northwestern and southern areas are characterised by higher val-
ues of mean annual erosivity (2299.0, 2298.9, 1446.7 M] mm ha~! h~! y 1, respectively,
mean, maximum, and minimum) compared to the northern, eastern, and southwestern
areas, where erosivity values are generally lower (1305.6, 1682.5, 756.0 M] mm ha~! h~!
y~!, respectively, mean, maximum, and minimum). The regional mean annual value is
1531.2 MJ] mm ha~! h~! y~!, with a standard deviation of 318.3 M mm ha~!' h=1 y~1.

Model B operates at the event scale temporal resolution, where the parameters « and
3 are kept constant across the months. This makes the procedure less computationally
demanding compared to the semi-hourly scale required by Model A (USLE and RUSLE-2),
although despite simplifying the process, Model B remains highly complex due to the
variability and number of parameters involved.

3.3. Model C

The analysis of the temporal variability of the parameters {am, m =1, ... 12} e {Bm,
m =1, ... 12}, shown in Figure 3, reveals a periodic pattern in the annual dynamics, with a
maximum value in the summer months, a minimum in the winter months, and intermediate
values corresponding to the spring and autumn months. Based on this, a data analysis was
conducted for the selection and grouping of months with homogeneous erosivity values.
A statistical analysis based on normalisation and clustering of the o and (3 data showed
that these parameters can be considered statistically constant within three distinct periods,
p (withp =1, ..., 3): summer period ps from June to September; the humid period py,
April, May, October and November; the winter period p, January, February, March and
December. The period values of « and {3 for each station are presented in Table A3 in the
Appendix A.

In addition, he percentage of the total annual rainfall height Py relative to the three
periods (Table 2) are substantially different with an average value at the regional scale
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of Ps = 211.7 mm, Py, = 286.8 mm and Py, = 339.1 mm, while the corresponding means
R¢=9355MJ mmha~! h=!y= 1 Ry, =277. 7M] mm ha—! h=! y~1, R;, = 652.3 M] mm
ha=! h~! y~! show an opposite behaviour with the higher value in summer and the lower
in winter period.

Figure 2c shows the isoerosivity map determined through IDW interpolation of the
mean annual values, Ry, for each station, calculated using Equations (4)—(6) with the pairs
(otp, Bp)-

The data shown in Figure 2c highlight a substantial agreement with the pattern
obtained using RUSLE-2 (Model A, Figure 2a). Areas located in the south and north-west
are characterised by significantly higher average annual erosivity values compared to other
regions. Specifically, the average, maximum, and minimum erosivity are 1699.2, 22724,
and 1334.7 MJ] mm ha~! h~! y~1, respectively. In contrast, the areas in the north, east, and
south-west show lower average annual values, with an average of 1304.2 M] mm ha-1h-1
y_l, a maximum of 1675.3 MJ] mm ha—1h-! y_l, and a minimum of 772.3 MJ] mm ha=!
h-! y_l. The regional mean value of annual erosivity is 1499.1 MJ mm ha1h! y_l, with
a standard deviation of 294.0 M] mm ha~! h=! y~!, reflecting territorial variability.

In Model C, the complexity related to the calculations and the procedures required is
further reduced compared to previous models, as the parameters o and 3 are considered
constant across different periods. Like Model B, Model C requires a temporal resolution of
the data at the scale of individual rainfall events.

3.4. Model D

The conducted analysis reveals a clear distinction in the levels of average annual
erosivity across different geographical areas and periods. Thus, six functional relationships
between the daily rainfall and erosivity were obtained, as shown in Table 3.

Table 3. Relationships between the daily rainfall (hq) and erosivity (R4) for each period and sub-zone
processed using the D model.

Equation

=
N

Ry = 0.00080848-h3 — 0.03067570-h3 + 1.35937424-hy — 1.92473511

Ryq = —0.00022788-h3 + 0.05795112-h3 + 0.99900288-hy — 2.06564377
Ry = —0.00060982-h3 + 0.18384798-h3 + 0.56087557-hg — 1.48459328
Ry = —0.00032134-h3 + 0.05897403-h3 + 0.04415188-hg + 0.09640815
Ryq = —0.00024928-h3 + 0.07843005-h3 + 0.47441833-hgq — 0.80569572
Ry = —0.00036687-h3 + 0.17375462-h3 + 0.53993365-hg — 1.04597592
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The “blue-green zones” (Figure 2d) exhibit significantly higher erosivity values, with
an annual average of 2040.3 M] mm ha~! h™! y~!, a maximum value of 2830.8 M] mm
ha~'h~!y~!, and a minimum of 1698.5 M mm ha= ' h~1 y~1,

Conversely, the “red-orange zones” (Figure 2d) show lower erosivity levels. In these
areas, the average value stands at 2116.7 M] mm ha=1 h1 y’l, with a maximum of
2093.8 M] mm ha~! h~! y~! and a minimum of 1698.8 M mm ha~ ' h~1 y~1.

Considering the entire study region, the average annual erosivity is 1915.4 M] mm

ha~!h~!y~!, with a standard deviation of 3289 M mm ha ' h~!y~1.

3.5. Model Validation

To validate the obtained models, the meteorological station of Trestina (43.358 N,
12.237 E), not included in the database of Table 1, was considered. For this station, half-
hourly precipitation data are available for the period 2007-2024.
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For the application of Models B and C, Equation (6) was used with the parameters oc and
 derived from the nearest station (Citta di Castello, ID14, approximately 9 km away). For
Model D, Equations (7)—(9) were applied, as the Trestina station falls within the red zone. The
estimated annual values (Rm, Rp, and Ry, corresponding to Models B, C, and D, respectively)
were compared with the annual R values of Model A. The results are presented in Figure 4.

4500

4000

3500

3000

2500

Rm (MJ mm ha™"h~"y™)

Figure 4. Scatter plot comparing annual cumulative erosivity values (MJ mm ha=! h~! y~1) at the
Trestina station obtained from different models: (a) Model B (Rp) vs. Model A (R); (b) Model C (Rp)
vs. Model A (R); (c) Model D (Ry) vs. Model A (R).

As shown, while Models B and C exhibit a general agreement with the reference values,
their annual estimates tend to show a slight underestimation. Model D demonstrates a
stronger correlation, with values more evenly distributed around the 1:1 line, maintaining
this pattern even in the presence of extreme values.

The comparison of annual values between Model A and Model B results in a MAPE of
24.4%, while the difference between Model A and Model C yields a MAPE of 23.3%. The
comparison between Model A and Model D shows a slightly lower MAPE of 19.9%.

3.6. Trend Analyses

The trend analysis was conducted on the annual erosivity, Ry, as well as the annual
rainfall, P, for each of the 54 stations. The historical series analysed are robust, spanning a
total of 1167 years. Their duration ranges from a minimum of 15 years, observed in a single
case at the Armenzano station (ID 3), to a maximum of 24 years. The average series length
per station exceeds 21.5 years (Column 2, Table 2).

The results of the analysis indicate the absence of significant trends in annual erosivity
in most meteorological stations, both for the multi-year average rainfall series and for those
related to multi-year average erosivity. For most stations, neither rainfall events nor erosive
events exhibit a predictable or consistent pattern over time.

A single exception was identified at the Nocera Umbra (ID 27), where a significant
trend in rainfall was observed, with a Theil-Sen slope of 13.5 per year. Regarding erosivity,
significant trends were observed in four stations: Armenzano (ID 3), Moiano (ID 23),
Nocera Umbra (ID 27), and Ponte Felcino (ID 39). In these cases, the Theil-Sen slope values
were 89.5,109.0, 61.0, and 90.3, respectively.

4. Discussion
4.1. Comparison Between Simplified Models (B, C, D) and Reference Model (A)

Figure 2 presents isoerosivity maps generated through a zonation process based on
clustering analysis. These maps depict the multi-year average annual erosivity values of
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the R parameter, calculated using different predictive models. Despite considering other
explanatory factors, such as altitude (r = 0.24), latitude (r = 0.14), and longitude (r = 0.17),
their correlations with erosivity were found to be insufficiently significant to provide a
representative contribution.

To enhance the clarity and interpretability of the results, each map was constructed
using uniform intervals, which were defined based on percentiles corresponding to specific
erosivity ranges across the models. Adopting a uniform scale highlighted the peculiarities
and differences among the various methods for calculating erosivity. The general pattern
is consistently observed in all isoerosivity maps, although predictive models tend to
underestimate the final values produced by RUSLE2 (Model A).

The statistics of the multi-year average annual erosivity values calculated using Models
A, B, C, and D for individual stations are presented in Table 4. Regional values from the
analysis by Panagos et al. [29] are also presented for comparison purposes.

Table 4. Statistics of mean annual erosivity (M] mm ha=! h-1! yfl) at the Umbria region’s
54 meteorological stations. The mean absolute percentage error, MAPE, and the Pearson corre-
lation coefficient, r, refer to the comparison between the reference (model A) and all the other R
estimates at the station level. The description of the models follows that of Figure 2. Ry is distin-
guished based on the regional mean value into Rgqp (>Rmean) and Ry; (<Rmean), while Rpanagos is
derived from [29].

Model

A B C D D

R Rim RP Ry, Rap RPanagos
Minimum value 1004.4  756.0 772.3 992.5 879.2 1125.7
Maximum value 27382 2299.0 22724 21324  2694.4 2151.4
Mean value 1843.6 1531.2 1499.1 1626.3 2040.3 1518.7
Standard deviation 336.4 318.3 294.0 318.4 241.2 217.6
Coefficient of variation (%) 18.2 20.8 19.6 16.1 14.8 14.3
MAPE (%) 18.9 20.1 5.5 5.4 18.6
r 0.81 0.80 0.76 0.73 0.54

The minimum average value of R is observed at the Norcia station (ID 28), whereas
Armenzano (ID 3) exhibits the maximum. These results are consistent for the erosivity
estimates of Rm, Rp, and Rd. The highest variability in the estimates is found using Models
B and C, whit CV =20.8% and CV = 19.6%, (Table 4), respectively.

In general, although all models confirm spatial patterns similar to those provided by
the reference model (Model A), the annual average erosivity shows a slight underestimation
(~15%) in the case of Models B and C, while it is more comparable in Model D (when
averaging the values of Ry, and Ry ).

With the increase in the degree of simplification applied to the model, the correlation
between the model prediction and the expected value calculated by RUSLE2 (model A)
decreases, from r = 0.81 and 0.80 for models B and C, to r = 0.76 and 0.73 for models D.
Despite this variation, the explanatory power of the model relative to the reference data
remains high considering the lower level of detail in the input data (from 30 min to daily
time resolution). The stability and reliability of the Rm, Rp, and Rd estimates in representing
the erosive phenomenon are further confirmed by the Mean Absolute Percentage Error
(MAPE) between the model predictions and the expected values calculated using RUSLE2
(Model A) (Table 4). In this case, the best performance (i.e., the lowest MAPE) is achieved
by Model D, with values around 5-6%, whereas Models B and C exhibit MAPE values of
approximately 19-20%.
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The simplified models prove to be sufficiently reliable not only at the annual and
mean annual R-factor scales (Table 4) but also at the sub-annual level. This evaluation is
demonstrated, by way of example, for Models B (R) and C (Rp).

The monthly distribution of the R and Ry, are plotted in Figure 5a as a box plot to
highlight potential seasonal trends and differences between the two estimates, with a
particular focus on variability and extreme events characterising different months of the
year. During the winter months (January, February, and December) the erosivity is generally
low, with contained medians, relative compact distribution and similar values estimated
by the two models. This pattern reflects the low intensity and variability of rainfall typical
of the winter climate, which tends to have a lower potential erosive power [42].
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Figure 5. (a) Comparison of the monthly erosivity estimated by R (model A) and Ry, (model B);
(b) Comparison of the erosivity estimated by R and R, (model C) across periods.

During the spring and summer, erosivity progressively increases, reaching the maximum in
August, and then progressively decreases in autumn toward the winter values. This behaviour
corresponds to a marked variability among stations starting from May. This variability remains
almost unchanged for R until September; instead, Rm dispersion follows the erosivity trend
with a maximum dispersion in August. The R presents a greater variability than Rm, with the
difference diminishing in winter months when erosivity values are more similar. This seasonal
trend confirms the system'’s greater stability in winter, where both models converge, and the
heightened sensitivity to the variable summer climate. This behaviour could be attributed to the
nature of the Rm parameter calculation, which incorporates reduced sensitivity to short-duration
intense rainfall, characteristic of the summer period, better described by a parameter like 130
rather than event-scale cumulative rainfall (he).

Figure 5b compares the values of R and Rp across three main seasonal periods: 1, winter
(January, February, March, and December); 2, humid (April, May, October, and November); and
3, summer (from June to September). The comparison confirms all the results discussed above
relative to the R and Rm models with a progressive increase in intensity and variability of the
rainfall erosivity from the winter to summer, with a particularly pronounced rise during spring
and summer, coinciding with the intensification of rainfall phenomena.

These comparisons highlight the significance of factors such as the frequency and
intensity of storm events in determining erosivity dynamics. The analysis of stations char-
acterised by different seasonal distributions provides valuable insights into the influence of
local factors on rainfall and erosivity properties. These results, enhanced by the integration
of geomorphological data such as orography and microclimate, allow for a more accurate
assessment of erosion risks and their potential environmental impacts.

Although models B and C offer a simplification in the calculation of erosivity at the
event scale, they still require the knowledge of he, a variable that is typically not available
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in meteorological datasets. This significantly limits their practical utility. On the other hand,
Todisco et al. [43], in a study based on 18 stations in the Umbria region from 2000 to 2010,
demonstrated that the differences between he and hy were not particularly pronounced,
as they were found to be less than 5 mm in 95% of the cases analysed. Therefore, a more
practical use of models B and C could involve substituting hy for he. The impact of this
solution, likely modest, will still require specific investigations.

The validation performed using the Trestina weather station (Figure 4) confirms the
reliability of the results obtained through the application of the simplified models (Models
B, C, and D). Among these, Model D represents the most effective trade-off between
computational efficiency and accuracy. Specifically, the input data, characterised by a daily
temporal resolution and a spatial scale at the sub-zone level (for Trestina, corresponding to
the red zone), allow for a streamlined and efficient calculation process.

The literature offers several studies assessing the feasibility of obtaining reliable
estimates of the R-factor through simplified empirical models. For certain regions of Italy,
empirical approaches based on the Modified Fournier Index (MFI) have been shown to be
both effective and easy to implement [19,20], as they require only monthly precipitation
data as input. However, unlike these methodologies, the simplified models proposed in
this study can be applied not only for the estimation of the annual R-factor but also for a
(although approximate) assessment of erosivity at the event or daily scale.

4.2. Comparison with Panagos et al. (2015) [29]

The results obtained in this study were compared with the iso-erosivity maps developed in
a previous work by Panagos et al. [29], which serve as a well-established reference in the field.

The erosivity map by Panagos et al. [29] (Figure 5b) was obtained through regional
scale clipping operations applied to the map developed at the European scale. The erosivity
value scale remains consistent with that presented in Figure 2. The comparison of individual
values was conducted by sampling erosivity data from the Panagos map at the coordinates
of the meteorological stations utilised in this study, using QGIS version 3.34.15.

The Rpanagos are derived from a raster dataset developed at a European scale [29], which
may imply a less detailed spatial resolution compared to Model A. The number of stations used
at the regional scale is also smaller. Panagos et al. [29] analysed a total of 251 meteorological
stations across Italy, with a spatial distribution that accounts for the country’s main climatic
conditions (Mediterranean, continental, and alpine) and different altitudinal zones. However,
when considering the size of the Umbrian region in comparison to the national territory, only
seven meteorological stations are representative of the region in Panagos” work, whereas this
study analyses data from 54 stations. Additionally, the historical series used by Panagos has
an average duration of 10 years, significantly shorter than the 21.5-year average in the present
study, offering a broader temporal coverage. Furthermore, the use of different approaches for
erosivity calculation (RUSLE for Panagos and RUSLE-2 for Model A) introduces another source
of discrepancy between the two methods.

From the comparative analysis (Table 4), a relatively weak correlation (r = 0.56)
emerged between the annual erosivity values estimated using the RUSLE-2 model, applied
in the calculation of Model A, and those derived from the RUSLE model employed in
Panagos’s studies, Rpanagos-

The comparison between the R and Rpanagos reveals a systematic tendency for the
latter to provide lower estimates, indicating a potential intrinsic underestimation in [29].
This, in addition to the differences between the datasets used, may depend on the known
tendency of the RUSLE method to underestimate precipitation energy compared to the
RUSLE model2 [43].
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Amelia (ID 2) recorded the highest erosivity value Rpanagos = 2151.4 MJ mm ha~!
h~! y=! according to Panagos et al. [29], whereas Umbertide showed the lowest value
Rpanagos = 1125.7 M] mm ha=! h~! y_l). At the regional level, the average erosivity
Rpanagos = 1518.7 M] mm ha ' h™! y_l. The analysis of the distribution of values shows
a general consistency across stations, although R highlights significant peaks for certain
stations (ID 3, ID 24, and ID 43), while Rpanagos is more uniform, exhibiting lower variability
among stations. This behaviour suggests that the method used in Panagos et al. [29] reduces
the impact of extreme values, likely due to differences in calculation methodology or the
nature and density of the data used.

The differences between the results are particularly pronounced in some stations, such as
ID3 and ID43, whereas in other cases, such as ID4, ID31, and 1D44, there is an almost complete
convergence between the two approaches. The general pattern confirms that Model A tends to
produce higher erosivity values compared to those estimated by Panagos et al. [29].

Figure 6a compares the erosivity values (MJ mm ha~!'h~') across five models: R,
Rpanagoss Rm, Rp, and R4q. Among them, R4 stands out with the highest median and
the widest interquartile range (IQR), indicating greater variability and higher erosivity
estimates. In contrast, Rpanagos exhibits the lowest median and the narrowest IQR, reflecting
more consistent and lower values. The Ry, and R, models show similar distributions, with
Rp displaying slightly greater variability. The R model, though closer to Rq in median,
reveals a broader spread compared to Rpanagos, indicating moderate variability. Outliers
are present in all models, emphasising occasional extreme erosivity values.
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B Metereological station

Z Regional boundaries
. ¥ Tk S8 R Panagos (M) mm / ha hy)
. . .5 o B <= 12781
* ¥ o, o 2 278.1- 1419.9
Modello o 14199 - 15262

B R £ B¢ 15262- 161038
e <225, X i 1610.8-1692.4
B3 RPanagos Ein 1692.4 - 1880.7
1880.7 - 2055.7

B8 Rm
B Ry
=

(@ ' (b)

Figure 6. (a) Comparison of multi-year average R, Rm, Rp, and Ry values with Rpanagos [29]; (b) Multi-
year average erosivity map of the Umbria Region, Rpanagos- Numbers represent station’s IDs.

A direct comparison between R and Rpanagos highlights their differences. The median
and mean values of R are notably higher, with R also showing a larger IQR and more
extended whiskers, capturing a wider range of data. Conversely, Rpanagos demonstrates
lower variability, with a compact box and shorter whiskers. While Rpanagos has an outlier
above the upper limit, R spans a broader range without evident outliers but includes a
higher maximum value.

The greater variability in R likely stems from increased sensitivity in input data,
influenced by the number of analysed stations or differing calculation criteria in RUSLE-2.
By contrast, Rpanagos, derived using the RUSLE model, reflects less sensitivity to erosivity
peaks, suggesting a more constrained methodology.
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The isoerosivity map developed by Panagos [29] in Figure 6b is consistent with that
obtained using Model A, despite systematic underestimations observed like in Models B
and C. The dataset is projected onto a regular grid with a pixel resolution of 0.006° x 0.006°,
which provides less detailed results compared to the models analysed in this study
(0.0009° x 0.0009°).

The areas with the lowest R-factor values are in the southeast and along the entire
western strip, while erosivity values exceeding 2000 M] mm ha~! h~! are found in the
south and northeast. The central part of Umbria is characterised by average values.

5. Conclusions

This study aimed to assess rainfall erosivity in the Umbria region through the analysis
of a twenty-year rainfall dataset. By exploring the spatial and temporal dynamics of
erosive events, the research uncovered significant differences across areas and seasons,
with implications for soil erosion risk. The R-factor was mapped at a 100 m resolution
using IDW interpolation, leveraging extensive rainfall intensity data. The application
of the RUSLE-2 model to a network of uniformly distributed meteorological stations
demonstrated its ability to identify erosion-prone areas, supported by precise erosivity
indices calculated from 30 min rainfall data.

Regional Zoning. Isoerosivity maps highlighted a clear spatial gradient, with higher
rainfall erosivity values in the southern and north-western areas of Umbria. These patterns
reflect the combined effects of topography, climate, and geomorphology, underscoring the
importance of region-specific soil conservation plans.

Comparison of Medians, Model Variability, and Recommendation for Model D. Model A
demonstrated high sensitivity to local erosivity variations, with values ranging from 1004.4 to
27382 MJ mm ha~! h~! y~! and a standard deviation of 336.4 M] mm ha~! h~! y~1. Simplified
models (B, C, and D) provided reliable yet slightly underestimated alternatives, making them
suitable for contexts with limited data availability. Among these, Model D, which relies on
daily rainfall data, emerged as the most practical solution for regions with restricted access to
high-resolution pluviometric data. Striking a balance between computational simplicity and
accuracy, it represents a robust choice for large-scale applications.

Importance of Station Density and Temporal Resolution. The reliability of Model
A, confirmed by comparisons with prior studies (e.g., Panagos et al. [29]), highlights the
significance of a dense meteorological network and long-term datasets. These factors
enhance the detection of spatial and temporal variability, improving predictive accuracy
and erosion management strategies.

Trend Analysis. The Mann-Kendall test applied to Model A revealed temporal stability
in rainfall erosivity across most stations, with significant trends in only a few locations.
This indicates a largely consistent pattern at the regional scale, though some areas may
require intensified monitoring.

Seasonal Variability. The analysis identified pronounced seasonal differences in rainfall
erosivity, emphasising the necessity of incorporating seasonal dynamics into erosion risk
assessments to optimise soil protection measures during periods of higher erosivity.

By integrating high-resolution data with simplified models, this study provides a
comprehensive framework for evaluating rainfall erosivity, contributing to sustainable land
management and soil conservation in erosion-prone regions.
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Abbreviations

The following abbreviations are used in this manuscript:

USLE Universal Soil Loss Equation
RUSLE  Revised Universal Soil Loss Equation
MAPE  Mean Percent Average Error

Ccv Coefficient of Variation
r Pearson correlation coefficient
QGIS Quantum Geographic Information Science

IDW Inverse Distance Weight
MFI Modified Fournier Index

he Event rainfall depth
Re Event erosivity
Appendix A

R

Annual multi-year average erosivity using Model A
Annual multi-year average erosivity using Model B
Annual multi-year average erosivity using Model C
Annual multi-year average erosivity using Model D
Winter multi-year average erosivity

Humid multi-year average erosivity

Summer multi-year average erosivity

Annual multi-year average rainfall depth

Humid multi-year average rainfall depth

Summer multi-year average rainfall depth

Winter multi-year average rainfall depth

Table Al. « values used in Equation (6) for each month and each station to calculate mean annual

erosivity (Rm) in Model B.

Month
ID
. 1 2 3 4 5 6 7 8 9 10 11 12
Station

1 0.094 0.097 0.098 0.115 0.126 0.136 0.159 0.160 0.147 0.118 0.110 0.099
2 0.101 0.105 0.103 0.115 0.119 0.145 0.168 0.162 0.139 0.138 0.116 0.105
3 0.098 0.100 0.100 0.112 0.121 0.122 0.152 0.151 0.142 0.129 0.106 0.103
4 0.087 0.089 0.093 0.110 0.112 0.142 0.153 0.144 0.142 0.117 0.102 0.095
5 0.090 0.097 0.099 0.112 0.116 0.146 0.142 0.161 0.141 0.123 0.109 0.095
6 0.089 0.094 0.097 0.105 0.115 0.131 0.150 0.153 0.142 0.119 0.103 0.095
7 0.097 0.098 0.103 0.112 0.121 0.139 0.157 0.155 0.140 0.124 0.111 0.101
8 0.092 0.095 0.096 0.112 0.119 0.140 0.146 0.160 0.132 0.112 0.101 0.092
9 0.091 0.093 0.097 0.105 0.112 0.133 0.146 0.150 0.137 0.122 0.105 0.095
10 0.082 0.089 0.094 0.096 0.106 0.127 0.144 0.145 0.121 0.115 0.098 0.087
11 0.093 0.095 0.100 0.114 0.122 0.143 0.173 0.161 0.137 0.118 0.110 0.095
12 0.094 0.099 0.105 0.117 0.124 0.145 0.146 0.138 0.144 0.126 0.112 0.098
13 0.082 0.085 0.092 0.105 0.120 0.138 0.156 0.154 0.137 0.122 0.100 0.090
14 0.085 0.084 0.086 0.103 0.114 0.135 0.164 0.143 0.132 0.116 0.101 0.090
15 0.087 0.089 0.093 0.104 0.115 0.127 0.147 0.141 0.126 0.113 0.096 0.090
16 0.088 0.089 0.095 0.100 0.112 0.132 0.141 0.139 0.133 0.113 0.103 0.092
17 0.078 0.090 0.084 0.094 0.102 0.119 0.123 0.145 0.123 0.104 0.087 0.083
18 0.087 0.091 0.092 0.110 0.113 0.126 0.153 0.143 0.128 0.118 0.100 0.095
19 0.086 0.091 0.094 0.111 0.111 0.132 0.145 0.149 0.129 0.121 0.103 0.092
20 0.092 0.098 0.099 0.116 0.129 0.141 0.155 0.153 0.145 0.126 0.109 0.095
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Table A1. Cont.

Month
ID
. 1 2 3 4 5 6 7 8 9 10 11 12
Station
21 0.094 0.097 0.101 0.115 0.120 0.138 0.142 0.161 0.132 0.126 0.111 0.098
22 0.092 0.094 0.100 0.114 0.117 0.143 0.147 0.155 0.133 0.129 0.113 0.101
23 0.091 0.097 0.095 0.110 0.119 0.134 0.155 0.142 0.140 0.128 0.109 0.096
24 0.073 0.084 0.083 0.093 0.102 0.123 0.132 0.131 0.118 0.096 0.086 0.077
25 0.084 0.086 0.090 0.106 0.112 0.127 0.147 0.145 0.130 0.116 0.100 0.089
26 0.091 0.092 0.097 0.105 0.124 0.149 0.168 0.161 0.142 0.124 0.111 0.100
27 0.081 0.079 0.087 0.098 0.113 0.129 0.131 0.148 0.134 0.112 0.095 0.083
28 0.084 0.094 0.097 0.104 0.111 0.139 0.146 0.145 0.129 0.117 0.100 0.091
29 0.097 0.100 0.099 0.118 0.120 0.137 0.159 0.148 0.137 0.133 0.108 0.099
30 0.094 0.096 0.102 0.115 0.126 0.142 0.141 0.150 0.139 0.123 0.114 0.099
31 0.096 0.096 0.095 0.116 0.123 0.129 0.144 0.148 0.116 0.123 0.113 0.100
32 0.086 0.089 0.091 0.103 0.119 0.142 0.156 0.156 0.137 0.119 0.101 0.090
33 0.095 0.094 0.096 0.107 0.119 0.135 0.127 0.134 0.127 0.121 0.104 0.093
34 0.082 0.087 0.088 0.100 0.111 0.137 0.135 0.123 0.124 0.108 0.098 0.086
35 0.091 0.097 0.097 0.106 0.122 0.143 0.143 0.143 0.137 0.125 0.110 0.095
36 0.096 0.100 0.101 0.110 0.121 0.131 0.158 0.145 0.138 0.127 0.113 0.097
37 0.082 0.089 0.092 0.095 0.106 0.129 0.144 0.144 0.133 0.116 0.101 0.091
38 0.092 0.096 0.096 0.114 0.113 0.133 0.155 0.150 0.135 0.128 0.110 0.101
39 0.095 0.097 0.104 0.114 0.119 0.144 0.148 0.154 0.140 0.131 0.112 0.096
40 0.097 0.101 0.099 0.112 0.119 0.142 0.149 0.154 0.141 0.123 0.112 0.097
41 0.097 0.102 0.096 0.111 0.120 0.148 0.155 0.163 0.146 0.127 0.108 0.101
42 0.096 0.098 0.099 0.109 0.120 0.147 0.159 0.157 0.148 0.128 0.112 0.097
43 0.080 0.093 0.092 0.108 0.120 0.138 0.141 0.155 0.138 0.117 0.106 0.093
44 0.083 0.087 0.087 0.104 0.111 0.133 0.147 0.145 0.133 0.109 0.099 0.083
45 0.086 0.092 0.095 0.111 0.121 0.135 0.158 0.156 0.135 0.115 0.106 0.090
46 0.103 0.103 0.102 0.116 0.122 0.147 0.155 0.163 0.147 0.138 0.118 0.100
47 0.094 0.093 0.101 0.113 0.111 0.127 0.126 0.142 0.124 0.120 0.109 0.097
48 0.092 0.095 0.097 0.105 0.120 0.144 0.150 0.163 0.142 0.123 0.108 0.097
49 0.093 0.101 0.103 0.108 0.118 0.137 0.141 0.152 0.136 0.121 0.109 0.099
50 0.102 0.098 0.102 0.115 0.125 0.140 0.154 0.156 0.142 0.133 0.110 0.102
51 0.087 0.092 0.096 0.110 0.109 0.139 0.154 0.159 0.131 0.119 0.098 0.090
52 0.093 0.095 0.096 0.109 0.118 0.120 0.144 0.146 0.132 0.131 0.108 0.097
53 0.087 0.089 0.093 0.104 0.110 0.133 0.141 0.151 0.133 0.123 0.103 0.090
54 0.081 0.083 0.088 0.109 0.118 0.134 0.149 0.136 0.126 0.109 0.097 0.084
Table A2. 3 values used in Equation (6) for each month and each station to calculate mean annual
erosivity (Rm) in Model B.
Month
ID
. 2 3 4 5 6 7 8 9 10 11 12
Station

1 1.694 1719 1.727 1805 1887 1975 2.048 2.057 1.981 1.858 1.792 1.713
2 1.717 1736 1.727 1.843 1859 2.014 2.072 2.051 1968 1936 1.820 1.730
3 1.779  1.801 1.786 1.798 1.815 2.028 1978 2066 1922 1874 1804 1.781
4 1.733 1762 1.793 1.842 1898 1993 2.017 2.068 1942 1928 1804 1.777
5 1.764 1790 1.804 1857 1859 2.007 2.037 2.058 1980 1924 1840 1.777
6 1.757 1757 1794 1865 1872 1994 2.027 2.040 1.981 1909 1.815 1.756
7 1.696 1728 1.740 1819 1838 2.003 1999 1999 1922 1865 1766 1.708
8 1.762 1780 1.817 1.875 1.881 1988 2.019 2.042 1997 1915 1.829 1.759
9 1.689 1.724 1.724 1814 1797 1943 2047 2.025 1933 1863 1.767 1.699
10 1.761 1.770 1797 1829 1858 1991 2038 2055 1975 1905 1828 1.763
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Table A2. Cont.

Month
ID
. 1 2 3 4 5 6 7 8 9 10 11 12
Station

11 1.758 1766 1.800 1.851 1920 2.032 2075 2062 1957 1910 1.833 1.757
12 1.679 1711 1739 1812 1860 2.002 2,004 1929 1965 1900 1809 1.715
13 1.707 1764 1758 1835 1874 1982 2016 2066 1979 1867 1778 1.741
14 1.734 1756 1.765 1.827 1.888 2.020 2.037 208 1934 1914 1788 1.740
15 1.744 1772 1.795 1846 1879 2.015 2066 2061 1971 1919 1816 1.754
16 1.757 1792 1.792 1885 1.886 2.008 2.008 2.048 1982 1914 1826 1.770
17 1.734 1763 1.755 1.823 1863 2.025 2048 2037 1917 1869 1800 1.752
18 1.640 1698 1716 1.797 1826 1983 1991 2059 1923 1.810 1.747 1.690
19 1.693 1724 1.716 1.792 1836 1999 2034 2041 1968 1.896 1757 1.706
20 1.700 1722 1765 1806 1.856 1993 2.009 2008 1953 1.872 1775 1.724
21 1.732 1735 1.721 1.783 1915 2057 2078 2055 1980 1.883 1786 1.716
22 1.686 1724 1.754 1840 1895 2013 2043 2005 1932 1877 1778 1.703
23 1.651 1671 1.692 1782 1849 1937 2010 1948 1916 1.858 1.758 1.679
24 1.699 1736 1.737 1.798 1838 1966 2.054 2005 1918 1.855 1764 1.694
25 1.720 1746 1.765 1.841 1836 1962 2046 2039 1950 1943 1.809 1.756
26 1.741 1779 1.787 1850 1932 2064 2.036 2068 1990 1.895 1844 1.768
27 1.714 1746 1.737 1813 1826 1986 2.051 2061 1937 1.855 1766 1.728
28 1.635 1681 1.697 1753 1806 1941 1964 1961 1.862 1.791 1.721 1.639
29 1.702 1721 1738 1.819 1837 2.032 2052 2035 1978 1872 1.751 1.701
30 1.7010 1737 1.730 1.836 1.851 2.041 2.044 2054 1974 1897 1772 1.716
31 1.712 1718 1.728 1.779 1850 2.032 2.038 2094 1965 1.891 1758 1.702
32 1.718 1742 1.755 1.812 1882 2.007 2.023 2034 1950 1.880 1776 1.747
33 1.702 1710 1.729 1.782 1.849 1942 1916 1928 1923 1.864 1762 1.687
34 1.752 1789 1775 1814 1872 2,019 2054 2100 1978 1.887 1.848 1.769
35 1.712 1746 1.754 1832 1867 2.012 2.030 2052 1962 1.863 1.823 1.726
36 1.704 1722 1753 1.788 1839 1972 1994 2021 1934 1868 1768 1.701
37 1.719 1763 1.771 1842 1851 2.011 2.038 2043 1972 1.888 1822 1.740
38 1.690 1743 1.743 1.791 1840 1980 2.024 2054 1958 1.866 1774 1.730
39 1.701 1743 1740 1780 1.839 1978 2.031 2045 1968 1.875 1785 1.704
40 1.709 1719 1763 1.833 1.830 1.992 2.038 2063 1952 1865 1.777 1.702
41 1.697 1722 1.712 1797 1835 1969 2015 2063 1970 1.855 1755 1.704
42 1.681 1703 1.711 1791 1859 2.009 2011 2022 1958 1.870 1785 1.682
43 1.767 1766 1.799 1849 1885 2.033 2089 2060 1977 1916 1820 1.765
44 1.720 1730 1.746 1.821 1.843 1983 2.011 2060 1921 1.883 1784 1.718
45 1.730 1756 1.798 1861 1874 2.022 2043 2053 1955 1.889 1817 1.744
46 1.723 1718 1.756 1.797 1907 2.038 2.063 2060 1997 1919 1835 1.747
47 1.715 1724 1.738 1766 1.858 1993 2.009 2060 1941 1.858 1760 1.718
48 1.745 1770 1.788 1.839 1.887 2.005 2.043 2042 1971 1937 1804 1.771
49 1.695 1731 1.729 1825 1.892 2011 2.049 2055 1949 1.892 1781 1.720
50 1.739 1736 1.741 1819 1883 2.033 2080 2079 1979 1940 1813 1.741
51 1.731 1756 1.781 1837 1.853 2.029 2055 2070 1958 1915 1781 1.740
52 1.676 1697 1715 1761 1817 1902 1982 2037 1877 1889 1768 1.700
53 1.724 1747 1756 1818 1.853 2.004 2.032 2035 1949 1874 1798 1.735
54 1.626 1.682 1.670 1.717 1803 1944 2033 2035 1.899 1.792 1708 1.683
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Table A3. x and (3 values used in Equation (6) for each period and each station to calculate mean
annual erosivity (Rp) in Model C.

Period Period
ID 1D
Station 1 2 3 Station 1 2 3

1 0.098 0.116 0.148 1 1.714 1.830 2.009
2 0.104 0.121 0.150 2 1.728 1.859 2.017
3 0.100 0.116 0.141 3 1.785 1.821 1.996
4 0.092 0.110 0.144 4 1.767 1.861 1.995
5 0.095 0.114 0.147 5 1.785 1.868 2.015
6 0.094 0.109 0.143 6 1.777 1.873 2.016
7 0.100 0.117 0.146 7 1.717 1.814 1.977
8 0.094 0.110 0.143 8 1.778 1.868 2.011
9 0.094 0.111 0.141 9 1.715 1.806 1.980
10 0.088 0.103 0.132 10 1.773 1.853 2.011
11 0.096 0.116 0.149 11 1.770 1.874 2.021
12 0.099 0.119 0.145 12 1.710 1.838 1.985
13 0.087 0.111 0.144 13 1.741 1.831 2.007
14 0.087 0.108 0.142 14 1.745 1.845 2.003
15 0.090 0.106 0.133 15 1.764 1.862 2.025
16 0.092 0.107 0.135 16 1.776 1.872 2.009
17 0.083 0.096 0.127 17 1.752 1.837 1.997
18 0.092 0.109 0.135 18 1.688 1.789 1.981
19 0.091 0.111 0.137 19 1.710 1.813 2.007
20 0.096 0.119 0.147 20 1.726 1.823 1.980
21 0.097 0.117 0.141 21 1.726 1.832 2.035
22 0.097 0.118 0.142 22 1.715 1.839 1.991
23 0.095 0.115 0.140 23 1.673 1.802 1.942
24 0.079 0.093 0.125 24 1.718 1.810 1.971
25 0.087 0.108 0.135 25 1.748 1.855 1.991
26 0.095 0.115 0.153 26 1.767 1.876 2.036
27 0.082 0.104 0.136 27 1.731 1.808 1.996
28 0.091 0.108 0.139 28 1.664 1.768 1.923
29 0.099 0.119 0.143 29 1.713 1.809 2.015
30 0.098 0.119 0.142 30 1.720 1.830 2.021
31 0.097 0.119 0.131 31 1.712 1.813 2.029
32 0.089 0.110 0.146 32 1.741 1.832 1.998
33 0.094 0.111 0.130 33 1.704 1.809 1.927
34 0.086 0.104 0.130 34 1.772 1.854 2.031
35 0.095 0.115 0.142 35 1.735 1.842 2.009
36 0.099 0.118 0.141 36 1.720 1.815 1.972
37 0.088 0.104 0.136 37 1.749 1.844 2.009
38 0.097 0.116 0.142 38 1.726 1.812 2.000
39 0.098 0.119 0.146 39 1.721 1.817 2.003
40 0.099 0.117 0.145 40 1.722 1.821 2.008
41 0.099 0.116 0.152 41 1.707 1.802 1.998
42 0.098 0.117 0.152 42 1.698 1.819 1.993
43 0.090 0.112 0.142 43 1.775 1.861 2.030
44 0.085 0.105 0.137 44 1.728 1.828 1.985
45 0.091 0.113 0.144 45 1.758 1.855 2.013
46 0.101 0.121 0.152 46 1.737 1.861 2.039
47 0.096 0.113 0.130 47 1.723 1.803 2.001
48 0.095 0.114 0.148 48 1.768 1.861 2.011
49 0.099 0.114 0.140 49 1.720 1.840 2.011
50 0.101 0.119 0.146 50 1.739 1.862 2.033
51 0.091 0.108 0.143 51 1.753 1.841 2.020
52 0.096 0.116 0.135 52 1.697 1.807 1.935
53 0.090 0.109 0.138 53 1.741 1.832 1.998
54 0.084 0.108 0.135 54 1.668 1.752 1.964
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Abstract: This study assessed soil erosion intensity and soil properties across the Crveni
Potok catchment in Serbia, a region of diverse morphology, geology, pedology, and vegeta-
tion. Soil samples were collected using a regular grid approach to identify the underlying
factors contributing to erosion and the most vulnerable areas. Based on '¥Cs activities and
the profile distribution (PD) model, severe erosion (>10 t ha~! y~!) was predicted at nearly
60% of the studied locations. The highest mean erosion rates were detected for the lowest
altitude range (300-450 m), Rendzic Leptosol soil, and grass-covered areas. A significant
negative correlation was found between the erosion rates, soil organic matter, and indicators
of soil structural stability (OC/clay ratio and S;), indicating that the PD model success-
fully identifies vulnerable sites. The PD and RUSLE (revised universal soil loss equation)
models provide relatively similar mean erosion rates (14.7 tha=! y~!vs. 127 tha=! y~1)
but significantly different median values (13.1 tha=! y~! vs. 55 tha~! y~!). The model
comparison revealed a positive trend. The observed inconsistencies were interpreted by the
models’ spatiotemporal frameworks and RUSLE's sensitivity to input data quality. Land
use stands out as a significant factor modifying the variance of erosion rate, highlighting
the importance of land management practices in mitigating erosion.

Keywords: soil loss; Chernobyl fallout; profile distribution model; physiographic factors;
soil texture; organic matter; soil structural stability indicators

1. Introduction

Erosion is a natural process caused by water, wind, ice, and gravity, which gradually
remove surface soil and parent rock material. Various factors, including topography, land
cover, soil properties, rainfall, runoff, and agricultural practices, influence the vulnerability
to erosion [1,2]. Soil erosion is a major global environmental issue that impacts water
resources, biodiversity, carbon storage, and ecosystems [3,4]. Removal of the fertile soil
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layer rich in organic matter disrupts biogeochemical cycles of carbon, nitrogen, and phos-
phorus [5]. It affects sediment transport and off-site accumulation, harming crop yields,
water quality, and ecosystem sustainability [6].

The consequences of erosion extend beyond the loss of soil fertility; they also lead
to changes in soil properties through the selective mobilization and redistribution of
its components [7-9] and can be a factor driving variability in these properties [10-14].
Therefore, establishing a relationship between erosion rates, soil properties, and soil quality
indicators is essential for understanding the impact of soil erosion.

Currently, the global rate of soil loss exceeds the rate of soil formation, and as a result,
many soils are now categorized as fair, poor, or very poor [15]. Soil degradation, primarily
caused by deforestation and the expansion of arable land, has increased by 2.5% worldwide
in the last two decades [16,17]. It is estimated that almost one-third of the soil resources
have degraded globally, and the number could go up to 90% in the next 25 years [15]. At
the European Union (EU) level, a quarter of the total soil resources is degraded above the
proposed sustainable threshold (2 t ha=! y~=1), and over 6% of the agricultural land has
undergone severe erosion (11 t ha=! y~1), which in turn has caused a loss of over 1 billion
EUR due to diminished productivity [18]. Water erosion is particularly prevalent, affecting
24% of EU land [19].

To address ongoing challenges [20], researchers and policymakers struggle to improve
soil redistribution assessment and control tools. Various direct and indirect techniques are
used to quantify erosion rates. Direct field-based methods like plot measurements [21],
erosion pins [22], sediment traps [23-25], and tracer techniques [26-28] provide valuable
data but can be labor-intensive and time-consuming and may lack resolution and vari-
ability, leading to uncertainty in data. Semi-quantitative methods, which assess erosion
magnitude [29-32], may also be insufficient due to a lack of precision. On the other hand,
indirect methods relying on remote sensing and geographic information systems (GISs)
cover large areas and monitor changes over time [33,34], but their accuracy depends on
proper calibration. Commonly used erosion models, such as the universal soil loss equation
(USLE) [35] and its revised version (RUSLE) [36], estimate erosion rates based on factors
like rainfall and soil type but rely on data that may be unavailable or have insufficient
resolution. These models are cost-effective for large areas but may lack precision and fail
to capture local variations. Given that each method has its trade-offs in terms of accuracy,
scale (spatial and temporal), cost, data requirements, and expertise, choosing the most
suitable one is contingent on specific objectives and available resources.

Fallout radionuclides, particularly '3”Cs from nuclear tests and disasters, are helpful
in quantifying soil redistribution rates across different soil types [37]. Conversion models
for cultivated and uncultivated soils are used to estimate the average annual erosion
and deposition rates at the sampling location based on the difference in '*’Cs inventory
between the sampled site and a nearby stable, undisturbed reference site that has not been
affected by erosion or deposition. Measurements of 13’Cs offer advantages over traditional
methods by providing spatially distributed estimates and reflecting medium-term erosion
history (past 50 years). This retrospective erosion data can be gathered from a single visit
without significant disruption to the landscape, thus avoiding costly and time-consuming
monitoring surveys [38]. Additionally, once historical insight into overall past erosion is
established, short-term erosion processes can be monitored through '¥Cs concentrations
by periodically or occasionally sampling soil at the exact locations. Despite challenges
stemming from fallout variability, such as deposition differences due to vegetation, land
cover, and microrelief [39,40], careful site selection can mitigate these issues, allowing 137Cg
to remain valuable for developing management practices.

132



Water 2025, 17,526

The simultaneous use of various methods and techniques helps to address their
limitations and drawbacks, thereby reducing the risk of significant errors in assessing
erosion and sedimentation rates. For instance, measurements of %/Cs in soil have been
employed to validate different methods for soil erosion assessment, calibrate and validate
soil erosion models [41,42], and evaluate the relative contributions of various erosion
processes within the study area [43].

The present study is set to evaluate soil erosion rates across the challenging landscape
of the Crveni Potok catchment in Serbia. Despite the high vulnerability of soil to erosion,
Serbia has yet to establish an adequate system for collecting and processing erosion data at
the national level. As a result, information on soil erosion in Serbia is missing from relevant
European databases, such as the European Soil Data Centre, that monitor European soil
conditions. Erosion caused by wind and water affects approximately 86% of Serbia’s
territory [44]. The country’s southeastern part, where the study area is located, has been
identified as most severely impacted by water erosion. The Crveni Potok catchment is
selected based on the following essential features: large production of sediments due to
frequent destructive torrential floods, significant spatial and temporal variability of eroded
sediments in water, significant variability of factors that control erosion on the small area,
diverse land use and land cover, and heterogeneous geological, soil, and geomorphological
properties. Previous research, which utilized remote sensing and nuclear techniques,
identified two types of soil erosion in the catchment: linear rill/gully and sheet erosion.
Additionally, the 137Cs inventories revealed that sheet erosion was more intense than rill
erosion [45,46].

This study’s objective was to deepen the understanding of the combined effects of
multiple factors on soil erosion in the Crveni Potok catchment. To achieve this, soil samples
were collected throughout the catchment using a regular grid approach. The following
methodological steps were employed: (i) assessing soil erosion rates using measurements
of fallout radionuclide '3Cs, (ii) analyzing the relationships between the '3’ Cs-derived
erosion rates and factors such as physiographic characteristics, soil physico-chemical
properties, and indicators of soil structure stability, and (iii) comparing the 13”Cs-based soil
erosion estimates with those derived from the RUSLE model. By exploring the sources of
discrepancies between estimates obtained by these two models and aligning the predicted
erosion intensities with field observations and actual soil conditions, the research aims to
contribute to a better interpretation and understanding of erosion modeling outputs in
future applications across complex landscapes.

2. Materials and Methods
2.1. Study Area and Sampling Approach

The studied terrains in the Crveni Potok catchment are located in the foothills between
the western slopes of the SvrljiSke mountains in the east and Debeli Del in the west. The
Crveni Potok catchment is part of the Mal¢anska River Basin, a right tributary of the
Nisava River, the largest right tributary of the Juzna Morava (Figure 1). In geotectonic and
morphostructural terms, the studied area belongs to the Carpatho-Balkanides [47].

In the Crveni Potok catchment and the Mal¢anska River Basin, the dominant initial forms
of relief are hilly and undulating structures of different morphology and height. The Crveni
Potok catchment covers an area of about 8 km?. It is elevated at an altitude of over 700 m and
was formed due to long-term geotectonic and sedimentary processes. The height difference
between the highest and lowest points of the Crveni Potok catchment is 445 m. The lowest
point is at the confluence of the Crveni Potok and the Malcanska River at 284 m above sea level,
and the highest point is located on the northern catchment at 729 m above sea level [45].
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Figure 1. Geographical location of the Crveni Potok catchment with sampling sites indicated by numbers.

Sedimentation of materials, interruptions in sedimentation, or phases of transgression,
regression, and lithification dominantly influenced a stratigraphic column in the northern
part where red sandstones and residual clays dominate. In the northernmost part of the
Crveni Potok catchment, red sandstones of Permian age (Upper Paleozoic) are widespread,
made of granular quartz and mica with iron oxides (limonite), which give it a reddish
color, while the binding material is clay. The central part of the catchment has the most
widespread Mesozoic sandstones and siltstones, and in the lower parts, there are Miocene
lake sediments and Quaternary deposits (alluvium) [48]. Pliocene and Quaternary deposits
of sand, gravel, clay, gravel-sandy sediment, and conglomerates are present along the main
course of Crveni Potok. Quaternary alluvial deposits have accumulated at its confluence.

In the lower parts of the Crveni Potok catchment, redeposited/diluvial/colluvial soils
are dominant, and residual soils dominate its upper and higher parts. The dominant soil
types are acidic and humus-silicate brown to brown-red soils on red sandstones, lithosol on
sandstone, and Haplic Cambisol formed on Permian sandstones. These soils retain some
physicochemical characteristics of the parent substrate on which they were formed. Soils formed
on red sandstones are susceptible to erosion processes. In the middle and lower parts of the
Crveni Potok catchment, carbonate brownish Vertisols on lake sediments, Distric Cambisols on
smaller areas, and Calcomelansol on limestone dominate [49]. Leptosol is characterized by a
shallow depth of soil for the development of the root system of dendroflora. Due to insufficient
soil depth and nutrient accessibility, Leptosol prevents the development of the root system
of most cultivated plants. The depth of the humus horizon of the soil in the Crveni Potok
catchment varies from 1 to 3 cm, depending on the slope of the terrain, vegetation, and exposure
to pluvial processes. Systematic sampling has determined that, at higher altitudes, the soil cover
is shallower and in an earlier stage of formation. The soils have a powdery to fine-grained
loamy texture with small skeletal fragments.

The complex geological structure of the Crveni Potok catchment generates various
geomorphological forms. This catchment’s physiographic predisposition and biogeography
have caused the formation of gullies, and recent morphological forms arose due to the
anthropogenic impact on the indigenous forest cover and grass associations. The formation
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of gullies is indirectly related to agrotechnical measures and overgrazing in the period after
World War II until the end of the 1980s. Agricultural land use has exceeded the capacity
for natural regeneration of pastures and arable land, resulting in torrential flows during
periods of increased rainfall intensity and, in the following phase, the formation of gullies.
Today, slower soil erosion processes occur in forest gullies. Factors that have influenced
the slowdown of soil erosion are as follows: (i) the regressive phase of erosion; (ii) the
erosion process has already removed the surface layer of weakly bound soil; (iii) soils now
affected by erosion contain a significant percentage of mechanical clay fraction; (iv) cut
forest vegetation (barren) has been partially restored with pseudo-forest vegetation; and
(v) rainy periods are shorter due to regional climate changes.

The dominant vegetation types in the Crveni Potok catchment are grass formations and
sapling forests of low ecological value. Grass associations are mainly found in areas where
deforestation has been significant in the recent past. This type of vegetation has a limited
effect on preventing water erosion. Today, these areas consist of meadows interspersed
with deciduous trees and shrubs. The edification species is the Balkan sessile oak (Quercus
dalechampii), but the white hornbeam (Carpinus betulus) and the black pine (Pinus nigra) are
also present in mosaic form. The distribution of pseudo-forest vegetation inherent in trees
grown from seeds is significant. In locations where several oak trees have been identified,
the roots are branched and firmly attached to the parent soil. In locations with several trees
with branched roots, soil erosion and the development of gullies is slowed down.

The nearest meteorological station is Nis, about 11 km from the Crveni Potok catch-
ment. Deviations of meteorological elements in the Crveni Potok catchment from the
values recorded at the meteorological station in Ni$ are minimal. The most important
meteorological element for the erosion process is precipitation. According to Poki¢, the
predicted average annual precipitation is between 632 mm in the lower parts of the river
catchment and 861 mm in its highest parts [50]. Although the amount of precipitation is not
large, other factors also affect the occurrence of erosion and the formation of gullies in the
Crveni Potok catchment. In addition to the amount of precipitation, its annual distribution,
intensity, slope of the topographic surface, length of the slope, type of soil, grain size
composition, water-holding capacity of the soil, water permeability and capillarity, water
capacity and evaporation capacity, soil vulnerability, plant cover, saturation of the ground
layer with water vapor, and air aridity are also important for the studied area.

The method for collecting data, whether through individual or multiple transects or a
regular grid, depends on the study’s objectives. While '3Cs measurements along transects
are useful for steep, relatively short, and regular slopes, the grid approach is preferred for
landscapes with more complex topography [51]. Determining a reliable reference inventory
is a critical step in the applying the '3’Cs technique. To achieve this, a targeted sampling
strategy was developed to identify a suitable reference site. The reference site was selected
based on its proximity to the study area, absence of slope, lack of soil erosion or deposition,
undisturbed soil conditions, and sparse vegetation cover. A cylinder corer with a 10 cm
diameter was utilized to collect soil samples. The depth distribution of '3”Cs was analyzed
by dividing the soil cores into 5 cm intervals extending to a maximum depth of 20 cm.
In this study the '3Cs inventories from 12 sampling points at the reference site in the
northern part of the basin were used to account for the microscale spatial variability of this
radionuclide, as reported by Doki¢ et al. [45].

In total, soil samples were collected at 34 locations following a 500 m grid as a general
guideline, each extracted using a cylinder corer with a 10 cm diameter to a depth of up to 20 cm.
However, the sampling locations in the grid were slightly adjusted to account for key factors
influencing erosion intensity, including terrain topography, slope, soil type, geology, climatic
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conditions, and vegetation (Figure 1). These adjustments ensured that the selected points more
accurately represented the variability and dynamics of erosion processes in the study area.

2.2. Soil Analysis

Topsoil samples, up to 20 cm in depth, were air-dried at room temperature. Stones,
larger organic matter, and other non-soil materials were handpicked and disposed of. Such
samples were subsequently sieved to obtain a fraction up to 2 mm appropriate for gamma-
ray spectrometry. Activity concentrations of 1*’Cs in the soil samples were measured using
a gamma-ray spectrometer (Baltic Scientific Instruments, Riga, Latvia) with a high-purity
germanium (HPGe) detector of 65% relative efficiency and 1.74 keV energy resolution for
0Co at 1.33 MeV. The efficiency calibration was conducted before measuring soil samples,
utilizing a mixed calibration source containing licensed reference materials. During this
process the same geometry was maintained, ensuring quality assurance throughout. The
measurements were taken over a live time of 7200 s, which resulted in a counting error of
up to 10% for the radionuclide of interest, 13Cs. Data processing was performed using
the SpectraLine (LSRM, Moscow, Russia) 1.6 software [52]. The activity concentrations of
137Cs were determined from the gamma-ray line at 661.6 keV and were then converted into
inventories (Bq m2) based on the soil bulk density.

Standard procedures were followed to conduct physicochemical analyses, including
determining particle size distribution (coarse sand: 2.00-0.20 mm; fine sand: 0.20-0.05 mm;
silt: 0.05-0.002 mm; and clay: <0.002 mm) (ISO 11277:1998(E)) [53], soil pH in water
(ISO 10390:2021) [54], and electrical conductivity (ISO 11265:1994(E)) [55]. The water
content (moisture) in air-dried soil samples was determined at 105 °C, following the ISO
11465:1993 [56]. The organic carbon (OC) and total nitrogen (N) content were determined by
ISO 10694:2005 [57] and ISO 11261:2005 [58], respectively. The soil samples were analyzed
for Al Fe, Ca, Mg, K, and Mn content. Given the diversity of soil types, the metals included
are among the most abundant in the soil and are linked to soil mineral composition. Thus,
establishing the relationships between their content, other soil properties, and erosion rates
helps understand soil type’s effects on erosion vulnerability. Samples were digested in aqua
regia (SRPS ISO 11466:2004) [59], and metal concentration measurements were conducted
using inductively coupled plasma-optical emission spectrometry (ICP-OES) on the Avio
200 instrument (Perkin Elmer, Waltham, MA, USA) according to ISO 22036:2024 [60].

The indicators of soil structure stability (OC/clay ratio and S;) were calculated based
on the results from the investigated locations. The physical properties of soil, such as water
retention capacity and clay dispersibility, are better understood through the interaction be-
tween OC and clay content rather than by analyzing these characteristics individually [61].
Additionally, the susceptibility of soil to structural disintegration, referred to as S', was
evaluated based on organomineral complexes, which are defined as soil organic matter
(SOM) bound to the fine fractions of both silt and clay, calculated as follows [62]:

SOM
St(%) = (Clay 1 ilt) x 100 1)

In Equation (1), a Van Bemmelen factor of 1.724 is used to convert the OC content into

the SOM content.

2.3. Erosion Assessment Methods

Two models are used to estimate soil erosion rates in the investigated area: the profile
distribution (PD) model and the revised universal soil loss equation (RUSLE) model. The
details of the models and input parameters used in this study are given below.
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2.3.1. The Profile Distribution (PD) Model

The PD model developed by Walling and He is widely applied to obtain assessments
of soil redistribution (both erosion and deposition) rates based on the 137Cs inventories in
uncultivated soils [63]. In the study area, a notable part of the '37Cs fallout input occurred
after the 1986 Chernobyl disaster. Namely, it was found that only around one-fifth of
the measured soils’ *Cs inventories do not account for the Chernobyl-induced fallout
activity [64-66]. On the other hand, there was no notable contribution to the total 137Cs
inventory in Serbia due to the Fukushima accident at the beginning of 2011 [67].

In this study, the modified PD model was applied, which includes the abovemen-
tioned factors, namely the year 1986 as a substitute for 1963, which is associated with
thermonuclear bomb tests’ maximum fallout (Equation (2)), written as follows:

10 X
Y= t—1986ln<1_ 100)ho @

where Y represents the annual soil loss (t ha™! y’l), i.e., the erosion rate (with a negative
value for an eroding point, having a lesser total '3’Cs inventory compared to the reference
value); t indicates the sampling year (yr); X represents the relative reduction in the 1¥Cs
inventory against the local 137Cs reference value in %; and hy is a coefficient named the
profile shape factor, which reflects the depth of penetration of 13Cs into the soil [63,68],
and its value increases with the penetration depth.

The percentage reduction in the 137Cs inventory X is calculated as in Equation (3):

X — |:Aref_Au

Aref :l 1 (3)

where A and A, represent the total '¥Cs inventory measured at the reference and the
sampling point (Bq m~2), respectively.

The profile shape factor hy is calculated by fitting the simple undisturbed soil’s expo-
nential function below (Equation (4)) to the obtained vertical distribution profile of 13’Cs at
the time of sampling at the reference site [68,69]. In many cases, for the undisturbed stable
soil, this profile exhibits a simple exponential decline with depth (Equation (4)), written as
follows [70,71]:

A(x) = A(0)e /Mo 4)

where A(x) represents the '¥Cs activity concentration at mass depth x (Bq kg—1); A(0) is
the 137Cs activity concentration of the surface soil (Bq kg~ !); while x represents the mass
depth relative to the soil surface (kg m~2).

The deposition rate R’ may be estimated using the following relationship (Equation (5)):

Aex _ Ay — Ares
Jo Cd(t)er=0dt £ Cd(f)eM-t)dr

©)

where Ay is defined as the excess 1¥/Cs inventory and Cd (t) is the 137Cs concentration of
deposited sediment.

2.3.2. The Revised Universal Soil Loss Equation (RUSLE) Model

The RUSLE [35] is an empirical model used in studies worldwide to estimate erosion
rates [72-74]. Due to its applicability in different environments and efficiency in data
provision and model parameterization costs, the RUSLE is the most widely used model
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in soil conservation and management. The RUSLE model can be described as follows
(Equation (6)):
A=RxKxLSxCxP (6)

where A is the average annual soil loss rate (t ha~! y~!); R is the rainfall erosivity factor
MJmmha1h™! year‘l); K is the soil erodibility factor (t ha h ha ! MJ™! mm~1); LS is
the topographic factor (dimensionless); C is the cover management factor (dimensionless);
and P is the support practice factor (dimensionless).

The numerical value assigned to the R factor quantifies the raindrop impact and
accounts for the potential runoff volume and rate resulting from the rainfall [36,75]. Tradi-
tional approaches for calculating the R factor typically rely on extensive rainfall data, fre-
quently unavailable in many areas. In the study area, the following equation (Equation (7))
provided by Doki¢ was used to estimate annual precipitation (P) based on altitude (H) [50]:

P =243.06 - In(H)—741.19 (7)

For precipitation calculations, the advanced land observing satellite digital elevation
model (ALOS DEM) was used, initially at 12.5 m resolution, resampled to 10 m. Digital
elevation model (DEM) was converted from ellipsoidal heights to the EGM96 vertical
datum to ensure our elevation data accurately reflects the mean sea level. The R factor was
calculated according to Van et al. model (Equation (8)), written as follows [76]:

R=a-P 8)

where a factor is 1.3 and P is the annual precipitation (mm).

The K factor indicates the soil’s ability to resist erosion caused by the impact of
raindrops, and the rate and volume of runoff generated for that rainfall under standardized
conditions [77]. In this study, the K factor is calculated using a model developed by
Williams as follows (Equations (9)-(13)) [78]:

Kyste = 1:csemd ) fclfsi ) forgc ' fhisarlcl (9)
froand = (0.2 +03-exp [—0.256 s - (1 - TSS*)J) (10)
03
s

[ Sﬂt) 11
cl—si < me + Mgy ( )

- 0.25 - orgC
forge = (1 ~ orgC + exp[3.72 — 2.95 - orgC] ) (12)

07 (1—m)
>]> 19

T
hisand < (1 _ {nTB) +exp [—5.51 +229- (1 — {nTB

where Kyg g is the soil erodibility factor; f.s,nq (coarse sand factor) is function of the high
coarse sand content of the soil; {4 (clay-to-silt ratio factor) is a function of the clay and
silt of the soil; forge (organic carbon factor) is a function of the organic carbon content
of the soil; fhisang (high sand content factor) is the function of the high sand fraction
content (0.05-2.00 mm diameter) in the soil mg (%, Table S2); mg;; is the silt fraction content
(0.002-0.05 mm diameter) (%); m. is the clay fraction content (<0.002 mm diameter) (%);
and orgC is the organic carbon content (%, Table S2).
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The LS factor includes the slope length factor (L) and the slope steepness factor (S).
The LS factor was calculated using ALOS DEM with a resampled resolution of 10 x 10 m
through the methodology proposed by Moore et al. using SAGA 7.8.2. [79]. A sink fill
algorithm based on Wang and Liu was used to remove surface depressions in the digital
elevation model before LS calculation [80].

The C factor reflects how different types of land cover influence the soil’s protection
against erosion. The value of the C factor is directly influenced by vegetation type, its
growth stage, and the percentage of ground covered by the vegetation [77]. In this study,
the C factor values are assigned to all land use types based on the values cited in the
literature [81]. The ESA WorldCover dataset with a 10 m resolution based on Sentinel-1
and Sentinel-2 data was used for land cover input [82]. Field observations were conducted
at every sample site for cases where the classifications according to the ESA WorldCover
dataset and our sampling locations differed. The C factor for sampling locations was
modified based on direct observations and accurate terrain data to reflect current conditions.

The P factor is the ratio of soil loss after soil conservation measures to the amount of
soil loss without any soil conservation measures [83,84].

2.4. Data Analysis

The basic statistics included the analysis of central tendency, variability, and normality.
As skewness and kurtosis values indicated the data’s deviation from a normal distribution,
the correlation analysis was conducted using log-transformed data. The Pearson correlation
was used to examine the strength of relationships between the analyzed variables. To
investigate how variations in physiographic factors (altitude, slope, geology, soil type, and
land cover) impact erosion rates, a one-way Welch’s analysis of variance (ANOVA) was
performed. This was followed by Games-Howell pairwise comparison tests to evaluate the
differences among the means of the various groups. All statistical analyses were performed
using R version 4.3.1 [85].

3. Results
3.1. Physiographic Properties of the Sampling Locations

The detailed physiographic data for each sampling location can be found in Table
S1. The distribution of sampling points based on geology is as follows: 15 sites are
situated on clastic Permian sediments, 11 on Miocene lacustrine sediments, 5 on Pliocene
and Quaternary lacustrine sediments, and 3 on limestone. In terms of soil types, Haplic
Cambisols are the most dominant, found at 15 locations, followed by Vertisols at 10
locations, Regic Anthrosols at 4 locations, Mollic Leptosols at 3 locations, and Rendzic
Leptosols at 2 locations.

Vegetation cover at the sampling sites varies, with grasslands of different densities
found at 16 locations, forests at 15 locations, and shrubs at 3 locations.

The slopes of the sites range from 3° to 23°, with an average of 12°. Additionally, the
altitude ranges from 303 to 673 m above sea level, with an average altitude of 485 m (Table 1).

Table 1. Descriptive statistics of altitude, slope, soil physicochemical properties, soil structure stability
indicators, and soil erosion rates estimated by the PD and RUSLE models (N = 34).

Variable Mean SD * CV ** Skewness Kurtosis Min. Median Max.
Topography

Altitude (m) 485 107.4 22.16 0.27 —1.25 303 464 673
Slope (°) 12 52 41.89 0.31 —0.52 3 11 23
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Table 1. Cont.

Variable Mean SD * CV ** Skewness Kurtosis Min. Median Max.
Soil physicochemical properties

Coarse sand (%) 14.4 6.31 43.78 0.59 1.78 2.30 14.75 34.50
Fine sand (%) 15.0 7.29 48.66 1.43 291 3.7 14.0 39.7
Silt (%) 43.3 10.50 24.23 0.41 —0.61 24.8 40.5 66.4
Clay (%) 27.3 13.45 49.32 0.08 —1.48 9.2 29.0 52.6
Water content (%) 3.3 1.71 51.93 0.14 —1.42 0.9 3.1 6.3
pH (H,0) 6.9 1.27 18.59 —0.10 —1.24 4.6 6.6 8.6
EC(mSm™1) 7 3.14 47.61 0.80 —0.48 3 6 13
OC (%) 3.090 1.12 36.20 0.04 —0.93 0.900 3.033 5.027
N (%) 0.259 0.09 36.93 0.95 1.12 0.110 0.232 0.541
OC/N 119 2.23 19.16 0.83 0.80 8.2 11.8 18.3
Ca (mgkg™) 23,480 41,898 178.5 2.54 6.21 453 6770 178,000
Al (mg kg’l) 23,310 10,164 43.61 0.18 —0.24 5110 22,700 48,300
Fe (mg kg’]) 30,780 8388 27.25 0.08 —0.39 13,200 30,300 46,300
K(mg kg_l) 3780 1831 48.47 0.14 —0.96 737 3465 7510
Mg (mg kg™1) 6460 4831 74.75 2.06 5.81 608 5275 24,700
Mn (mg kg™1) 773 4096 52.98 0.83 —0.44 288 604 1800
137Cs (Bq kg™1) 15.0 6.95 46.47 0.17 —1.22 34 14.5 27.6
Indicators of soil structure stability

OC/Clay 0.156 0.109 70.16 0.91 —0.28 0.022 0.117 0.399
St (%) 7.6 2.71 35.4 —0.14 —0.95 2.3 7.8 119
Erosion rates (t ha™! y’l)

PD model 14.7 11.15 75.75 0.75 0.07 0.4 13.1 43.3
RUSLE 12.7 16.63 130.3 1.43 1.34 0.1 55 62.7

Note(s): * Standard deviation; ** coefficient of variation.

3.2. Physicochemical Properties of the Soil Samples

Table S2 encapsulates the physical and chemical properties of the soil. The soil across
different locations within the Crveni Potok catchment demonstrates significant variations in
the percentage composition of individual particle size fractions. The Coefficient of Variation
(CV), calculated as the ratio of the standard deviation to the mean, indicates that the most
notable variations occur in the clay (CV =49.32%) and fine sand (CV = 48.66%) fractions. In
the lower part of the study area, soils predominantly exhibit finer textures, such as clay and
clay loam (Table S2). In contrast, the upper section is mainly characterized by silty loam,
loam, and occasionally sandy loam textures. The ability of these soils to retain moisture
varies widely, as evidenced by the water content measured at 105 °C, which ranges from
0.9% to 6.3%, resulting in a CV of 51.93%.

The soil pH values ranged from 4.6 to 8.6, with a CV of 18.59%. Based on the general
interpretation of soil pH measured in a 1:5 soil/water ratio [86], the soil pH values in the
study area can be categorized as very strongly acidic (pH 4.5-5.0; five samples), moderately
acidic (pH 5.6-6.0; three samples), slightly acidic (6.1-6.5; nine samples), neutral (6.6-7.3;
four samples), mildly alkaline (pH 7.4-7.8; one sample), moderately alkaline (pH 7.9-8.4;
seven samples), and strongly alkaline (pH 8.5-9.0; five samples). Acidic soils, specifically
Haplic Cambisol and Regic Anthrosol, were commonly found in forested areas.

Electrical conductivity (EC) values varied from 3mSm~! to 13 mS m~! across different
soil samples, resulting in a CV of 47.61%. Salinity rating based on the EC measurements
taken at a 1:5 soil-to-water ratio and soil texture related to clay content [86] indicates that
soils have very low (28 samples) and low salinity (6 samples).

The soils also showed varying levels of organic carbon (OC) and total nitrogen (N),
with CVs of 36.20% for OC and 36.93% for N. The recorded OC values ranged from 0.900%
to 5.027%, while N values ranged from 0.110% to 0.541%. According to the classification of
OC levels in the topsoil horizon [87], most samples (30) exhibited medium levels of OC

140



Water 2025, 17,526

(2.0% to 6%), while three samples had low levels (1.0% to 2%), and one sample had a very
low level (less than 1% OC). The OC/N ratio, which indicates organic matter turnover and
nitrogen availability, fluctuated between 8.2 and 18.3 (CV =19.16%).

In the study area, the mean concentrations of elements in the surface soil (Table 1)
displayed that the most abundant ones were Fe, Ca, and Al, with mean concentrations of
30,780 mg kg~ !, 23,480 mg kg !, and 23,310 mg kg !, respectively. Next, Mg was found
at a mean concentration of 6460 mg kg~!, K at 3780 mg kg~!, and Mn at 773 mg kg~ .
Iron exhibited the least variability among the selected elements (CV = 27.25%), while Ca
showed the most significant variability (CV =178.5%).

3.3. Soil Indices for Assessing Structural Quality and Susceptibility to Erosion

Aggregate stability is a relevant indicator of soil vulnerability to runoff and erosion [88].
Improved aggregation of soil particles rich in OC enhances soil structure, making it less
prone to compaction and more stable in water [61]. By examining the relationship between
soil organic matter and the content of fine-sized particles (clay or clay + silt) in soils with a
known structural condition, including poorly structured and/or eroded ones, soils with
adequate organic matter were distinguished from those that have lost their structure and
are highly susceptible to erosion [62,89].

The calculated values of the indicators by location are given in Table S3. The mean
OC/Clay ratio in the study area was 0.156 (Table 1). This ratio varied from 0.022 to 0.399,
highlighting the complexity and diversity of soil composition and stability in the catchment,
as indicated by a high coefficient of variation (CV = 70.16%).

Research has demonstrated that the OC/Clay ratio can effectively differentiate soils
with varying structural quality. Values of 1/8,1/10, and 1/13 are proposed thresholds for
classifying soil structural conditions as very good, good, moderate, and degraded [61,89].
While the validity of these thresholds was challenged in a study by Johannes et al. [90],
which primarily examined agricultural soils, it was confirmed that a decline in soil structure
correlates with a decrease in the OC/Clay ratio, with the 1/8 ratio representing an average
for soils considered to have very good structure.

Out of 34 samples from the Crveni Potok catchment, the soil at 17 locations exhibited
an OC/Clay ratio greater than 1/8, indicating a very good structure. Most of these soils
(13 samples) were collected in forested areas (Tables S1 and S3). In contrast, the OC/Clay
ratio was lower than 1/13 at 10 grassland and one shrubland location. The results indicate
the significant influence of land use on the OC/Clay ratio. Among various factors, such
as land use, average annual precipitation, major soil groups, pH levels, flood risk, and
topsoil depth, land use was identified as the primary factor influencing the variance of the
OC/Clay ratio in the soils of England and Wales [89].

The S varied between 2.3% and 11.9% (CV = 35.4%) with a mean of 7.6. The S;
level of 5% was set as an empirical critical limit, below which a loss of structure leads
to a great susceptibility to erosion [62]. Furthermore, S; values between 5% and 7% are
recommended as indicators of soil instability and heightened risk of structural decline.
Conversely, soils with a S; greater than 9% are not considered at immediate risk. Based on
this S; classification, the soil at six locations was physically degraded, 16 samples could be
classified as at risk, and 12 as soils with stable structure at no immediate risk. Notably, all
areas where soil has lost its structural integrity are covered with grass.

3.4. Soil Erosion Rates Estimated by the PD Model and Relationships with Physiographic Factors

The activity concentrations of '¥Cs and the soil erosion rates calculated using the
PD model are presented in Table S3. The mean activity of 1*Cs across the study area
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was 15.0 Bq kg_1 (Table 1). The CV is 46.47%, indicating high variability among locations
within the Crveni Potok catchment, with values ranging from 3.4 Bq kg ! to 27.6 Bq kg~ !.
No signs of soil deposition were observed, as the 137Cs inventories at the investigated grid
points were lower than those at the reference site [45].

Based on the measured '’ Cs activities and using Equation (2), the PD model estimated
erosion intensities from 0.4 to 43.3 t ha~! y~!, with a CV of 75.75%. The mean erosion
rate was found to be 14.7 t ha~! y~!, which is slightly lower than the mean erosion rate of
16 tha~! y~! reported by the same methodology in gullies located in the upper part of the
study area [45,46].

In terms of erosion rate classifications used by the European Union (low: <5 tha=! y~1;
moderate: 5-10 t ha—! y~!; and severe: >10 t ha—! y~1) [91], the study area included
9 locations characterized by low erosion intensity, 5 with moderate, and 20 with severe
erosion intensity.

The impact of variations in physiographic factors on the erosion rates derived from
the PD model was analyzed using ANOVA (Figure 2). Although erosion rates show high
variability within individual classes of factors, the ANOVA test followed by a pairwise
comparison test revealed some significant differences between the classes. In each panel of
Figure 2, different letters (i.e., A and B) indicate groups with significantly different means.
Conversely, groups that share at least one letter (e.g., A and AB and AB and B) are not
significantly different from each other at the p < 0.05 significance level.
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Figure 2. Box plots showing the distribution of erosion rates estimated by the PD model based on
physiographic factors: (a) altitude, (b) slope, (c) geology, (d) soil, and (e) land cover. The box frames
the interquartile range; the whisker extends from the lowest to the highest value; a star symbol
indicates the outliers; the horizontal line indicates the data median; the circle indicates the mean
value for the group, and N is the number of samples. Groups that do not share the same letter (i.e., A
and B) are significantly different (p < 0.05) based on the Games-Howell pairwise comparison tests.
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The mean values of erosion rates decreased with elevation (Figure 2a), demonstrating
a significant difference between the lowest elevation range (300450 m) and the highest
range (600-700 m). Similarly, the mean erosion rate was lower for steeper slopes (20-30°)
than those on slopes up to 20° (Figure 2b). However, the difference across these slope
categories was not statistically significant, likely due to the limited number of data points,
which makes reliable conclusions difficult.

No significant differences were observed when comparing groups with different
geological compositions (Figure 2c). The lowest mean erosion rate was associated with
Permian sediments. The distribution of erosion rates among different soil groups (Figure 2d)
revealed that Haplic Cambisol, formed on consolidated Permian sediments, had a lower
mean erosion rate than soils developed on unconsolidated sediments. The difference
between the Haplic Cambisol and Rendzic Leptosol groups was significant.

Finally, the vegetation cover type at sampling locations influenced the estimated
erosion rates (Figure 2e), revealing a significant difference between forested areas and grass-
lands. The lowest erosion rates were measured in forested areas, followed by shrublands,
with the highest rates observed in locations with grassland cover. Moreover, the variability
of erosion rates in forested areas was much lower than in grasslands.

3.5. Soil Erosion Rates Estimated by the RUSLE Model

Figure 3 shows raster maps for RUSLE model factors, including rainfall erosivity (R-
factor), soil erodibility (K-factor), slope length and steepness (LS-factor), cover management
(C-factor), and support practices (P-factor). The P factor was set to a value of 1.0 across
the entire study area based on the observation that no specific soil conservation practices
are currently implemented. The resultant soil loss map, derived from integrating these
factors, provides a detailed visualization of the potential soil erosion across the area. This
map highlights the spatial distribution of soil loss, identifying areas with varying erosion
intensities, from low to severe, and offering valuable insights for land management and
soil conservation planning.
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Figure 3. RUSLE Factor maps (a-e) and RUSLE model based soil loss map (f).

The RUSLE model predicted erosion rates at investigated locations (Table S3) ranged
from 0.1 to 62.7 t ha=! y~!, scoring a CV of 130.3% (Table 1). The mean value of
12.7 tha=! y~! was close to the one predicted by the PD model (14.7 t ha=! y~1), but
the median value was significantly lower (5.5tha~! y~! vs. 13.1 tha=! y~!, respectively
(Table 1)). Following the classification of erosion intensities [91], low-intensity erosion was
anticipated at 17 locations, moderate at 4, and severe at 13 locations.

3.6. Correlation of Estimated Soil Evosion Rates with Soil Physicochemical Properties and
Indicators of Soil Structural Stability

The associations between soil properties, indices of soil stability, and soil erosion rates,
tested using Pearson’s correlation coefficients, are presented in Figure 4.
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Figure 4. Pearson correlation coefficient (r) of soil erosion rates estimated by PD and RUSLE models,
soil physicochemical properties, and indicators of soil structural stability (N = 34).

In the study area, the mass activities of 13 Cs showed significant positive correlations
with OC, N, the OC/N ratio, and the silt fraction. Additionally, there was a positive
correlation between '¥Cs and Mn concentration, which aligns well with the observed
association between Mn-rich minerals and the silt fraction. Conversely, *Cs activity had a
significant negative correlation with clay content. This finding was reinforced by a negative
correlation of 137Cs with water content and, specifically, the Al, a common element in the
crystal lattice of clay minerals. Additionally, the clay fraction increased significantly with
a higher Ca and Mg content and soil pH, demonstrating a high presence of clay-sized
particles in carbonate-rich soil. Meanwhile, 13’Cs activity concentrations were in a strong
negative correlation with these parameters.

Overall, soil texture and organic matter are the primary factors influencing the con-
centration of '¥Cs in the topsoil of the Crveni Potok catchment. The interaction between
137Cs and soil occurs primarily through cation exchange sites with varying specificity and
reversibility, mainly involving organic matter and clay minerals [92]. The strong covariance
of OC and '¥Cs arises from similar transportation pathways during soil redistribution
along the sloping terrains [93]. Positive correlations between '3Cs and OC have been
detected in eroding soils across different types and land uses, including forests [94-96],
uncultivated areas [97], abandoned farming sites [96], and certain cultivated soils [98-101].
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The relationship between the activity of 1¥Cs and different particle size fractions is complex
and influenced by specific local conditions such as soil type and structure and the extent
of erosion. Studies have shown both positive correlations with clay [99] and negative
correlations [38], while other research indicates a positive correlation with both silt and
clay fractions [102].

Erosion rates estimated using the PD model, based on 137Cs activities, demonstrated a
significant negative correlation with OC, N, and Mn content in the soil (Figure 4). Areas
with high erosion rates are at risk of not only a further decline in organic matter content
but also changes in the composition of OC fractions in the remaining soil. Water erosion
tends to selectively increase the proportion of mineral-associated organic matter while
decreasing the proportion of lighter particulate organic matter [103,104]. Moreover, a recent
analysis examining how soil nitrogen concentration and composition respond to varying
erosion intensities confirmed that erosion diminishes total nitrogen content in eroded areas
and alters the composition of dissolved nitrogen, ultimately reducing its availability [105].
Erosion rates tended to increase with higher clay and lower silt content in the soil, but these
trends were not statistically significant. Furthermore, the correlation between PD-derived
erosion rates and the investigated elements’ content was not significant, except for Mn. A
notable negative correlation with Mn-rich minerals seems to arise from Mn's association
with the silt fraction. Haplic Cambisol with silt and silt loam texture was characterized by
notably higher Mn concentrations than soils with finer textures (Table S2). This underlines
the impact of soil type on erosion intensity and supports the findings from Figure 2d.

Soil structure stability indicators displayed a significant (p < 0.01) positive correlation
with 137Cs activity concentrations and, consequently, a negative correlation (p < 0.01) with
the PD model estimates (Figure 4). This shows that the predictions of the PD model and the
values of physicochemical indicators of soil structural quality align in identifying endan-
gered sites. Likewise, a significant correlation has been reported between soil redistribution
rates estimated by '¥Cs and S; in croplands within a semi-humid region [106].

In our study area, the OC/Clay ratio and the S; were negatively correlated with the
soil pH. Such a relationship results from higher OC and lower clay content in the upper
part of the catchment, predominated by acidic forest soil (Tables S1 and 52). An increase in
the OC/Clay ratio in acidic soils, particularly those with a pH below 5, has been previously
observed in permanent grass and woodland areas [89].

Erosion rates estimated by RUSLE were significantly positively correlated with clay
fraction and clay fraction-associated parameters pH, Ca, and Mg, while presenting neg-
ative correlations with ¥’Cs, OC, OC/N, OC/ Clay, and S;. The OC/N ratio serves as
a meaningful proxy of organic matter quality and the composition of the soil microbial
community [107]. Unlike particulate organic matter, mainly composed of plant residues
with low N content, mineral-associated organic matter consists of low molecular weight
organic compounds with higher N content [108]. The association of this fraction with
minerals makes it less vulnerable to disturbance. Therefore, the significant reduction in
the OC/N ratio with increased erosion intensity supports the dominance of the more
stable mineral-associated organic matter over the particulate organic fraction in areas
experiencing severe erosion by water.

The linear relationships observed among all examined parameters and predictive
models are consistent in direction, although they vary in strength (Figure 4). The RUSLE
estimates demonstrate a stronger correlation with the OC and clay content since these data
were incorporated within the model. Finally, the correlation of log-normalized data for
the PD and RUSLE model estimates shows a positive trend; however, it is not statistically
significant at p < 0.05.
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4. Discussion

Our findings are consistent with the observed intensity of erosion in semi-arid envi-
ronments. The erosion rates estimated using the '3’Cs method reach 39 t ha™! yr! on a
Mediterranean coast [109] and even 116 t ha™! yr~! in an agricultural area of a watershed
in Turkey [110]. Considering different methods, numerous studies [109-112] have shown
that higher soil erosion rates can be observed when using the '¥’Cs method compared to
the RUSLE model. Using both methods, the highest values of erosion rates were obtained
for croplands and the lowest for forested areas. However, other local factors can affect
large variability in forest erosion rates [113]. In mountainous regions of Europe, the results
obtained from the universal soil loss equation (USLE) are similar in magnitude to those
based on 137Cs across land use types, except for hayfields and pastures lacking dwarf
shrubs, where the USLE underestimated erosion intensity [114]. In contrast, erosion and
sedimentation rates estimated by the USLE, RUSLE, and '3’Cs were completely different in
a watershed in Brazil [115].

A comparison of the PD and RUSLE model results can provide essential insights into
soil erosion dynamics in our study area. Although the PD model, by definition, accounts
for all types of erosion, its estimates could be compared with those from the RUSLE,
focusing solely on water erosion, as water is the only erosion agent in the study area. After
conducting a correlation analysis on the log-normalized data (Figure 4), the original data
were analyzed to compare erosion rates obtained from both approaches in meaningful
real-world units. The correlation was weakly positive (r = 0.372) and statistically significant
at p < 0.03, indicating that both models identify similar erosion trends, although their
quantitative outputs do not always align (Figure 5).
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Figure 5. Scatterplot of RUSLE vs. PD model estimates (original data). The numbers refer to the
sampling sites.
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The comparison reveals a discrepancy in the upper area of the Crveni Potok catchment
covered with forest vegetation, with the nuclear method showing predominantly higher
erosion rate values. This difference arises from the two methods’ distinct temporal and
spatial perspectives. Namely, the '¥Cs method offers an insight into the long-term ero-
sion rate since the Chernobyl nuclear accident in 1986, encompassing decades of varying
land use and vegetation cover. Historically, the area was characterized by sparse grass
and shrub vegetation, which provided limited protection against erosion and facilitated
intense gully erosion, exacerbated by heavy grazing, primarily by goats [45]. Over time,
natural vegetation succession led to the establishment of dense forests and thick grasslands,
stabilizing the soil and significantly reducing active erosion. The gully systems, once a
major contributor to sediment transport, have largely transitioned into a dormant phase.
Consequently, the ¥Cs method reflects the historical dynamics of soil redistribution and
captures changes over time.

In contrast, the RUSLE model estimates erosion rates based on present-day land cover
and vegetation (low C-factor, indicating lower vulnerability to erosion hazards), which now
effectively protects the soil in most parts of the area. Despite the area’s steep slopes and
substantial rainfall, the dense vegetation mitigates surface runoff and limits the detachment
and transport of soil particles. This results in much lower erosion rates predicted by
RUSLE, as it does not account for the historical phases of land use and erosion intensity
that significantly influenced the long-term sediment budget. This comparison underscores
the importance of considering historical and contemporary factors to comprehensively
assess erosion dynamics and the interplay between land use, vegetation changes, and
soil stability.

The limitations of the RUSLE model are evident, as it does not account for gully
erosion processes [116-118]. This is particularly significant in the forested areas of the
upper part of the Crveni Potok catchment, where gully erosion is a major contributor to
overall topsoil degradation by water [46]. Due to its inability to model soil loss caused by
gravity flow [119], the RUSLE model may significantly underestimate actual soil loss rates.

An exception to this common trend of RUSLE estimates is observed at two sampling
locations characterized by grass vegetation rather than forest cover. At sampling location
9, the erosion rates are nearly the same (20.1 by PD and 20.9 t ha~! y~! by RUSLE),
and at sampling location 11, the erosion rate predicted by the RUSLE method is higher
(22.2 tha~! y~!) than that obtained from the !3Cs method (6.6 tha=! y~1).

In the lower part of the catchment, the 13Cs method indicates higher erosion rates
at several locations (19, 23, 28, 31, and 32) covered by forest, compared to the RUSLE
model. This can be explained by the proximity to human settlements, where, in the
past, vegetation was sparse and often controlled by human activity. With fewer people
in the area today, vegetation is gradually regrowing, including denser forest cover. At
sampling locations 22 and 15, the 13”Cs method indicates a significantly lower erosion rate
(6.9tha~! y"land 1.4 tha~! y~!) compared to the value estimated by the RUSLE model
(39.3tha~!y~!and 20.6 tha~! y~!). The RUSLE method, considering the steep terrain
and sparse vegetation, predicts a high erosion rate, which seems unrealistic due to the
shallow depth, slow formation of soil on limestone, and the limited amount of soil that can
be eroded. In these cases, the RUSLE method probably overestimates the erosion rate.

In grassland areas, the calculation showed mean erosion rates of 20.03 tha=! y~! and
24.41 tha—! y~! and the median values of 19.52 tha=! y~! and 20.74 t ha=! y~! for the PD
and the RUSLE models, respectively. Despite the agreement of mean and median values,
the outputs of the two models still differed in absolute values (Figure 5).
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The extreme values in erosion predictions derived from the RUSLE model can pri-
marily be attributed to its strong association with the LS factor. The RUSLE model, which
directly incorporates topographic factors into its calculations, is very sensitive to changes
in slope characteristics [120], and the LS factor can overestimate soil erosion in complex
topographies [121]. Similarly, there is often a lack of detailed, site-specific rainfall amount
and intensity data, which are critical for calculating the rainfall erosivity (R) factor. The
absence of such precise information introduces uncertainties in the model’s predictions.
The observed differences in predictions obtained by PD and RUSLE models also arise from
their distinct conceptual frameworks (relying on the vertical distribution of 13’Cs within
a soil profile related to the soil characteristics vs. an empirical model based on several
external parameters that are not always field-based and/or reliable) and the estimates they
provide (gross erosion rates vs. net erosion rates not considering the sediment yield).

The comparison of estimated erosion rates with soil conditions is a practical way for
model verification and agreement checking [115]. Soil structure is a key factor affecting
water retention and infiltration, gas exchange, soil organic matter and nutrient dynamics,
root penetration, and erosion susceptibility [122]. Various mineral and organic agents
contribute to soil aggregation and structure preservation. The rearrangement of particles,
flocculation, and cementation are the main drivers for soil particle aggregation, facilitated
by SOM, biota, clay, Fe- and Al-(hydr)oxides, and carbonates [123,124].

In our study area, both investigated models were negatively correlated with structural
stability indicators (Figure 4). Lower S; and OC/clay values are generally found in the
lower part of the study area, which is characterized by higher erosion rates. The high clay
and silt and low SOM content in this area contribute to the soil’s increased susceptibility
to sealing [125]. Surface sealing and the resulting crusting are recognized as significant
forms of soil degradation, primarily driving runoff and promoting inter-rill soil erosion.
The formation of a thin layer at the soil surface reduces porosity and increases resistance
to penetration, for which the S; value serves as a valuable indicator [126]. The S; shows
a significant positive correlation with saturated hydraulic conductivity and a negative
correlation with bulk density and penetration resistance [127].

Conversely, higher SOM levels contribute to soil stability in the upper parts. The inter-
action of OC with the surface of mineral particles through sorption on pedogenic oxides,
clay minerals, and by co-precipitation with polyvalent cations is an effective mechanism
of soil stabilization [128]. In addition, the increase in SOM content reduces susceptibil-
ity to erosion by altering pore size distribution, providing higher air-filled porosity and
water-holding capacity [129]. High SOM content protects the soil aggregates by creating a
hydrophobic coating and inhibits slaking and swelling, which destroys the soil structure.

Notably, both models and indicators of soil structure stability agree that location 26 is
the most severely affected by erosion, where measures for soil quality and erosion control
should be prioritized.

The study underscores the importance of high-resolution and precise terrain data for
the accuracy of RUSLE outputs, which can be obtained through advanced non-terrestrial
methods such as drone surveys or light detection and ranging (LiDAR) technology. Further
study limitations stem from the inherent assumptions of the methods themselves, such
as the PD model’s inability to account for the time-dependent nature of 13’Cs fallout
input and its post-fallout redistribution within the soil profile or the RUSLE method’s
exclusion of sediment yield. However, the combined use of these methods enhances the
reliability of their outputs and provides valuable information on the most vulnerable areas.
Evaluating the association of PD and RUSLE outputs with soil stability indicators across

148



Water 2025, 17,526

different geological, hydrological, and climatic conditions in future research will enhance
the reliability of the study’s initial findings.

5. Conclusions

Predictions from the PD model indicate that severe erosion impacts 20 out of
34 locations in the study area. Significant influences from elevation, soil type, and land
cover have been identified. Erosion rates were negatively correlated with the content
of organic matter and the soil aggregate stability indicators. This supports the model’s
findings by providing evidence of actual soil conditions and vulnerability to erosion. In-
creased susceptibility to erosion detected in the lower part of the basin was affiliated
with predominant grass and sparse shrub vegetation, clay and clay loam soils, and low
organic matter content failing to effectively stabilize soil aggregates. Adopting enhanced
forest management practices is essential for effectively mitigating soil erosion in this area.
This includes implementing measures to prevent deforestation and actively promoting
reforestation to increase organic matter levels and enhance soil stability.

The research contributes to promoting the value of the '3’Cs method even over very
complex terrains and the usefulness of model predictions for further assessing the combined
influence of various factors on the erosion process. Comparing the results of the PD and
RUSLE models proved helpful for understanding the erosion process from the distinct
assumptions of the models. Furthermore, assessing soil conditions by structural stability
indicators can help users and decision-makers adjust their practices and effectively direct
efforts to reduce erosion intensity. Once these indicators are established, they can facilitate
tracking changes in soil vulnerability over time, particularly concerning soil erosion and
the effectiveness of erosion control measures.
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and soil structure stability indicators (OC/Clay and St) for each location.
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Abstract: The study highlights the increasing significance of understanding sediment sources
and their contributions within a watershed, particularly in relation to different land use types.
As the demand for effective source apportionment grows, this research aims to quantify how var-
ious land uses—specifically rangeland, rainfed agriculture, irrigated agriculture, and orchards—
contribute to sediment yield over time. To achieve this, the researchers employed geochemical
tracers and ¥Cs to assess sediment contributions in a small sub-basin located in western Iran.
The methodology involved creating a working unit map by overlaying land use maps from 1967
and 2021 with a slope map of the region. A total of 75 and 31 soil samples were systematically
collected across different land uses to ensure a representative analysis of '*’Cs and geochemical
methods, respectively. The study utilized specific models to calculate the average contributions
of each land use type. For non-agricultural lands, a diffusion and migration model was applied,
while agricultural lands were analyzed using a mass balance type Il model. The FingerPro
program in R software 4.2.2 facilitated the selection of suitable tracers and allowed for the
determination of sediment source contributions through a multivariate mixed model algorithm.
The findings revealed significant changes in sediment yield contributions over the past 60 years.
In 2021, rainfed agriculture accounted for 72.26% of sediment yield, down from 85.49% six
decades earlier. Conversely, irrigated agriculture showed an increase from 1.80% to 15.06%.
Rangeland and orchard contributions remained relatively stable but low, at approximately 8%
and 4%, respectively. The total erosion rate for the sub-basin was estimated at 526.87 t y~!, with
rainfed agriculture being responsible for the majority at 450.43 t y 1.

Keywords: FingerPro; sediment fingerprinting; sediment source; soil disturbance; tillage effect

1. Introduction

Soil is a fundamental element of ecosystems and a critical resource for food production,
playing an essential role in human survival. Consequently, it is vital to support and protect
soil while preventing erosion, as soil erosion and sediment transfer to waterways represent
significant environmental challenges and concerns for sustainable development [1]. Soil erosion,
the most prevalent form of land degradation, results from the interplay of human activities
and natural phenomena [2]. This process has historically been a major contributor to land
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degradation, leading to various environmental and ecological issues, including limitations
on agricultural production, hindrances to regional economic development, and deteriorating
living conditions [3,4]. The intensity of soil erosion directly correlates with its impacts and is
influenced by numerous natural and human factors. Among these factors, land use emerges as
a crucial determinant affecting both the intensity of soil erosion and its spatial distribution [5,6].
Specifically, converting land for agricultural use on lower slopes exacerbates soil erosion,
highlighting the necessity for targeted land management practices [7].

To effectively implement soil conservation measures, a precise understanding of
sediment sources and their contributions to sediment yield is essential. This knowledge
aids in identifying sensitive areas within watersheds. However, traditional assessment
methods—such as visual inspections, field surveys using erosion plots to measure soil loss,
and monitoring rills and gullies—face significant challenges related to time constraints and
operational demands. These methods often require substantial financial resources [8,9] and
are primarily designed for measuring erosion rather than sediment yield. Consequently,
they fall short in estimating the sediments that reach the end of the basin or in linking these
sediments back to their primary sources. In summary, addressing soil erosion requires
innovative approaches that go beyond traditional methods to effectively relate sediment
sources to rivers and sediment yield at the basin’s end [8].

There are various methods for determining and identifying sediment sources and
their contributions, with the source tracing or fingerprinting method gaining significant
attention from researchers due to its efficiency. Source tracing involves measurement
techniques based on field surveys that apportion eroded soil from multiple sources using
tracer properties and composite mathematical models [10]. In recent years, this sediment
source tracing method has been recognized as a reliable approach for determining the
contributions of primary sediment sources and assessing their relative importance [11,12].
This technique operates by comparing the physical and chemical characteristics of sediment
sources with those of sediments produced at the basin outlet, allowing for the identification
of high-risk areas for sediment yield [13,14]. The effectiveness of sediment source tracing
lies in its ability to demonstrate the relative importance of potential sediment sources [11].
It offers simple and cost-effective principles for collecting spatial and temporal data across
various watershed scales [8,11]. In employing the sediment source tracing method, it is
crucial that sediment sources are distinguishable based on tracer properties [9]. One notable
tracer used in this context is '3’Cs, a radionuclide resulting from nuclear activities during
the period extending from the 1950s to the 1970s. This radionuclide is deposited into soil
and serves as a marker for assessing soil erosion across different regions. With a half-life of
30.1 years, '37Cs provides valuable information about changes in soil surface conditions
and erosion rates. The initial research utilizing radionuclides to estimate soil erosion was
conducted by Menzel in 1960, followed by studies from [15,16], who further explored the
impact of 137Cs in soil erosion assessments.

Materials derived from different parent rocks exhibit distinct geochemical characteris-
tics, which are preserved in sediments resulting from erosion. This retention of geochemical
properties allows researchers to identify the relative contributions of various sediment
sources [17-21]. In the early 1980s, Walling pioneered the use of geochemical tracers
as an innovative method for identifying sediment sources within watersheds. This ap-
proach has proven highly effective in distinguishing contributions from various sources,
particularly land uses, and has gained widespread acceptance in the field. A significant
advancement stemming from these developments is the creation of FingerPro package, a
specialized tool for source tracing integrated into R software 4.2.2, which is freely available
for users interested in sediment source analysis [22]. Additionally, understanding soil
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particle displacement and redistribution processes due to erosion is crucial for effective
soil conservation management at various scales, from individual plots to entire watersheds.
Spectroscopy of fallout radionuclides plays a key role in this understanding, with '¥Cs
being particularly useful for quantifying soil particle displacement [23].

This study employs the '3’Cs method to assess the average contributions of different
land uses over the past 60 years in the Khamsan representative paired watershed located
in Kurdistan Province. The contributions will be compared against current land use
shares, enabling an examination of changes in land use contributions and the specific share
attributed to each land use type.

2. Materials and Methods
2.1. Study Area

The control sub-watershed, located in the southwest of the Khamsan representative
paired watershed, is characterized by the absence of watershed management operations.
According to a digital elevation model derived from photogrammetric drone data, this
sub-watershed covers an area of approximately 102.14 hectares, features an average slope of
28%, and has an average elevation of 1712 m above sea level. Its geographical coordinates
range from 47°4'39" to 47°5'31” E longitude and 34°57'52" to 34°58'33" N latitude (see
Figure 1). Climate data from the Khamsan climatology station indicate that the average
annual temperature in this region is 12.5 °C, with average annual precipitation recorded
at 428 mm. The study area encompasses four types of land use/covers: orchards, rainfed
agriculture, irrigated agriculture, and rangeland. The predominant type of erosion observed
in this area is surface erosion [7,24].
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Figure 1. The location of the control sub-watershed of Khamsan representative paired watershed in
Iran, along with the soil and sediment sampling points in the study area.

In areas surrounding the main stream channel near the watershed outlet, the soil
depth exceeds one meter. The hydrologic group of this soil is Group B, and the soil texture
is clay loam, which is suitable for agriculture. Consequently, this part of the watershed is
used for orchard and irrigated agriculture. However, frequent plowing typically disrupts
the natural soil layers. In the central part of the watershed, the soil depth is approximately
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50-60 cm, and the hydrologic group is Group C. The soil texture here is loam, but due to
unfavorable economic conditions, this area is mainly under rainfed agriculture. Plowing
has led to the destruction of the natural soil layers. In the upper part of the watershed,
which features rock outcrops and debris falls, the soil depth varies between 10 and 20 cm,
with some limited areas exceeding 20 cm. The hydrologic group of this soil is also Group C.
Due to the absence of plowing and the presence of rangeland cover, the natural soil layers
are visible in this region. The O horizon has a thin layer (a few millimeters), followed by a
loam-textured layer with a high percentage of gravel. The dominant vegetation types in
these rangelands include species of Astragalus and Festuca.

Approximately 65% of the sub-watershed area is composed of black, dark gray, and
yellow shales, silty shale, and phyllitic shale with minor sandstone and micritic limestone
intercalations. Medium-level alluvial deposits cover 15% of the watershed area around the
main channel. Additionally, tuff, which is light blue and thinly to medium-bedded with
abundant calcite veins, is observed in the highlands of the sub-watershed, covering 14%
of the area. In the western part of the sub-watershed, pink to purple, thin-bedded pelagic
limestone with calcite veins constitutes 4% of the area, while 2% consists of light green to
gray calcareous shale interlayered with limestone and sandstone.

To create the land use map related to 60 years ago, aerial photographs from 1967 were
utilized. For the current land use map, satellite images were prepared using Google Earth
Pro software 7.3.6 (see Figure 2).
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Figure 2. Land use/land cover maps of the study area based on the 1967 aerial photos (a) and satellite
images of the 2021 (b).

2.2. Estimating the Average Contribution of Land Uses in Sediment Yield Using 137 Cs

In measuring soil erosion using ¥Cs, the first step involves identifying reference
points that have remained undisturbed by human activity since the radioactive elements
were deposited into the soil. These reference points should have undergone minimal
cultivation and movement, and they must not have experienced significant erosion or
deposition processes, ensuring that only the natural decay of '*Cs has occurred. Typically,
reference sites include protected areas such as cemeteries and parks [25]. For this study,
a total of 12 undisturbed samples were collected from the reference area, ensuring a
coefficient of variation in radioactive element activity of less than 20%. Four samples

159



Water 2025,17,73

were obtained through incremental sampling (layered), while the remaining samples were
collected using depth sampling (bulk or integrated) to analyze variations in radioactive
element activity across different soil depths. The average of these 12 points was calculated
within a specified confidence level to establish an acceptable reference value. Results
from previously selected reference areas in this watershed were utilized [7,24]. Following
this, soil sampling in the control sub-watershed was conducted using the radioactive core
method, with samples proportionately distributed across all land uses/covers and varying
slopes. To enhance the accuracy of erosion and deposition measurements while accounting
for the combined effects of land use/cover and slope aspect, systematic-random sampling
was employed [26]. A regular grid with 200 m intervals was implemented, supplemented
by additional samples to ensure comprehensive coverage of different land uses/covers. In
total, 31 soil samples were collected following a grid scheme, and 44 samples were taken
along six transects aligned with the main slope direction of the hills, resulting in a total
of 75 soil samples from the sub-watershed surface. For layered sampling, a sampling box
measuring 40 x 20 x 30 cm was utilized, while depth samples were collected using an
auger with a height of 25 cm and a diameter of 8§ cm.

Each sample was placed in an aluminum container and dried in an oven at 105 °C
for 24 h. After drying, the samples were weighed and passed through a 2 mm sieve, then
ground in an industrial mill and passed through a 63 mm sieve [27]. Finally, 293 g of each
sample was placed in commercial containers, coded, and sent to the Institute of Applied
Physics laboratory for spectroscopy and measurement of '3”Cs activity using high-purity
germanium detectors. The process of preparing soil and sediment samples in the laboratory
is illustrated in Figure 3.

Figure 3. Preparation steps of soil and sediment samples in the laboratory for 13’Cs method.

The cumulative amount of '’ Cs in different soil layers was measured based on activity
per unit mass (Bq kg !). To calculate erosion/deposition, the activity was converted to the
inventory of 137Cs in the unit area of the soil (Bq m~2) using Equation (1) [28].

CPI =Y CBiD;10° 1)

where C; is the activity of '3Cs in the soil (Bq kg~!), which is the measured amount for
each sample in the laboratory; B; is the bulk density of the soil (g cm~3); D; is the sampling
depth (m), equal to 0.25 m; and CPI is the inventory of '¥Cs in the soil (Bq m~?2).

This method allows for a comprehensive assessment of soil erosion and deposition
by converting the activity measurements into a spatially relevant inventory metric. To
analyze changes in radioactive nuclei levels in the soil and their relationship with soil
displacement volumes, conversion models were employed. These models facilitate com-
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parisons between the radioactive element inventory in field soils and that in reference
areas [23,29]. The International Atomic Energy Agency has developed an Excel-based
macro software package designed to convert radioactive element inventories into estimates
of soil redistribution using various models. Initially created for 137Cg, this software has
since been adapted for other radionuclides such as “Be and 2!Pbe [26,29]. In this study,
the software was utilized to convert 13’Cs inventory data into erosion and deposition rates.
Different models have been proposed by researchers depending on land use types. Given
that no material displacement was observed in the reference soil profile from previous
studies and field surveys, a diffusion and migration model was applied for non-agricultural
lands (undisturbed soil). For agricultural lands, where uncertainties regarding rainfall
patterns, tillage timing, and soil displacement from plowing exist, the Mass Balance Model
II was employed [7,24,26]. The necessary information for utilizing this software according
to each of the two selected models is summarized in Table 1.

Table 1. Required information for the implementation of transformation models.

Transformation Model Model Inputs

Mass balance model II

Diffusion and migration model

fallout of radionuclide

Year of Tillage Commencement, Bulk density of soil, Tillage depth
Proportion factor (Y), Relaxation depth (H), Migration rate (V), Annual

After converting the 13Cs inventory in the soil from Becquerels per square meter to
erosion and deposition values [28], the output data from the conversion models, which
include both negative and positive values, were analyzed using an Excel-based macro
package designed by the International Atomic Energy Agency. This analysis involved
determining the erosion and deposition ranges using the following equations:

Boundary between steady state and erosion = Mean — 95% confidence interval

Boundary between steady state and sedimentation = Mean + 95% confidence interval

In these equations, the mean represents the average '3’ Cs inventory, while the 95%
confidence interval indicates a confidence level with a 10% error margin between the '3’Cs
inventory and 2!°Pbey inventory in the reference area. The range defined by these erosion
and deposition limits is considered stable, suggesting a relative balance between erosion
and deposition processes over time [26].

The land use map from approximately 60 years ago was compared with the 2021 land
use map, revealing significant changes primarily from rangeland to rainfed agriculture. To
ascertain the approximate year of land use conversion and the initiation of plowing for these
lands, interviews were conducted with residents of Khamsan village. This information was
subsequently integrated into the conversion models for these specific points.

At each point of interest, any increase or decrease in 13’Cs activity that fell outside
the Mean + 95% confidence interval range relative to the reference area indicated whether
erosion or deposition processes had dominated over the past 60 years.

2.3. Estimating the Average Contribution of Land Uses in Sediment Yield Using
Geochemical Characteristics

Soil samples for fingerprinting studies utilizing geochemical characteristics were
collected from the surface layer at a depth of 0 to 2.5 cm [30]. Initially, a thin layer of

surface horizon, consisting of plant residues and organic materials, was carefully removed.

Following this, a uniform mixture of the 2.5 cm surface soil layer was collected, totaling
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approximately 500 g. The sampling conditions ensured appropriate moisture levels, with
no rainfall occurring five days prior to sampling. In this study, fine sediment bed sampling
was performed using a plastic trowel, which minimizes the impact on heavy metals and
other geochemical characteristics of the sediment [31-33]. This sampling targeted the 5 cm
surface layer of the streambed.

After collection, soil and sediment samples were dried in a freeze dryer for 24 h,
then ground in a porcelain mortar and passed through a 63-micron sieve. Approximately
10 g of each sample were prepared and coded for further analysis [34-36]. The laboratory
preparation process for soil and sediment samples is illustrated in Figure 4.

Figure 4. Preparation of soil and sediment samples in the laboratory for geochemical sourcing.

To measure geochemical elements, 31 soil samples and a target sediment sample
underwent a process of acid digestion. Specifically, 3 g of dried samples, which were
smaller than 63 microns, were treated with aqua regia solution—a mixture of concentrated
hydrochloric acid and nitric acid in a 3:1 ratio—for two hours in a water bath. After cooling,
the samples were carefully filtered using filter paper with a pore diameter of 0.2 microns.
The geochemical characteristics were then measured in micrograms per gram of soil sample
(ppm) using the ICP-OES Integra device (manufactured by GBC, sourced in Beijing, China),
along with standard Merck samples and calibration curve plotting [37].

To assess the relative contributions of various land uses and covers, the open-source Finger-
Pro software package, developed in the R programming language, was employed. This package
is specifically tailored for sediment fingerprinting and calculates sediment source contributions
by selecting suitable tracers and applying multivariate mixing model algorithms. One of the
standout features of the FingerPro package is its user-friendly interface, which aids users in
selecting the best tracers and visualizing results through advanced R graphical plots. This
functionality allows for determining sediment source contributions without requiring extensive
experience or knowledge of software [23]. The selection of tracer sets was conducted using
range test (RT) methods, Kruskal-Wallis (KW) tests, and relative source contribution calculations
to sediment yield through a multivariate mixing model. This systematic approach enables users
to accurately identify suitable tracers and obtain precise results regarding the contributions of
different land uses. This meticulous methodology underscores the importance of integrating
geochemical analyses with innovative software tools to enhance our understanding of sedi-
ment dynamics within watersheds. By utilizing these techniques, we can better inform land
management practices aimed at mitigating erosion and improving soil conservation efforts.

In this study, 56 elements were initially selected as potential tracers. Following this,
statistical methods were employed to identify an optimal combination of tracers that could
effectively distinguish between different sediment sources. The performance of source
identification is influenced by the number of tracers utilized; generally, a greater number of
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tracers leads to reduced uncertainty in the results [38-41]. The process for selecting tracers
and applying the mixing model to ascertain the relative contributions of various land uses
in sediment yield was executed using coded methods within the FingerPro package in R
software [22]. The stability of the geochemical characteristics of the tracers was assessed
using the range test available in the FingerPro package. Tracers that exhibited significant
differences between sources were subsequently selected through the Kruskal-Wallis test.
After identifying suitable tracers from these two tests, the relative contributions of sediment
sources to sediment yield were determined using a multivariate mixing model. To explore
the various combinations of each source’s contribution—ranging from 0 to 100%—Latin
hypercube sampling was employed. The quality of results regarding source contributions
to sediment yield was evaluated using the Goodness of Fit (GOF) index, which is based on
the sum of relative error squares. The Goodness of Fit metric assesses how well a model
aligns with observed data and is calculated using Equation (4) [22].

b — Y™ weas
GOF:l-ix(ﬁ‘_l' ! ZJA‘; ) )ogwj <1 (4)

where b; is the tracer property i (i = 1 to n) of the sediment mixture, a;; represents the tracer

property i in the source type j (j = 1 to m), wj is the unknown relative contribution of the
source type j, m represents the number of potential sediment sources and n is the number
of tracer properties selected.

3. Results and Discussion
3.1. Results of the Average Contribution of Land Uses in Sediment Yield Using 1% Cs

The comparison of land use maps from 1967 and 2021 reveals significant transforma-
tions in land use patterns. Notably, the area dedicated to rainfed agriculture has decreased
during this period, particularly in regions characterized by higher elevations and steeper
slopes. Elevation and slope are critical factors influencing the intensity of agricultural
land abandonment. The newly abandoned rainfed lands have considerable impacts on
erosion and sedimentation, primarily due to declines in soil quality, limited vegetation
recovery, and the effects of tillage operations along the slope. In the early years following
abandonment, sediment yield tends to increase, but this trend reverses over the long term, a
phenomenon confirmed by numerous researchers, e.g., [42-49]. Therefore, it is essential to
plan and manage land abandonment alongside soil erosion control strategies over several
years to prevent further land degradation. Table 2 presents the average contributions
of various land uses to soil erosion intensity over the past 60 years, as assessed using
the 1%Cs method. These data underscore the profound impact of agricultural activities
on soil erosion dynamics. This thorough analysis highlights the need for effective land
management practices that consider both current land use and historical changes.

Table 2. Average contribution of land uses in sediment yield in the last 60 years (by '3’Cs method).

Land Uses/Covers Orchard Rangeland Irr} gated szmfed Road Stream Rock Total
Agriculture Agriculture

Area (ha) 0.04 46.17 1.29 52.32 1.03 0.54 0.75 102.14

Area (%) 0.04 45.20 1.26 51.22 1.01 0.53 0.73 100.00
Contribution (%) 3.78 8.93 1.80 85.49 - - - -
land uses erosion (t y’l) —19.90 —47.02 —9.51 —450.43 - - - -
Spec1f10c Contribution 94.50 0.19 1.40 1.63 ) B B )

(% per ha)

Gross erosion (ty~1) —526.87 - - - -
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The data presented in Table 2 reveal that over 85% of soil erosion in the study area
occurs within rainfed agricultural land. Interestingly, irrigated agricultural land, which
comprises small, low-slope areas near the sub-watershed outlet, exhibits low erosion
intensity and is considered a stable area, contributing minimally to overall sub-watershed
erosion. Rangeland, covering 45% of the study area, accounts for only 8.93% of sediment
yield. Although soil erosion does occur in a significant portion of this land use, the intensity
remains low. According to the 95% confidence interval criterion, these areas are deemed
stable and are excluded from calculations regarding sediment yield contributions. Among
the four potential sediment sources analyzed, rainfed agriculture and rangeland emerged
as the primary sediment sources in the study area, contributing 85.49% and 8.93% of
total sediments, respectively. In contrast, the contributions from orchard and irrigated
agriculture land uses were considerably lower, at 3.78% and 1.80%. It is important to
note that rainfed agriculture and rangeland together comprise more than 96% of the total
watershed area, which is why specific contributions from each land use were also calculated.
The specific contributions per hectare for rainfed agriculture, orchards, irrigated agriculture,
and rangeland were found to be 1.63%, 94.50%, 1.40%, and 0.19%, respectively. Orchards
exhibited the highest specific contribution despite constituting only 0.04% of the total
watershed area. This significant increase can be attributed to practices such as deep and
frequent plowing, excessive use of chemical fertilizers, pit digging, soil amendment with
sand, sapling planting, and other activities that lead to soil compaction and disrupt natural
soil structure—all of which significantly contribute to soil erosion. Following orchards,
rainfed agriculture has the next highest specific contribution with a substantial margin.

3.2. Results of the Average Contribution of Land Uses in Sediment Yield Using
Geochemical Characteristics

After conducting the range test, which compared the minimum and maximum values
of geochemical tracer characteristics in sediment sources using 31 soil samples, a total of
11 elements—including Al, Ba, Be, Fe, Ga, Lu, Pb, Sn, Sr, Te, and Tm—were eliminated
from subsequent analyses as they fell outside the selected sources’ range. The remaining
elements were retained in the tracer set for further evaluation. Based on the results from
the non-parametric rank-based Kruskal-Wallis test, an additional 42 elements—such as
Na, K, Ca, Mg, Li, B, Sc, Ti, V, Cr, Mn, Co, Cu, Zn, Ge, As, Se, Rb, Y, Zr, Nb, Sb, Cs,
La, Ce, Pr, Nd, Sm, Eu, Gd, Tb, Dy, Ho, Er, Yb, Ta, W, Hg, Tl, Bi, Th, and U—were also
removed from the tracer set. Ultimately, only three elements—Ni, Mo, and Hf—remained
as optimal tracers after this rigorous selection process. These results are summarized in
Table 3 and include both the range and Kruskal-Wallis test outcomes for selecting the
optimal combination of tracers. The characteristics of the selected tracers are visually
represented using box plots for each land use in Figure 5. A box plot is an effective visual
tool that illustrates data distribution through quartiles. In evaluating the performance
of the remaining tracers, Ni consistently showed higher concentrations across all four
land uses. The concentration order was as follows: rainfed agriculture had the highest
concentration, followed by irrigated agriculture and orchard land; rangeland exhibited the
lowest concentration. According to the box plots presented in Figure 5, rainfed agriculture
emerged as the primary source for all three selected tracers.

The DFA plot effectively separates sediment sources by identifying a linear combina-
tion of the selected tracers and presenting the results in a 3D format. Principal Component
Analysis (PCA) was employed as a complementary visual tool to aid in the correct selection
of optimal tracers. Figure 6 illustrates both the DFA plot and the PCA plot, showcasing the
distribution of sediment sources based on the selected optimal tracers.
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Table 3. Results of the Kruskal-Wallis and Range Tests for choosing the optimal combination of tracers.

Test Removed Trackers Remaining Trackers

Na, K, Ca, Mg, Li, B, Sc, Ti, V, Cr, Mn,
Co, Cu, Zn, Ge, As, Se, Rb, Y, Zr, Nb, Sb,
RT Al, Ba, Be, Fe, Ga, Lu, Pb, Sn, Sr, Te, Tm  Cs, La, Ce, Pr, Nd, Sm, Eu, Ni, Mo, Hf,
Gd, Tb, Dy, Ho, Er, Yb, Ta, W, Hg, Tl, Bi,
Th, U

Na, K, Ca, Mg, Li, B, Sc, Ti, V, Cr, Mn,
Co, Cu, Zn, Ge, As, Se, Rb, Y, Zr, Nb, Sb,
Cs, La, Ce, Pr, Nd, Sm, Eu, Gd, Tb, Dy,
Ho, Er, Yb, Ta, W, Hg, T1, Bi, Th, U

Ni, Mo, Hf
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Figure 5. Box plot of changes in concentration of final tracers (mg kg_l) in different sediment sources
(RA: rainfed agriculture, R: rangeland, IA: irrigated agriculture, O: orchard).
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Figure 6. Discriminant Function Analysis (a) and Principal Component Analysis (b) plots (RA:
rainfed agriculture, R: rangeland, IA: irrigated agriculture, O: orchard).

The results from the Principal Component Analysis (PCA) plot indicated that most of
the arrows representing the optimal tracers converged, suggesting a positive correlation
among the tracers. This finding aligns with previous studies by [39,50], which also demon-
strated similar positive correlations between tracer elements in their analyses. Following
the identification of sediment sources and their contributions using the FingerPro package
in R software, the calculations and results detailing the contribution levels of various
sediment sources—including rainfed agriculture, rangeland, irrigated agriculture, and
orchards—are presented in Table 4. The findings reveal that rainfed agricultural lands,
identified as a primary sediment source, contributed 72.26% of the total sediment yield. In
addition, the relative contributions from other sources were 15.06% from irrigated agricul-
tural lands, 7.96% from rangelands, and 4.72% from orchards. The dominance of rainfed
agricultural lands in sediment yield can be attributed to improper and suboptimal land use
management practices, particularly unsustainable agricultural methods such as plowing
along slopes on hillsides. This observation has been corroborated by numerous studies
conducted in the watershed. Moreover, the results obtained from the FingerPro package
indicated that the Goodness of Fit (GOF) index for sediment source tracing was 0.78. This
value is considered acceptable, especially in light of recent scientific findings suggesting
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that a GOF index above 0.60 is indicative of a reliable model [22,41,51-53]. The advanced
capabilities of the FingerPro technique have significantly enhanced our understanding of
sediment sources and enabled a more precise and comprehensive analysis of data.

Table 4. Average contribution of land use/land covers in sediment yield by geochemical method
(percentage).

Land Uses/Covers Orchard  Rangeland Irr.1 gated Ra.mfed Road Stream Rock Total
Agriculture Agriculture

Area (ha) 0.63 52.54 1.54 45.65 0.59 0.36 0.81 102.14

Area (%) 0.62 51.45 1.51 44.69 0.58 0.35 0.80 100.00
Contribution (%) 4.72 7.96 15.06 72.26 - - - -
Specific Contribution 7 49 015 978 158 ) ) ) )

(% per ha) ' ’ ’ ’

GOF 0.78 - - - -

The specific contributions of various land uses to sediment yield were calculated
and are presented in Table 4. Among the four potential sediment sources, irrigated agri-
culture and orchards emerged as significant contributors in the study area, with specific
contributions of 9.78% and 7.49% per hectare, respectively. In contrast, the relative specific
contributions from rainfed agriculture and rangeland were considerably lower, estimated
at 1.58% and 0.15% per hectare, respectively. It is noteworthy that irrigated agriculture
comprises only 1.51% of the total watershed area, while orchards account for 0.62%. These
findings underscore the critical importance of targeted land management strategies in
controlling erosion and sediment yield within the watershed. They highlight that having
accurate information on soil erosion and sediment yield across different areas of a water-
shed is essential for planning effective soil conservation management strategies. To provide
a visual comparison, Figure 7 presents a chart illustrating the percentage of relative and
specific contributions of each land use to sediment yield, utilizing both the 3’Cs method
and geochemical analyses.

100

100
@ Contribution (%) 137Cs 85.49 @ Specific contribution (% per ha) 137Cs L 90
80 4 @Contribution (%) Geochemical 9450 2 Specific contribution (% per ha) Geochemical | go &
2 70 8
< 60 60 =
g 2
2 F 50 E
= =
2 40 A F40 8
E F 30 2
© 20 1 978 r20 8
. : 019 0.15 140 1.63 1.58 10 @
Orchard Rangeland Irrigated Rainfed Orchard Rangeland Irrigated Rainfed
agriculture  agriculture agriculture  agriculture
Land Use/Land Cover Land Use/Land Cover
(a) (b)

Figure 7. Comparing the relative (a) and specific (b) contribution of land use/land covers in sediment
yield using '3Cs and geochemical methods.

Based on the results obtained from comparing contributions of rangeland, rainfed agricul-

ture, irrigated agriculture, and orchards within the study area, it can be concluded that over
the past 60 years, rangeland—occupying nearly half of the sub-watershed and characterized
by steeper slopes compared to other land uses—has exhibited the lowest specific contribution
to sediment yield, as clearly illustrated in Figure 7. The contribution of rainfed agriculture to
sediment yield was estimated at over 85% using the 13Cs method for the average of the last 60
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years, while the geochemical method indicated a contribution of over 72% for the present period.
This clearly demonstrates that rainfed agriculture is the primary source of sediment yield in the
control sub-watershed. Furthermore, irrigated agriculture and orchards have shown the highest
specific contributions during both time periods, largely due to soil displacement resulting from
tillage activities, particularly practices such as pit digging and soil transfer during orchard
establishment. The comparative analysis of contributions from various land uses over the past
60 years to the present period revealed a decrease of approximately one times in both rainfed
agriculture and rangeland, while irrigated agriculture and orchards experienced increases of
about eight and one times, respectively. Specifically, the contributions of rainfed agriculture,
rangeland, orchards, and irrigated agriculture have decreased by factors of 1.03, 1.27, and 12.62,
respectively, while increasing by a factor of 6.99 for irrigated agriculture. Interestingly, the
relative and specific contributions of rangeland in sediment yield have remained relatively
constant over the past 60 years compared to the present period. Other human-induced changes,
such as soil compaction, the effects of drainage systems, infrastructures, and the length, width,
and type of the roads, had not occurred significantly. During this period, a land use change
(abandonment of rangeland) has been observed. Field visits to the studied sub-watershed
indicated that the reduction in sediment yield from rainfed agriculture is primarily due to
a decrease in the area dedicated to this land use. Additionally, the decrease in rainfall and
the change in rainfall patterns across large parts of the Zagros Mountains and the associated
watersheds [54], along with the barriers created, particularly plowing even within the main
stream channel, have prevented runoff and sediment from rainfed agriculture from reaching
the sub-watershed outlet.

Moreover, both the '3Cs and geochemical methods reveal that sediment yield in rainfed
agriculture is approximately 10 times higher than that in rangeland. These findings highlight
significant issues regarding adherence to soil management and agricultural principles on
rainfed lands, including improper plowing techniques and a lack of conservation methods.
Such practices have led to reduced soil fertility and increased runoff and sedimentation. This
underscores the critical importance of precise land use management and implementing effective
conservation practices, particularly to prevent land use conversion in sloped areas.

4. Limitations

Source fingerprinting procedures often encounter significant challenges and limita-
tions [3]. Although a total number of 106 soil samples were analyzed for four different land
uses in a 102 h area, the distribution of the samples in each land use may still be considered
as a source of uncertainty in this research. Using aqua regia digest to extract tracers from
source materials and target sediment samples produced pseudo-concentrations rather
than total concentrations. Tracer selection relied more on the success reported in previous
global studies than on physico-chemical reasoning, resulting in statistical solutions for
source discrimination and apportionment. Despite these constraints, virtual mixture tests
demonstrated acceptable accuracy levels for source apportionment (Table 5).

Table 5. The known and predicted relative contributions to virtual sediment mixtures, along with the
corresponding root mean square error (RMSE) and mean absolute error (MAE).

Known Sediment Source Contributions (%) Predicted Sediment Source Contributions (%)
RMSE MAE
RA R 1A (@) RA R 1A (@) S
25 25 25 25 24.2 19.9 28.1 27.8 3.3 3.0
100 0 0 0 90.7 0.7 6.0 2.6 5.7 4.7
0 100 0 0 19 87.2 5.6 53 7.5 6.4
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Table 5. Cont.

Known Sediment Source Contributions (%) Predicted Sediment Source Contributions (%)
RMSE MAE

RA R 1A (0] RA R IA (0]
0 0 100 0 2.6 3.1 91.5 2.8 49 4.3
0 0 0 100 04 2.6 3.7 93.3 4.0 3.4
50 25 12.5 12.5 429 28.7 8.7 19.7 5.7 5.5
25 50 12.5 12.5 20.9 48.8 14.8 15.5 29 2.7
25 6.25 56.25 125 26.9 5.4 62.5 5.2 49 4.1
70 10 10 10 75.4 6.7 13.9 4.0 4.8 4.7
85 5 5 5 79.1 4.6 13.6 2.7 5.3 4.3
Average 49 43

5. Conclusions

Soil erosion is a significant challenge in watersheds, and sediment fingerprinting
methods can identify sediment sources. Studies show that the contributions of land
uses/covers to sediment yield have changed significantly over the past 60 years compared
to the present situation. Specifically, in rainfed agriculture and rangeland, the contributions
have decreased by approximately 1.2 times, while in irrigated agriculture and orchards,
they have increased by about 8 times and 1.2 times, respectively. Additionally, the specific
contributions of rainfed agriculture, rangeland, orchards, and irrigated agriculture over the
past 60 years compared to the present period have decreased by 1.03, 12.62, and 1.27 times,
respectively, and increased by 7.04 times. Field visits to the study area indicated that the
reduction in sediment yield in rainfed agriculture was due to the decreased area of this
land use. Additionally, over time, the study area has undergone changes such as land
degradation and the creation of obstacles, especially plowing along the main watercourse
and even planting crops in parts of the stream, which has prevented runoff and sediment
from rainfed agriculture from reaching the sub-watershed outlet. Climate change and
reduced rainfall have significantly accelerated trends in soil erosion and sediment yield,
particularly in agricultural settings. The results indicate that erosion and sediment yield
in irrigated agriculture have increased over the past six decades, primarily due to tillage
operations that compromise soil stability and elevate sediment levels. Notably, both
the 1¥Cs and geochemical methods reveal that sediment yield in rainfed agriculture is
approximately 10 times higher than that in rangeland. This finding underscores the critical
need for precise land use management and the implementation of conservation practices,
especially to prevent land use conversion in sloped areas, mitigating the adverse effects
of plowing along slopes. The findings from this study highlight that analyzing temporal
changes in land use contributions to soil erosion and sediment yield offers valuable insights
into the impacts of human activities over recent decades. Such insights are essential for
developing effective management plans and implementing soil and water conservation
measures. However, there are undoubtedly uncertainties in our results, and it is important

to acknowledge that any scientific study contains uncertainties, chiefly when we use models.

Simplification of natural conditions is a key task of any model, especially when it comes to
the effects of soil disturbance and the fact that the sensitivity of the model to its inputs is
not well defined.
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Abstract: In order to explore the sediment deposition characteristic of ecological riverbanks associated
with vegetation restoration in the deep waterway regulation scheme of Yangtze River, two kinds
of typical ecological riverbanks and a traditional riprap riverbank (TRR) in engineering areas were
investigated. The vegetation community characteristics, sediment aggregate compositions, nutrient
contents, total organic carbon (TOC), sediment microbial biomass carbon (MBC), sediment microbial
biomass nitrogen (MBN), and sediment microbial biomass phosphorus (MBP) were determined.
The results indicated that the ecological restoration effect of the lattice gabion ballasted vegetation
mat riverbank (LGBVR) was best, followed by the mesh grid riverbank (MGR), and that of the
TRR was relatively poor. In different ecological riverbanks, the sediment aggregated compositions
were not significantly varied. The sediment contents of NH4*-N, available phosphorus (AP), and
TOC in ecological riverbank areas were relatively higher than those of the TRR. In the LGBVR, the
sediment contents of MBC were relatively higher than those of the others. The sediment deposition
characteristics and ecological restoration effects in the study area should be monitored for a long time.

Keywords: sediment deposition; ecological riverbank; deep waterway; Yangtze River

1. Introduction

As an important ecotone between terrestrial and aquatic ecosystems, a riparian zone
can act as an indispensable corridor for substance, energy, and biological information
flows [1-3]. At the same time, riparian zones have been strongly impacted and modified
by artificial projects and natural flow regime alternations [4]. Conventionally, rock and
concrete materials have been widely applicated in riverbank protection projects. This
emphasizes the structural stability and safety of flood control. However, these hard river-
banks and stream canalizations have negative effects on riparian ecosystems, ecological
integrity, habitat connectivity, and esthetic value [5-8]. As effective methods for riparian
protection and restoration, the ecological riverbank concepts have been widely accepted
and applied in developed countries, such as countries in the European Union, the USA,
and Japan, for years [9-11]. Ecological riverbank development is a promising tool to
maintain structure stability, safety, and riparian ecological restoration [12]. Recently, eco-
logical riverbanks have played significant roles in improving surface water quality, aquatic
ecosystem health, and biodiversity protection in the lower Yangtze River basin [13], and
they have become the main development trend in waterway regulation projects on eco-
logical construction [12,14,15]. In general, for different rivers and navigation conditions,
ecological riverbank development must conform to engineering stability and facilitate the
growth of plants, organisms’ movement, surface and groundwater flow, riparian ecosystem
protection, and ecological restoration effects [16,17].
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The Yangtze River waterway has unique advantages and great development potential
in navigation development, and it is known as the “golden waterway”, which is the main
framework for building a comprehensive three-dimensional transportation corridor in the
Yangtze River Economic Belt. In recent years, new riverbank structures such as concrete
grids, steel wire mesh gabions, and geogrids have been adopted to the waterway regulation
scheme in Yangtze River [15,18]. During the construction of the 12.5 m deep waterway
regulation scheme of Yangtze River below Nanjing, a variety of ecological riverbank forms
were developed and applied in some river sections. In this study, two kinds of typical
ecological riverbanks and a riprap riverbank in the engineering areas were selected and
surveyed in 2018. The vegetation restoration and sediment deposition characteristics
associated with ecological riverbanks were investigated in this study. The objectives of
this study were as follows: (1) to assess vegetation restoration and sediment deposition
characteristics in different ecological riverbanks; (2) to explore the ecological effects and
influence factors associated with ecological riverbank restoration; (3) to provide practices
for the structural design of ecological riverbanks in the waterway regulation scheme of
Yangtze River.

2. Materials and Methods
2.1. Study Area

As the national key engineer of the 12th and 13th five-year plans in China, the 12.5 m
deep waterway regulation scheme of Yangtze River below Nanjing started in June 2015
and was completed in June 2017. With the river reach length of 227 km, it includes
the Fujiangsha waterway, Kouanzhi waterway, Hechangzhou waterway, and Yizheng
waterway [19]. Affected by tidal flow at varying degrees, the Yangtze River is located at
a fluvial plain in this section near to the estuary. In this study area of Yangtze River, the
hydrodynamic and sediment movements are complex, which are affected by the current to
varying degrees [20].

In this study, the traditional riprap riverbank (TRR) region (Figure 1a) and two typ-
ical ecological riverbanks, including a lattice gabion ballasted vegetation-mat riverbank
(LGBVR) region (Figure 1b) and a mesh grid riverbank (MGR) region (Figure 1c), were
selected as study areas to explore the vegetation restoration associated with the sediment
deposition characteristic in the dry season in November of 2018.

2.2. Sampling Surveys

At the spatial scale for the MGR region, 3 survey transects were set perpendicular to
the river flow direction (Figure 1c). On each transect, 3 sampling sites were set at equal
distances along the transverse gradient of the riparian zone. There were 12 sampling sites
(E1-E12) for the MGR region. As for the LGBVR region, 2 gabions with 2 sampling sites (L1
and L2) were randomly selected (Figure 1b). As for the TRR region, 3 survey transects were
also set perpendicular to the river flow direction (Figure 1a). On each transect, 3 sampling
sites were set at equal distances along the transverse gradient. There were 9 sampling sites
(51-59) for the TRR region. In addition, two control sampling sites (CSs) (D1 and D2) were
randomly selected and set outside the influence range of the riverbank engineering areas
(Figure 1a,c).

According to the terrestrial vegetation community survey method [21], in each sam-
pling site, the quadrat size was 1 m x 1 m and the plants’ Latin names and numbers were
recorded. At the same time, the aboveground parts of plant biomasses were obtained by
a collection method, and the biomasses (g~m’2) were determined in the laboratory (by
drying in a 75 °C oven for 48 h). At each sampling site, surface sediment samples (0-5 cm)
were collected with an inner diameter of 5 cm of soil drilling, and 3 samples were taken
from each sampling site and mixed into 1 sediment sample.
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Figure 1. Sampling sites of ecological riverbanks in the deep waterway scheme of Yangtze River:
(a) traditional riprap riverbank, TRR; (b) lattice gabion ballasted vegetation-mat riverbank, LGBVR;
(c) mesh grid riverbank, MGR.

2.3. Analysis

In this study, the pH values of sediment were measured using an acidity meter (the wa-
ter to sediment ratio was 2.5:1) (PHS-3C, Sanxin, China). The values of sediment electrical
conductivity (EC) were measured using a conductivity meter (the water to sediment ratio
was 5:1) (DDS-11A, Leici, China). The contents of ammonia nitrogen (NH4*-N), nitrate
nitrogen (NO3;~-N), available phosphorus (AP), and available potassium (AK) in sediment
were measured using flow analyzers (AA3, Bran+Luebbe, German). The contents of total
nitrogen (TN) were determined via the addition of the ammonia nitrogen (NH;*-N) and
nitrate nitrogen (NO3;~-N) contents. The contents of sediment microbial biomass carbon
(MBC), microbial biomass nitrogen (MBN), and microbial biomass phosphorus (MBP) were
measured by the chloroform fumigation—-K,SO4 extraction method [22]. By using the wet
sieving method [23], the sediment aggregate could be classified and calculated as large
macroaggregates (>2.00 mm), small macroaggregates (2.00-0.25 mm), microaggregates
(0.25-0.053 mm), and silt + clay fractions (<0.053 mm). The separated sediment aggregates
were air-dried and the sediment total organic carbon (TOC) contents were measured. The
sediment TOC contents were the mean values of the sediment aggregate TOC contents. The
sediment organic carbon (TOC) contents were measured by the K,Cr,O7-FeSO, oxidation
method [24].

2.4. Biodiversity Index

The biodiversity index can reflect the species composition, structural stability, and
complexity of a vegetation community [25]. These were calculated as follows:
Margalef index (d) [26]:
d=(5-1)/InN (1)

Shannon-Weaver index (H') [27]:

n
H = — 2 PilnPZ- (2)
i=1
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Pielou index (J) [28]:
] =H'/In(S) @)

where P; is the proportion of the number of plant species (i) individuals to the total number
of individuals in each sampling site,  is the total number of plant species in each sampling
site, and N is the total number of all plant species individuals in each sampling site. S is
the classification taxa number of plant species in each sampling site.

2.5. Data Analysis

SPSS Statistical 22.0 was performed for one-way ANOVA test and Pearson correlation
analysis. To analyze the sediment characteristic differences on the ecological riverbanks,
a one-way ANOVA test was employed, and the significance was tested using the LSD
method (x = 0.05). Pearson correlation analysis was employed to analyze the vegetation
community and sediment characteristics of the ecological riverbanks.

3. Results
3.1. Vegetation Community Characteristics

Regarding different ecological riverbanks, Table 1 shows that the MGR region had
eight plant species, the Pielou index (J) was at its highest, and the dominant species were
Kalimeris indica and Cardamine hirsute. The LGBVR region had six plant species, it had
the highest Margalef index (d) and Shannon-Weaver index (H'), and the dominant species
were Phragmites australis and Cardamine hirsute. The TRR region had six plant species and
the dominant species was Veronica anagallis-aquatica. The LGBVR region had the highest
biomass due to large and tall phragmite communities, followed by the MGR region, and
the TRR region had lowest biomass. In addition, the CSs region of the natural riparian
riverbank had 12 plant species and a relatively higher biomass. The one-way ANOVA test
also indicated that the biomass of the LGBVR region was significantly different compared
to the MGR and TRR regions. The biomass was not significantly different between the
LGBVR and CSs regions. For biodiversity indices, the Pielou index (J) of the CSs region
was significantly different compared to that of the MGR, LGBVR, and TRR region.

Table 1. Vegetation community characteristics in different ecological riverbanks. Mesh grid riverbank
(MGR); lattice gabion ballasted vegetation-mat riverbank (LGBVR); traditional riprap riverbank
(TRR); control sampling sites (CSs). Lowercase letters in same rows indicate a significant difference at
the 0.05 level by one-way ANOVA test; the same applies below.

Types of Riverbank MGR LGBVR TRR CSs
P (Mean =+ SE) (Mean =+ SE) (Mean + SE) (Mean + SE)
Numbers of 12 2 9 2
sampling sites
Numbers of species 8 6 6 12
Margalef index (d) 037+ 0.14a 0.65 + 0.00 a 047 £0.04 a 045+ 0.01a
Shannon-Weaver 0.66 +0.24 a 1.08 +0.17a 092 +0.07 a 048 £ 0.01a
index (H')
Pielou index (J) 0.82 £ 0.08 a 0.78 £0.12a 0.80 £ 0.07 a 0.44 £0.01b
Biomass (g-m~2) 74.53 +27.08 b 1225.01 £ 200.33 a 1147 +£4.79b 368.34 + 25.48 ab
Latin names of Kalimeris indica, Phragmites australis, Veronica IXICrIf;g:ZZfIerDZtrZZS,
dominant species Cardamine hirsute Cardamine hirsute anagallis-aquatica Y perd,

Polygonum hydropiper, etc.

3.2. Sediment Aggregate Compositions

Table 2 shows that the LGBVR region had relatively higher values of pH and EC in
sediments. The sediment aggregate compositions of large macroaggregates (>2.00 mm)
and small macroaggregates (2.00-0.25 mm) had relatively higher values in the CSs region
(33.22%), followed by the LGBVR region (32.23%). Otherwise, they had relatively lower
values in the MGR region (31.41%) and TRR region (30.62%). The one-way ANOVA test
also indicated that the EC values of sediment were significantly different between the
LGBVR and CSs regions.
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Table 2. Sediment aggregate compositions in different ecological riverbanks. Lower case letters in
same rows are same to Table 1.

Types of Riverbank MGR LGBVR TRR CSs
(Mean =+ SE) (Mean =+ SE) (Mean =+ SE) (Mean =+ SE)
Numbers .of sampling 12 2 9 2
sites
pH 752 £0.08 a 764 +0.11a 753 +0.15a 729 £025a
EC(ps-cm™1) 109.1 4 8.6 ab 151.7 2199 a 111.4 +-8.2 ab 914 +1.0b
>2.00 mm (%) 54+03a 48+0.1a 49+03a 55+14a
2.00-0.25 mm (%) 26.1+05a 2744+ 02a 257+ 04a 278 +28a
0.25-0.053 mm (%) 459+ 09a 457+ 05a 46.7 = 0.8 a 457 +2.6a
<0.053 mm (%) 2274+ 04a 22.14+0.8a 2274+ 0.7a 21.1+12a

3.3. Sediment Nutrient Contents

Table 3 shows that the LGBVR region had relatively higher values of NH4*-N, TN,
and AP content in sediments. The TRR region had relatively higher values of AK content.
As for the LGBVR region, the one-way ANOVA test indicated that sediment TN contents
were significantly different compared to those of the MGR (p = 0.032) and TRR (p = 0.042)
regions. Its sediment NH4*-N contents were significantly different compared to those of
the MGR (p = 0.042) and TRR (p = 0.043) regions. Furthermore, the sediment NO3™-N, AP,
and AK contents displayed no difference among the riverbanks and the CSs region.

Table 3. Sediment nutrient contents in different ecological riverbanks. Lower case letters in same
rows are same to Table 1.

Types of MGR LGBVR TRR CSs
Riverbank (Mean =+ SE) (Mean =+ SE) (Mean =+ SE) (Mean =+ SE)

Numbers of

L 12 2 9 2
sampling sites
NH;*-N b b b
(mg-kg~) 1.97 £0.12 271+052a 1.95 £0.15 2.04 £ 0.06 a
NO;-N(mg-kg 1) 235+0.18a 3.04 +0.08 a 242+030a 329+ 1.06a
TN (mg-kg™1) 432+£0.19b 575+£043a 4.38 £0.30b 533 £1.12ab
AP (mg-kg™1) 18.13 £ 1.65a 2197 £341a 1893 £154a 21.68 +2.39a
AK (mg-kg™1) 31537 £15.15a 339.55 £ 41.33 a 341.74 £21.25a 315.88 £ 40.68 a

3.4. Sediment TOC Contents

Figure 2 shows that the MGR region had relatively higher mean values of TOC content
in sediments. The LGBVR region had relatively lower mean values of TOC content. The
one-way ANOVA test indicated that the sediment mean TOC content in the MGR region
was significantly different compared to that in the TRR region (p = 0.026). Moreover,
the sediment aggregate TOC contents were not significantly different among ecological
riverbanks and the CSs region.

3.5. Sediment MBC, MBN, and MBP Contents

Table 4 shows that the values of MBC content, MBC /TOC, and MBC/MBN were
highest in the LGBVR-region sediment. The sediment in the CSs region had highest MBN
and MBP contents. The sediments in the TRR region had relatively higher MBN contents.
The sediments in the LGBVR region had relatively higher MBP contents. As for the LGBVR
region, one-way ANOVA demonstrated that the sediment MBC content was significantly
different compared to that in the MGR region (p = 0.009). The sediment value of MBC/TOC
in the LGBVR region was significantly different compared to that in the MGR region
(p =0.001) and TRR region (p = 0.001). The sediment value of MBC/MBN in the LGBVR
region was significantly different compared to that in the MGR region (p = 0.000) and TRR
region (p = 0.000).
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Figure 2. Sediment mean TOC content and its aggregate compositions TOC contents in different

ecological riverbanks.

Table 4. Sediment MBC, MBN, and MBP contents in different ecological riverbanks. Lower case

letters in same rows are same to Table 1.

Types of MGR LGBVR TRR CSs
Riverbank (Mean =+ SE) (Mean =+ SE) (Mean =+ SE) (Mean =+ SE)
Numbers of 12 2 9 2
sampling sites
MBC (mg-kg’l) 596.23 4+ 27.56 b 803.67 + 47.67 ac 671.16 4 28.56 ab 704.90 4+ 107.40 ab
MBN (mg~kg’1) 33.12+ 153 a 32.88 +390a 3729 +1.59a 39.16 =597 a
MBP (mg-kg‘l) 6.58 + 0.07 a 6.60 +0.20 a 6.52 +0.07 a 6.65 +0.15a

MBC/TOC
MBC/MBN

0.010 & 0.000 ¢
18.000 £ 0.000 b

0.014 £ 0.001 a
24970 +=4.415a

0.012 £ 0.001 b

18.000 + 0.000 b

0.012 + 0.001 abc
18.000 £ 0.000 b

3.6. Correlation Analysis

Table 5 shows the Pearson correlation coefficients among the vegetation and sediment
characteristics in different ecological riverbanks. The sediment contents of NO3; ~-N were
significantly correlated with TN (r = 0.841, p < 0.01). The sediment contents of NH;*-N
were significantly correlated with MBC/MBN (r = 0.674, p < 0.01). The sediment contents of
MBC were significantly correlated with MBN (7 = 0.966, p < 0.01) and MBC/TOC (r = 0.938,
p < 0.01). The sediment contents of MBN were significantly correlated with MBC/TOC
(r=0.882, p < 0.01). The biomasses were significantly correlated with MBN (r = 0.536,
p < 0.05). The sediment EC values were significantly correlated with AK (r = 0.643, p < 0.05).

Table 5. Pearson correlation coefficients between vegetation and sediment characteristics in ecological

riverbanks. ** means significant correlation at 0.01 level (bilateral); * means significant correlation at

0.05 level (bilateral).

N Biomass pH EC NHy*-N NO3  -N TN AP AK TOC MBC MBN MBP MBC/TOC  MBC/MBN
N 1.000
Biomass 0.251 1.000
pH 0.406 —0.291 1.000
EC —0.481 —0.308 —0.225 1.000
NH4+-N 0.067 —0.124 —0.064 —0.237 1.000
NO3™-N 0.219 —0.145 0.231 —0.028 —0.038 1.000
TN 0.225 —0.192 0.165 —0.152 0.509 0.841 * 1.000
AP —0.143 —0.034 —0.022 —0.078 —0.075 —0.020 —0.058 1.000
AK —0.491 —0.383 —0.187 0.643 * —0.273 0.047 —0.108 —0.185 1.000
TOC 0.001 0.340 —0.145 —0.310 0.054 0.007 0.035 —0.276 —0.487 1.000
MBC 0.401 0.480 —0.180 0.061 0.138 0.016 0.088 0.112 —0.356 —0.159 1.000
MBN 0.360 0536 * —0.245 0.027 —0.039 —0.017 —0.036 0.142 —0.323 —0.100 0.966 ** 1.000
MBP 0.112 —0.203 0.372 —0.185 0.267 0.065 0.201 0.105 0.029 —0.253 —0.403 —0.509 1.000
MBC/TOC 0.367 0.289 -0.113 0.161 0.125 0.010 0.077 0.160 —0.143 —0.487 0.938 ** 0.882 ** —0.270 1.000
MBC/MBN 0.234 —0.104 0.201 0.137 0.674 ** 0.126 0.474 —0.089 —0.194 —0.251 0333 0.079 0.301 0.402 1.000
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4. Discussion
4.1. Sediment Deposition Characteristics in Ecological Riverbanks

Worldwide, rivers have been tremendously affected and modified by artificial river-
banks for navigation channels [29,30]. The accumulation of sediment deposition and
organic matter in riparian zones has improved the soil conditions that are the basis for
vegetation restoration and biodiversity maintenance [31]. Traditionally, in Yangtze River
waterway regulation schemes, riverbank constructions were mostly made of concrete,
cemented rock, riprap, and wire gabions, which are not suitable for sedimental deposition
and vegetation restoration [16,32,33]. Ecological riverbanks can prevent and remove large
amounts of nutrients from upland areas [30]. In recent years, ecological riverbanks have
been widely used to restore the riparian ecosystem, and various forms have been developed
in China [18,33]. This study demonstrated that the LGBVR region had the best effects of
sedimental deposition, nutrient accumulation, and biological fixed carbon. It also had
relatively higher values of NH;*-N, TN, AP, MBC contents, MBC/TOC, and MBC/MBN in
sediments. MBC was regarded as bioactive carbon components in sediment and is sensitive
to the ecological restoration effect [25]. The structure of the LGBVR was developed to
facilitate sediment deposition and nutrient accumulation and does not affect the growth
of plant roots. According to the survey, it had 10-15 cm of siltation in the gabion after
the completion of 1 year, which made it especially suitable for the growth of perennial
phragmites. In addition, the bottom layers of the MGR are geotextiles and a bamboo
woven mat, and sediments are deposited among three-dimensional network components.
Although it has certain advantages in promoting sedimental deposition, its structure is
more suitable for the growth of annual shallow root herbaceous plants. Furthermore, the
MGR region had relatively higher values of TOC content in sediments. For the TRR region,
the sediments were concentrated between the stone crevices, and the sediment deposition
and plant growth conditions were poor.

4.2. Vegetation Restoration and Sediment Deposition Characteristics in Ecological Riverbanks

The accumulation of sediment and organic matter improves soil conditions and was
the material basis for vegetation restoration and biodiversity maintenance in riparian
zones [31]. In riparian zones, ecological riverbanks can benefit sediment deposition, de-
crease the water flow velocity, and facilitate plant growth [34,35]. The unique structure of
ecological riverbanks can promote plant colonization, growth, and sedimental deposition,
but the vegetation restoration and sediment deposition effects are obviously different in
different forms of ecological riverbanks. In the same climate zone, an ecological riverbank
structure such as an eco-bag, an eco concrete tetrad-ball in Hang-jia-hu plain [13], or the
planting of a concrete revetment in an island of the estuary of Yangtze River [8] can have a
good vegetation restoration effect. The plant species composition and dominant species
are important indicators for vegetation succession [36]. In this study, the LGBVR region
had the highest biomass, Margalef index (d), and Shannon-Weaver index (H’), and its
dominant species was Phragmites australis. Although the MGR has certain advantages in
resisting water flow impact and promoting sedimental deposition, it is not suitable for the
colonization and growth of perennial plants in the short term. In the frequently submerged
area near the riverside, this study also revealed that the sediment deposition and vegetation
restoration effect of the riprap riverbank were better because it was closer to the natural
state. In the French and Swiss Alps region, riprap riverbanks had relatively poor vegetation
restoration effects [37]. However, in sub-tropical areas, they had relatively good ecological
restoration effects compared to a gabion revetment in Cuatien River, Vietnam [17]. For
periodically submerged riverbank areas, the riprap riverbank’s sediment deposition and
vegetation restoration effects were comparatively better than those achieved using the
MGR and LGBVR. Therefore, along the transverse gradient of riparian zones, ecological
riverbank development should adopt the mixed use of different structure forms in the deep
waterway regulation scheme of Yangtze River [38,39]. In the lower reach of the Yangtze
River, the deep waterway regulation scheme is affected by both runoff and tidal currents,
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and the river level variation and riverbed evolution are complex [15]. In the riparian zone
survey, the natural habitat conditions varied with different plant communities, which was
related to the water flow magnitude and sedimental deposition characteristics [40,41]. Due
to the high structural stability and safety requirements, the ecological riverbanks were only
studied in parts of river sections in this project. Furthermore, the design, construction, and
maintenance of ecological riverbanks needs to be further evaluated.

5. Conclusions

In this study, the sediment deposition characteristics associated with the vegetation
restoration of two kinds of typical ecological riverbanks, LGBVR and MGR, and TRR were
investigated in the deep waterway regulation scheme of Yangtze River. For the LGBVR
region, it had the highest biomass due to large and tall phragmite communities. It also
had the highest Margalef index (d) and Shannon-Weaver index (H') values, as well as the
highest MBC content, MBC/TOC, and MBC/MBN in sediments. For the MGR region, it
had the highest number of plant species (eight) and Pielou index (J) and a relatively higher
biomass in sampling sites. It also had highest values of TOC contents in sediment. The
TRR region had the lowest biomass. In general, the LGBVR region had the best vegetation
restoration and sediment deposition effects, followed by the MGR region. The TRR region
had a relatively poor ecological restoration effect. Furthermore, the sediment deposition
and vegetation restoration effects in different forms of ecological riverbanks are still in
the process of dynamic succession, and these ecological effects need to be studied for a
long time.
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Abstract: The impact of antecedent soil moisture content on soil erosion has been a contradictory
issue in erosion research, as well as process-based soil loss estimation models. The objective of this
study was to investigate the impact of antecedent soil moisture content on the loss of clay soil through
two-year runoff plot experiments under natural rainfall. Volumetric soil moisture sensors were used
to monitor soil moisture changes, and readings were used along with rainfall records to quantify the
antecedent soil moisture conditions. The results of this study show that the impact of antecedent soil
moisture on interrill erosion is conditional, and the impact only exists in erosion events with a low
Rainfall-Runoff Erosivity Index. The coefficient of determination between antecedent soil moisture
content and soil loss per the Rainfall-Runoff Erosivity Index (Soil Loss/Els) varies from 0.222 to
0.758, depending on the rainfall duration and Rainfall-Runoff Erosivity. The results of this study also
suggest that accumulative rainfall within 48 h (Pp4g) prior to an effective erosion event is strongly
correlated with Soil Loss/Elj, particularly when the duration of an effective erosion event is either
3~7 h or 10~30 h. Hence, Pp4g can be considered as a replacement for antecedent soil moisture in
process-based soil loss simulation models.

Keywords: antecedent soil moisture content; rainfall characteristics; interrill erosion; soil loss

1. Introduction

Soil erosion is one of the natural processes that shape the landscape through the action
of water and wind. It causes environmental impacts such as (1) non-point source pollution
resulting from eroded soil carrying pollutants from hillslopes, (2) a reduction in soil fertility
that affects crop yield, and (3) sedimentation in rivers and water bodies [1-5]. Hence,
the quantification of soil loss has received much research attention, and the techniques
for soil loss estimation have changed from parametrized estimations such as USLE [6,7]
and RUSLE [8] to processes-based simulations, for instance, CREAMS [9], AgNPS [10],
WEPP [11,12], and SWAT [13]. Regardless of the simplicity or complexity of models, soil
loss estimation is still based on the existing understanding of soil erosion processes.

The physical and chemical properties of soil are determined during its formation
through weathering, transport, deposition, and consolidation, among other geological pro-
cesses [14]. However, soil improvement and human interventions, namely, land grading,
cover and crop management, and soil conservation, can alter soil erodibility [5,15]. Putting
this into Universal Soil Loss Equation (USLE) terminology, these interventions are param-
eterized as the slope length factor (L), slope steepness factor (S), cover and management
factor (C), and conservation factor (P), respectively, among which, the C factor is probably
the most complicated parameter.
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The C factor has gone through development and revision for almost half a century. It
has advanced from the original concept of USLE, namely, C = Cc x Cs, which considers
the contributions from the vegetation canopy and surface mulch, to RSUEL Version 2
(USDA-ARS, 2013), namely, C = Cc x gc x Sr x th x Sb x Sc x Pp x am, which considers
the effects of the canopy and ground cover, random and artificial surface roughness, soil
biomass, soil consolidation, ponding, and antecedent soil moisture content.

The soil moisture content changes soil physical properties such as shear strength and
cohesion, thereby altering soil resistance to erosion [16,17]. A positive correlation has been
found between soil moisture content and surface runoff [18-21]. Fortesa et al. (2020) [22]
analyzed 5-year soil moisture and flow data at the Es Fangar catchment in Mallorca, Spain
(Western Mediterranean Sea), and they found that 76% of flood events occurred under
wet soil conditions. Massari et al. (2023) [23] analyzed data from the Global Runoff Data
Center (GRDC) and the European Space Agency’s Climate Change Initiative (CCI), and
they found that antecedent precipitation, soil moisture at the surface and in the root zone,
pre-storm river discharge, and pre-storm total water storage all affect the scale of flood
events significantly.

Jadidoleslam et al. (2019) [24] applied Soil Moisture Active/Passive (SMAP) to es-
timate the surface soil layer’s water contents for 38 watersheds (area ranged from 80 to
1000 km?) and correlated soil water content with runoff coefficients. They found that the
runoff coefficients increased with an increase in the antecedent soil moisture content. In
addition, the runoff coefficients changed significantly under humid conditions. Schoener
et al. (2019) [25] observed surface runoff from watersheds at different scales (2.8 m? and
2.8 km?), and the results also showed a positive correlation between the antecedent soil
moisture content and runoff coefficient, regardless of the scale of the watershed. They also
noted that antecedent soil moisture content affected surface runoff during small rainfall
events but had less of an impact during heavy rainfall events.

While a positive correlation between antecedent soil moisture and soil erosion or runoff
has been reported [26,27], there are studies that have suggested otherwise. For instance,
Castillo et al. (2003) [28] conducted a field study using time-domain reflectometry (TDR) in
three small semi-arid watersheds in eastern Spain with different vegetation characteristics.
Numerical simulations were also carried out to study the correlation between antecedent
soil moisture and surface runoff. They found that the impact of antecedent soil moisture on
surface runoff depended on rainfall intensity and soil permeability. They concluded that
surface runoff was not dependent on antecedent soil moisture content in the case of high-
intensity rainfall or low-permeability soil; however, if low-intensity rainfall occurred on
higher-permeability soil, surface runoff was controlled by the initial soil moisture content.

Truman and Bradford (1990) [29] conducted a series of experiments using a rainfall
simulator to test the splash erosion rates on air-dried and prewetted soils, and the results
indicated that a rise in soil moisture reduced the splash erosion rate, which might have
been related to the promotion of soil sealing and aggregation stability [18,30]. Auerswald
(1993) [31] indicated that increasing soil moisture from 10% to 30% reduced soil loss by
80%. Ma et al. (2014) [32] found a transition in the splash erosion rate during a rise in
soil moisture content. The splash erosion rate initially decreased and then increased at a
volumetric moisture threshold content of 15%.

Because of the contradictions in research results on the impact of antecedent soil
moisture content on runoff and soil erosion, RUSLE2 includes the antecedent soil moisture
content subfactor (apm) in its C factor calculation as an option to reflect the impact of
antecedent soil moisture content on erosion for dryland cropping in the Northwestern
Wheat and Range Region (NWRR) and similar areas, where the amount of soil moisture
from a prior crop affects erosion during the present crop. RUSLE2 also suggests ignoring
the moisture depletion rate when implementing the model outside of the NWRR in the US.

If antecedent soil moisture content led to different opinions during the development of
the RUSLE2 model and possibly other models, similar concerns will equally be raised at the
users’ end. Therefore, the objectives of this study are (1) to investigate the correlation and
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possible explanations for the contradictions between antecedent soil moisture and interrill
erosion and (2) to explore the feasibility of using rainfall parameters as alternatives to
replace the impact of antecedent soil moisture to interrill erosion if impact from antecedent
soil moisture content deserves consideration in soil loss estimation and modeling.

2. Materials and Methods
2.1. Experiment Site and Preparation

The experiment site is in a tropical climate zone at 22°38’41” N and 120°36/23" E (Soil
Erosion Experiment Site at the National Pingtung University of Science and Technology).
The average annual rainfall is about 2500~3000 mm. The rainy season usually begins in
early May and lasts until late September. The soil at the experiment site was first plowed
and disked to a depth of about 35 cm at least three times earlier in the year. Residue,
including roots and ground vegetation, was manually removed. The soil was also mixed
along the slope, as well as between the plots, to achieve soil consistency. Due to plowing
and disking, a plow sole was formed at a depth of about 35~40 cm. Soil samples were taken
randomly along the slope and within the plow layer prior to plot preparation for analyses
of soil physical properties. The soil at the experiment site consists of 18.84% sand, 31.73%
silt, and 49.71% clay, and it is classified as clay according to the United States Department of
Agriculture (USDA) soil texture classification. The average organic matter content is 1.65%.

A total of three runoff plots were prepared, and all runoff plots remained bare through-
out the rainy season. Based on past experiences, rills seldom occur under natural rainfall
conditions when the slope length is shorter than 10 m; therefore, each runoff plot was set
up with a length of 10 m and a width of 3 m, and the plot surface was leveled to the desired
gradient of 9%. Cemented brick walls were installed along the periphery of the runoff plot
to a depth of 1 m to prevent additional water sources from entering the plot, as well as
lateral infiltration between adjacent plots.

The field study started in early 2019 and ended in late 2020, covering two consecutive
rainy seasons. Due to plot availability, only one runoff plot was used in 2020; hence, the
three runoff plots that were used in 2019 for this study were considered three replications.
Disking was performed at the end of the rainy season to break any surface crust, and soil
was randomly exchanged and mixed between plots prior to leveling for the incoming
year’s experiment.

Before this study, we tested the installation of EC-5 volumetric soil moisture sensors
(Onset, Bourne, MA, USA) at different depths (5 cm and 10 cm) and at various distances
(2.5 m, 5m, and 7.5 m) from the top of the runoff plot using the same field plot setup to
understand how the locations of the soil moisture sensors affected the sensors’ readings.
After two years of testing, we found that the soil moisture data from different locations
along the slope were almost synchronous. Therefore, an EC-5 volumetric soil moisture
sensor was installed 10 cm below the ground surface at the mid-length of each runoff plot
to monitor soil moisture content. The volumetric soil moisture content was automatically
logged (Onset, Bourne, MA, USA) every 5 min throughout the entire study period. A
schematic drawing of the setup of the runoff plots, rain gauge, and locations of the soil
moisture sensors and collection tanks is illustrated in Figure 1.

2.2. Data Collection and Analysis
2.2.1. Rainfall

A 0.5 mm tipping-bucket rain gauge (Takeda Instruments Co., Ltd., Tokyo, Japan)
attached to a data logger (HOBO Pendant Event Data Logger, Onset, Bourne, MA, USA)
was used to log the rainfall records, and the records were used to extract the rainfall
characteristics, including total precipitation (P, mm), maximum 30 min rain intensity
(Ispmax, mm/h), event duration (duration, h), the time interval between two adjacent
effective erosion events (TILR, h), and total precipitation within the past x hours prior to an
effective erosion event (Ppx, mm).
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Figure 1. Schematic drawing of field experiment setup.

Effective erosion events were delineated from the rainfall records based on the ef-
fective rainfall event definition given by Wischmeier and Smith (1978) [6]. An effective
rainfall event is defined as when a rainfall event satisfies the following two criteria: (1) the
accumulated rainfall of an event exceeds 12.7 mm or more than 6.35 mm rain falls within 15
min and (2) the time interval between the current event and preceding event exceeds 6 h.

Based on 7 yr field observations prior to 2019, we found that surface runoff often
occurred at the experiment site when the accumulated rainfall exceeded 19.0 mm. The
19 mm threshold value can result either from long-duration events or short but heavy
storms, and this threshold decreases when one storm occurs after another in two to three
days. Therefore, the 19 mm rainfall threshold seems to be an appropriate indicator for field
erosion studies at our site. Our past field observations generally support Wischmeier and
Smith’s definition of an effective rainfall event. Therefore, we followed the same definition
to extract the effective rainfall events (hereafter termed an effective erosion event) from our
rainfall records for data analysis.

The end time (Te,) and begin time (Tby,) were used to extract the time interval between
two adjacent effective erosion events (TILR) (Figure 2). The TILR reflects the opportunity
for soil to be exposed to natural drying, a similar idea to the 6 h break between storms in
Wischmeier and Smith’s effective rainfall event definition. The longer the TILR, the lower
the antecedent soil moisture becomes. During the process of extracting the TILR, some rain
events that did not meet the criteria of an effective rainfall event were excluded.

Different climate regions produce different rainfall characteristics. We often experience
downpours resulting from convectional rain, frontal rain, and typhoons during summer,
but continuous drizzle seldom occurs at the experiment site. Due to the rare occurrence of
continuous drizzle, we found from the volumetric soil moisture sensor data that the impact
of light drizzle on surface soil moisture content was minimal, and the surface soil moisture
quickly returned to the stage prior to the rain. Furthermore, from the onsite rainfall records,
it was found that a total of 20 mm of discrete light drizzle occurred in 2019 and in 2020,
only accounting for 0.89% of the 2239.5 mm of the total rainfall and 0.99% of the 2016 mm
of the total rainfall, respectively. Therefore, we chose to exclude these ineffective events
by assuming that these events had no impact on antecedent soil moisture content. The
two-year field soil moisture logging and rainfall records justified our assumption.
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Figure 2. Delineation of effective erosion events, TILR, and duration.

“Duration” is the length of time (in hours) that an effective erosion event lasts, and
it is the time span between Tby, and Tb, (Figure 2). Natural rainfall records may include
rain-free intervals, and these intervals vary in length. Therefore, effective erosion events
with a longer duration may include a higher portion of rain-free periods; conversely, events
with a shorter duration typically have less chance or a lower portion of rain-free periods.

“Ppx” is defined as the accumulated rainfall (in mm) within x hours prior to the
beginning of an effective erosion event. The estimation of Ppx involves tracing backward
in time from Ty, by a specific “x hours” time range and summing up the rainfall amounts
within, as illustrated in Figure 3. Five different time ranges, namely 12, 24, 48, 72, and
120 h, were used in this study. Ppx reflects the amount of rain that soil receives before
the occurrence of an effective erosion event. If the number of “x hours” selected is too
low, influential antecedent rainfall may be overlooked. Conversely, if it is too high, it may
include non-influential antecedent rainfall.

7
Tb

6 ! Pp 120 !

ly—l Pp 72 l—

g3’ g Pess |
£
Z 3 Pp 12
3
E N
Effective
Rainfall
1
o [} Il | | - Hllll “ “IIII

0 6 12 18 24 30 36 42 48 54 60 66 72 78 84 90 96 102 108 114 120 126 132 138
Time (h)

Figure 3. Determination of Ppx with different x-h time ranges.

Lastly, the Rainfall-Runoff Erosivity Index (El3p) was calculated based on the USLE
definition proposed by Wischmeier and Smith (1978) [6]. This index is the product of the
total kinetic energy and maximum 30 min rainfall intensity (Ispmax) of an effective erosion
event. Wu and Wang (1996) [33] conducted a 3 yr field study on raindrop distributions
and rainfall kinetic energy at the experiment site, and they found that their rainfall kinetic
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energy formula deviated from Wischmeier and Smith’s formula when the rainfall intensity
was less than 4.0 mm/h. For the sake of simplicity in the calculation, Wischmeier and
Smooth’s rainfall kinetic energy formula was used in this study to calculate the total kinetic
energy of an effective erosion event. The Izymax of an effective erosion event was extracted
from the rainfall records.

2.2.2. Runoff and Soil Loss

A collection tank was installed downstream of the runoff plot to collect surface runoff
and soil loss. To accommodate a large runoff volume exceeding the tank design volume,
two partition walls were arranged inside the collection tank, which resulted in a tank with
three separate pools. A blade consisting of five 60° sharp-crested triangular weirs and a
blade with single sharp-crested triangular weirs were installed at the rim of each partition
wall. These two weir blades were carefully installed so that the notches were at the same
elevation to ensure the evenness of runoff splitting. The excess runoff overflowing from
the five-weir blade was discarded, and that from the single-weir blade overflew to the next
pool. The second pool was also equipped with the same weir blades. Therefore, the second
pool collected 1/6 of the runoff overflown from the first pool, and the third pool collected
1/6 of the runoff overflown from the second pool, which was 1/36 of the overflown runoff
from the first pool. Hence, when runoff accumulated in both the second and third pools, the
runoff volume in the second pool was multiplied by 6, and the runoff volume in the third
pool was multiplied by 36; then, they were added to the runoff volume collected in the first
pool, finally yielding the total runoff volume of the event. When runoff only accumulated
in the first and second pools, the runoff volume in the second pool was multiplied by 6 and
then added to the runoff volume in the first pool to yield the total runoff volume. Figure 4
illustrates a three-pool collection tank.

s e

. Runoff plot
Runoff and sediment

@)

Third pool

i

S .

Figure 4. The collection tank.

Soil loss was calculated from grab samples of detained sediment in the first pool
and added to grab samples of suspended sediment collected from each pool. Grab sam-
ples of suspended load were also taken from each pool. They were oven-dried, back-
calculated using the grab sample and detained sediment volume ratios, and then added
together to obtain the total soil loss. Runoff and soil loss collection was carried out on a
storm-by-storm basis.
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2.2.3. Antecedent Soil Moisture Content

To eliminate the effect of soil texture differences between runoff plots, the volumetric
soil moisture data were first normalized as follows:

VSMC; — VSMC,iy,

NVSMC; = VSMCpax — VSMC,,;,

)

where NVSMC; is the normalized volumetric soil moisture content at time T;, VSMC;
is the volumetric soil moisture content at time T;, and VSMC i, and VSMCi.x are the
minimum and maximum volumetric soil moisture contents detected during the rainy
season, respectively.

T; is the key point for analyzing the normalized antecedent volumetric soil moisture
content (NAVSMC), and it must accurately represent the time right before the start of a
rain event. It is slightly earlier than the beginning of a rain event (Tb). In this study, Tj is
set approximately 5 to 10 min prior to the Tb based on the soil moisture contents logged
throughout the study period.

3. Results and Discussion

Table 1 summarizes the 2-year field experiment data, as well as the results extracted
from the rainfall, runoff, and soil loss data. Events 1~37 in Table 1 were replications;
therefore, they shared the same rainfall parameters. The abbreviations in Table 1 are
defined as follows: Precp. is the total precipitation of an effective erosion event, El3 is the
Rainfall-Runoff Erosivity Index, C is the runoff coefficient, NAVSMC is the normalized
antecedent volumetric soil moisture content, Ppi is the accumulated rainfall within i hours
(i=1,24,48,72, and 120) prior to the beginning of an effective erosion event, and TILR is
the time interval between two adjacent effective erosion events. Unit area soil loss (kg/m?)
and unit area runoff volume (mm?/mm?) are the total soil loss and total runoff volume
collected from an effective erosion event divided by the runoff plot area, respectively.

No rills were found in the 10 m long runoff plots during the field experiment periods.
Within the scope of this study, surface runoff was mainly responsible for transporting the
eroded soil that was generated by splash and sheet erosion, also known as interrill erosion.
A positive correlation that fits a power function of Y = 0.0248X?80% exists between the unit
area runoff volume (X; mm3/mm?) and unit area soil loss (Y; kg/m?), with a coefficient of
determination of R? = 0.82, despite greater variabilities in natural rain settings.

A Pearson correlation analysis (Microsoft EXCEL 2021) was also conducted between
the unit area soil loss; unit area runoff volume; and selected rainfall parameters, namely,
NAVSMC (the normalized antecedent volumetric soil moisture content), duration, Ppx
(the accumulated rainfall within x hours prior to the beginning of an erosion event), and
TILR (time interval between two adjacent events). A correlation with a coefficient greater
than 0.75 is classified as a strong correlation, a coefficient between 0.5 and 0.75 is classified
as a moderate correlation, and a coefficient between 0.25 and 0.5 is interpreted as a weak
correlation. The results of the Pearson correlation coefficients are summarized in Table 2,
in which the data cells shaded with a gray background have p values greater than 0.05,
and the other cells without a gray background have p values less than 0.05. The results in
Table 2 indicate that the unit area soil loss is strongly positively correlated with the unit
area runoff volume, precipitation, duration, and Ppyg. It is moderately positively correlated
with Ppys and Ppy;, and it is weakly positively correlated with Pp1, and Pp1p0. However, it
is negatively correlated with TILR. A weak and negative correlation was found between
the unit area soil loss and NAVSMC.
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The time range x chosen to calculate the accumulated rainfall (Ppx) prior to an erosion
event affects the Pearson correlation coefficients. The effective erosion events collected in
this study seldom had any rain within the 12 h time range before their occurrence. Hence,
most of the erosion events have zero rainfall in the Pp;5 column shown in Table 1. However,
Pp1pp includes rainfall events that may not be effective enough to initiate erosion, resulting
in a higher amount of rainfall but not the equivalent soil loss. If a 72 h time range were
chosen, the number of ineffective rainfall events included would be less, so the correlation
would change from weakly positive to moderately positive, whereas Pp,4 excluded the
soil weakening or soil recovery effects of storms occurring 24 to 36 h prior to the current
effective storm on the soil, which depended on the nature of the storm and how far apart
two adjacent storms were. We found that Ppyg is the best parameter capable of including
the antecedent storms at the experiment site and achieves the best performance in the
correlation analysis.

The effect of the time interval between two adjacent events (TILR) on the antecedent
soil moisture content is somewhat similar to that of the accumulated rainfall prior to an
erosion event (Ppx). The shorter the TILR, the lower the chance that the soil dries naturally.
In general, any ineffective rainfall such as drizzle prior to an effective erosion event may
alter the soil wetness. However, the negative weak correlation between the TILR and unit
area soil loss (Table 2) indicates that all storm events collected in this study fail to support
TILR’s contribution to soil erosion.

Duration is another rainfall characteristic considered in this study, and the correlation
analysis shows that it is strongly positively correlated with unit area soil loss (Table 2)
as expected. However, the duration of a rainfall event masks the contribution of the
antecedent soil moisture content.

The amount of soil loss is also affected by the Rainfall-Runoff Erosivity Index (Els),
which is a known fact, and Ely is the foundation for describing the rainfall and runoff ero-
sivity for most soil loss estimation models. It is relatively easy to run replicate experiments
and obtain similar results using a rainfall simulator in a laboratory setting, in which the
rainfall intensity, soil moisture content, and duration of recess between experiments can be
controlled. However, the variables controlling rainfall characteristics and soil properties are
constantly changing in field experiments under natural rainfall. Therefore, we divide the
unit area soil loss by the storm’s Rainfall-Runoff Erosivity Index (El3y), which is denoted
as Soil Loss/El3) hereafter. Soil Loss/El is the unit area soil loss per Rainfall-Runoff
Erosivity. It quantifies how erodible soil becomes, which is also known as soil erodibility.

We plot Soil Loss/Elzy with respect to Ppsg but exclude data where Pp4g equals zero,
i.e.,, where no rainfall occurred 48 h before the erosion event. The resultant plot that grouped
four durations (Dur) is shown in Figure 5. The rationale for grouping data by rainfall event
duration is that event duration affects the total soil loss, as well as Elzg. The effect of event
durations cannot be determined in laboratory rainfall simulation studies with constant
rainfall intensities and durations.

Grouping data by event duration makes the data appear scattered. Fitting trends to
each data group helps visualize the general trend that a field experiment under natural
rainfall conditions tends to present. The trends shown in Figure 5 indicate that the total
rainfall that occurs 48 h (Pp4g) prior to an effective erosion event has the lowest coefficient
of determination (R? = 0.1051) when the duration of an effective erosion event exceeds 55 h.
When the duration of an effective erosion event is either 3~7 h or 10~30 h, R? becomes
0.7737 or 0.5832, respectively. Both trends follow a similar pattern.

We further conduct a Pearson correlation analysis on Soil Loss/El3p with respect to
the normalized antecedent volumetric soil moisture content (NAVSMC), Pp4g, and rainfall
duration by first excluding cases where Pp4g equal zero, and the results are shown in Table 3
and Figure 6. Through a two-tailed test, it was found that all the correlation coefficients
listed in Table 3 have a p-value of less than 0.05.
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Figure 5. Trends in unit area soil loss per El3y with respect to Ppyg, grouped by rainfall durations.

Table 3. Pearson correlation coefficients with respect to Soil Loss/Els.

Event with 0~3h 3~7h 10~30 h 55~92 h 0~7h 0~30h All
Durations Durations
NAVSMC 0.256 0.538 —0.086 0.296 0.386 0.295 0.230
Ppas 0.319 0.880 0.759 —0.323 0.532 0.423 0.064
Duration —0.325 0.808 —0.903 —0.508 0.402 —0.034 —0.466
Events with
durations Duration mPp48 mNAVSMC
All durations Negative Positive
Cover 0 ~ 30h Correlation Correlation
Cover0~7h
55~92h
10~30h
3~7h
0~3h Strong oo Weak Weak N | Strong
-1.00 -0.75 -0.50 -0.25 000 025 050 0.75 1.00

Correlation coefficient

Figure 6. Pearson correlation coefficients with respect to Soil Loss/El3.

From Table 3 and Figure 6, we find that the normalized antecedent volumetric soil
moisture content (NAVSMC) is moderately correlated with Soil Loss/El3y when the dura-
tion of an effective erosion event is within 3 to 7 h, whereas Pp4g and rainfall duration are
strongly correlated with Soil Loss/El3g. In order to identify the conditions under which the
antecedent volumetric soil moisture content affects Soil Loss/Elsp, we only selected data
with Ppqp # 0 to eliminate the effect of the accumulated rainfall prior to the erosion event
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and generated a scatter plot on Soil Loss/El3y against the NAVSMC; the result is shown in

Figure 7.
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Figure 7. Soil Loss/EI3q vs. normalized antecedent volumetric soil moisture content (NAVSMC).

Regardless of the dispersion of the data in Figure 7, we found that the data points were
segregated into three distinct clusters: a solid-line cluster, a dashed-line cluster, and an
ungrouped cluster. We chose to delineate our data because each cluster possessed different
characteristics in the identification process used to identify the common characteristics of
the data points.

The ungrouped cluster had two characteristics: (1) NAVSMC < 0.35 and (2) Soil
Loss/Elzg < 0.1. The remaining data were further delineated into solid- and dashed-line
groups because both groups had an NAVSMC of > 0.30 but considerably different results
in terms of Soil Loss/Elsg. In addition, the solid- and dashed-line groups demonstrated
different soil erodibility under a high antecedent soil moisture content, while the ungrouped
data points demonstrated a generally low soil erodibility under a low antecedent soil
moisture content. Through further analysis, we found that the rainfall conditions between
the solid- and dashed-line groups were noticeably different, and these rainfall conditions
suggested that we had to exclude the ungrouped data from the solid-line group.

The data points in the dashed-line group in Figure 7 are Events # 26, 27, 28, 30, 31, 41,
43,45, and 50, and the data points in the solid-line group are Events # 3, 6, 9, 18, 19, 21, 22,
24,25,34,36,37,38,39,40,42, 46,47, 48, and 49 (Table 1). We found that the dashed-line
group shared the common characteristics of a short duration, a short TILR, a low rainfall
amount, a low average rain intensity, and a low Elsy value. The solid-line group exhibited
opposite characteristics to the dashed-line group.

We further found that rainfall events with an NAVSMC greater than 0.36 in Figure 7
(data of the solid-line group) were associated with the common characteristics of stronger
storms. The average rainfall duration was 22.0 h, approximately 3.5 time longer than
that of the dashed-line group (6.23 h). The average rainfall amount was 103.1 mm, al-
most five times higher than that of the dashed-line group (19.75 mm), and the aver-
age El3p was 1570.14 MJ-mm /ha-h, 20 times higher than that of the dashed-line group
(78.7 MJ-mm /ha-h).

Furthermore, the average NAVSMC of these events was 0.41, slightly higher than the
overall average of 0.35, while the average time interval between two adjacent events (TILR)
was about 40.5 h, roughly one-third of the overall average of 104.33 h, and the average
rain intensity was about 8.3 mm/h. According to the rain intensity classification of the
World Meteorological Organization (2018) [34], these events fell in the lower boundary of
the heavy rain category, with an average intensity between 7.6 and 50 mm/h.
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Two scatter plots were subsequently drawn, as shown in Figures 8 and 9. Rainfall
events with Soil Loss/El3) greater than 0.15, i.e., the dashed-line group in Figure 7, were
excluded from the plot in Figure 8, whereas the solid-line group in Figure 7 was excluded
from the plot in Figure 9. The rationale for constructing these two figures was that the data
of the solid-line group were associated with stronger storms, as previously stated, and the
data of the dashed-line group were not.
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Figure 8. Soil Loss/EIzy vs. NAVSMC (excluding dashed-line group in Figure 7).
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Figure 9. Soil Loss/ElIzy vs. NAVSMC (excluding solid-line group in Figure 7).

The reasons for fitting the linear regression lines through the three duration groups
in Figure 8 are as follows: (1) it is easy to see the general trends, even if the coefficients of
determination are low, and (2) it is difficult to isolate the nonlinear effects of NAVSMC, if
any, on soil vulnerability to erosion or soil erodibility, as this study was conducted under
natural rain conditions. From Figure 8, we found that 66.7% of the events occurred with
NAVSMCs within the wilting point and field capacity. The dispersion of the soil erodibility
data expanded and covered a wider range when the NAVSMC exceeded 0.36, which is
clearly illustrated in both Figures 7 and 8.

The best-fit curve shown in Figure 9, which excludes the solid-line group associated
with stronger storms in Figure 7, exhibits a high coefficient of determination with an
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R? = 0.7584, from which we conclude that (1) the impact of antecedent soil moisture content
on soil erosion is conditional and (2) the impact of antecedent soil moisture content on soil
erosion must be considered for rainfall events with a short duration, short TILR, lower
average rain intensity, and low Elj.

To verify our conclusion, a Pearson correlation analysis was again conducted. The
correlation coefficients on Soil Loss/Elsy with respect to the NAVSMC and other parameters
associated with the antecedent rainfall amount (Ppx), event duration, and time interval
between two adjacent events (TILR) are summarized in Table 4. In Table 4, the data cells
shaded with a gray background have a p-value greater than 0.05, and all data cells without
a gray background have a p-value of less than 0.05.

Table 4. Pearson correlation coefficients of Soil Loss/El3y with respect to NAVSMC and other rainfall

parameters.
To(t:e:)luEnvt:nt II{D:;;::)I?) NAVSMC Pp12 Ppas Ppas Ppr2 Pp120 Duaal:lon T(I}I;)R
49 0~91.5 0.259 0.035 —0.125 0.164 0.179 0.030 —0.302 —0.170
39 0~30 0.318 0.342 —0.155 0.451 0.476 0.283 —0.015 —0.323
30 0~10 0.438 - —0.215 0.465 0.495 0.172 0.140 —0.344
26 0~5 0.435 - —0.163 0.242 0.379 0.174 —0.433 —0.199
23 0~4 0.473 - —0.196 0.222 0.359 0.447 —0.430 —0.226
14 0~3 0.419 - —0.347 0.131 0.312 0.343 —0.186 —0.218

Note: The data shaded with a gray background have a p-value greater than 0.05.

The results in Table 4 indicate that the best correlation between Soil Loss/El3y and
NAVSMC falls in the 0~4 h rainfall duration range. In contrast, events with a duration
exceeding 10 h exhibit relatively lower correlations for most of the considered parameters.
Therefore, we suggest that the impact of antecedent soil moisture content on soil erosion
can be ignored for events with a duration exceeding 10 h.

4. Conclusions

This study was conducted under natural rainfall for two consecutive seasons at the
plot scale to investigate the impact of the antecedent soil moisture content on the interrill
erosion of clay soil. This study provides evidence that addresses the contradictory or
inconclusive conclusions in previous studies on the antecedent soil moisture issue. The key
points of the findings are summarized as follows:

1.  Antecedent soil moisture content has an effect on unit area soil loss per Elsy (Soil
Loss/El3p) in rainfall events with short durations, low rainfall amounts, and low
Rainfall-Runoff Erosivity. When the average rainfall intensity is between 7.6 and
50 mm/h, which is classified into the heavy rain category by the World Meteorologi-
cal Organization (2018), the impact of antecedent volumetric soil moisture content
is negligible.

2. There is a positive correlation between antecedent soil moisture content and unit area
soil loss per Els (Soil Loss/Elsp) for rainfall events with a 0~4 h duration. When the
event duration exceeds 10 h, the impact of antecedent soil moisture on soil erosion
can be ignored.

3. Theresults of this field study on clay soil suggest that accumulative rain falling within
48 h (Pp4g) prior to an effective erosion event is strongly correlated with unit area
soil loss per Rainfall-Runoff Erosivity (Soil Loss/Els). When the duration of an
effective erosion event is less than 10 h, Pp4g makes a noticeable contribution to soil
loss. However, when Ppyg is less than 20 mm, it does not affect soil loss in events with
a 0~3 h duration.

Additional effort is required to continuously log the changes in antecedent soil mois-
ture content. However, Pp4g can be extracted from rainfall records without much difficulty.
In addition, to obtain representative values, soil moisture logging often requires additional
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post-processes that may overwhelm process-based soil loss simulation users. Hence, re-
placing the antecedent soil moisture content parameter with Ppsg seems to be a suitable
alternative approach. Future studies are still needed, particularly on less clayey soils, to
fully grasp the impact of antecedent soil moisture content on soil erosion.
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