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Abstract

Sediment yield prediction is vital for sustainable watershed management, particularly in data-scarce regions. This study,
conducted in the Goksun Cayi Karaahmet sub-basin, Tiirkiye, evaluated whether sediment connectivity indices can
reproduce outputs from the Revised Universal Soil Loss Equation (RUSLE) and Modified Universal Soil Loss Equation
(MUSLE). Sediment yield was modeled for 196 sub-catchments and 69 rainfall events over 10 years using GIS-based
factors: rainfall erosivity, soil erodibility, slope length-steepness, land cover, and hydrological parameters. Despite different
assumptions (rainfall erosivity versus runoff and peak discharge), RUSLE and MUSLE showed strong agreement (R* =
0.87 at the event scale; R2 = 0.93 at the sub-catchment scale). Predicted sediment yields ranged from 0.02 to 16.46 t ha™!
(MUSLE) and 0.04-10.63 t ha™! (RUSLE/SDR), with mean values of 0.89 and 0.96 t ha™!, respectively. Sediment connec-
tivity indices-including the Index of Connectivity (IC), Sediment Delivery Ratio (SDR), and Topographic Wetness Index
(TWI), were applied as inputs to five machine learning (ML) models (XGBoost, Random Forest, k-NN, SVR, and ANN).
XGBoost and Random Forest achieved the best performance (R? = 0.912-0.942, RMSE=0.065-0.089, MAE=0.047—
0.055), reproducing empirical outputs. IC, SDR, and TWI were dominant predictors. These results demonstrate that con-
nectivity metrics integrated with ML can emulate empirical erosion models, offering a scalable, data-efficient alternative
for ungauged basins. However, because the models were trained on RUSLE/MUSLE outputs from 69 events under static
land use and climate, they may underpredict extreme sediment events and require field validation before operational use.

Keywords Sediment connectivity indices - Empirical erosion models - Sediment yield prediction - Index of connectivity
(IC) - Sediment delivery ratio (SDR)

Introduction

Soil erosion remains a significant challenge for sustainable
land management and water resource conservation, particu-
larly in regions vulnerable to climate-induced changes and
land-use modifications. Traditional models such as Revised
Universal Soil Loss Equation (RUSLE) (Renard et al. 1997)
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and Modified Universal Soil Loss Equation (MUSLE)
(Williams 1975), have been widely applied to predict soil
erosion and sediment yield at various spatial and temporal
scales (Merritt et al. 2003; Djoukbala et al. 2018; Reda et
al. 2024; Nawazuzzoha et al. 2024; Alebachew et al. 2025;
Lamane et al. 2025a, b). While these models provide a
practical framework for erosion assessment, they rely on
empirical parameters and generalized assumptions, which
can limit their effectiveness in complex, heterogeneous
landscapes (Kinnell 2010). In response to these limitations,
recent development have integrated machine learning (ML)
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techniques with these models to enhance prediction accu-
racy by incorporating data-driven approaches (Ajibade et al.
2020; Chen et al. 2021; Khosravi et al. 2023; Avand et al.
2023; Seitkazy et al. 2024; Lamane et al. 2025a, b).

Both RUSLE and MUSLE have been extensively used
to estimate soil erosion and sediment yield, although their
intended temporal applications differ (Benavidez et al.
2018; Kumar et al. 2019; Mohammadi et al. 2025). RUSLE
was originally developed to predict long-term average
annual rainfall-induced erosion, while MUSLE, which
replaces the rainfall factor with runoff volume (Q) and peak
discharge (qp) (Qxqp), was specifically designed for event-
based sediment yield estimation (Sadeghi et al. 2014; Shi
et al. 2022; Ozsahin 2023). Although RUSLE was devel-
oped for long-term predictions, recent studies have adapted
it for event-scale sediment yield estimation by integrating
the sediment delivery ratio (SDR) (Kelsey 2002; Kinnell
2010; Deviren Saygin et al. 2014; Madenoglu et al. 2024,
Mohammadi et al. 2025). Lamane et al. (2025a, b) assessed
RUSLE and MUSLE performance over a 5-year continu-
ous period in the Bouregreg Watershed, Morocco. They
demonstrated that integrating SDR with RUSLE and using
high-resolution soil datasets improved long-term sediment
yield predictions, whereas MUSLE slightly underestimated
sediment transport, emphasize the critical influence of soil
data resolution and SDR integration on long-term sedi-
ment yield estimation reliability. Both models account for
key factors influencing soil erosion and sediment transport,
including rainfall erosivity (R factor), runoff volume and
peak discharge (Runoff factor), soil erodibility factor (K),
topographic parameters (LS), representing slope length and
steepness, land use/land cover factor (C), and conservation
practices factor (P) (Prasannakumar et al. 2011; Luvai et al.
2022; Kumar et al. 2022; Noori and Azeez 2023). MUSLE’s
integration of hydrological flow parameters such as runoff
volume and peak discharge enhances its ability to quantify
sediment transport to watershed outlets (Mishra et al. 20006),
making it particularly suitable for catchments where hydro-
logical variability plays a dominant role (Kog, 2014).

The combination of these empirical models with
experimental data, remote sensing (RS), and geographi-
cal Information System (GIS-based) spatial analysis has
significantly advanced soil erosion research, enabling
high-resolution assessments across various timescales
(Bouhadeb et al. 2018; Deviren Saygin et al. 2018; Had-
dou et al. 2024; Demirtas and Erpul 2024). Recent advance-
ments in GIS, geostatistics, and remote sensing have further
expanded their applications from small-scale farm plots to
larger watersheds while reducing costs and processing time
(Djoukbala et al. 2019; Avand et al., 2023). These technolo-
gies enhance both spatial and temporal accuracy, allowing
for more precise assessments beyond annual averages and
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facilitating efficient analysis of multiple factors (Guche et
al. 2024). In a GIS environment, a digital elevation model
(DEM) is essential for generating and processing key input
data for soil erosion modeling, including terrain attributes,
slope, slope length and steepness for LS factor. Meanwhile,
multi-temporal remote sensing data, such as satellite imag-
ery, offer valuable information on land use and land cover
changes (Ajibade et al. 2020). Similarly, GIS, remote sens-
ing, and the RUSLE model were also integrated using rain-
fall, land cover, and DEM data to estimate an annual soil
loss by Ghosh et al. (2022).

Connectivity evaluation has become a crucial component
in hydrology, particularly for analyzing runoff and sedi-
ment transport within watersheds (Mohammadi et al. 2025).
This approach is valuable for assessing sediment sources,
soil loss distribution, and sediment transport, contributing
significantly to watershed and river channel management
(Fryirs et al. 2007). From a sediment delivery perspective,
not all eroded materials reach to the watershed outlet, as
buffers and barriers disrupt connectivity within drainage
networks. Their impact on sediment transport depends on
their shape, location, and interaction with the surrounding
landscape (Hooke et al. 2021). Therefore, selecting appro-
priate sediment connectivity indices is critical for accurately
evaluating hydrological responses in terms of both water
and sediment fluxes. Previous studies have shown a strong
positive relationship between sediment yield and sediment
connectivity, where higher connectivity facilitating greater
transport of eroded material to watershed outlets. This rela-
tionship has been confirmed in multiple studies, including
observations across 11 sub-watersheds (Arabkhedri et al.
2021), analyses of sediment dynamics within sub-water-
sheds (Masselink et al. 2016; Fryirs 2013), and event-based
assessments integrating sediment connectivity into erosion
model (Hao et al. 2022).

However, assessing sediment connectivity remains a
challenging task, as it cannot be directly measured, and mul-
tiple factors influence its dynamics (Bombino et al. 2020).
Various frameworks have been proposed for its evaluation
across different climatic and environmental settings (Bor-
selli et al. 2008; Cavalli et al. 2013; Upadhayay et al. 2020).
The Index of Connectivity (IC), initially proposed by Bor-
selli et al. (2008) and later refined by Cavalli et al. (2013),
integrates upslope and downslope factors to assess sediment
connectivity in small watersheds. Recent advancements
in coupling IC with soil erosion maps have demonstrated
strong correlations with field data under various runoft con-
ditions (Hao et al. 2022). When combined with field assess-
ments, hydrological modeling, and land use change analysis,
IC serves as a reliable tool for evaluating sediment transfer
between hillslopes and channels across diverse landscapes
(Crema and Cavalli 2018).
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Further research has linked IC with the Hillslope Sedi-
ment Delivery Ratio (HSDR) to enhance erosion models for
large watersheds and improve sediment yield predictions at
the sub-catchment scale (Vigiak et al. 2012). Recent studies
have coupled RUSLE with connectivity theory to enhance
sediment transport modeling by integrating spatially explicit
pathways contributing to stream networks. This approach
improves sediment yield predictions by addressing struc-
tural and functional connectivity in watershed processes
(Mahoney et al. 2021). Integrating IC with RUSLE allows
for assessing spatiotemporal variations in sediment yield
due to land use and dam construction (Zhao et al. 2020).

Additionally, the latest studies have demonstrated the
effectiveness of machine learning models, such as Artifi-
cial Neural Networks (ANN), Convolutional Neural Net-
works (CNN), Boosted Regression Trees (BRT), Random
Forests (RF), Support Vector Machines (SVM), and Clas-
sification and Regression Trees (CART), in improving soil
erosion susceptibility assessments (Li et al. 2024). Beyond
predictive performance, interpretability techniques such as
SHapley Additive exPlanations (SHAP) have been applied
to sediment modeling to quantify the influence of input
variables on suspended sediment concentration, provid-
ing insights into the physical processes driving predictions
(Lamane et al. 2025a, b). These models, often integrated
with Geographic Information Systems (GIS), enhance
prediction accuracy by capturing complex relationships
between environmental factors, surpassing the limitations
of traditional empirical models (Chen et al. 2021; Liu et al.
2023).

Several studies have applied machine learning to runoff
and sediment discharge prediction, yet most have focused
on either process separately, limiting comprehensive model
evaluation. Additionally, ML models often lack transparency
and interpretability, making it difficult to assess the contri-
bution of different factors. Addressing these challenges
requires evaluating multiple ML models for both runoff
and sediment simulation while enhancing model interpret-
ability (Miao et al., 2024). Among ML algorithms, support
vector regression (SVR), artificial neural networks (ANN),
and extreme learning machine (ELM) are widely used for
hydrologic time series forecasting. Studies have shown that
ANN performs well in predicting suspended sediment load
(Kumar and Tripathi 2022), while SVR demonstrates high
accuracy in estimating suspended sediment concentration
(SSC). Additionally, k-nearest neighbor regression (kKNNR)
has been applied as a nonparametric method for handling
sediment grade curve variations over time (Miao et al.
2024).

This study aims to evaluate whether sediment connectiv-
ity indices, when used as inputs to machine learning algo-
rithms, can reproduce sediment yield estimates generated

by empirical models specifically RUSLE and MUSLE in
the absence of observed sediment data. To the best of our
knowledge, this is the first study to explore the potential
of landscape-derived sediment connectivity metrics as sur-
rogate predictors for event-based sediment yield, without
relying on field-measured sediment data. By training ML
models exclusively on landscape-derived connectivity met-
rics and comparing their outputs to RUSLE and MUSLE
predictions, we assess the potential of sediment connectivity
to serve as a surrogate modeling framework. This approach
addresses a critical research gap: while previous studies have
applied ML to sediment prediction or combined connectiv-
ity metrics with empirical models, few studies have tested
whether connectivity metrics alone can replicate the behav-
ior of established erosion models (Crema and Cavalli 2018;
Mahoney et al. 2021). The findings provide a novel, data-
light framework for sediment yield estimation in ungauged
or data-scarce catchments, offering practical applications
for watershed management and erosion risk assessment.

Materials and methods
Study area

This study was conducted in the Goksun Cay1 Karaahmet
sub-catchment (E20A006), a tributary of the Ceyhan River
Basin, located in Kahramanmarasg, Tiirkiye (Fig. 1). The
area covers 766 km?, with an average elevation of 1315.22
m and a peak elevation of 2957.04 m at Berit Mountain.
The region has a continental climate, with hot, dry summers
and cold, snowy winters. Mean annual precipitation is 622
mm, and the average temperature is 8 °C.The predominant
soil types, classified under the World Reference Base for
Soil Resources (WRB) system, include Cambisols, Luvi-
sols, Podzols, and Fluvisols. Land cover consists of forests,
rangelands, croplands, urban areas, and bare land (Reis et
al., 2016). The Goksun River (60 km) drains into the Cey-
han River, with hydrological records (1955-2000) indicat-
ing peak discharge in April (23.69 m® s”!) and minimum in
September (3.34 m* s ') (EIA Services, 2011).

Data collection and processing

This study applies RUSLE and MUSLE within a GIS-
based framework to estimate event-based sediment yield
in the Goksun Cay1 Karaahmet sub-catchment. A total of
69 rainfall-runoff events recorded between 2009 and 2019
were used for the analysis, with each event representing a
single rainfall episode producing measurable surface runoff,
typically lasting from a few hours to one day. Input data
were obtained from meteorological stations, soil survey
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Fig. 1 Study area of the Goksun Cay1 Karaahmet sub-catchment. a Sub-catchment boundary showing mainstream, streamlines, and outlet, b Cey-
han River Basin highlighting the main basin, ¢ Location of the basin within Turkey

maps, and topographic data from a Digital Elevation Model
(DEM) provided by the Ministry of Urbanization, Environ-
ment, and Climate Change of Tiirkiye. Additionally, Land-
sat 8 OLI satellite imagery was acquired from the United
States Geological Survey (USGS). Spatial data processing
and model implementation were conducted using ArcGIS
Hydro-tools and Google Earth Engine (GEE).

Both RUSLE and MUSLE incorporate common fac-
tors such as K, LS, C, and P factors. RUSLE is a rainfall-
driven model that employs the rainfall erosivity factor (R),
calculated as the product of total rainfall energy (E) and
the maximum 30-minute rainfall intensity (I30) (E x 130).
MUSLE, in contrast, is a runoff-driven model estimating
sediment yield based on runoff volume and peak discharge.
Since RUSLE does not directly predict event-based sedi-
ment yield, it was adapted by integrating the SDR, which
quantifies the proportion of eroded soil transported to the
watershed outlet based on main stream channel slope (Erpul
et al. 2013; Das and Sarma 2017).

Multiple sediment connectivity indices were computed to
characterize spatial variations in sediment transfer across 196
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sub-catchments. A 10 m resolution DEM was used to derive
slope, flow direction, flow accumulation, and flow path in a GIS
environment, as these parameters drive sediment transport. C
factor was integrated as a resistance factor in the connectivity
analysis, influencing sediment detachment and retention. The
sediment connectivity index (systematically evaluates each
sub-catchment’s contribution to sediment delivery by incor-
porating key hydrological and physical parameters.

To evaluate the potential of sediment connectivity metrics
to approximate empirical erosion models, machine learn-
ing algorithms were trained exclusively on sediment yield
outputs predicted by RUSLE and MUSLE, not on observed
sediment data. The core objective was to test whether land-
scape connectivity metrics alone can replicate the behav-
ior of these empirical models. Five ML models were
applied: Random Forest (RF), Extreme Gradient Boosting
(XGBoost), Support Vector Regression (SVR), Atrtificial
Neural Networks (ANN), and k-Nearest Neighbors (k-NN).
The models used twelve key sediment connectivity indi-
ces as input features, and their outputs were compared to
RUSLE and MUSLE sediment yield predictions. Model
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performance was evaluated using statistical metrics includ-
ing coefficient of determination (R?), root mean square error
(RMSE), and mean absolute error (MAE).

By integrating ML with sediment connectivity analysis,
this study assesses the capacity of landscape connectivity
metrics to serve as surrogates for empirical sediment yield
models, capturing complex nonlinear relationships between
landscape features and sediment transport processes. Fur-
ther methodological details on RUSLE/SDR, MUSLE,
sediment connectivity indices, and ML implementation are
provided in the following sections. The datasets used in this
study and the corresponding workflow of data processing
and model integration are summarized in Table 1 and illus-
trated in Fig. 2.

Table 1 Summary of the datasets used for RUSLE and MUSLE-based
sediment yield modeling and connectivity indices in the Goksun Cay1
Karaahmet sub-catchment

Dataset Source Spatial/ Purpose in the
Temporal Study
Resolution
Digital Ele-  Ministry of 10 m spatial ~ Used to derive
vation Model Urbanization, resolution slope, slope length
(DEM) Environment, (LS factor) and sub
and Climate catchment delinea-
Change of tion for RUSLE and
Tiirkiye MUSLE, as well
as flow direction,
flow accumulation
and drainage line
for generating con-
nectivity indices.
Soil Map Ministry of 1:25,000 Used to determine
Urbanization, scale the soil erodibil-
Environment, ity factor (K) in
and Climate the RUSLE and
Change of MUSLE models.
Tiirkiye
(General
Directorate of
Mapping)
Land Use/ Landsat 8 30 m spatial ~ Classified to derive
Land Cover OLIimagery  resolution the cover-manage-
(LULC) (USGS) ment factor (C) and
runoff coefficient
(Cr)
Rainfall/ Ministry of Event- Used to calculate
Runoff Data  Urbanization, based data the rainfall erosiv-
Environment, (2009-2019) ity factor (R) in
and Climate RUSLE and runoff—
Change of peak discharge in
Tiirkiye MUSLE.
(Meteorol-
ogy General
Directorate)
MGM)
Sub- Derived using — Used to calculate
catchment ArcGIS hydro- area-weighted soil
Boundaries  logical tools loss and sediment

yield at the water-
shed outlet.

The datasets summarized in Table 1 were integrated
within a GIS-based framework to derive model parameters
and connectivity indices. The overall methodological work-
flow is illustrated in Fig. 2.

The final dataset used in this study, comprising 13,524,
was derived from continuous spatial data (DEM, LULC)
and complete meteorological records. Consequently, the
dataset contained no missing values, eliminating the need
for imputation. To ensure the models were not unduly influ-
enced by extreme values, both the input features (the cal-
culated SCIs) and the target sediment yield variables were
analyzed for outliers. Extreme values, particularly in the
RUSLE/MUSLE outputs, were found to correspond to the
largest, most erosive rainfall events or steepest sub-catch-
ments. As these represented physically significant extremes
within the study area, they were retained to preserve the
natural variability of the system. Their potential influ-
ence was mitigated by utilizing non-parametric tree-based
models (such as XGBoost and Random Forest), which are
inherently more robust to outliers compared to linear regres-
sion models. Furthermore, regarding the potential issue of
overrepresentation or bias towards specific event types, the
dataset’s structure inherently addresses this by combining
$1968$ distinct spatial units with 69 unique temporal events,
ensuring a wide representation of physical and meteorologi-
cal conditions. To guarantee the robustness, transparency,
and reproducibility of the machine learning results, a 5-fold
cross-validation strategy was implemented across the entire
dataset. This procedure ensures that model training and
validation are performed on varied subsets of the data, con-
firming that the reported performance metrics (R?, RMSE,
MAE) are generalized and not biased towards any single
subset of the data. The inclusion of these detailed data pro-
cessing and validation strategies significantly enhances the
methodological rigor of our study.

Revised universal soil loss equation (RUSLE)

Following the methodological framework, the RUSLE and
MUSLE models are employed for event-based sediment
yield estimation. The corresponding equations and key
parameters are presented below. Also, whole equations are
summarized in the Tables 4 and 5 as appendix.

Ae = Re. Ke. L.S.Ce (1
Yerpusrie = Ae.SDR (2)
Where,

Ae: Event-based soil loss (t ha ! event 1)
Re: Event-based rainfall-runoff erosion factor (MJ mm
ha 'h !event )
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Fig. 2 Workflow for sediment yield prediction using connectivity-
driven machine learning surrogates for RUSLE and MUSLE. Model
parameters (R, K, LS, C, SDR, Q.qp, and Cr) were derived from rain-
fall, soil, DEM, and Landsat 8 data; SCI metrics were computed from

Ke: Soil erodibility factor (tha ! MJ™ ! mm™!)

L: slope length factor (dimensionless)

S: slope steepness factor (dimensionless)

Ce: Cover management factor (dimensionless)

Ye: Event-based sediment yield (t ha ! event !)

SDR: Sediment delivery ratio (dimensionless)

Note: The support practice factor (P) was not considered
because no conservation practices were implemented in the
study area.

Event-based rainfall erosivity factor (Re)

The event-based rainfall erosivity factor (Re) varies depend-
ing on the geographic location and storm characteristics. The
erosion potential is directly influenced by a storm’s intensity
and duration, with higher intensity and longer duration lead-
ing to greater erosive potential (McKague 2023).

In this study, a total of 69 rainfall events over a 10-year
period were analyzed to assess event-based rainfall erosivity.
The Re factor is calculated following the approach defined
by Wischmeier and Smith (1978), which involves multi-
plying the total kinetic energy of a storm by its maximum
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DEM and LULC; and ML models (k-NN, RF, XGBoost, SVR, ANN)
were trained using SCI as predictors and RUSLE/MUSLE outputs as
targets

30-minute rainfall intensity. This method effectively quanti-
fies the storm’s erosive potential (Eq. 3).

Re= - 371, (BT Iy)j 3)

Where,

Re: is the rainfall erosivity factor (MJ mm ha 'h™ )

n: is the total number of storms in the dataset (62 storms)

E: is the total kinetic energy of a given storm (MJ ha™'
mm)

1350 is the maximum 30-minute rainfall intensity (mm
h™!) for each storm

Event-based soil erodibility factor (Ke)

The soil erodibility factor (Ke) quantifies the susceptibil-
ity of soil to erosion, which is determined by various soil
properties, including the relative proportions of sand, silt,
and clay, as well as organic matter content (Djoukbala et al.
2018). In this study, the annual K factor dataset was obtained
from the Dynamic Erosion Modeling and Monitoring
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System (DEMIS) (Erpul et al. 2018), developed by the Gen-
eral Directorate of Combating Desertification and Erosion
in Tirkiye. This dataset includes all necessary soil proper-
ties required for K factor calculation.

The K factor was calculated on an annual basis using the
equation proposed by Torri et al. (1997, 2002), which has
been extensively validated in previous studies in Tiirkiye.
This methodology played a key role in the development of
the Tiirkiye Soil Erosion Map (Akgoz et al. 2022; Deviren
Saygin et al. 2011, 2014).where, K represents the soil erod-
ibility factor to erosion, DG is the geometric mean of soil
particle size, C is the percentage of clay content, and OM
refers to the organic matter content.

K =0.0293.0.B @)
a = (0.65 — Dg + 0.24D% 5)
B = cop[ 000219 —0.00037.(9)* ~ 4.02C + 1.72?] (6)

In this study, event-based Ke factor values were computed
using seasonal Eqs. (7)—(13). Initially, the K factor was esti-
mated on a semi-monthly (15-day) basis, incorporating key
variables such as monthly temperature fluctuations, periods
of soil freezing, and precipitation distribution (Eq. 17) and
(Eq. 18). These factors play a crucial role in soil erodibility
by influencing the duration and intensity of conditions that
promote erosion. A critical aspect of these equations is the
identification of periods corresponding to maximum (z,,,,)
and minimum (%,,,) soil erodibility throughout the calendar
year, which reflects seasonal variations in soil vulnerability
(Kiciman et al., 2024).

If tmae < ti < tpn then (7)
Ki= Koo | = (8)
! (Kma:c >

Where, Ki represents the soil erodibilty factor at any time
t; (in calendar days), K, and K,,;, are the soil erodibilty
factors at times ¢,,,. and ¢,,,,, respectively. At represents the
growing season or frost-free period (<183 d); and T,, is the

average daily temperature.

Ift; < tmazort; > tmin then 9)
K; = Kninexp[0.009 (t; — tmin + 3655)] (10)

If tow < —2.7 CO 7Ki = tmin (12)

The values of K., K,,.i1» tnax and £, to be used in the above
relationships are determined with Egs. (14)—(16), using
event-based rainfall energies (RUSLE-R, EI) (Deviren Say-

gin 2021).

Koaw
2T — 8.6 —0.19R
Kmaz o
o = 3.0 0.005R (15)
Traw = 154 — 0.44R (16)

Semi-monthly R factor distributions (15-day EI %) were
computed using Eq. (17) and Eq. (18). This approach
divided the monthly R factor into two 15-day periods based
on percentage erosivity index (EI) values (Kiciman et al.,
2024).

0.75 (EI — 1) + 0.25(EI 4 1)

EI, =EI
! (EI—1)+ (ET +1) (a7
025 (BT —1)+0.75(EI + 1)
Bl = EI (EI —1)+ (EI +1) (18)
Where,

EI: the value for the desired month

EI-1: the value for before of the desired month

EI+1: The value for the after of the desired month

EIl: the value calculated for the first 15 days of the
desired month

EI,: The value calculated for the second 15 days of the
desired month

Slope length and steepness (LS-factor)

The LS factor represents the combined influence of slope
length and steepness on soil erosion (Chang et al., 2016). It
is defined as the ratio of soil loss from a given slope length
and gradient to that from a standard unit plot (a 22.1 m long
fallow plot with a 9% slope under up-and-down slope clean
tillage) (Wischmeier and Smith 1978; Renard et al. 1997).
As slope length and steepness increase, total surface runoff
and its velocity also rise, intensifying soil loss (Handique
et al. 2023). The LS factor is computed by multiplying the
slope length and steepness values (Eq. 19). In this study,
a 10-meter resolution Digital Elevation Model (DEM) was
utilized to estimate LS values. These values were derived
based on flow accumulation () and slope degree (0) using
the Raster Calculator in ArcGIS. The flow accumulation
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term () represents the volume of water flow contributing
to erosion along the slope length, while slope steepness (0)
quantifies the gradient of the terrain (Lee 2004). The LS fac-
tor was computed using Eq. (19) proposed by Moore and
Burch (19864, b), and cell-based average LS values for each
sub-catchment were obtained using the Cell Statistics tool
in ArcMap.

xn \%4 [ sind 13
LS = .
(22.13) (0.0896)

where, y; flow accumulation derived from DEM using a GIS
accumulation algorithm, #; cell size, andd; slope steepness
in degrees.

(19)

Event-Based land Use/Land cover (C,)

In this study, event-based Ce factors were derived from
Landsat 8 Operational Land Imager (OLI) satellite imag-
ery. A selection of Landsat 8 images was made based on
their temporal relevance to the event dates, considering
appropriate months and seasons. The Normalized Differ-
ence Vegetation Index (NDVI) was processed to assess veg-
etation cover. The C factor was then calculated using Eq.
(20) proposed by Van der Knijff et al. (2000), with coef-
ficients a=2 and f=1. These coefficients were specifically
chosen based on their empirical validation for Mediterra-
nean climatic conditions, effectively representing the influ-
ence of land cover on soil erosion. The coefficient (a=2)
accounts for the pronounced impact of vegetation changes
in Mediterranean environments, while f=1 adjusts for the
specific relationship between vegetation cover and erosion
processes in these conditions. Cell-based average C values
were computed using GIS cell statistic tools and applied to
each sub-catchment within the study area.

NDVI

C=Erp|—a.—21"
PN\ T NDYVI

(20)

Sediment delivery ratio (SDR)

The sediment delivery ratio quantifies the proportion of
eroded soil (A) that is transported to the watershed outlet
and is integrated with the RUSLE model to estimate sedi-
ment yield. SDR values are always less than 1, as sedi-
ment yield is invariably lower than total soil erosion. While
SDR is influenced by multiple factors, including topogra-
phy, drainage basin size, and vegetation cover (Kumar &
Pandey, 2019). In this study, SDR values were estimated
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solely based on the slope of the main stream within each
sub-catchment, following the method proposed by Williams
and Berndt (1977). This approach ensures that variations in
slope across all sub-catchments were captured; however, it
does not explicitly account for other factors that may affect
sediment transport efficiency, such as basin size, micro-
topography, or vegetation cover.
SDR = 0.627SLP°*% 21
where, SDR refers to the Sediment Delivery Ratio, and
SLP is the slope of the mainstream channel within of a
sub-catchment.

This slope-based estimation provides a simple and con-
sistent method for integrating SDR with RUSLE in the
absence of detailed data on other controlling factors.

Modified universal soil loss equation model (MUSLE)

In this study, the Modified Universal Soil Loss Equation
(MUSLE) (Williams 1975) was applied to estimate event-
based sediment yield. Unlike RUSLE, which relies on rain-
fall erosivity (R), MUSLE replaces it with a runoff-based
factor incorporating runoff volume and peak discharge.
These parameters were computed using the unit hydrograph
triangular method and the rational method, both widely used
for small to medium-sized catchments with available runoff
and rainfall data. Runoff volume and peak discharge values
were derived based on the time of concentration concept,
ensuring compatibility with the hydrological characteristics
of the study area’s sub-catchments (Wischmeier and Smith
1978). The event-based sediment yield was then estimated
using Eq. (22).

a(@ X qp)bKX LSx Sx Cx P

22
100A (@)

Y =

Where,

Y: Sediment yield caused by the storm event (t ha ')

Q: Runoff volume (m?)

q,: Peak discharge m3sh

A: Drainage area (km?)

The factors K, LS, C, and P are defined as in the RUSLE
equation for the specific storm event. In Eq. (24), A is the
drainage area in km?, multiplied by 100 to convert it to hect-
ares. The resulting sediment yield will be in tons per hectare
(tha™) (Shi et al. 2022). Equation (23) expresses the runoff
factor for the MUSLE model:

MUSLE Runosy = 11.8(Q x qp)**° (23)
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Runoff volume (Q)

The runoff volume is calculated using the Triangular Unit
Hydrograph method, developed by the Soil Conservation
Service (SCS) (Eq. 24). This method assumes that the sub-
catchments have a triangular shape, with the base equal to
the sum of the time to peak and the time of recession, and
the height equal to half of the peak discharge.

= (% ) x (Tp+Tr) (24)

where, Q represents the runoff volume (m?), q,, refers to the
peak runoff discharge (m® s~ '), T, is the time to peak (min-
utes), 7, indicates the time of recession (minutes).

Runoff discharge rate (qp)

The runoff discharge rate (m’ s~ !) for each micro-catchment
is calculated using the rational method as proposed by Mul-
vaney (1851). In this method the surface flow coefficient is
initially determined using land use land cover classification;
along with the time of concentration using Kirpich method
(Eq. 25) (Kirpich 1940) is employed in the following man-
ner to calculate the flow discharge rate.

B CrlA
% = 360

(25)

Where, g, represents the surface flow rate (m’ s~ 1), I refers
to the ralnfall intensity for a specific duration (mm hour ~1),
A indicates catchment area (ha) and C, represents a surface
flow coefficient that is dimensionless.

o Runoff Coefficient (Cr).

The runoff coefficient for each land use type was determined
using Landsat8 OLI images from 2014, 2016 and 2018.
The images were classified using a supervised classifica-
tion method to create a detailed LULC map, categorizing
areas into forest, agriculture, pasture, settlement, and bare
land. The classified map was then converted to raster format
and integrated with a slope spatial map to extract slope per-
centage for each land use type using ArcGIS spatial analy-
sis tool. Runoff coefficient values were assigned based on
the surface flow coefficient standard proposed by Schwab
(1981), considering both slope percentage and soil texture
within each sub-catchment. The weighted average runoff
coefficient for each sub-catchment was calculated based on
the proportional area of each land use type using Eq. (26).

(Crx Ay) (26)

cr=t Y

Where, C, refers to the weighted runoff coefficient for a sub-
catchment; 4 is the total area of a sub-catchment. C,;: is the
runoff coefficient for each land use type 7, and A;: is the area
that occupied by a land use type i.

o Time of concentration (T,).

The time of concentration, measured in minutes, is a key
parameter in calculating the peak flow rate. To determine
the peak flow using the Rational Method, it is first necessary
to calculate the time of concentration. Several methods have
been proposed for this calculation. In this study, the Kirpich
(1940) equation is employed to estimate the time of concen-
tration, as expressed in Eq. (27).

0.019471.°77

Where, T, represents the time of concentration in min-
utes. L represents the maximum length of runoff in a given
watershed, and is expressed in meters. S is the slope of the
watershed expressed as 4H/L, where 4H is the difference
in elevation between the initial flow length point and the
endpoint in the watershed.

Weighted average sediment yield for the entire
watershed

The area-weighted average method was employed in both
models to accurately estimate sediment yield for the entire
watershed. This approach ensures that the contributions of
individual sub-catchments are proportionally represented
based on their respective areas. The study area consists of
196 sub-catchments, and the weighted average sediment
yield for each storm event was computed using Eq. (28).
Consequently, 69 sediment yield values were obtained for
Ye-RUSLE and 69 for Ye-MUSLE, corresponding to the 69
erosive rainfall events analyzed.

A;)

S

. > n—l (Yei x
Weighted 5,, = ==, (28)
Z z:lAZ
Where,

Ye;: Event-based Sediment yield from sub-catchment i.
Ai: Area of sub-catchment i
n: Total number of sub-catchments within the st
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Connectivity analysis in sediment yield prediction D :§ - 31

The study area was a large-scale watershed, subdivided into
196 sub-catchments where the Sediment Connectivity Index
(SCI) was evaluated. The SCI for each sub-catchment was
computed by integrating multiple spatial datasets to ensure
a comprehensive assessment of sediment dynamics within
the study area.

A Digital Elevation Model was used to derive slope,
flow direction, flow accumulation, and flow path in a GIS
environment. These parameters are crucial for computing
the Connectivity Indices within the watershed. Slope, flow
accumulation, and flow length are key drivers of sediment
transport, with steeper slopes facilitating higher runoff
velocities and increased sediment mobility. In the con-
nectivity analysis, weighting factors such as land use/land
cover factor were incorporated as resistance factors. Mul-
tiple connectivity indices were calculated to evaluate the
contribution of each sub-catchment to sediment transport
across the watershed.

Index of connectivity (IC)

The connectivity index, developed by Borselli et al. (2008),
is utilized to assess structural connectivity and describe the
transport of sediment from its source to its deposition area.
The IC calculation is divided into upslope and downslope
component (Eq. 29).

Dy
CI =log, (Dd:) (29)
Where,
D, representing the upstream factor, which integrates

flow distance (Flow length-downstream) to the outlet or
stream with the slope mean and land use/land cover mean.
D,,: represents the contributing downstream area, which
is related to flow accumulation and combined with the slope
percentage, land use/land cover mean.
The D,,, was calculated using Eq. (30):

Dyp= Wx Sx VA (30)

W: Average weighting factor of the upslope contribut-
ing area, it was determined using the C factor in RUSLE,
(dimensionless).

S: Average slope gradient of the upslope contributing
area (m/m).

A: Upslope contributing area (m?).

The D, was calculated using Eq. (31):
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di: flow length to the downstream main channel along the
i cell

Wi: Weighting factor related to the vegetation cover and
soil erodibility factor of the i" cell

Si: Slope gradient of the i cell (m/m).

The Connectivity Index (CI) is defined within the range
(-0, +o0) and was calculated using Eq. (32):

Dy, W x Sx VA
CI = logy, (de> = logyo (Zn di ) (32)
n i Wix Si

Stream power index (SPI)

The Stream Power Index (SPI) is a topographical model
designed to quantify the erosive potential of runoff within
a watershed. In this study, the Stream Power Index (SPI) is
calculated using GIS tools specifically the Raster Calcula-
tor integrating flow accumulation and slope degree (Eq. 33).
(Moore et al. 1991)

SPI = Atan(8) (33)

Where, 4, represents the flow accumulation, which quanti-
fies the water volume contributing to specific location in the
watershed, tan (f), represents the tangent of the slope angle at
a given point, where the steeper slopes lead to increased water
velocity, thereby enhancing erosive potential of the flow.

Proximity to outlet

Proximity to the outlet represents the relative distance sedi-
ment must travel from its origin within a sub-catchment to
the main stream outlet, influencing sediment connectivity.
It was computed using GIS-based analysis, where the cen-
troid of each sub-catchment was identified, and its shortest
distance to the outlet was determined. The proximity index
(Pi) was calculated using Eq. (34).

Pi=1-——xt (34)

Where, Pi, represents Proximity index for sub-catchment i
d;, is the distance from the centroid of sub-catchment (i) to
the outlet, while max (d), is the maximum distance among
the all sub-catchments. This equation was implemented
using the Field Calculator in Arc-GIS, with values closer to
(1) showing higher proximity to the outlet.
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Topographic wetness index (TWI)

The Topographic Wetness Index is a terrain-based index that
estimates landscape wetness, providing insight into areas
prone to water accumulation and potential sediment trans-
port (Eq. 35) (Atalla et al. 2024).

TWI = In (taﬁﬂ))

Where, A4 is the flow accumulation, representing the water
volume contributing to specific location in the watershed
(m2 m ') and Tan (B) is the tangent of the slope angle at a
given point.

(35)

Relative relief index (RRI)

This approach captures the influence of topographic relief
and hydrological pathways on the potential for sediment
transport. It is defined as the ratio of the elevation difference
to the longest stream length within a sub-catchment (Eq. 36).

Eraz— B,
RRI = maz— Emin (36)
anm
Where, E,,,. and E, ;, represent the maximum and minimum

elevation, respectively, and L
within each sub-catchment.

is the longest flow length

max

Topographic connectivity index (TCI)

Topographic Connectivity Index is a measure of sediment
connectivity that integrates contributing area (A) and slope
(S) to estimate the ease with which sediment is transported
down slope (Eq. 37).
TCI=A-S (37
Where:

A: Contributing area (m?)
S: Slope (%)

Drainage density (Dd)

Drainage density is a fundamental hydrological and geomor-
phological factor, calculated as the total length of streams
and rivers divided by the drainage basin area (Eq. 38). This
metric provides valuable insights into the degree of land-
scape dissection and runoff potential within a watershed.

Horton (1932) noted that drainage density is closely associ-
ated with other measures of landscape dissection.

S L
_D =
¢ Abasin

(3%)

Y, Total length of drainage channels or drainage lines (km?)
Ay qin: Drainage basin area (km?)

Watershed shape factor (WSF)

Watershed Shape Factor is the ratio of the maximum water-
shed length to the watershed area, describing the compact-
ness and elongation of the watershed, which affects sediment
transport efficiency. The WSF was calculated using Eq. (39).

Lm(lfL‘

WSF = (39)

L,..: Maximum watershed length or longest flow length

within a watershed (km).
A: Watershed area or drainage area (km?).

Flow length ratio (FLR)

The Flow Length Ratio is a dimensionless index represent-
ing the proportion of the longest flow path within a given
sub-catchment relative to the longest flow path in the entire
watershed (Eq. 40).

L.

FLR, = =
L

(40)
FLR: Flow Length Ratio for sub-catchment i (dimensionless)
L;: Longest flow length in sub-catchment i (km)
L: Longest flow length in the entire watershed (km)

Sediment delivery ratio (SDR) as connectivity indices in ML

The Sediment Delivery Ratio (SDR) also serves as a land-
scape connectivity indicator reflecting the efficiency of
sediment transfer through the watershed. In this study, two
empirical formulations were used to derive SDR-based con-
nectivity indices: one based on slope (Eq. 41) and another
based on drainage area (Eq. 42). These SDR indices, along
with other topographic and hydrological factors, were incor-
porated into the machine learning (ML) framework to rep-
resent sediment transport potential and enhance predictive
accuracy.
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SDR = 0.627 (SLP)"*% (41)

Where, SDR is the Sediment Delivery Ratio and SLP: slope
percentage of the main flow length

SDR = 0.51 x A70! (42)

Where, SDR is the Sediment Delivery Ratio and A is the
drainage Area (km?).

Note: The slope-based SDR was applied in RUSLE to
estimate sediment yield, whereas both slope- and area-based
SDRs were used exclusively as sediment connectivity indi-
ces in the ML models and were not directly applied in the
RUSLE or MUSLE yield computation.

Drainage area (DA)

Drainage Area used a connectivity that affects sediment
delivery. the Sub-catchment area (km?) was also incorpo-
rated into the composite index, affecting sediment and flow
contribution within the watershed.

Normalization of connectivity indices

To ensure comparability among the various connectivity
indices, all indices were normalized to a common scale. The
min-max normalization approach was applied to rescale the
values between 0 and 1, as shown in Eq. (43).

X —Xmi
R G - )

Where,
X" Normalized value
X: Original value
X,;»: Minimum value in the dataset
X,a: Maximum value in the dataset

Machine learning (ML) models

Machine learning algorithms, widely used for their reli-
ability across research domains, were applied to estimate
RUSLE and MUSLE parameters. The selected models
XGBoost, Random Forest, k-NN, SVR, and Artificial Neu-
ral Networks utilized 12 key factors influencing sediment
transport dynamics within a watershed. To ensure robust
evaluation, k-fold cross-validation was employed, where
the dataset was divided into & subsets. Each subset served as
a test set once, while the remaining k—/ subsets were used
for training. For instance, in 5-fold cross-validation, the
model was trained and tested five times, each time with a
different subset as the test set.
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Extreme gradient boosting (XGBoost) algorithm

XGBoost algorithm is based on gradient boosting type of
ML algorithm is an effective one. Like most of the ML algo-
rithms, XGBoost also can handle with both classification
and regression studies. The idea of XGBoost is the improve-
ment of traditional gradient boosting algorithm (Chen and
Guestrin 2016). XGBoost algorithm optimizes parallel
computation. The algorithm corrects the errors of each pre-
vious tree. Thus, it is more accurate and faster. The opti-
mization is conducted by a second-order Taylor expansion
of the loss function. The following equation is the general
objective function for XGBoost regression.

£t — Z P Ay i) + fe(m) +Q () (44)

Where,
L1 is the objective function of iteration t,
> " Ayi, yi) is the loss function,
fe (x;) is the new tree,
Q (f:) is the regularization term.

Random forest regression algorithm

RF algorithm is a type of decision tree and based on ensem-
ble learning method. RF, introduced by Breiman in 2001, is
an advanced version of the bagging method (Breiman 1996).
The algorithm creates multiple decision trees to predict the
final outcome. Because of many trees are used to reach the
outcome, the name of the algorithm is called as “forest”.
There are two significant parameters for the algorithms;
the number of trees (V) and the number of variables (m)
used for each node. Each tree is created randomly selected
parameters. Therefore, the algorithm called as Random For-
est. At the end of the process, the results from all N trees are
aggregated (Eq. 46), and the variable importance scores are
calculated to construct the final model.

— 1 n
=7 hi (@) (45)
Where,

Y is the final predicted value,
M is the number of decision trees,
hj (x) is the j-th decision tree.

K-nn algorithm

The K-nearest neighbors (k-nn) algorithm is even though
widely used for classification problems it is also applied in
regression analysis as well. K-nn algorithm predicts value
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based on the feature similarity principle of the value of a
new data point. The k-nn consist of three main steps: calcu-
lation of the distances between data points, selection of the
K closest points, and averaging these points to generated
the final prediction. The main disadvantage of this algo-
rithm is the usage of high memory and storage. On the other
hand, the k-nn is requires only a few parameters: k value
and a distance metric. K-nn calculations uses different dis-
tance metrics. Euclidian distance, which is computed as the
square root of the sum of squared differences between two
points, most commonly used distance for k-nn algorithm.
The Manhattan distance, which sums the absolute differ-
ences between points, and the Minkowski distance, which
generalizes both Euclidean and Manhattan metrics, are the
other two distances used in k-nn predictions.

Support vector regression algorithm

Support Vector Regression (SVR) is an adaptation of Sup-
port Vector Machines (SVM) for regression tasks, achieved
by modifying the loss function (Gunn 1997). Unlike clas-
sification, where SVM aims to find a hyperplane that best
separates data points into distinct categories, SVR seeks
to fit a function that best approximates the target values
while allowing a certain margin of tolerance. SVR models
the relationship between input variables and the target vari-
able using a linear hyperplane function, which is defined as
follows:

y=wz+b (46)

The objective is to minimize the weight vector w to obtain
the best prediction. This can be achieved by the optimiza-
tion of the following function.

ming = =||Jwl||? (47)

Artificial neural network algorithm

ANN is a ML algorithm inspired by the structure of the
human brain. Biological neurons are modeled mathemati-
cally. ANN consist of three main layers: the input layer, hid-
den layer(s), and output layer. The hidden layer processes
the information and transfers it to the output layer, which
generates the model’s predictions. The basic components of
ANNSs resemble biological neurons: synapses correspond
to weights, the nucleus to the activation function, and den-
drites to the summation function. The learning process of
ANNSs occurs through weight updates, optimized using
training data.

The main challenge of the ANN during the training of the
data is the overfitting and underfitting issues. If the model
learns the training data very well than the overfitting occurs.
In this case the preformation of the model is poor due to
low generalization. On the contrary, underfitting occurs if
the models fail to learn the data, and it yields poor predictive
performance. In these cases, to ensure successful predic-
tions for both training and test data, noise addition to data or
dropout of the data can be performed. Eventually, an ideal
model should achieve good fitting.

Performance evaluation metrics

ML algorithms performances are evaluated by widely used
performance metrics: Means Squared Error (MSE), Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE),
and the Coefficient of Determination (R?). These metrics
are essential to interpret the algorithm’s performance. By
observing and comparing these metrics, one can be ana-
lyzed how the model predictions are close the actual ones.

Mean squared error (MSE)

The Mean Squared Error is a widely used metric to evalu-
ate particularly in regression problems. MSE calculates the
average of the squared differences between the observed
and the predicted values by any model. The lower the MSE,
the better the predictions of the model. This metric is sensi-
tive to large errors due to the squaring of the residuals, mak-
ing it particularly useful for identifying models that may
struggle with outliers. The equation of the MSE expressed
as follows:

1 ~\2
MSE = —(y; — §; 4

Where,
N is the number of test samples,
y is the observed values,
y is the predicted values.

Root mean square error (RMSE)

RMSE is one of the most popular metrics for assessing
the performance of the regression models. The RMSE is
the square poor of the MSE. RMSE measures the standard
deviation of the residuals. RMSE gives a sense of how much
the model’s predictions deviate from actual values. Lower
RMSE means better performance of the models. The RMSE
equation is given in Eq. (50).
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1 n (g — i i
RMSE = N(yi — 1) (49 R*=1- % (51)
> s (i —Ui)

Mean absolute error (MAE)

The MAE penalizes larger errors more heavily due to the
squaring of residuals, in contract to RMSE. The MAE is
more straightforward measure of the average absolute dif-
ferences between the observed and predicted values. The
MAE represents the average magnitude of the errors in the
same units as the original data. Therefore, it is simpler to
evaluate the models. If the MAE is large it means that the
model have large errors, in contrast if the model’s predic-
tions is closer to actual values the MAE is smaller. The
equation of the MAE is shown in Eq. (51).

1 N -
MAE = NZ oy i =il (50)

Coefficient of determination R-Square

The coefficient determination widely known and called
as R? is performed to evaluate the performance and fit of
regression models. R? is often used in regression analysis to
assess how effectively the model’s predictions correspond
to the actual data. An R? value of 1 indicates a perfect fit,
meaning the model predicts the target variable without any
error. An R? value of 0 suggests that the model does not
explain any of the variability in the target variable, and the
predictions are no better than simply predicting the mean of
the observed values Eq. (52).

Fig. 3 Temporal variation of
event-based rainfall erosivity (R

factor) for 69 rainfall events over 3007
2009-2019 in the Goksun Cay1
Karaahmet sub-catchment, calcu-
lated using the E x 130 method
200
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Results
Event-based rainfall erosivity (R factor)

The event-based rainfall erosivity shows spatial variation
across the study area, influenced by differences in rainfall
intensity and frequency. Figure 3 illustrates the variations
in rainfall erosivity patterns recorded over the 10-year study
period. A total of 69 rainfall events over 2009—2019 were
included in the analysis. Each event was defined as a rainfall
occurrence separated by at least 24 h of dry conditions, fol-
lowing standard hydrological criteria. In other words, each
event is treated as an independent rainstorm for modeling
event-based sediment yield. This factor was derived from
data collected at a single rain gauge within the study area.
Due to the absence of multiple rainfall stations, rainfall was
assumed to be uniformly distributed across the watershed.
The event-based rainfall erosivity factor was computed
using the E x 130 method (Eq. 3), which considers the total
kinetic energy of rainfall and the maximum 30-minute
intensity for each of the 69 recorded events.

Soil erodibility factor (K) distribution

The spatial distribution of the event-based soil erodibil-
ity factor (K) across the study area is presented in Fig. 4.
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Fig. 4 Spatial distribution of the
average soil erodibility factor
(K) across the sub-catchments
of the Goksun Cay1 Karaahmet
watershed "
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Fig.5 Spatial distribution of the
LS factor across sub-catchments
in the study area, showing areas
of high and low slope-length
influence on soil erosion
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The map was generated by averaging event-based K values
across all sub-catchments to illustrate their spatial variation.
The values range from 0.017 to 0.024, indicating differences
in soil susceptibility to erosion. Lighter shades represent
areas with lower K values (0.017-0.018), suggesting more
erosion-resistant soils, while darker shades indicate higher
K values (0.022-0.024), reflecting soils that are more prone
to detachment and transport by rainfall and runoff. These
variations highlight the influence of soil texture, organic

matter content, and structure on erosion potential across the
watershed.

Slope length and steepness (LS factor)
The spatial distribution of the LS factor was mapped using
a GIS framework (Fig. 5), with values ranging from 0.0 to

41.182 across the study area. Average cell-based LS values
were calculated for each of the 196 sub-catchments using
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Fig.6 A representative event-
based land use/land cover factor
(Ce) map, illustrating the spatial
distribution of event-based C fac-
tor values across the study area,
derived from satellite imagery
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Eq. (19). The highest average cell-based LS value within
a sub-catchment was 15.05, while the lowest was 0.06.
The majority of LS values across sub-catchments ranged
between 5 and 12.

Event-based land use/land cover factor (Ce)

A representative event-based C factor map (Fig. 6) illus-
trates the spatial distribution of C values across the study

Fig. 7 Variation of the sedi-
ment delivery ratio in relation 57
to the slope percentage of
the mainstream within each
sub-catchment |
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area. The event-based C factor values range from 0.0 to 1.0
at the cell level, while sub-catchment averages vary between
0.155 and 0.869. These variations reflect changes in vegeta-
tion cover and land use conditions during different events,
influencing soil erodibility and erosion potential. Higher C
factor values indicate areas with minimal vegetation cover,
making them more susceptible to erosion, whereas lower
values correspond to well-vegetated regions that provide
greater soil protection.
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Fig. 8 Regression curve comparing event-based sediment yield pre-
dicted by MUSLE and RUSLE/SDR models (t ha™"), showing the rela-
tionship between predicted values

Sediment delivery ratio (SDR)

The spatial variability of the sediment delivery ratio across
the study area (Fig. 7) was calculated based on the slope
percentage of the mainstream within each sub-catchment
(Eq. 21). The results show that SDR values range from
0.072 to 0.416, with an average of 0.292, indicating varia-
tions in sediment transport potential from sub-catchments
to the outlet. These variations emphasize the influence of
slope and topographic features on sediment transport pro-
cesses throughout the study area. It should be noted that this
slope-based SDR was applied in RUSLE for sediment yield
estimation, whereas a slope- and area-based SDR was later
used as a connectivity index in the machine learning models
to represent sediment transport potential.

Comparison of event-based predicted sediment
yield using MUSLE and RUSLE/SDR

The event-based sediment yield predictions from MUSLE
and RUSLE/SDR display noticeable differences due to
the distinct conceptual approaches of the two models.
MUSLE incorporates runoff volume and peak discharge
as primary drivers of sediment transport, making it more
responsive to variations in hydrological conditions.
In contrast, RUSLE/SDR estimates soil loss based on

rainfall erosivity and adjusts with a sediment delivery
ratio (SDR), resulting in predictions that are more rain-
fall-driven. MUSLE estimates ranged from 0.02 to 16.46
t ha™! with an average of 0.89+2.09 t ha™', while RUSLE/
SDR estimates varied between 0.04 and 10.63 t ha™!
with a mean of 0.96+1.59 t ha™'. The results show that
MUSLE tends to produce higher sediment yield estimates
than RUSLE/SDR, particularly during high-runoff events.
However, in some cases, the models exhibit close agree-
ment, especially when sediment transport is dominated by
rainfall-induced detachment. Discrepancies between the
models can be attributed to differences in parameteriza-
tion, such as the SDR and model sensitivity to hydrologi-
cal factors. Overall, MUSLE captures a broader range of
event-based hydrological variability, while RUSLE/SDR
reflects more generalized erosion responses. These find-
ings highlight the importance of model selection based
on hydrological context in event-based sediment yield
assessments. A strong correlation (R? = 0.87) between
RUSLE/SDR and MUSLE predictions (Fig. 8) further
supports their conceptual alignment and mutual consis-
tency at the event scale.

Predicted sediment yield from MUSLE and RUSLE/
SDR at the Sub-Catchment scale

To assess the consistency of sediment yield predictions
across sub-catchments, estimates from the MUSLE model
were compared with those from the RUSLE/SDR approach
for 196 sub-catchments. Unlike previous event-based com-
parisons, this analysis focuses on aggregated sub-catchment
values rather than individual storm events. MUSLE esti-
mates ranged from 0.00 to 1.30 t ha™' with an average of
0.34+0.30 t ha™!, while RUSLE/SDR values ranged from
0.00 to 1.29 t ha™* with a mean of 0.31+0.29 t ha™! (Table
2). The two models exhibited almost similar sediment yield
dynamic across the study area. A regression analysis was
conducted to evaluate the relationship between the two
empirical models and determine the reliability for estimat-
ing event-based sediment yield at the sub-catchment scale.
Figure 9 demonstrates a strong linear relationship (R? =
0.93) between sediment yield estimates from RUSLE/SDR
and MUSLE at the sub-catchment scale. This high corre-
lation indicates the reliability of both models in predicting
event-based sediment yield.

Table 2 Descriptive statistics of predicted sediment yield (t ha™!) from RUSLE/SDR and MUSLE at event and sub-catchment scales

Scale Model N Min (t ha™) Max (tha™) Mean (t ha™) SD (tha™)
Event-based RUSLE/SDR 69 0.04 10.63 0.96 1.59
Event-based MUSLE 69 0.02 16.46 0.89 2.09
Sub-catchment RUSLE/SDR 196 0.00 1.29 0.31 0.29
Sub-catchment MUSLE 196 0.00 1.30 0.34 0.30
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Fig. 9 Event-based sediment yield predicted by MUSLE and RUSLE/
SDR (t ha™) for each sub-catchment, illustrating differences between
the two modeling approaches

Spatial distribution of sediment yield across Sub-
catchments

The spatial distribution of sediment yield across the sub-
catchments, as estimated by the MUSLE and RUSLE/
SDR models, shows considerable variation throughout the
watershed (Fig. 10). Both models identified higher sediment
yields predominantly in the northern and northeastern sub-
catchments area with steepness, while lower values were
concentrated in the south. The MUSLE model estimated
event-based sediment yields ranging from 0.00 to 1.305 t
ha !, whereas the RUSLE/SDR model predicted event-
based sediment yield between 0.001 and 1.287 t ha™! (Table
2). Despite general spatial agreement in identifying erosion-
prone zones, MUSLE produced slightly broader high-yield
areas, likely due to its sensitivity to hydrological factors such
as runoff volume and peak discharge. In contrast, RUSLE/
SDR results were more generalized, driven by energy-based
rainfall erosivity and the sediment delivery ratio. These spa-
tial patterns highlight the influence of topography, land use,

N N
w¢>s W E
S S
Legend Legend
MUSLE (t ha- ) RUSLE/SDR (t ha™ %)
[ ]o-0.144 [ ]0.001-0.147
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Fig. 10 Spatial distribution of predicted sediment yield across sub-catchments from MUSLE and RUSLE/SDR models, illustrating sediment

transport patterns within the study area
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and hydrological processes, and can inform prioritization of
soil conservation efforts.

Alignment of machine learning models with RUSLE
and MUSLE using sediment connectivity metrics

Five machine learning (ML) algorithms Random Forest
(RF), Extreme Gradient Boosting (XGBoost), Support Vec-
tor Regression (SVR), Artificial Neural Networks (ANN),
and k-Nearest Neighbors (k-NN) were used to reproduce
sediment yield outputs generated by RUSLE and MUSLE
models, based solely on sediment connectivity metrics and
watershed descriptors. These ML models were not trained
on observed sediment data, but rather on outputs derived
from the empirical models (RUSLE and MUSLE).

The primary goal was to evaluate whether sediment
connectivity indices could serve as reliable surrogates for
empirical model behavior. Twelve input features were used,
including the Sediment Connectivity Index (SCI), Sediment

Delivery Ratio (SDR), Relative Relief Index (RRI), and
others. A 5-fold cross-validation approach was implemented
to assess the internal consistency of each model. As shown
in Table 3, XGBoost consistently achieved the best perfor-
mance, yielding the lowest RMSE and MAE values and the
highest alignment with RUSLE and MUSLE outputs (R?
= 0.942). Random Forest also showed strong performance
(R? = 0.936 for RUSLE, 0.912 for MUSLE). The remain-
ing models ANN, k-NN, and SVR demonstrated reasonable
model reproduction capability, with R? values above 0.77.
Importantly, SCI, SDR, and RRI emerged as the most influ-
ential connectivity metrics, demonstrating their capacity to
approximate the sediment yield responses of both empirical
models (Table 3).

The performance analysis of the optimized machine
learning models is visualized in Fig. 11 through scatter
plots comparing the ‘Actual’ versus ‘Predicted’ sediment
values. The term ‘Actual’ throughout this figure refers to
the reference output values derived from the established

Table 3 Pperformance comparison of machine learning (ML) algorithms in reproducing sediment yield estimates from RUSLE and MUSLE
models based on sediment connectivity indices (model-to-model comparison)

ANN Random Forest k-NN SVR XGBoost
MSE RUSLE 0.017 0.006 0.012 0.012 0.004
MUSLE 0.015 0.008 0.015 0.012 0.004
RMSE RUSLE 0.130 0.074 0.110 0.108 0.065
MUSLE 0.122 0.089 0.121 0.108 0.065
MAE RUSLE 0.097 0.049 0.087 0.090 0.047
MUSLE 0.094 0.055 0.097 0.090 0.047
R? RUSLE 0.770 0.936 0.835 0.843 0.942
MUSLE 0.813 0912 0.816 0.843 0.942

The evaluation metrics (MSE, RMSE, MAE, and R?) reflect the internal consistency between machine learning outputs and empirical model
predictions (RUSLE and MUSLE), rather than accuracy against observed sediment data. Higher R? and lower error values indicate stronger

alignment and reproduction capability
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Fig. 11 Model-to-model comparison between predicted sediment yield from ML algorithms and empirical estimates from (a) MUSLE and (b)
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process-based models: the RUSLE model for average annual
soil loss and the MUSLE model for event-based sediment
yield. Specifically, Figure (a-left) displays the comparison
for the RUSLE target variable (Annual Soil Loss), while
Figure (b-right) displays the comparison for the MUSLE
target variable (Event-Based Sediment Yield). The proxim-
ity of the data points to the 1:1 line in both graphs indicates
the model’s high predictive accuracy and its successful
application as a surrogate for these physical models.

Spatial distribution of connectivity indices: IC and
TWI

Among the twelve analyzed connectivity-related indices,
the IC proposed by Borselli et al. (2008) and the TWI were
selected for spatial visualization due to their relevance in
interpreting sediment transport dynamics and hydrologi-
cal flow accumulation (Fig. 12). The IC map illustrates the

spatial variability of sediment connectivity across the water-
shed, highlighting areas with high potential for sediment
delivery toward the outlet. Conversely, the TWI map reflects
zones of potential soil moisture accumulation, contributing
to the understanding of runoff generation patterns. The spa-
tial distribution of these indices is presented in Fig. 3.5, pro-
viding critical insights into topographic control on sediment
and water flow processes across the basin. Areas with high
connectivity (more negative IC values) were mainly located
along the main drainage paths and steep slopes, suggesting
greater potential for sediment to reach the outlet. In contrast,
low connectivity zones (higher IC values) were observed in
flatter or vegetated areas, where sediment is more likely to
be trapped or deposited locally. These patterns help explain
spatial differences in sediment yield and can guide targeted
soil conservation practices. The connectivity map provides
valuable spatial insights that complement the sediment yield
predictions derived from the RUSLE and MUSLE models.
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Fig. 12 Partial distribution of the two most effective connectivity indices across the study area: a Connectivity Index (IC; Borselli et al. 2008) and

(b) Topographic Wetness Index (TWI)
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Discussion

One of the most compelling findings of this study is the
ability of sediment connectivity indices to reliably repro-
duce sediment yield estimates generated by the RUSLE
and MUSLE models. Despite the absence of observed sedi-
ment data, the high predictive performance of ML models
trained exclusively on connectivity metrics (e.g., SCI, IC,
SDR, and TWI) demonstrates that these indices encapsulate
key spatial and hydrological processes underpinning sedi-
ment transport. This suggests that empirical erosion models
such as RUSLE and MUSLE may be well-represented by
topography-driven connectivity patterns, enabling a parsi-
monious, spatially-explicit, and data-light approach to sedi-
ment yield estimation. While this does not replace the need
for empirical validation, it highlights the explanatory power
of landscape connectivity as a primary control on sediment
flux across catchments. Similar conclusions were reported
by Abebe et al. (2023), who demonstrated in a Mediterra-
nean catchment that a combined RUSLE-IC-SDR approach
could effectively identify spatial sediment source areas and
capture sediment dynamics even in the absence of dense
monitoring data.

These sediment connectivity indices, when used as inputs
to machine learning models, successfully approximate sedi-
ment yield estimates, making them promising surrogates in
ungauged or data-scarce watersheds. This finding is consis-
tent with Pulley and Collins (2024), who highlighted that
connectivity from hillslopes to channels, is key for link-
ing local erosion processes to catchment-scale sediment
delivery.

RUSLE and MUSLE, as widely accepted empirical and
semi-empirical models, demonstrated strong potential in
an event-based framework to capture temporal and spatial
variations in sediment yield. They effectively represent
the dynamic interactions among erosion-driving param-
eters such as rainfall intensity, slope, land cover, and soil
erodibility at the scale of individual rainfall events. This
is supported by Rai and Mathur (2008), who showed that
ANN-based event models trained on rainfall, runoff, and
sediment data can accurately reproduce temporal sediment
yield variations, and by Shi et al. (2022), who demonstrated
that an improved MUSLE model incorporating peak dis-
charge and runoff accurately predicts event-based sediment
yield at the watershed scale. These findings highlight the
value of empirical and semi-empirical models as a founda-
tion for integrating machine learning approaches that can
capture additional nonlinearities and spatial heterogeneity
in sediment connectivity.

The integration of machine learning complements these
models by identifying complex, nonlinear interactions

among multiple controlling variables that may not be fully
captured by deterministic frameworks. Notably, the high
R? values achieved by XGBoost and Random Forest in
reproducing RUSLE and MUSLE outputs suggest that ML
algorithms can effectively reflect sediment connectivity
dynamics. These models successfully integrate topographic
descriptors (e.g., slope length and steepness), hydrological
drivers (e.g., rainfall erosivity and runoff volume), and land
surface properties (e.g., land use and land cover) to simu-
late sediment transport and delivery. This is consistent with
Lamane et al. (2025), who demonstrated that SHAP frame-
works enhance ML interpretability by quantifying the influ-
ence of individual predictors, aiding model refinement. This
is further supported by Shi et al. (2022) and El Bilali et al.
(2024), who highlighted that physics-informed ML models
integrated with empirical frameworks like MUSLE improve
predictive accuracy while maintaining physical consistency.

Their predictive performance demonstrates an enhanced
capacity to represent the spatial organization of erosion pro-
cesses, especially in large and heterogeneous watersheds
subdivided into multiple sub-catchments. In such settings,
the configuration of connectivity pathways exerts a critical
influence on sediment mobilization. The dominance of SCI
and SDR_A among the top-ranked ML features reinforces
their importance within the RUSLE and MUSLE frame-
works, validating both their physical relevance and statisti-
cal significance in predictive modeling. Similar emphasis
on SDR-based indices as strong determinants of sediment
delivery has been documented by Abebe et al. (2023), con-
firming the suitability of coupling topographic connectiv-
ity with empirical models for improved sediment yield
estimation.

Despite the strong performance of ML algorithms in
reproducing RUSLE and MUSLE predictions, an important
limitation is the absence of observed sediment yield data.
The machine learning models were trained solely on out-
puts from empirical models, meaning they reflect model
behavior rather than actual sediment transport dynamics.
Therefore, while the results demonstrate strong internal
consistency, they cannot substitute for empirical validation
in the field. Consequently, these ML-based estimates should
be applied cautiously in operational sediment management
until validated with field measurements. This limitation
has been similarly addressed by recent studies developing
physics-informed ML approaches, which integrate empiri-
cal models like MUSLE with ML algorithms to enhance
predictive accuracy while maintaining physical consistency
(Shi et al. 2022).

Furthermore, additional constraints should be acknowl-
edged. The ML models were trained exclusively on
RUSLE and MUSLE outputs, which may not fully capture
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field-observed sediment dynamics. The analysis included
only 69 rainfall events, limiting temporal coverage and
potentially underrepresenting extreme hydrological events.
This may reduce the model’s ability to predict rare, high-
magnitude sediment transport events, which are critical for
watershed planning and hazard mitigation. Moreover, the
models assumed static land use and climatic conditions,
whereas changes in these factors could significantly affect
sediment yield and connectivity patterns. Future studies
should incorporate dynamic land use and climate scenar-
ios to improve model applicability and capture temporal
variations in sediment connectivity and yield. Recognizing
these limitations provides context for the results and guides
future research toward more comprehensive, field-validated
approaches.

Moreover, by employing an event-based modeling
approach, the integration of these connectivity parameters
into ML algorithms enables more responsive and context-
specific sediment yield estimates. This allows for the cap-
ture of short-term hydrological fluctuations and land surface
changes, moving beyond traditional long-term averages
toward temporally explicit and process-sensitive model-
ing. Such capabilities are reflected in the work of Rai and
Mathur (2008), where event-based ANN models success-
fully captured short-term variations in sediment fluxes from
small watersheds. This approach is particularly beneficial in
data-scarce regions or rapidly changing landscapes, where
static assumptions often fall short.

Ultimately, the convergence of empirical modeling and
ML-driven prediction offers a dual advantage: it preserves
the theoretical foundations of established hydrological mod-
els through physically meaningful parameters, while lever-
aging machine learning’s flexibility to handle nonlinearities
and spatial heterogeneity. This integrated framework not
only improves prediction reliability but also enhances inter-
pretability providing decision-makers with high-resolution,
event-based insights essential for targeted watershed plan-
ning, sediment management, and erosion control in com-
plex terrains.

This approach is particularly well-suited for application
in ungauged or data-scarce catchments, where conventional
modeling is constrained by limited field data. Studies have
demonstrated that integrating ML with empirical models
enhances predictive accuracy while maintaining physical
consistency (El Bilali et al., 2024),

The results also affirm that XGBoost and Random Forest
exhibit superior performance for both RUSLE and MUSLE

@ Springer

predictions, capturing over 94% and 93% of the variance
in the data (R? = 0.942 and 0.936, respectively). These out-
comes highlight their strong generalization capacity and
reliability across varying conditions.

Conclusion

This study demonstrates that sediment connectivity indices
can serve as robust proxies for modeling sediment yield
when coupled with machine learning (ML) algorithms.
Sediment yields were first estimated using empirical mod-
els (RUSLE and MUSLE) across 196 sub-catchments and
69 rainfall events, capturing both rainfall- and runoff-driven
processes. Despite their different assumptions, RUSLE and
MUSLE showed strong agreement (R? = 0.87 at the event
scale; R? = 0.93 at the sub-catchment scale), with event-
based sediment yields ranging from 0.02 to 16.46 t ha !
(MUSLE) and 0.04-10.63 t ha ! (RUSLE/SDR), and mean
values of 0.89 and 0.96 t ha™!, respectively.

Using these empirical model outputs as targets, multiple
sediment connectivity indices including the Index of Con-
nectivity (IC), Sediment Delivery Ratio (SDR), Topographic
Wetness Index (TWI), Stream Power Index (SPI), and Flow
Length Ratio (FLR) were applied as input features in five
ML algorithms (XGBoost, Random Forest, k-NN, SVR,
and ANN). Among them, XGBoost and Random Forest
achieved the highest performance, accurately reproducing
empirical sediment yield estimates with R? = 0.912-0.942,
RMSE=0.065-0.089, and MAE=0.047-0.055. These
results confirm that connectivity metrics alone can capture
much of the variance in empirically modeled erosion, pro-
viding a scalable and data-efficient approach for ungauged
or data-limited watersheds. It is important to note that these
ML models were trained on RUSLE/MUSLE outputs (not
measured sediment) from a limited number of events under
static land use and climate. Therefore, practical applica-
tion requires validation with field data and consideration of
dynamic land-use and climate scenarios.

Overall, this study highlights the novelty and practical
contribution of integrating sediment connectivity indices
with ML to emulate empirical erosion models, offering a
transferable framework for sediment yield prediction. Future
work should incorporate dynamic land-use and climate sce-
narios, high-frequency monitoring, and field measurements
to improve temporal resolution and evaluate model transfer-
ability across diverse watershed conditions.
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Appendix 1

Equation Tables for RUSLE, MUSLE, and Connectivity Indices
The whole equations are summarized in Tables 4 and 5
as followings.

Table 4 Key equations for RUSLE and MUSLE models

Equation No. Model/Component Equation Description

(1) RUSLE Soidl‘ Loss » Ae — Re. Ke. L.S.Ce.P Event—zasej so(iil. loss " ;

?2) RUSLE Sediment Yie Yerusne = Ae.SDR Event-| a'se se 1@ent yield using sedi-
ment delivery ratio

3) Rainfall Erosivity (Re) Re = Z (ET.I3) Sum gf kinetic energy and max 30-min
intensity over storm events

(4-6) Soil Erodibility (Ke) Functions of soil texture (C), OM, and DG Based on Torri et al. and seasonal
variations

(7-16) Seasonal K-factor Estimations Ki=f(K, x> Kinins TaVs thaes tmin) Time-dependent soil erodibility

(17-18) Rainfall Erosivity Distribution Semi-monthly EI=(EI_month) Distributes EI over month halves

(19) LS Factor LS = (X0 0.4 / ging \1.3 Combines flow accumulation and slope

= ( 22.13) . (0.0896 )
20 C Factor from NDVI _ NDVI Remote sensing-based cover factor

20) C = Exp [—a,m] g

21 SDR by Slope SDR =0.627SLP"*%3 Empirical relationship with stream slope

(22) MUSLE Sediment Yield Ye =11.8(Q x qp)0'56 Kx LSx Sx Cx p MUSLE model using hydrological inputs

(23) Runoff Factor 11.8(Q x qp)OASG Product used in MUSLE model

(24) Runoff Volume (Q) Q=05x (Tp+1Tr) Triangular hydrograph method

(25) Peak Runoff (qp) I = CSTGIOA Rational method for peak discharge

(26) Weighted Runoff Coefficient (Cr) Cr = AL Z " (CTZ-:L‘ A;) Weighted by land use types

27) Time of Concentration (Tc) Te — 0.01947L%77 Kirpich formula

C= ——gosss
(28) Weighted Avg. Sediment Yield Z " (Ye x Ad) Area-weighted sediment yield
Ye gpe = izt~ —

DA

Table 5 Equations for sediment connectivity indices

Equation No. Index/Factor Equation Description
— D, -
(29) Index of Connectivity (IC) CI = logy( 2e2) Log ratio of upslope and downslope components
30) Dup (Upslope Component) Dup= W x Sx VA Slope, land use, and upslope contributing area
3D Ddn (Downslope Component) Dyn = Z Wdiis Downstream cells weighted by slope and land cover
(33) Stream Power Index (SPI) SPI=A x tan(p) Combines flow accumulation and slope
(34) Proximity to Outlet (P1) P=1- di(d> Relative distance to outlet
(35) Topographic Wetness Index (TWI) TWI = In (t /26 ) ) Wetness potential
(36) Relative Relief Index (RRI) RRI — Emaz— Epin Elevation difference over stream length
- Lmax
(37 Topographic Connectivity Index (TCI)  TCI=A xS Area and slope product
(38) Drainage Density (Dd) D Z L Stream length per unit area
4= Apgoin
(39) Watershed Shape Factor (WSF) WSEF = LTZU Compactness/elongation metric
(40) Flow Length Ratio (FLR) FLR; = LT Local to global flow length ratio
41) SDR by Slope of mainstream SDR = 0.627 (SLP)0A403 Main stream slope-based SDR
(42) SDR by Area SDR = 051 x A—011 Area-based SDR
(43) Normalization Equation X/ = XX =X i Index standardization (Min-max Method)
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Table 6 List of parameters and variables

Symbol/Term Description Unit/Notes

Ae Event-based soil loss tha™ event™!

Ye Event-based sediment yield tha™ event!

R/Re (Event-based) Rainfall erosivity factor MJ mm ha™' h™" event™

K/Ke (Event-based) Soil erodibility factor tha MJ"' mm™

L Slope length factor Dimensionless

S Slope steepness factor Dimensionless

LS Topographic factor (product of L and S) Dimensionless

C/Ce Cover management factor Dimensionless (derived from NDVI)

P Support practice/Conservation practices factor Dimensionless

SDR Sediment Delivery Ratio Dimensionless

Q Runoff volume m’

qp Peak discharge m3 s

A Drainage area of watershed km?

¥ (chi) Flow accumulation Derived from DEM

0 (theta) Slope angle Degrees

NDVI Normalized Difference Vegetation Index Remote sensing index

DG Geometric mean of soil particle size mm

oM Organic matter content %

TWI Topographic Wetness Index log-transformed index

SPI Stream Power Index Combines slope and flow accumulation
RRI Relative Relief Index (Emax - Emin)/Longest Stream Length
IC Index of Connectivity Dimensionless

Dup Upslope component of IC Derived from slope, flow length, LULC
Ddn Downslope component of IC Derived from flow accumulation, LULC
Dd Drainage density km™

FLR Flow Length Ratio Dimensionless

WSF Watershed Shape Factor Lmax/Area

DA Drainage Area km?

Pi Proximity Index Dimensionless (scaled 0—1)

X' Normalized index value Scaled 0-1

EIl Erosivity Index % or absolute value

Cr Runoff coefficient Dimensionless

Tc Time of concentration Minutes

MSE Mean Squared Error (model performance metric) -

RMSE Root Mean Squared Error -

MAE Mean Absolute Error -

R? Coeflicient of Determination —
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