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Abstract: Soil erosion is a critical factor impacting soil health and agricultural productivity,
with soil erodibility often quantified using the K-factor in erosion models such as the
universal soil loss equation (USLE). Traditional K-factor estimation lacks spatiotempo-
ral precision, particularly under varying soil moisture and land cover conditions. This
study introduces modified K-factor pedotransfer functions (Kmlr) integrating dynamic
remotely sensed data on land use land cover to enhance K-factor accuracy for diverse soil
health management applications. The Kmlr functions from multiple approaches, including
dynamic crop and cover management factor (Cdynamic), high resolution satellite data,
and downscaled remotely sensed data, were evaluated across spatial and temporal scales
within the Fish River watershed in Alabama, a coastal watershed with significant soil-water
interactions. The results highlighted that the Kmlr model provided more accurate sediment
yield (SY) predictions, particularly in agricultural areas, where traditional models over-
estimated erosion by upto 59.23 ton/ha. SY analysis across the 36 hydrological response
units (HRUs) in the watershed showed that the Kmlr model captured more accurate soil
loss estimates, especially in regions with varying land use. The modified K-factor model
(Kmlr-c) using Cdynamic and high-resolution soil surface moisture data outperformed the
traditional USLE K-factors in predicting SY, with a strong correlation to observed SY data
(R?=0.980 versus R? = 0.911). The total sediment yield predicted by Kmlr-c (525.11 ton/ha)
was notably lower than that of USLE-based estimates (828.62 ton/ha), highlighting the
overestimation in conventional models. The identification of erosive hotspots revealed
that 6003 ha of land was at high erosion risk (K-factor > 0.25), with an average soil loss of
24.2 ton/ha. The categorization of erosive hotspots highlighted critical areas at high risk
for erosion, underscoring the need for targeted soil conservation practices. This research
underscores the improvement of remotely sensed data-based models and perfects them
for the application of soil erodibility assessments thus promoting the development of
such models.

Keywords: K-factor; C-factor; remote sensing; soil surface moisture; land cover

1. Introduction

Soil erosion has long been a focus of research and land management because of its
significant effects on agriculture [1,2], water quality [3,4], and ecosystem services [5]. The
universal soil loss equation (USLE) is widely used to estimate soil erosion rates based
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on factors such as rainfall erosivity (R), soil erodibility (K), slope length and steepness
(LS), crop cover and management (C), and conservation practices (P) [6]. Among these,
the K-factor, which represents soil susceptibility to erosion, is crucial for determining
erosion potential in an area and is typically calculated using empirical relationships based
on soil texture, organic matter content, and other physical characteristics [7]. However,
traditional K-factor estimates, which rely on soil survey data or laboratory analyses, often
lack the spatial and temporal resolution required for accurate, real-time assessments of soil
erodibility, failing to capture variations due to factors such as moisture content and land
cover changes, which are vital for predicting erosion processes [8].

Despite the widespread use of the USLE, its application is limited by the static nature of
the K-factor estimation [9]. For example, soil moisture significantly affects erodibility, with
wet soils being more resistant and dry soils more prone to erosion [10]. However, traditional
K-factor models often fail to account for these dynamic variations in soil moisture, which
are influenced by rainfall patterns, irrigation, and seasonal changes [11]. Additionally, land
cover and vegetation help reduce erosion by protecting soil from raindrop impact and
slowing runoff [12], yet the K-factor does not consider land cover changes. This highlights
the need for a more adaptable method to estimate the K-factor, one that accounts for
dynamic environmental factors for improved soil health management.

Sediment yield prediction is another critical component for understanding soil erosion,
water quality management, and agricultural sustainability [13,14]. However, the tradi-
tional approaches, using the USLE and its variation like the Revised USLE (RUSLE) [15],
focus mainly on soil erosion, not the actual sediment yield reaching downstream locations.
Hence, there is a need for models that consider sediment transport processes and sediment
delivery ratios (SDR), which account for the proportion of eroded material reaching rivers
or reservoirs. To account for this problem, recent studies have adopted physically based
models such as WEPP (Water Erosion Prediction Project) and SWAT (Soil and Water As-
sessment Tool), which can simulate interactions between precipitation, runoff, soil erosion,
and sediment transport [16-20]. Additionally, machine learning and Al approaches, such
as neural networks and support vector machines (SVMs), have emerged as effective tools
for sediment yield prediction [21-23]. These models analyze large datasets, including
climate, land use, and soil properties, to predict sediment yield based on observed patterns.
Furthermore, high-resolution data from remotely sensed imagery or geographic informa-
tion system (GIS) improves spatiotemporal predictions, enhancing sediment transport
management across watersheds [24,25].

The relationship between the K-factor and sediment yield is complex, as the K-factor
measures soil susceptibility to detachment, while sediment yield also depends on the
transport, deposition, and delivery of eroded material [26]. Recent studies have integrated
the K-factor with dynamic variables such as soil moisture, land cover, and precipitation
to refine sediment yield predictions [27,28]. In these models, the K-factor serves as a
baseline for predicting potential erosion, while other factors (e.g., vegetation, slope, and
land management) help refine the sediment transport process to accurately estimate sed-
iment yield. For instance, dynamic K-factors that vary with changing soil moisture and
land cover have been shown to improve sediment yield predictions by adjusting the soil
erodibility estimates in real-time, making the model more sensitive to seasonal or climatic
variations [29]. Moreover, integrating the K-factor with hydrological models such as SWAT,
sediment yield estimates can be made not only based on the erodibility of the soil but
by incorporating watershed-scale factors, such as flow direction, runoff, and sediment
deposition patterns [30].

Recent advancements in remote sensing technologies, including high-resolution satel-
lite data from the Moderate Resolution Imaging Spectroradiometer (MODIS), Landsat, and
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Sentinel, have improved soil erosion models by providing real-time, spatially distributed
information on environmental factors such as land cover, vegetation, and soil moisture [31].
These technologies offer advantages over traditional soil sampling by capturing variables
with high temporal frequency and at a global scale [32]. Moreover, studies have demon-
strated that integrating remote sensing data, such as vegetation indices and soil moisture
content, into erosion models enhances soil erodibility predictions [33,34]. This approach
offers a dynamic, real-time method for assessing soil erodibility, particularly in regions
with rapidly changing conditions.

A combination of remote sensing, hydrological modeling, and pedotransfer func-
tions are increasingly being utilized to improve sediment yield estimates by incorporating
dynamic, real-time data and integrating spatial and temporal variations that traditional
methods might overlook. Pedotransfer functions are mathematical models that estimate soil
properties from easily measurable attributes like texture and bulk density and are widely
used in soil science to predict properties such as hydraulic characteristics and organic mat-
ter content [35-37]. Remote sensing technologies, particularly from satellite and airborne
sensors, provide high-resolution data on various environmental parameters such as land
cover, vegetation indices, soil moisture, and topography [38]. Satellite imagery, such as that
from the Sentinel-2 or Landsat series, allows for frequent, large-scale monitoring of soil and
land cover characteristics, which are critical for predicting sediment yield [39]. Vegetation
indices derived from remote sensing (e.g., NDVI—normalized difference vegetation index)
are particularly useful in assessing land cover, which can mitigate soil erosion by protecting
the soil surface from rainfall and runoff [40]. Additionally, soil moisture content, which can
be obtained from remote sensing platforms such as SMOS (Soil Moisture and Ocean Salin-
ity), is a key factor influencing soil erodibility [41]. Wet soils are generally less erodible than
dry soils, and remote sensing data can help model soil moisture dynamics more accurately,
providing a better foundation for sediment yield predictions. Furthermore, advanced
techniques, such as geospatial modeling, allow for the integration of high-resolution spatial
data into watershed-scale models, enabling more accurate predictions of sediment yield at
different scales [42]. Thus, by integrating pedotransfer functions with remote sensing data,
the K-factor can be adjusted based on changing environmental conditions, such as moisture
content and vegetation cover, which in turn improves the accuracy of sediment yield predic-
tions. Moreover, pedotransfer functions can be used in combination with machine learning
algorithms, which can analyze large datasets from remote sensing and ground measure-
ments to estimate sediment yield with high accuracy [43]. These hybrid models offer the
advantage of capturing complex, nonlinear relationships among soil properties, land cover,
and sediment transport, which traditional methods might miss. By incorporating real-time
data into the modified K-factor, this research offers a more accurate, responsive model for
assessing soil erodibility, which can greatly enhance erosion risk prediction, improve soil
health management, and contribute to more sustainable agricultural practices globally.

The main purpose of this study is to improve the accuracy of soil erodibility factor esti-
mates by implementing a modified K-factor pedotransfer function that integrates dynamic,
remotely sensed data, such as land use land cover and soil moisture. The novel model
aims to provide more accurate and spatiotemporally precise predictions of soil erosion
and sediment yield, particularly by incorporating factors such as soil moisture variations,
crop and cover management, and high-resolution satellite data. The significance of this
study lies in its ability to enhance soil health assessments and agricultural productivity
by offering a more tailored and accurate model for predicting soil erosion, especially in
regions with complex soil-water interactions. The findings underscore the importance of
using dynamic data for better watershed management and soil conservation strategies,
ultimately improving soil health, ecosystem resilience, and land management practices.
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2. Materials and Methods
2.1. Datasets for the Study Area

In this study, the watershed modeling was performed using a process-based hydrolog-
ical model, the Soil and Water Assessment Tool (SWAT). The SWAT model was employed
to delineate the study area of the Fish River watershed, with an area of 783 sq.km. The
model inputs included digital elevation models (DEM), land use land cover data, soil data,
and meteorological data (Table 1). The model classified the delineated watershed into
7 subbasins and 36 hydrological response units (HRU). Each HRU is a specific combination
of a particular land use land cover, a particular soil type, and a particular slope gradient.
Then, the meteorological data were fed into the model, and the model was calibrated and
validated for the spatial units of subbasins and HRUs and temporal scales of years and
months. All the simulations from the SWAT model produced outputs in three different
spatial scales, the watershed level, subbasin level, and HRU level. The study also employed
MODIS-based yearly data on land use land cover and undertook supervised classification
of the land use land cover data to capture the temporal land cover changes, which have
implications on soil erosion rates and soil health in the watershed. The land cover dynam-
ics were reflected through the crop and cover management factor (C-factor) used in the
study. Figure 1 shows the Fish River watershed with land cover dynamics spatially spread
across the watershed. The SWAT model outputs predicted the sediment yield (SY) for the
watershed, subbasins, HRUs, and reaches for Fish River watershed between 2001 and 2011.

Table 1. Materials and datasets employed for the watershed modeling of the study area.

Spatial Temporal .
Dataset Sources Data Type Resolution Resolution Details
. . Supplies elevation data for
Digital Elevation Raster 30m Yearly, 2001-2011 analyzing terrain and
Models . .
delineating watersheds
United States tComp rvlvsle;s ilarnd E?fz d
Land Cover Geological Raster 30m Yearly, 2001-2011 ypes, chare utinze
Survey (USGS) to model the impacts of
y land cover on hydrology
United States Contamg data on 5 sgll
types with hydrological
. Department of Yearly, . :
Soil . Raster 60 m properties, crucial for
Agriculture 2001-2011 . .
understanding soil-water
(USDA) . .
interactions
Provides data on
temperature, precipitation,
U.S. National wind speed, solar
Meteorology Weather Gridded Data 1 km Yearly, 20012011 radiation, and relative
Service humidity, which were
used in Arc SWAT’s
weather generator
Offers surface runoff and
United States Monthl sediment concentration
Hydrology Geological Gridded Data 1 km 2001_20};’1 data from hydrological
Survey (USGS) stations (Silver Hill and
Loxley River)
Supplies crop
management data that
Crop Management  Remote Sensed Raster 250 m Yearly, 2001-2011 reflect land use and

Factor

MODIS Data

agricultural practices
influencing
hydrological processes
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LLand cover class = (0-0.001
Urban = 0.001-0.0013
Evergreen forest ™ 0.0013-0.0015
! Deciduous forest M (0.0015-0.003
Rangeland = 0.003-0.06
¥ Grass and shrub M| 0.06-0.1
Pasture 0.1-0.5
Agriculture and cultivation >0.5
Wetland and water
N
0 6.5 13 km
. A

Figure 1. Map showing the annual land cover classifications and the corresponding C-factors (Ccs)
values for Fish River watershed.

2.2. Kmlr Modeling

The Kysi g for each type of soil with corresponding land cover was obtained from the
SWAT model using the following equation [44]:

Kusip = [0.00021 x M4 5 (12 — OM) 4325 X (Caostr — 2) +2.5 X (Cperm — 3)} /100 )

where M is the particle size parameter, OM is the organic matter content of the soil (%),
Csoilstr 18 the soil structure code used in soil classification, and cperm is the profile perme-
ability class. The Kysyg is referred to as the soil loss rate for every unit of soil erosivity in a
specific soil as surveyed or observed on a unit plot [45].

The overestimation of the soil loss estimates by the USLE, RUSLE, and extensions
of USLE such as MUSLE, USLE-M, and dUSLE have resulted in novel approaches to
dynamically and realistically assess K-factors, especially in catchments [46-48]. This study
introduces a modified K-factor pedotransfer function uisng multiple linear regression
modeling (Kmlr) integrating dynamic, remotely sensed data on soil surface moisture and
land cover to enhance K-factor accuracy for diverse soil health management applications.
The dynamic functionality of the K-factor in the study was developed using the topographic
factor (LSysig), the C-factor, and the soil properties of soil surface moisture (AWC in %),
bulk density (BD in g/cm?), and permeability (P in mm/h). While the original USLE is
designed for bare soil, many applications of erosion modeling in more practical, real-world
scenarios require accounting for vegetation to more accurately predict erosion rates in
catchments or landscapes that are not bare fallow. The study area contains an assortment of
land use land covers, as indicated below, which justified the need to use a crop management
factor in the Kmlr equation to find the soil erodibility factor (Figure 1).

The topographic factor, LSysy g, and C-factor were calculated using the equation in [49].
The values of the variables, such as AWC, BD, and Pg;, were obtained from the model
outputs of watershed delineation identified for the corresponding HRUs. The slope, S,
was calculated from DEMs of the watershed. After categorizing the watershed into HRUs,
the HRU map, along with S and DEM, and the flow direction map were used to calculate
HRU-wise estimates of slope and longest flow length. The calculated longest flow length in
each HRU was taken as the slope length, L for the corresponding HRUs in the watersheds.
The following operations were executed in the GeoHMS terrain processing tool as well
as the raster calculator in GIS. Thus, the variables of L and S used in the calculation of
topographic factors were obtained from the watershed delineation results spatially joined
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to the corresponding HRUs from 2001 to 2011 in the watershed. The soil properties of
BD and P,;; were obtained from the soil attribute characterization module (.sol) of the
SWAT model. They were calculated by the spatial join of the soil map (soil type) and HRU
map (HRU ID) in the SWAT model. Thus, the developed model of K-factor, Kmlr, serves
as a dynamic and realistic improvement of the Kygy g equation in terms of capturing the
HRU-wise and annual variations in soil erodibility and is given here [50]:

Kmlr = —0.064 + 0.173AWC + 0.122BD — 0.000044P,; + 7.699LSysy + 0.0081C — factor )

Both Kysrr and Kmlr are expressed as ton acre hour per acre feet ton inch in U.S. custom-
ary units (metric ton. hectare.hour per hectare.megajoule.millimeter in S.I. units). The
coefficients presented in Equation (2) were employed, and the developed K-factor model
was calibrated with the historical soil erodibility factor estimates, yielding substantial
performance improvements in the study areas (R? = 0.903, PR? = 0.821, p < 0.05 [50]). The
workflow describing the SWAT model development and simulations using SWAT-based
inbuilt K-factors, along with the later phase where K-factor modification was performed
using the additional soil properties of soil surface moisture and soil bulk density, is shown

| Mo .
| Dynamic |Supervised
. A | MODIS
E Watershed ] | Land Classification Yearly
|  Delineation ’ | Cover Data

in Figure 2.
] Data Collection g
| DEM i | Land CoverMap ‘ SoilMap | [ Weather Attributes Data

| Maps .

S,L

Overlay of DEM, Land,and Soil I

Input
Soil Moisture
Content
and
Soil Bulk Density

HRU |

— Modify K

|
‘{ Simulations H SedimentYield

Figure 2. Methodology applied for the generation of a modified K-factor for annual estimates of soil
erodibility and soil loss in watersheds, subbasins, and HRUs.

2.3. Kmlr Modification Approaches
2.3.1. High-Resolution Satellite Data in Kmlr

High-resolution satellite data enhance the spatial and temporal accuracy of soil prop-
erty estimation, providing essential information on land cover, vegetation indices, soil
moisture, and topographic features that are crucial for calculating the K-factor. The soil
surface moisture estimates, which are vital for calculating the K-factor, could be generated
from satellite data with higher resolution, providing detailed information on soil moisture
profiling at a fine resolution. The steps used in this modification process were as follows:

1.  Replace STATSGO soil data with satellite-derived soil moisture data.

2. Process the satellite-derived soil moisture data for integrating into GIS with spa-
tial compatibility.
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3.  Integrate the satellite-derived soil moisture data into ArcGIS (which operates on GIS
principles) and superimpose it for the study area boundary.

4. Analyze the integrated data and generate spatially changing soil moisture data, AWC,
for the study area.

5. Incorporate AWC data into the SWAT model to estimate the K-factors and SY.

2.3.2. Dynamic C-Factors in Kmlr

In the context of the Kmlr model, high-resolution satellite imagery enables the accurate
estimation of the crop and cover management factor, which varies annually depending on
land cover and vegetation dynamics. In the Kmlr model, the USLE K-factor is modified
by incorporating dynamic factors inbuilt in the hydrological model such as soil surface
moisture, bulk density, and permeability, which change seasonally or annually across
a watershed. Hence, the Kmlr model was modified with the aid of dynamic C-factors
representing real land cover changes and satellite-derived, spatially changing soil moisture
data. The steps used in this modification process were as follows:

1. Acquire high-resolution satellite imagery of enhanced vegetation index (EVI), fraction
of photosynthetically active radiation (SR), and leaf area index (LAI) to develop the
dynamic C-factor, Cdynamic, functionality for the study area.

2. Process EVI, SR, and LAI data for integration into GIS with spatial compatibility.

3. Integrate EVI, SR, LAI, and the developed AWC data into ArcGIS and superimpose it
for the study area boundary.

4. Calculate Cdynamic for the HRUs and subbasins of the study area.

o1

Modify the Kmlr model by incorporating the Cdynamic estimates.
6. Incorporate the modified Kmlr model estimates into the SWAT model to estimate
the SY.

2.3.3. Downscaled Satellite Data in Kmlr

The use of downscaled data and data products is crucial for adapting coarse global
or regional climate and land-use models to local conditions, especially in heterogeneous
landscapes with varied soil types and land management practices [51,52]. By integrating
these downscaled datasets with SWAT model outputs, the Kmlr model can more accurately
capture the temporal and spatial variations in soil properties, land cover, and topogra-
phy. This leads to a more realistic and adaptive K-factor calculation that can respond to
environmental changes, such as changing precipitation patterns or vegetation cover, thus
improving the reliability of sediment yield predictions. The steps used in this modification
process are as follows:

1.  Obtain downscaled satellite imagery of soil moisture from Soil Moisture Active Pas-
sive (SMAP).

2. Refine spatial scales of SMAP data using the tool GeoDa and resampling methods.

3.  Integrate the refined SMAP data into ArcGIS and superimpose it for the study area
boundary.

4. Incorporate SMAP data generated in Step 3 and Cdynamic estimates together to
modify the Kmlr model.

5. Incorporate the modified Kmlr model estimates into the SWAT model to estimate
the SY.

2.4. Sediment Yield Predictions

Sediment yield predictions are crucial for understanding soil erosion dynamics, as-
sessing water quality, and managing soil health. Accurate predictions help in developing
effective soil conservation strategies and managing the impacts of erosion on agricultural
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productivity. The study used SWAT (Soil and Water Assessment Tool) for predicting the
sediment yield responses in the watershed, subbasins, and HRUs from 2001 to 2011. The
sediment yield was simulated in the SWAT model for the three spatial units of the basin,
the watershed, subbasins, and HRUs, under the five developed Kmlr scenarios listed in
Sections 2.2 and 2.3. The sediment yield in ton/ha was calculated based on Kygy g, Kmlr,
Kmlr-c, Kmlr-sat, and Kmlr-dsat and validated against the ground truth estimates.

2.5. Erosive Hotspots

Identifying hotspots of erosion based on K-factor categorization or sediment yield
prediction within a watershed is essential for targeted erosion control and land manage-
ment strategies. These hotspots represent areas where erosion and sediment transport
are particularly intense because of factors such as steep slopes, vulnerable soil types, or
insufficient vegetation cover. By analyzing such hotspots across different spatial units,
such as HRUs or subbasins in a watershed, it is possible to identify areas most at risk of
erosion and prioritize interventions. By coupling these erosion-based hotspot data with
the spatial sediment yield predictions from SWAT, it is possible to generate spatial maps of
significant sediment yield across the watershed. These maps can be used by land managers
to identify and address areas where erosion control measures, such as vegetation restoration
or sediment retention structures, would be most effective.

3. Results

3.1. Kmlr Model Modification Results
3.1.1. Kmlr-Sat Modeling Using High-Resolution Satellite Data

The traditionally used STATSGO soil data generated AWC modeled estimates with
a spatial resolution of 1 km x 1 km and provided a constant soil moisture variable of
AWC for the entire simulation period [53]. This task replaced the STATSGO dataset with
spatially changing soil moisture data derived from the remotely sensed satellite imagery
of AWC based on the surface reflectance dataset of MODIS with a spatial resolution of
250 m x 250 m. The task aimed to investigate the enhancement in the spatial representation
of K-factor outcomes with finer spatially resolute satellite-derived data. The analysis was
conducted using Python programming 3.13.2, ArcGIS, and the Google Earth Engine Code
Editor. The remotely sensed environmental data on AWC were obtained for each pixel of
the derived images for the watershed. These datasets were extracted for the Fish River
watershed from the LP DAAC database for the period 2001-2011. AWC refers to the soil
moisture percentage in the surface soil layer and had a resolution of 250 m. The model
developed is referred to as Kmlr-sat (Kmlr + MODIS based AWC data).

Kmlr — sat = —0.064 + 0.173AWC(MODIS) + 0.122BD — 0.000044P,; + 7.699LSys; g + 0.0081C — factor ~ (3)

Cdynamic = 0.203 — 0.007exp<

3.1.2. Kmlr-c Modeling Using Dynamic C-Factors

To refine the K-factor, the modified K-factor model, Kmlr-c, introduces an addi-
tional dynamic factor, Cdynamic (Kmlr + MODIS based AWC data + MODIS based Cdy-
namic equation).

—aEVI
b —EVI

) — 0.094SR + 0.006LAI + 0.0001AWC + 0.0001A — 0.003S 4)

where Cdynamic is the crop and cover management factor [54]. The developed C-factor
model implements the satellite remotely sensed data on enhanced vegetation index (EVI),
fraction of photosynthetically active radiation (SR), leaf area index (LAI), ratio of the area of
hydrologic response unit to the total watershed area (A), and slope gradient (S). a and b are
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parameters that determine the shape of the exponential curve of C and EVI. Values of 1.5
and 1 was assigned for a and b, respectively and the coefficients presented in Equation (3)
were employed, which yielded the best fit for the C-factor model, Cdynamic, for the study
areas (R? = 0.68, PR? = 0.51, p < 0.05) [54]. The modified Kmlr equation is as follows:

Kmlr — ¢ = —0.064 + 0.173AWC(MODIS) + 0.122BD — 0.000044P,; + 7.699LSys; g + 0.0081Cdynamic(MODIS)  (5)

In this study, we utilized the remotely sensed satellite imagery of EVI, LAI, SR, and
AWC from MODIS. The task aimed to investigate the enhancement in the spatial repre-
sentation of K-factor outcomes with a collection of four sets of finer, spatially resolute
satellite-derived data. The EVI, AWC, LAI, and SR values were obtained for each pixel of
the derived images for the watershed from the LP DAAC database for the period 2001-2011.
The EVI data (product ID: MOD13Q1) had a spatial resolution of 250 m, while the LAI and
SR data product (MOD15A2H) had a resolution of 500 m. LAl is defined as the ratio of half
the total surface area of leaves to the unit ground area, while SR represents the fraction
of photosynthetically active radiation absorbed by green vegetation, as identified in the
MODIS data product subset.

3.1.3. Kmlr-dsat Modeling Using Downscaled Satellite Data

In this study, the downscaled soil moisture data obtained from the satellite product
Soil Moisture Active Passive (SMAP) were refined to finer spatial scales using the spatial
data analysis software GeoDa 1.22. Data from the SMAP Enhanced L3 Radiometer Global
Daily 9 km EASE-Grid Soil Moisture Version 3 (SPL3SMP_E) product, spanning from 2001
to 2011, were utilized in this task [55]. The study used the inverse distance weighted
method and nearest neighbor resampling method to improve the raw SMAP data’s spatial
resolution of 9 km to 1 km [56,57]. GeoDa’s strength lies in spatial analysis, and it can
be useful for understanding spatial patterns after resampling. The model developed is
referred to as Kmlr-dsat (Kmlr + SMAP based downscaled AWC data + SMAP and MODIS
based Cdynamic equation).

Kmlr — dsat = —0.064 + 0.173AWC (SMAP) + 0.122BD — 0.000044P;,;; + 7.699LS ;51 ¢ + 0.0081Cdynamic (MODIS + SMAP) (6)

3.2. Results of Descriptive Statistics of Kmlr Model

Table 2 explains the descriptive statistics of the modeled soil properties, topographical
factors, and land cover attributes for Kmlr estimation. The data indicate that while the soil
textural property of AWC remained relatively stable in some parts of the watershed over a
ten-year period, most of the HRUs showed yearly variations in AWC, reflecting changes in
water availability or seasonal influences. Soil permeability varied greatly, with a significant
range from 27.67 mm/h to 650 mm/h, reflecting the diversity of soil types and drainage
characteristics within the watershed. The high maximum value suggests the presence of
highly permeable soils in some regions. Bulk density and soil permeability also exhibited
annual variations, which could be attributed to local soil management practices, land use
changes, or climatic fluctuations. The LSyg g factor, related to the topography of the land
and its influence on erosion, showed a broad range, with some areas highly susceptible to
erosion (higher values) and others relatively stable. The C-factor represents the effect of
land cover and land management practices on soil erosion. Its range suggests a diversity of
land cover types, with some areas having little to no impact on erosion (C-factor nearing
0) and others contributing significantly (C-factor close to 1), reflecting land cover’s role in
reducing or enhancing soil erosion. These variations highlight the dynamic nature of these
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soil and landscape properties and suggest the need for periodic monitoring and assessment
to understand their role in watershed management and erosion control [58].

Table 2. Descriptive statistics of the physicochemical properties of the studied soils, topographical
factors, and land cover attributes for Kmlr estimation.

Descriptive Statistics AWC (%) Psoil (mm/h) BD (g/cm?) LSUSLE C-Factor

Mean 0.33 58.18 1.04 3.12 0.386
Minimum 0.11 27.67 0.98 0.65 0
Maximum 0.69 650 1.53 15.11 1

3.3. Results of Descriptive Statistics of Modified Kmlr Models

The Cdynamic data used in the Kmlr-c model were integrated from both SWAT model
outputs and satellite data, providing real-time, high-resolution spatial data that accounted
for seasonal and annual changes in soil properties. This model captures the variations in
soil erodibility due to soil surface moisture, land cover, and topography, thus improving the
accuracy of sediment yield predictions compared with traditional K-factor models. Besides
this, the values of Cdynamic using Equation (3) were used as the explanatory variables
of the C-factor in Equation (2) annually for every HRU. This indicated that there was a
dynamic improvement in K-factor prediction using Kmlr-c, which was a function of the
dynamic crop and cover management factor. Table 3 explains the descriptive statistics of
the remotely sensed and modeled soil properties for K-factor estimation using Cdynamic.
The dataset suggests a diverse landscape in the study area, with varying soil moisture,
permeability, density, vegetation cover, and slope characteristics. The minimum AWC value
of 0.13% indicates areas with very low water retention capacity, possibly due to coarse or
sandy soils, while the maximum value of 0.73% suggests regions with high water retention
potential likely due to clayey or organic-rich soils. The significant variability in these
factors implies that different areas within the watershed may have distinct hydrological
and erosion dynamics. The mean EVI value of 0.33 indicates moderate vegetation cover
in the area. The minimum value of 0.11 suggests sparse or no vegetation in some areas,
such as bare soil or urban zones, while the maximum value of 0.6 indicates areas with
healthy vegetation or dense grasslands. This variability impacts the accurate estimation of
the K-factor and understanding soil erosion and runoff processes within the watershed,
with the dynamic changes in vegetation and soil properties influencing the watershed’s
overall environmental response.

Table 3. Descriptive statistics of remotely sensed and modeled soil properties for the estimation of
modified K-factor values.

ooseniptive AWC (%)  Psoil (mm/h) BD (glem®  EVI SR (%) LAI(%) A(%) S (%)
atistics

Mean 0.39 58.18 1.04 0.33 0.85 1.55 0.286 3.54
Minimum 0.13 27.67 0.98 0.11 0.26 0.3 0.0013 0.74
Maximum 0.73 650 1.53 0.6 1 10 0.699 13.78

4. Discussions
4.1. Predictions of Kmlr Versus Kyspp

Figure 3a suggests that there was notable variation in soil erodibility factors across the
different subbasins (1 through 7). In most subbasins, Kmlr values were generally lower
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than Kysg values, suggesting that modifications to the soil assessment approach may
indicate less erodibility than traditionally measured by USLE factors. This could imply that
the modified factors considered additional variables or improved methodologies that show
the soil to be less prone to erosion. The presence of error bars indicates variability and
uncertainty in the data for both Kmlr and Kys g factors. Subbasin 4, for instance, exhibited
a significant range in both Kmlr and Kyg g values, indicating potential complexities in
soil behavior or assessment methods in that area. Subbasin 4 showed the highest average
values for both Kmlr and Kygy g, highlighting it as a critical area potentially at higher risk
for erosion when compared with other subbasins.
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Figure 3. A comparison of the soil erodibility factors, Kmlr and Kygpg for the Fish River watershed.
(a) Spatial extent of each subbasin (n = 7); (b) spatial extent of selected HRUs (n = 16).

The findings may suggest the need for tailored soil conservation practices in subbasins
showing high erodibility. Understanding those areas that are more susceptible can help in
prioritizing soil management and intervention strategies. For Figure 3, the large error could
be due to the spatial or temporal scale of the analysis. In regions with complex landscapes
as observed in the Fish River watershed, even slight changes in dynamic factors such as
soil moisture or land cover can have significant effects on predictions. The Kygy g and Kmlr
models have not yet fully captured this complexity, resulting in errors that appeared larger
than expected.

Figure 3b reveals significant variability in soil erodibility factors across the different
HRUs (1 to 33). In many HRUs, Kmlr values were either similar to or lower than Kysi g
values, indicating that the modified method may reflect potentially lower erosion suscepti-
bility under certain conditions. This difference suggests that the modified approach may
have identified factors affecting soil stability that were not fully accounted for in the tradi-
tional USLE methodology. The errors accompanying both Kmlr and Kygp g measurements
highlight the uncertainty and variability of the data. The HRUs (2 and 26) at the higher end
of the scale displayed pronounced variability, suggesting a complex relationship impacting
erodibility in those areas. HRUs 16, 18, and 28 exhibited some of the highest soil erodibility
factors, indicating these might be critical areas for monitoring and management to mitigate
erosion risks. Several HRUs showed Kmlr factors that fell below 0.1, particularly HRUs 1,
3, and 5, which suggests that these HRUs are relatively stable compared with others. The
presence of HRUs with markedly high Kysg values in relation to Kmlr underscores the
importance of reassessing soil management practices, as the traditional methods might
overstate the erosion risk for these areas. The results highlight the need for strategic soil
conservation measures in HRUs with higher Kygy g values. The findings suggest that up-
dated models such as Kmlr could be crucial for targeted interventions, potentially leading
to more effective erosion control practices.
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4.2. Kyspe and Kmlr Effects on Sediment Yield Predictions

Figure 4a indicates a positive relationship between the Kygy g-based sediment yield
predictions, but the low R? value (0.08) suggests a weak correlation. This indicates that
changes in the Kygy g resulted in only a small predictive ability regarding sediment yield
within the subbasins of the watershed. The blue regression line shows a steeper slope
compared with the traditional USLE approach, suggesting that sediment yield was more
responsive to changes in the modified K-factor model, Kmlr (R? = 0.31). This indicates a
moderately stronger relationship between the Kmlr and sediment yield distribution in the
seven subbasins of the watershed. The Kmlr model. developed with the aid of pedotransfer
functions considering the soil surface moisture and soil bulk density into the K-factor
evaluation process, was more effective in predicting sediment yield in the studied areas
than Kysp . While both methods showed trends, the results imply that further investigation
is needed to understand why the modified K-factor, Kmlr, estimates did not exhibit a much
stronger correlation (close to 1) with sediment yield. This could lead to more refined models
for predicting soil erosion and sediment transport in the landscape. For Figure 4, a weak
correlation was observed, and the models used in the study showed fitting significances of
p < 0.01. While the model may not explain all the variability in the data, it could still offer
useful insights and serve as a foundation for further model refinement.

(a) @ SY(Kmlr) aSY(Kuste) A 80 (b) ® SY(Kmlr) 4 SY(Kusie)
= 140
1]
i o 70 LX)
g 120 y = 243.63x + 58.29 . =
= R?=0.08 £ 60 .
< 100 A S A
= —_— e © A
S. 80 I = y=99.24x +9.17
£ A A — 2 % ° R*=0.11
aé 60 . — A f . A
= c W —
5 a0 e ° y = 469.49x - 6.723 . g . _a——"
@ R?*=0.31 £ 2| Ll .
= : S . y =151.84x - 6.61 A
A 10 | _—g e R?=0.64
@
0 0 N 2
010 011 012 013 014 015 0.16 0.17 018 0.19 020 0.21 0.08 0.12 0.16 0.20 0.24 0.28

K-factor (ton.acre.hour per acre.feet.ton.inch)

K-factor (ton.acre.hour per acre.feet.ton.inch)

Figure 4. Effect of modification of K-factors (Kmlr compared with Kysy g) and corresponding shares
of annual sediment yields averaged between 2001 and 2011 (a) for each subbasin (7 x 11) (p < 0.01)
(b) for each HRU (36 x 11) (p < 0.01).

Figure 4b provides a comparison of sediment yields in relation to K-factor values,
specifically focusing on Kmlr and Kygg. The blue regression line corresponds to Kmlr.
showing a R? value of 0.64 and suggesting a moderately strong correlation. It indicates
that the modified K-factor, Kmlr, had a better predictive capacity for sediment yield when
analyzed across HRUs than the traditional Kys g method, which had a low R? value of
0.11. The results imply that Kmlr is a better model that explains a greater proportion
of the variability in sediment yield than the traditional Kyg . The results indicate that
adaptations in the K-factor can lead to improved predictive capacity for sediment yield in
HRUs, reinforcing the importance of selecting suitable models accounting for land cover
change and soil structural and textural properties for estimating soil erosion. The findings
point to the modified K-factor being more effective in predicting sediment yield within
the studied HRUs relative to subbasins, which could be due to the lesser number and
greater area of subbasins compared with HRUs in the watershed. This suggests potential
advantages in using a tailored K-factor for better soil erosion management and sediment
yield predictions in specific landscapes capturing improved spatial soil vulnerability as in



Land 2025, 14, 657

13 of 22

the case of HRUs. Further research could explore the reasons behind these variances and
their applicability in different scenarios.

4.3. Spatial Effects of K-Factors on Sediment Yields

Figure 5a illustrates a comparative analysis of K-factors from various approaches for
various modeling approaches, including Kysy g, Kmlr, Kmlr-sat, Kmlr-c, and Kmlr-dsat,
across the seven subbasins of the Fish River watershed. The graph depicts varying K-factor
values across the seven subbasins, highlighting that subbasin 5 exhibited the highest
K-factor across all models. This elevated value suggests that this area is more susceptible to
erosion, emphasizing the need for targeted management strategies. The results also suggest
that Kysp g may underestimate the actual erosion potential in the watershed compared with
the more dynamic approaches (Kmlr, Kmlr-sat, and Kmlr-c). Kmlr showed a significant
increase in K-factor estimates, particularly in subbasin 5. Kmlr-sat, Kmlr-c, and Kmlr-
dsat appeared to provide more refined estimates than Kysy g but still did not capture the
extent of variability seen in the other approaches. Kmlr-dsat slightly overpredicted the
K-factors (subbasins 2, 5, 6, 7) relative to the other two modified approaches of Kmlr-sat
and Kmlr-c. This suggests that while the modified K-factor models incorporate some
dynamic aspects, they may not fully leverage the capabilities of satellite data. There was a
clear trend that the advanced models (Kmlr, Kmlr-dsat, Kmlr-c) yielded higher and more
variable K-factor estimates, highlighting the importance of incorporating high-resolution
soil surface moisture data and dynamic crop and cover management factors together,
which could significantly enhance the estimation of soil erodibility across the Fish River
watershed compared with traditional methods. In addition, the K-factor estimates for
subbasin 5 underscore the necessity for localized assessment and potential conservation
strategies to mitigate erosion risks.

The radar chart in Figure 5b illustrates the comparative correlations of sediment
yields relative to different K-factor models across subbasins. The plotted lines suggest
substantial variability in sediment yield correlations among the various models. Each
subbasin appeared to display distinct performance patterns, indicating that soil erodibility
and sediment transport behaviors differed spatially.

The modified K-factor model Kmlr-c generally showed higher correlation values across
many subbasins, indicating that this method effectively estimated sediment yields as shown
in Figure 5b. The Kmlr-sat correlations were more erratic, with values dropping significantly
in some subbasins. This inconsistency suggests that the Kmlr-sat model may struggle to
accurately predict sediment yields under varying conditions. Several models, particularly
Kmlr-dsat and Kmlr-sat, exhibited negative correlations in certain subbasins. This indicates
that these models may not align well with actual sediment yield behavior in those areas,
suggesting potential misinterpretations in their soil-data integration. While Kygr g often
scored high, Kmlr models demonstrated fluctuating performance, suggesting potential
sensitivity to local conditions in specific subbasins. This underscores the importance of
local calibration for soil erosion modeling. The variations highlight the need for careful
selection and validation of erosion models based on subbasin characteristics. Selection of
Kmlr-c may prove beneficial in accurate sediment yield assessments.

Figure 5c illustrates the correlations between sediment yields derived from the K-factor
models. The Kysp g model showed a strong positive correlation with its SY. This indicates
that the Kyspg was effective in estimating sediment yield based on the factors it accounted
for. This could be attributed to the default K-factor and SY functionalities in the SWAT
model algorithm, well calibrated inbuilt data inputs, and their direct discretization in the
subbasin-wide simulations. The Kmlr model’s correlation appeared to be moderate to
high, suggesting that it effectively predicted sediment yield. The Kmlr-sat model showed
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a negative correlation, meaning it may not accurately represent SY. The correlations of
Kmlr-c and Kmlr-dsat were mixed, with Kmlr-c showing generally positive relationships.
This variability points to different operational strengths and weaknesses of these models
in dealing with sediment yield predictions. Understanding these correlations is essential
for selecting the right model for predicting erosion and sediment yield in watershed
management. It underscores the importance of model accuracy and adaptability to improve
predictions in variable conditions.
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Figure 5. (a) A comparison of the soil erodibility factors developed from various approaches, Kysr g,
Kmlr, Kmlr-sat, Kmlr-c, and Kmlr-dsat, (b) the corresponding sediment yield predictions, SY (Kysrg),
SY (Kmlr), SY (Kmlr-sat), SY (Kmlr-c), and SY (Kmlr-dsat), averaged between 2001 and 2011 for
the Fish River watershed for spatial extent of each subbasins (n = 7), and (c) correlations between
sediment yields derived from the various K-factor models.

4.4. Validation of Sediment Yield Predictions: Kysrg vs. Kmlr-c

From the results of the descriptive statistics and spatial analysis of traditional and
novel approaches of K-factors and the resulting SY estimates, the Kyg g, Kmlr, Kmlr-c,
and Kmlr-dsat models were found to showcase notable relationship trends. Hence, the
simulated SY based on these models, Kygp g, Kmlr, Kmlr-c, and Kmlr-dsat, were validated
against observed SY. Figure 6a illustrates the relationship between observed and simulated
sediment yield values for the two best performing K-factor models for the Lower Fish
River watershed at Silver Hill station. The blue line represents the regression line for
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the SY predictions based on Kmlr-c against observed SY, with an R? value of 0.980. This
strong R? indicates a very close fit between the simulated values and the observed data,
suggesting that the modified approach accurately predicted sediment yield. The orange
line shows the regression line for the SY predictions based on the traditional USLE method,
Kysig, with an R? value of 0.911. This also indicates a strong correlation, but with a
slope less than 1, suggesting the USLE underestimated sediment yield compared with the
observed data. Both models demonstrated strong relationships with observed sediment
yield, though the modified K-factor with a union of dynamic C-factor estimates and
high-resolution satellite data on AWC, SR, LAI, and EVI slightly overestimated yields
concerning observed values, while the USLE underestimated. The closeness of the SYobs
and SY(Kmlr-c) indicates that Kmlr-c may be better calibrated for these specific conditions
of the watershed and thus provides a more accurate representation of sediment dynamics.
The results underscore the effectiveness of modifying existing models (such as USLE) with
the additional enhancements of a completely remotely sensed data-based function of crop
and cover management factor and high-resolution soil moisture data to enhance predictions
based on localized conditions, which is crucial for effective soil erosion management and
watershed management strategies.

w
(=]

SY(Kmlr-c) SY(Ky
—2 SY(Kmlr-c) SY(Kusce) ) _ ( ) (Kuste)
© (a) ® A A A y = 1.4534x ~ (b) ® A
% 2 A R?=0.911 é - Ay = 1.3141x
G 20 5 R?=0.935
£ £
18
- 16 22
2 3
« 14 -
c y =0.861x 5
15 =0.7604
£ 12 R? = 0.980 E e
i 3 '
“w g v 10
° °
Q
g ° ki
S 4 S 5
£

&2 @

0 0

0 2 4 6 8 10 12 14 16 18 20 22 24 0 5 10 15 20 25
Observed sediment vield (ton/ha) Observed sediment yield (ton/ha)

Figure 6. Scatter plot for the years between 2001 and 2011 for observed, USLE-based, and modified
monthly values of sediment yield (SYobs, SY (Kyspg), and SY (Kmlr-c), respectively) for (a) the Lower
Fish River watershed at Silver Hill station (n = 32) and (b) the Middle Fish River watershed at Loxley
station (n = 34).

Figure 6b indicates a strong relationship between the modified model’s simulated
sediment yield, SY(Kmlr-c), and the observed sediment yield, SYobs, suggesting that the
modified approach captured sediment dynamics very effectively (R? value of 0.946). The
slope of less than 1 indicates that the modified model slightly underestimated the observed
sediment yield at higher values at the Middle Fish River watershed at Loxley station. The
strong R? of 0.935 between SYobs and SY (Kysig) indicates that the USLE also captured
sediment yield accurately; however, the slope being greater than 1 suggests that the system
tended to overestimate sediment yield at higher observed values compared with what
was actually observed. The results pinpoint that both models indicated strong predictive
relationships with observed sediment yield, as supported by high R? values. However,
the SY based off of the modified K-factor model, SY (Kmlr-c), appeared to provide a
more consistent underestimation at higher observed yields, which might be beneficial for
conservation practices where overestimating yield could lead to mismanagement. The
USLE model sometimes overestimated yield, particularly at larger values, which may
suggest parameters in the USLE configuration require adjustment for this watershed. The
findings indicate both simulation methods were robust for estimating sediment yield
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in the Middle Fish River watershed, with the modified K-factor demonstrating slightly
improved performance in some ranges of observed sediment yield. These insights support
the idea that refining existing models using high-resolution satellite data and modification
of dependent variables in the K-factor model (Cdynamic development and inclusion into
the Kmlr model to form Kmlr-c) can enhance predictive capabilities, leading to better
management strategies for soil erosion and sediment control. Overall, the study results
highlight that the Kmlr-c model, which integrates high-resolution satellite data for factors
such as soil surface moisture, solar radiation, leaf area index, and enhanced vegetation
index, provides a more accurate representation of sediment dynamics and is thus a better
predictor of SY. Future investigations could focus on optimizing both models further or
investigating additional factors influencing sediment yield in this and other watersheds.

4.5. Sediment Yield Predictions and Soil Loss Representation

Table 4 provides a statistical summary of the K-factors (erosion susceptibility), sedi-
ment yields (SY (KyspLg) and SY (Kmlr-c)), and differences in soil loss across 36 HRUs in
various subbasins. The area for each HRU varied widely, from small areas of 612.35 ha to
larger areas of up to 5924.73 ha, which influenced the overall sediment yield and soil loss.

The dominant land uses included wetland, agriculture, hay, forest, and urban develop-
ment. The difference between the modified sediment yield and the USLE-based sediment
yield is indicative of the soil loss representation based on K-factor prediction approaches.
The range of K-factors varied across the HRUs, from 0.0572 (wetland, subbasin 7, HRU 36)
to 0.2550 (agriculture, subbasin 5, HRU 26), reflecting the vulnerability of soils in different
land uses to erosion. Wetlands generally showed low K-factors and relatively low sedi-
ment yields. HRUs such as 36 and 3 had low K-factors (0.0572 and 0.2362) and moderate
differences in soil loss, suggesting that wetlands help reduce soil erosion and sediment
loss. Agricultural areas tended to have higher K-factors, leading to higher sediment yields.
HRU 34 in subbasin 7 (agriculture) had a K-factor of 0.1286 and a soil loss difference of
6.552 ton/ha, showing substantial soil loss. Forests typically had lower K-factors and lower
sediment yields, indicating that forest cover helps prevent erosion. HRUs such as 28 and 12
with forest land use had low K-factors and negligible differences in soil loss. In some HRUs,
the modified sediment yield was higher than the USLE-based sediment yield, suggesting
that the modified model considered factors that led to a prediction of more soil erosion than
the USLE model. HRU 35 in subbasin 7 showed a large, positive difference (22.889 ton/ha),
indicating significant soil loss in this area when the modified model was used.

Some HRUs, particularly those in agricultural areas, showed negative differences,
suggesting that the modified model predicted less soil loss than the USLE model. HRU 24
in subbasin 5 (agriculture) showed a difference of —0.062 ton/ha; the modified model
predicted slightly less soil erosion than the USLE. Several HRUs, particularly those in
wetland areas such as HRU 10 (subbasin 2) and HRU 36 (subbasin 7), showed very high
modified sediment yields (69.776 ton/ha and 103.865 ton/ha), leading to substantial soil
loss differences when compared with the USLE. These areas may be facing severe erosion
due to land use changes or inadequate soil conservation practices. HRUs with low soil loss
include those under forest cover, such as HRUs 28 and 12, where soil loss was minimal,
highlighting the effectiveness of forested land in preventing erosion. The findings suggest
that specific land uses such as wetlands and forests offer protection against erosion, while
agricultural areas tend to be more susceptible to significant soil loss. The use of modified
models could improve soil loss predictions, particularly in areas where land use and
other environmental factors contribute to higher erosion than estimated by USLE. In the
watershed level, the USLE method (828.624 ton/ha) overpredicted the sediment yield
relative to the modified K-factor method (525.112 ton/ha).
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Table 4. Statistical summary of the modified K-factors, comparison of modified sediment yields
against USLE based sediment yields, and the differences in soil loss for 36 HRUs.

Number Number  MRUAwaha) Landuse Kmire o p B9 CORue SRR
7 36 1366.19 Wetland 0.0572 1.337 2.229 0.892
6 32 1536.97 Wetland 0.113 3.936 3.578 —0.357
6 28 1271.14 Forest 0.1159 0.005 0.004 —0.001
2 11 1676.87 Wetland 0.1165 15.595 12.994 —2.6
2 8 3686.9 Hay 0.1177 0.016 0.014 —0.003
4 22 712.35 Wetland 0.1193 7.176 5.979 —1.196
2 6 2695.56 Forest 0.1194 0.006 0.005 —0.001
4 18 819.7 Forest 0.1222 0.006 0.005 —0.001
7 35 1366.19 Wetland 0.1247 22.861 45.75 22.889
7 33 829.77 Hay 0.1259 0.136 0.251 0.115
6 31 1536.97 Wetland 0.1264 29.397 54.344 24.947
6 29 2724.73 Hay 0.1276 0.104 0.194 0.09
7 34 2609.36  Agriculture 0.1286 8.099 14.652 6.552
6 27 1271.14 Forest 0.1293 0.099 0.183 0.084
2 10 1676.87 Wetland 0.1299 69.776 129.004 59.228
5 23 2477.26 Hay 0.1302 0.231 0.428 0.196
6 30 2283.32 Agriculture 0.1303 15.366 27.576 12.21
2 7 3686.9 Hay 0.1311 0.17 0.313 0.144
3 15 914.17 Wetland 0.1314 55.264 102.171 46.907
3 13 2464.32 Hay 0.1326 0.163 0.302 0.139
4 21 712.35 Wetland 0.1327 37.321 68.995 31.674
2 5 2695.56 Forest 0.1328 0.188 0.348 0.16
5 25 3525.72  Agriculture 0.1329 15.645 27.566 11.921
4 16 613.8 Urban 0.1334 1.962 3.604 1.642
2 9 4170.06  Agriculture 0.1338 12.548 22.531 9.983
4 19 1295.96 Hay 0.1339 0.119 0.22 0.101
1 4 2040.65 Wetland 0.1343 69.024 127.612 58.588
3 12 1261.68 Forest 0.1343 0.174 0.32 0.146
3 14 2933.56  Agriculture 0.1353 13.477 22.456 8.978
4 17 819.7 Forest 0.1356 0.105 0.181 0.076
4 20 711.38  Agriculture 0.1366 19.935 33.742 13.807
1 2 5924.73 Forest 0.1372 0.181 0.31 0.129
1 2040.65 Wetland 0.2362 103.865 103.865 0
1 5924.73 Forest 0.2391 0.201 0.201 0
5 24 2477.26 Hay 0.2523 0.309 0.247 —0.062
5 26 3525.72  Agriculture 0.255 20.315 16.45 —3.865

Total 525.112 828.624 303.512
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4.6. Categorization of Erosive Hotspots

Table 5 details the categorization of erosive hotspots based on the best performing
K-factor model (Kmlr-c) outcomes. Erosive hotspot identification revealed that 6003 ha of
land (7.7% of the watershed) was at high erosion risk (K > 0.25), with an average soil loss
of 24.2 ton/ha. On the other hand, 63,000+ ha was classified as low risk, demonstrating the
ability of the modified model to accurately categorize erosion-prone regions. The results
point out that the improved model also accounted for spatial variations in soil properties,
particularly in agricultural and wetland regions, where USLE-based methods failed to
capture dynamic soil moisture influences. The K-factor category of Very Low indicates
areas that have minimal erosion risk, likely due to stable land use, low slopes, or protective
vegetation cover. Although the land area in this category was relatively small (1366.19 ha),
soil loss remained very low, with only 0.20 tons of soil lost per hectare. Most of the land
in the watershed (62,945.64 ha) fell under the Low category of K-factor, suggesting that
a significant portion of the area has low erosion potential. Despite the larger area, the
soil loss was moderate (492.48 ton/ha), indicating that these areas may have moderate
slopes, some vulnerability to erosion, or land use that does not fully protect the soil but still
prevents severe erosion. The regions with K-factors ranging from 0.15 to 0.25 (Medium)
were more vulnerable to soil loss than the previous categories, with a soil loss of 8.24 ton/ha.
While the total area was relatively small (7965.38 ha), these areas were likely to experience
higher erosion due to steeper slopes, less protective vegetation, or land use practices that
exacerbate soil erosion. The K-factor category High identifies areas at high risk for soil
erosion, with the K-factor indicating severe erosion potential (0.25-0.30). Although the total
land area was small (6002.99 ha), the soil loss in these areas was significant (24.20 ton/ha).
These areas likely have steep slopes and/or poor land management practices, leading
to higher levels of erosion. The total area across all categories was 78,280.20 ha, with a
combined soil loss of 525.11 ton/ha. Most of the land was categorized as “Low” erosion risk,
with relatively low soil loss per hectare, indicating that most of the watershed is protected
against severe erosion. However, the high and medium erosion categories, though smaller
in area, suggest that there are critical areas that need attention in terms of erosion control,
land management, and potentially soil conservation measures.

Table 5. Categorization of soil erosion hotspots, area ratios of HRUs, and the amount of soil loss for
the Fish River watershed based on the modified K-factor model, Kmlr-c.

Kmlr-c range

Eroswn. (ton . acre hour per Area Land Use (ha) Area Soil (ha) Area Slope (ha) Soil Loss
Categories . (ton/ha)
acre feet ton inch)

Very Low 0.00-0.05 1366.19 279.1 279.1 0.2
Low 0.05-0.15 62,945.64 42,523.68 42,523.68 492.48
Medium 0.15-0.25 7965.38 5655.56 5655.56 8.24
High 0.25-0.30 6002.99 2087.8 2087.8 24.2
Total 78,280.2 50,546.15 50,546.15 525.11

5. Conclusions

Soil erosion remains a critical challenge for soil health and agricultural productivity,
with the K-factor commonly used to assess soil erodibility in models such as the Universal
Soil Loss Equation. However, traditional methods often lack spatiotemporal accuracy,
particularly when accounting for dynamic factors such as soil moisture and land cover
variations. This study presents a modified K-factor pedotransfer function (Kmlr) that
integrates dynamic, remotely sensed data on land use land cover, to improve the accuracy
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of K-factor estimates for diverse soil health management applications. The Kmlr model,
incorporating high-resolution MODIS-based soil surface moisture (Kmlr-sat), dynamic crop
and cover management factors, Cdynamic (Kmlr-c), and downscaled soil surface moisture
data from SMAP (Kmlr-dsat), was tested across spatial and temporal scales within the Fish
River watershed in Alabama, a coastal region with complex soil-water interactions.

Results show that the Kmlr model, augmented by dynamic soil moisture and land
cover data, significantly enhanced spatial accuracy in estimating soil erodibility. The Kmlr
K-factor values were generally lower than those of the USLE, suggesting that the modified
approach reflected less erodibility in certain areas, likely because of to additional dynamic
factors considered in the model. Traditional USLE-based models overestimated sediment
yield by up to 59.23 ton/ha in high-risk areas, while the total predicted sediment yield in
the watershed was 828.62 ton/ha for USLE-based estimates, compared with 525.11 ton/ha
using Kmlr-c. Sediment yield predictions using the modified Kmlr-c model demonstrated
the strongest correlation with observed sediment yield (R? = 0.980), outperforming the
USLE model (R? = 0.911). This suggests that the modified Kmlr-c model, which integrates
high-resolution satellite data for factors such as soil surface moisture, solar radiation,
leaf area index, and enhanced vegetation index, provides a more accurate representation
of sediment dynamics. While both models showed strong relationships with observed
sediment yield, the modified Kmlr-c model had slightly better calibration for the specific
landscape conditions of the watershed, offering more accurate predictions. The analysis
of sediment yield across 36 HRUs further highlighted the advantages of the modified
Kmlr model in predicting soil loss. Areas with high land use variations, such as wetlands,
agriculture, and forested regions, exhibited significant differences in soil loss between the
modified and USLE-based models. These findings underscore the need for more tailored
soil conservation strategies in regions with high erosion risk.

The categorization of erosive hotspots in the watershed reveals that most areas fell
under the “Low” K-factor category, with moderate soil loss. However, critical areas identi-
fied as “High” or “Medium” risk, although smaller in size, represented regions that require
immediate attention for erosion control and land management interventions. Erosive
hotspot identification revealed that 6003 ha of land (7.7% of the watershed) was at high
erosion risk (K > 0.25), with an average soil loss of 24.2 ton/ha. Conversely, 63,000+ ha was
classified as low-risk areas, demonstrating the ability of the modified model to accurately
categorize erosion-prone regions. The improved model also accounted for spatial variations
in soil properties, particularly in agricultural and wetland regions, where USLE-based
methods failed to capture dynamic soil moisture influences. The results demonstrate the
potential of the modified K-factor model to enhance soil erosion predictions, guiding more
effective watershed management strategies. This research highlights the importance of
refining traditional K-factor models using dynamic, remotely sensed data and tailored
approaches such as Kmlr-c. The study outcomes signify that with a union of dynamic
crop and cover management estimates and high-resolution satellite data on soil surface
moisture, sediment yield and soil loss predictions could be improved, thus enhancing soil
health assessments and contributing to better management practices for soil conservation
and ecosystem resilience.
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