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coherence maps were generated for an area in Khuzestan Province. Using the
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used to train and validate the SVM. Subsequently, using features from Sentinel-)
coherence, Landsat A-derived normalized difference vegetation index (NDVI), soil
texture characteristics, and topography, soil erosion susceptibility maps were
produced using different SVM kernels. The overall accuracy of the produced maps
for the implemented kernels (linear, polynomial, radial basis function (RBF), and
sigmoid) was VY, €€/, A7 A+, €87 and ©YZ, respectively. Consequently, the RBF
kernel showed the highest performance in predicting different soil erosion
susceptibility classes. Our results indicate that multi-temporal InSAR coherence can

be used as a valuable data source for soil erosion mapping.
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1. Introduction
Soil

detachment, transport, and deposition of soil

erosion generally refers to the
particles driven by agents such as surface
runoff and wind (Cerda et al., 2017). Fertile
soils are one of the most vital natural resources
for sustaining human life (Amundson et al.,
2015). As a natural geomorphic process, soil
erosion has numerous adverse consequences,
including the loss of nutrient-rich topsoil (Lal,
2003; Zizala et al., 2019) and alterations to the
physical, chemical, and biological properties
of soil (Lal, 2001; Darvishi Boloorani et al.,
2023a). Ultimately, these impacts impose
substantial socioeconomic costs on society
(Senanayake et al., 2020; Darvishi Boloorani
et al., 2023b, 2023c).

Owing to its diverse climatic conditions
and rugged topography, Iran is considered one
of the countries experiencing high rates of soil
erosion. Over recent decades, factors such as
rapid population growth, socioeconomic
development, urban expansion, agricultural
intensification, deforestation, land use/land
cover (LULC) changes driven by both natural
and anthropogenic processes, and overgrazing
have further accelerated soil erosion across the
country (Khodadadi et al., 2019; Esmali Ouri
et al, 2020; Amiri & Argany, 2025).
Consequently, the implementation of effective
soil conservation and management strategies
aimed at improving soil productivity and
sustaining agricultural production—one of the
primary sources of human food supply—

requires a comprehensive understanding of

soil erosion and its spatiotemporal patterns
through the development of soil erosion maps.

Based on previous studies, approaches to
soil erosion assessment can be generally
classified into four main categories: (i) field-
based plot experiments for measuring
average soil loss; (ii) field surveys based on
observable erosion indicators and the
identification of erosion-driving factors; (iif)
soil erosion modeling; and (iv) the integration
of soil erosion models with spatial data—
driven techniques (Senanayake et al., 2020).
Modeling be further

categorized into physically based, empirical,

approaches can
and conceptual models. Physically based
models rely on field observations and the
simulation of processes such as climatic
conditions, runoff generation, infiltration,
water balance, and vegetation growth. These
models are fundamentally based on the
physics of flow, sediment transport
processes, and their interactions (Kandel et
al., 2005). In contrast, empirical models
simplify natural processes by establishing
statistical relationships between model inputs
and outputs. Their governing equations are
derived from environmental observations that
be

statistically

can quantitatively calibrated and

validated. ~ Representative
empirical models include the Universal Soil
Equation (USLE), the
Universal Soil Loss Equation (RUSLE), and
the Modified Universal Soil Loss Equation
(MUSLE) (Alewell et al., 2019). Conceptual

models generally combine elements of both

Loss Revised
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physically based and empirical approaches
(Senanayake et al., 2020). Despite their
widespread  applications, these three
categories of models are often associated
with limitations,

substantial including

methodological  complexity and  high
computational requirements.

Recently, a fourth category of approaches
has emerged, focusing on predicting the
influence of LULC change and climatic
factors on soil erosion. Rather than directly
estimating soil loss, these approaches model
the susceptibility or potential of land to
erosion based on the environmental variables
associated with erosion processes. Over the
past decade, a wide range of methods,
including multi-criteria

techniques (Arabameri et al., 2018, 2019;

decision-making

Domazetovi¢ et al., 2019), unsupervised
classification methods (Zizala et al., 2019),
and supervised machine learning algorithms
(Sarkar & Mishra, 2018; Mosavi et al., 2020;
Sahaetal., 2020; Esmali Ouri et al., 2020; Lei
et al., 2020; Arabameri et al., 2020, 2021),
have been employed for soil erosion
susceptibility mapping. As evidenced by the
existing literature, considerable attention has
recently been directed toward soil erosion
with  machine

the

susceptibility mapping,

learning techniques emerging as

dominant framework.

Remote sensing data have been widely
used in soil erosion studies, both indirectly to
derive key inputs for erosion models—such
characteristics, climatic

as  vegetation

variables, and topographic parameters—and
directly to identify erosion features and
different stages of soil degradation (Zizala et
al., 2019). To date, remote sensing—based
studies investigating the relationship between
land use/land cover (LULC) dynamics and
soil erosion have relied predominantly on
optical imagery, with considerable emphasis
placed on the development and application of
both knowledge-driven and machine learning
Among

artificial

models. machine  learning

algorithms, neural networks
(ANNs) (Sarkar & Mishra, 2018; Mosavi et
al., 2020), support vector machines (SVMs)
(Bag et al., 2022), and random forest (RF)
(Esmali Ouri et al., 2020) have demonstrated
considerable potential for soil erosion
susceptibility mapping.

Despite these advances and the growing
number of studies in this field, relatively little
attention has been paid to exploiting the
capabilities of other remote sensing data
sources, particularly those of synthetic
aperture radar (SAR). Only a limited number
of studies have investigated the application of
SAR data in soil erosion modeling. Liu et al.
(1999) were among the first to employ
the ERS

synthetic

imagery from satellite with

interferometric aperture radar
(InSAR) coherence analysis to identify
eroded areas in Spain. Recently, time-series
Sentinel-1 data and InSAR coherence
analysis have been used in Central and West
Asia to detect areas susceptible to wind

erosion (Sharifikia & Rabbani, 2020; Kim et
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al., 2020). Overall, these studies highlight the
considerable potential of InSAR data for
identifying erosion-prone regions.

the InSAR

information from two SAR images acquired

In technique, phase
over the same area at different times is used

to generate an interferogram. An
interferogram contains the phase differences
recorded by the SAR sensor over a given time
interval and is primarily used to monitor and
measure surface deformation. Coherence is a
derived from InSAR

processing and is commonly used to quantify

standard product

the similarity between a pair of SAR images
and to assess the quality of the resulting
interferogram (Xuedong et al., 2018). The
coherence values ranged from 0 to 1. Built-
up areas, stable surfaces, and resistant
geological formations generally exhibit high
coherence values, whereas dynamically
changing surfaces, such as vegetation cover
and water bodies, typically show much lower
coherence due to their pronounced temporal
variability (Khalil, 2018; Amiri et al., 2026).
In addition to these factors, soil erosion and
the associated disruption of surface soil
particles can contribute to coherence loss in
InSAR observations. Based on this premise,
it can be hypothesized that temporal
variations in the coherence between SAR
image pairs reflect the dynamics of surface
processes and, therefore, provide valuable
information for identifying areas susceptible
to soil erosion (Ebrahimzadeh et al., 2023).

The primary objective of this study was to

develop an integrated machine learning-
based
susceptibility mapping by exploiting the

framework  for soil  erosion
potential of Sentinel-1 InSAR coherence
data. To this end, a time series of Sentinel-1
SAR imagery with high spatial and temporal
resolution was employed. Given the
complexity of soil erosion processes, optical
and SAR data were integrated with soil
texture characteristics and topographic
variables to model the spatiotemporal surface
changes associated with soil erosion and the
disruption of surface soil particles.

Among machine learning algorithms,
SVM has been widely adopted in recent years
for remote sensing image classification and
environmental mapping because of its ability
to model complex nonlinear relationships,
effectively handle high-dimensional datasets,
and  provide  strong  generalization
performance (Maxwell et al., 2018; Huang &
Zhao, 2018; Haftu et al., 2025; Boussalim &
Dallahi, 2026).

conventional classification methods, SVM is

Compared with many

also less sensitive to limited training data and,
by incorporating the principle of structural
risk minimization, has demonstrated a strong
capability for

modeling complex

environmental soil
erosion (Cortes & Vapnik, 1995; Mountrakis
2011; 2021;

Muratoreanu et al., 2025). Accordingly, the

processes, including

et al., Arabameri et al.,
SVM classifier was employed in this study to
model and map soil erosion susceptibility

using InSAR coherence data in combination
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with environmental variables. To implement
and evaluate the proposed framework, a
region within Khuzestan Province, one of the
areas experiencing high annual soil erosion

rates in Iran, was selected as the study area.

2. Materials and methods

As illustrated in the workflow presented in
Fig. 1, the proposed methodology consists of
four stages. In the first stage, InSAR
processing was performed using an
approximately five-year time series (from
late 2015 to early 2020) of Sentinel-1
imagery with a 24-day temporal resolution to
generate multi-temporal coherence map. The
Small BAseline Subset (SBAS) algorithm
was employed to select SAR image pairs with
short spatial and temporal baselines for
interferogram generation and subsequent
estimation of coherence.

In the second stage, spatial datasets
representing key environmental variables
associated with soil erosion, including soil
texture, elevation, slope, and vegetation
cover, were generated and prepared. To
the of

vegetation—one of the most influential

incorporate temporal dynamics

factors affecting soil erosion—into the
modeling framework, multispectral Landsat
8 imagery was processed to derive the
normalized difference vegetation index
(NDVI). In this study, topographic variables,
vegetation cover, and soil texture were
selected because of their well-established and

direct roles in controlling soil erosion

processes. Elevation and slope influence

runoff energy, flow concentration, and
sediment transport, whereas soil texture
characteristics, represented by sand, silt, and
clay fractions, govern soil permeability,
structural stability, and susceptibility to
erosion. Vegetation cover also plays a critical
role in mitigating soil erosion by reducing
raindrop  impact, increasing surface
roughness, and stabilizing soil particles.
Accordingly, a time series of NDVI was
incorporated into the model to account for
temporal variations in vegetation cover. The
selection of these environmental variables was
based not only on the physical principles
governing soil erosion but also on previous
studies on soil erosion susceptibility modeling
and mapping (Borrelli et al., 2017; Rahmati et
al., 2019; Mohebzadeh et al., 2022).

After the input variables were prepared,
training and validation samples were
generated from the reference soil erosion map
of'the study area. In the fourth stage, the SVM
classifier was trained using the prepared input
variables and training samples with different
kernel functions. Finally, a soil erosion
susceptibility map was produced and

validated for each kernel.

2.1. Study area

Khuzestan Province, located in southwestern
Iran, is one of the country's most erosion-
prone regions owing to the combined
influence of its distinctive geomorphological

setting, arid to semi-arid climate, diverse
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Fig. 1. Workflow of the proposed framework for InSAR coherence-based soil erosion susceptibility mapping.

geological formations, and active hydrological
systems. Topographically, the northern part
of the

mountainous terrain with relatively steep

province is characterized by
slopes, where soil erosion is predominantly
driven by intense rainfall events and surface
runoff (Ebrahimzadeh et al., 2023). In
contrast, the central and southern parts
consist of extensive alluvial plains with
gentle slopes that are primarily affected by
wind erosion and dust activity (Bakhtiari et
al., 2021). This pronounced topographic
variability contributes substantially to the
spatial heterogeneity of erosion processes
across the province. According to the General
of Natural and

Directorate Resources

Watershed Management of Khuzestan

Province, annual soil erosion rates range from

approximately 4 to 50 t ha™ yr' across
different parts of the province, placing
Khuzestan among the regions experiencing
the highest soil erosion rates in Iran
(Ebrahimzadeh et al., 2023).

The study area covers part of the central
plains of Khuzestan Province, extending
approximately from 48°10' to 49°20" E and
30°45" to 32°03" N (Fig. 2). The area is
situated within a flat alluvial plain exhibiting
a diverse range of land use types, including
rangelands, cultivated agricultural fields—
particularly the Dehkhoda and Salman Farsi
sugarcane agro-industrial companies located
north and south of Ahvaz—abandoned
croplands, as well as sparsely vegetated and

bare soil surfaces (Soleimani et al., 2021).
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From a geological perspective, young
alluvial deposits are the dominant surficial
units throughout the study area. These deposits
comprise unconsolidated Quaternary
sediments, including gravel, sand, silt, and
clay, which exhibit low mechanical stability
because of their weak particle cohesion and
limited compaction, making them highly
susceptible to erosion. Beneath these surficial
deposits and along the margins of the alluvial
plain, several sedimentary formations are
exposed, most notably the Gachsaran
Formation, which is composed primarily of
marl, gypsum, and evaporitic layers, together
with localized limestone and sandstone
formations such as the Aghajari and Bakhtiari
formations. Among these, the Gachsaran
Formation is particularly vulnerable to both
dissolution and mechanical erosion because of
its marl-rich composition and abundant
whereas

exhibit

comparatively greater resistance to erosional

gypsum and evaporite layers,

limestone and sandstone units

processes. The coexistence of unconsolidated

alluvial sediments at the surface and
mechanically weak marl-evaporite formations
in the  subsurface  increases  the
geomorphological susceptibility of the area
and plays a significant role in intensifying both
water- and wind-induced soil erosion
(Ebrahimzadeh et al., 2023).

In addition, the presence of major perennial
rivers, particularly the Karun River, together
with an extensive drainage network and the

occurrence of high-intensity rainfall events,

provides favorable conditions for accelerated
water erosion and sediment transport. Owing to
its high geomorphological sensitivity and the
diversity of erosion-controlling factors, the
selected area represents an appropriate natural
laboratory for investigating soil erosion
processes. The geographical characteristics and
relative and absolute location of the study area

in southwestern Iran are presented in Fig. 2.

2.2. Input data
In this study, a combination of SAR imagery,
optical imagery, soil texture characteristics
(sand, silt, and clay content), and topographic
variables (elevation and slope) were used as
inputs to the SVM classifier for soil erosion
susceptibility mapping.

The SAR dataset consisted of 62 Sentinel-
1A C-band 5.6
interferometric wide-swath  (IW)

(wavelength = cm)
images
acquired over Frame 11 (yellow rectangle in
Fig. 2) with a 24-day revisit interval between
November 13, 2015, and January 3, 2020. In
the IW acquisition mode, data were collected
over a 250-km swath width with a single-look
spatial resolution of approximately 5 m in the
slant-range direction and 20 m in the azimuth
direction. This acquisition mode employs the
Terrain Observation with Progressive Scans
(TOPSAR) technique, in which the scene is
imaged using three sub-swaths, designated
IW1 (lowest incidence angle) to IW3 (highest
incidence angle). Each sub-swath comprises
multiple bursts, which are subsequently

processed as individual SAR images. After
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Fig. 2. Geographic location of the study area in Khuzestan Province, Iran. The background of the map is a high-

resolution Google Earth image acquired in late 2020.

standard preprocessing, Sentinel-1 [W data are
provided as Level-1 single-look complex
(SLC) products containing both amplitude and
phase information, making them suitable for
InSAR applications (Soleimani et al., 2021).

The optical dataset comprised a 16-day
time series of Landsat 8§ Operational Land
Imager (OLI) bands 4 (red) and 5 (near-
infrared), with a spatial resolution of 30 m,
covering the period from November 2015 to
January 2020, which closely matches the
temporal coverage of the SAR dataset. These
data were used to derive the NDVI.

To

topographic information into the modeling

incorporate  soil  texture and

framework, SoilGrids data with a spatial

resolution of 250 m (Hengl et al., 2017) (Fig.
3) and the Shuttle Radar Topography Mission
(SRTM) Digital Elevation Model (DEM)
with a spatial resolution of 30 m (Rodriguez
et al., 2006) (Fig. 4) were used.

2.3. Interferometric SAR coherence

InSAR conventionally exploits SAR images
acquired over the same area from slightly
different satellite positions (i.e., successive
orbital passes) to generate DEM and monitor
ground deformation and surface changes. In
this technique, the phase difference between
two co-registered SAR acquisitions is used to
generate an interferogram, which represents

the phase variation associated with surface
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Fig. 3. Soil texture characteristics of the study area: (a) sand content, (b) silt content, and (c) clay content.
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Fig. 4. Topographic datasets of the study area: (a) elevation above mean sea level and (b) slope derived from the DEM.

changes occurring between the two
acquisition dates (Hanssen, 2002; Simons &
Rosen, 2007). One of the main products
derived from InSAR processing is the
coherence image, which is commonly used to
evaluate the quality of the generated

interferogram and is calculated using Eq. (1):

C_ E{SSy
JE(S,S1LE(S,S)}

Eq.(1)

where E {0} denotes the expectation
operator, and S; and S, represent two co-
registered complex SAR images. In practical
applications, assuming that S; and S, are
stochastic signals, the expectation operator is
approximated by the spatial average of pixels
within a moving window (Touzi et al., 1999).

Accordingly, Eq. (1) can be rewritten as Eq. (2):
1 L *
f Z 1=1 sl SZ

V=T - (L>1)
\/L(Z LSS )'I(Z S,S)

Eq.(2)
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where L denotes the number of samples
within the moving window. The coherence
coefficient (y) ranges from 0 to 1, where
lower values indicate weak coherence and
higher values indicate strong coherence.
Coherence behavior varies considerably
across different LULC types. Urban areas and
other stable man-made surfaces generally
exhibit consistently high coherence because
of their limited temporal variability. In
contrast, vegetated areas typically experience
coherence loss to

substantial owing

phenological changes and vegetation
dynamics over time (Soleimani et al., 2021).
Soil erosion processes induced by water or
wind involve the detachment, displacement,
and redistribution of surface soil particles,
which alter the physical characteristics of the
ground surface. These surface modifications
reduce the similarity between successive
SAR acquisitions and consequently lead to
coherence loss. Therefore, the temporal
analysis of InSAR coherence provides
valuable information for characterizing and
mapping
(Ebrahimzadeh et al., 2023).

Several error sources in InSAR processing

soil erosion processes

may obscure the surface-change signal

contained in the SAR phase observations and
consequently introduce noise into coherence
measurements, thereby reducing their
effectiveness for soil erosion modeling.
Among these, spatial and temporal
decorrelation are two of the most common

sources of coherence degradation. Spatial

decorrelation arises from differences in
imaging geometry between the master and
slave  acquisitions, whereas temporal
decorrelation results from changes in surface
properties and atmospheric conditions
between acquisition dates. These effects
frequently produce interferograms containing
extensive areas of low coherence (Papi et al.,
2020). The SBAS algorithm is one of the
most widely adopted approaches for
mitigating spatial and temporal decorrelation.
In this method, interferograms are generated
only from image pairs characterized by short
spatial baselines (typically <200 m) and short
temporal baselines, thereby improving
coherence and reducing decorrelation effects
(Berardino et al., 2003).

Because SAR images acquired at different
times are not perfectly aligned geometrically,
accurate co-registration to a common
reference image is essential before coherence
This

correspondence among all acquisitions and

analysis. step ensures pixel-level
enables a reliable assessment of temporal
surface changes. Accordingly, as illustrated
in Fig. 1, all SAR images were first co-
registered to a common reference geometry
using precise orbit information, together with
a DEM covering the study area. From the 62
SAR acquisitions, a total of 1,891 possible
image were considered

pairs initially

according to the combination rule ('21)
Applying the SBAS selection criteria yielded
95 interferometric pairs with spatial baselines

shorter than 200 m and temporal baselines not
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exceeding 72 days. The corresponding multi-

temporal coherence images were
subsequently generated using Eq. (2).
Because coherence reduction in InSAR

may result from a combination of factors,

including geometric inaccuracies, image
misregistration, atmospheric effects
(particularly  tropospheric water  vapor

delays), and genuine surface changes, a series
of

implemented to minimize these error sources

standard processing strategies was

and increase confidence that the observed

coherence variations primarily reflect

land
Specifically, the SBAS framework, together

physical changes at the surface.
with short spatial (<200 m) and temporal
(<72 days) baseline thresholds, substantially
reduced and

geometric temporal

decorrelation by retaining only highly
coherent interferometric pairs. Furthermore,
precise co-registration based on orbit
information and the DEM minimized image
misregistration errors. Coherence was also
estimated using spatial averaging within a
moving window, following the standard
InSAR which

suppresses speckle noise and improves the

approach, effectively

statistical stability of the coherence estimates.

Interferogram and coherence generation

were performed using the GMTSAR
software  package, which incorporates
adaptive  spectral filtering techniques,

including the Goldstein filter. These filters
are primarily designed to improve phase

quality and suppress speckle noise rather than

explicitly model or remove atmospheric
effects.
SBAS

framework inherently reduces the influence

delays, such as tropospheric

Nevertheless, the multi-temporal
of atmospheric noise because these effects
are largely random over time and are therefore
attenuated during temporal integration.
Although complete elimination of all InNSAR
error sources is not feasible, the combination of
these processing strategies substantially
improves the reliability of the coherence time
series, allowing the majority of the observed
coherence variations to be attributed with
greater confidence to actual physical changes

occurring at the Earth's surface.

2.4. Reference soil erosion data

Training the SVM classifier for soil erosion
susceptibility mapping requires reliable
reference data that represent different levels
of soil erosion within the study area. For this
purpose, the official soil erosion map of
Khuzestan Province, produced by the
Watershed
Management of
(FRWMO) based on field surveys and

empirical erosion models, was used as the

Forests, Rangelands, and

Organization [ran

reference dataset. The annual soil erosion rate
was classified into five categories. Assuming
that areas with higher erosion rates are more
susceptible to future soil erosion than areas
with lower erosion rates, these five erosion
rate classes were directly considered the five
soil erosion susceptibility classes used in this

study. Subsequently, a stratified random
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sampling strategy was employed to generate
the training and validation samples, with an
average of approximately 250 sample points
selected for each susceptibility class, while
ensuring an appropriate spatial distribution

across the study area (Fig. 5).

2.5. Support Vector Machine (SVM) classifier
The SVM, developed within the framework of
statistical learning theory, has been widely
adopted as a powerful machine learning
algorithm for solving complex classification

and regression problems. Originally designed

48°15'E 48°30'E

31°15'N 31°30'N 31°45'N 32°0'N

31°0'N

s ® s

48°45'E

MS ® HS @ VHS

as a supervised binary classifier, SVM seeks to
identify the optimal separating hyperplane that
maximizes the margin between two classes
(Vapnik, 2013). The training samples located
closest to the decision boundary, which
defines the optimal margin, are referred to as
support vectors (Kavzoglu et al., 2014).

In many remote sensing applications, the
input data are not linearly separable. To
address this limitation, SVM employs kernel
functions to map the original data into a
higher-dimensional feature space, where

linear separation can be achieved more

. Training

/\ Validation

Fig. 5. Training and validation samples were randomly selected from the reference soil erosion map of the study
area for SVM model development. A total of 200, 224, 200, 217, and 200 randomly distributed points were selected
for the very high susceptibility (VHS), high susceptibility (HS), moderate susceptibility (MS), susceptible (S), and

low susceptibility (LS) classes, respectively, as training samples (colored circles). In addition, 45 independent

validation points were randomly selected for each class (colored triangles).
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effectively (Cortes & Vapnik, 1995; Ren et al.,
2018). This capability enables SVM to model
complex nonlinear relationships  while
maintaining robust and reliable performance
(Pal & Mather, 2005; Mountrakis et al., 2011).

In this study, four widely used kernel
functions—linear, polynomial, radial basis
function (RBF), and sigmoid—were evaluated
both
relationships between the input variables and
To

optimize model performance, the parameters

to model linear and nonlinear

soil erosion susceptibility classes.
of each kernel were systematically tuned.
Because simultaneously optimizing all kernel
parameters would substantially expand the
search space and increase the computational
cost, only the most influential parameters
governing model performance were selected
for optimization. This strategy maintained
computational efficiency while avoiding
unnecessary model complexity. Accordingly,
the penalty parameter (C) and Gaussian
kernel width (y) were optimized for all
kernels. The parameter C controls the trade-
off between model complexity and
classification error, whereas y determines the
influence of individual training samples and
the flexibility of the decision boundary
(Smola & Scholkopf, 2004; Goel &
Srivastava, 2016). For the linear kernel, only
C was optimized, whereas the polynomial
degree (degree) was additionally tuned for
the polynomial kernel.

The optimal parameter values were

determined using a grid search combined

with five-fold cross-validation. The search
space was defined on a logarithmic scale
several

spanning orders of magnitude,

allowing comprehensive exploration of
candidate parameter values while reducing
bias associated with parameter selection
(Arlot & Celisse, 2010; Syarif et al., 2016).
Specifically, parameter C was evaluated over
the values 0.1, 1, 10, 100, and 1000. The y
parameter was tested at 0.001, 0.01, 0.1, and
1, while the polynomial kernel degree was
evaluated for 2, 3, 4, and 5. The final kernel
and its corresponding optimal parameter
values were selected based on the highest
classification performance achieved during

the cross-validation procedure.

2.6. Accuracy assessment

Accuracy assessment is an essential step in
evaluating the reliability of the thematic
maps. One of the most widely adopted
approaches for assessing the performance of
classification models is the confusion matrix,
which compares the predicted class labels
with the corresponding reference labels. In a
confusion matrix, correctly classified
samples are located along the main diagonal,
whereas off-diagonal elements represent
classification errors.

Among the evaluation metrics derived
from the confusion matrix, OA is the most
commonly reported indicator, expressing the
proportion of correctly classified samples
relative to the total number of validation

samples. Another widely used metric is the
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Kappa coefficient (KC), which provides a

more robust measure of classification
agreement by accounting for the agreement
expected by chance. Compared with OA, KC
offers a more comprehensive evaluation
because it considers both correctly and
incorrectly classified samples. In addition,
User's Accuracy (UA) and Producer's Accuracy
(PA) were calculated for each erosion
susceptibility class to quantify class-specific
classification performance (Jensen, 1996).
Accordingly, as illustrated in Fig. 5, 225
independent reference samples (45 samples
for each erosion susceptibility class) were
used to validate the generated soil erosion
susceptibility maps. The final accuracy
assessment was performed by constructing
confusion matrices and calculating OA, KC,

UA, and PA.

3. Results and discussion

3.1. Analysis of InNSAR coherence

A total of 95 coherence images corresponding
to different temporal intervals were generated
over the study area using the InSAR
processing workflow. The annual mean
coherence maps are presented in Fig. 6, which
clearly illustrates the spatial and temporal
variability of coherence throughout the study
period. Because only interferometric pairs
with high coherence and, consequently, short
temporal and perpendicular baselines were
selected, the effects of temporal decorrelation
associated with atmospheric variations and

spatial decorrelation caused by orbital

separation were minimized as much as
possible. Therefore, the observed coherence
patterns are expected to primarily reflect
actual changes in the physical characteristics
of the land surface. As shown in Fig. 6, areas
displayed in blue generally exhibit high
coherence values, indicating relatively stable
surface conditions throughout the observation

period. In contrast, the red-colored areas are

characterized by  substantially  lower
coherence values, reflecting pronounced
changes in the surface backscattering

properties over time.
The fundamental assumption underlying
InSAR

modeling is that soil erosion processes,

coherence-based  soil  erosion
through the detachment and displacement of
surface soil particles, reduce the temporal
coherence of SAR image pairs. However, soil
erosion is not the only process that can cause
coherence loss. Highly dynamic LULC types,
particularly water bodies and vegetation
cover, exhibit low coherence because of their
rapid temporal variability (Amiri et al.,
2026).

temporal

Consequently, although multi-

coherence provides valuable
information on surface dynamics, it cannot
independently distinguish erosion-induced
changes from other sources of temporal
decorrelation. This limitation highlights the
of

environmental variables that are known to

necessity incorporating  additional

influence soil erosion. Accordingly, in

addition to InSAR coherence, the present

study integrated key environmental drivers,
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0.98

Fig. 6. Annual mean InSAR coherence maps were derived from the processing of the Sentinel-1 time-series dataset.

including vegetation dynamics, soil texture
characteristics, and topographic factors, into
the modeling framework.

Fig. 7 presents the monthly mean NDVI
maps for the period from 2015 to 2020 over
the study area. The generated maps reveal the
spatial distribution of vegetation through a
range of blue color tones. Natural vegetation
exhibits relatively limited temporal variation
compared to  managed  vegetation,
particularly agricultural lands. Accordingly,
the sugarcane agro-industrial complexes
located north and south of Ahvaz show
substantially greater seasonal variability than

other vegetated areas within the study region.

In contrast, water bodies and moist soils are

represented by brown to yellow color tones.
To capture seasonal vegetation dynamics,

NDVI

incorporated into the SVM classifier as 12

the monthly time series was

input layers, along with the remaining
As

previously, vegetated areas and water bodies

environmental variables. discussed
exhibit considerable temporal variability,
which is reflected by the high variance and
reduced coherence in InSAR observations.
However, pronounced temporal changes in
coherence do not necessarily indicate severe
soil erosion. Integrating the NDVI time series

into the classification framework enabled the
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model to distinguish vegetation-induced
coherence variations from those associated
with soil erosion processes.

It should be noted that the objective of
incorporating the NDVI time series in this
study was to use it as an auxiliary predictor for

separating the effects of surface cover—

o

R Aver

-0.77

particularly vegetation, water bodies, and
agricultural land—from the InSAR coherence
signal. Rather than being employed to mask or
exclude specific LULC types, NDVI was
introduced as one of the input features to the
SVM classifier alongside other environmental
variables. This enabled the algorithm to

age NOVI

0.86

Fig. 7. Monthly mean NDVI derived from the Landsat 8 OLI multispectral time series for the 2015-2020 study period.
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distinguish coherence variations caused by

dynamic non-soil surface covers from
patterns associated with geomorphological
processes and soil erosion. In this context,
NDVI serves as a controlling variable within
the data-driven modeling framework,
improving the model's ability to account for
seasonal variability and LULC heterogeneity
without requiring any manual masking or

rule-based exclusion of specific areas.

3.2. Soil erosion susceptibility mapping
For SVM implementation, 112 input features
were used, including 95 InSAR coherence
images, 12 monthly mean NDVI images,
three soil texture variables, and two
topographic variables. The generated training
samples were used to train the SVM classifier
to identify the optimal decision hyperplane
for discriminating among the predefined soil
erosion susceptibility classes. During the
training process, the relationships between
the 112-dimensional feature space and
susceptibility classes were modeled using
four kernel functions—linear, polynomial,
RBF, and sigmoid. For each kernel, the
optimal  parameter combination was
determined through grid search coupled with
cross-validation, and the corresponding
optimized hyperplane was fitted to the
training data. The optimized models were
subsequently used to generate soil erosion
susceptibility maps for each kernel (Fig. 8).
As illustrated in Fig. 8, the different kernel

functions produced noticeably different

spatial patterns of predicted soil erosion
susceptibility. These differences reflect the
varying capabilities of the kernels in
capturing the underlying relationships in the
multidimensional feature space. In particular,
the distinct susceptibility patterns highlight
the influence of kernel selection on modeling
the complexity and nonlinearity of the input
variables, leading to different representations

of erosion susceptibility across the study area.

3.3. Validation of the soil erosion susceptibility
maps

To evaluate the accuracy of the soil erosion
susceptibility maps
optimized SVM kernels (Fig. 8), the OA, KC,

UA, and PA metrics were calculated based on

generated using the

the confusion matrix. The confusion matrices,
constructed using independent validation
samples and their corresponding predicted
classes in the generated susceptibility maps,

are presented in Tables 1-4.

The accuracy assessment results
demonstrated that the RBF kernel (Table 3)
outperformed the other kernels in

discriminating and mapping the different soil
erosion susceptibility classes. In contrast, the
exhibited the

performance.

lowest
The

approximately 28% difference in overall

sigmoid  kernel

classification

accuracy between the RBF and sigmoid
kernels highlights the substantial influence of
kernel selection on the performance of the
InSAR
susceptibility mapping. A summary of the

coherence-based  soil  erosion

Iranian Journal of Remote Sensing &GIS
Vol. 18, No. 2, Summer 2026

131



Soil Erosion Susceptibility Mapping Using ... Masoud Soleimani and et. al.

confusion matrix results, including the presented in Fig. 9 to facilitate comparison of

overall accuracy and Kappa coefficient, is the overall performance of the different

kernel functions.

Soil erosion susceptibility class
A VHS a HS &7 mS 47 S LS

Fig. 8. Soil erosion susceptibility maps generated using different SVM kernels: (a) linear kernel, (b) second-
degree polynomial kernel, (¢) RBF kernel, and (d) sigmoid kernel.

Table 1. Confusion matrix for the accuracy assessment of the soil erosion susceptibility map generated using the

optimized linear kernel

Error Ground reference classes (pixel) Accuracy assessment

matrix VHS HS MS S LS UA (%) PA (%) OA (%) KC (%)
%x; VHS 39 5 0 0 0 88.64 86.67
% HS 5 36 3 3 3 72.00 80.00
g MS 1 2 32 3 9 68.09 71.11 72.44 65.56
R o 0 3 32 9 72.73 7111
E LS 0 2 7 7 24 60.00 53.33

VHS: Very High Susceptible; HS: High Susceptible; MS: Moderate Susceptible; S: Susceptible; LS: Low
Susceptible; UA: User Accuracy; PA: Producer Accuracy; OA: Overall Accuracy; KC: Kappa Coefficient.
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Table 2. Confusion matrix for the accuracy assessment of the soil erosion susceptibility map generated using the

optimized second-degree polynomial kernel.

Ground reference classes (pixel) Accuracy assessment

Error matrix

VHS HS MS S LS UA (%) PA(%) OA (%) KC (%)
2 VHS 40 5 0 0 0 88.89 88.89
g . HS 5 36 1 2 1 80.00 80.00
-§ 2 MS 0 36 3 8 72.00 80.00
5 2
5 = S 0 0 1 37 5 86.05 82.22 80.00 75.00
0]
& LS 0 7 3 31 73.81 68.89

Table 3. Confusion matrix for the accuracy assessment of the soil erosion susceptibility map generated using the

optimized RBF kernel.

Error Ground reference classes (pixel) Accuracy assessment

matrix VHS HS MS S LS UA (%) PA (%) OA (%) KC (%)
3 VHS 40 5 0 0 0 88.89 88.89
s _ HS 5 35 1 2 1 79.55 77.78
= IMS 0 3 36 3 7 7347 80.00
% < S 0 1 2 37 4 84.09 82.22 80.44 75.56
ngi) LS 0 1 6 3 33 76.74 73.33

Table 4. Confusion matrix for the accuracy assessment of the soil erosion susceptibility map generated using the

optimized sigmoid kernel.

Error Ground reference classes (pixel) Accuracy assessment

matrix VHS HS MS S LS UA (%) PA (%) OA (%) KC (%)
3 VHS 40 8 3 2 0 7547 88.89
& _ HS 5 18 6 18 9 32.14 40.00
'§ E_I MS 0 2 19 0 8 65.52 42.22
E < S 0 1 2 18 6 66.67 40.00 52.00 40.00
E LS 0 16 15 7 22 36.67 48.89

Sigmoid

RBF

Polynomial

Linear

mOA (%) mKC (%)

Fig. 9. The overall performance of the different SVM kernels for soil erosion susceptibility mapping was

evaluated using the overall accuracy (OA) and Kappa coefficient (KC).
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3.4. Analysis of the role of environmental
factors in soil erosion susceptibility patterns

A spatial overlay analysis between the soil
erosion susceptibility map produced by the
optimized RBF kernel (Fig. 8c) and the
environmental variables indicates that the
predicted susceptibility patterns are closely
associated with soil texture (Fig. 3) and
topographic characteristics (Fig. 4).

From a pedological perspective, the
results show that a substantial proportion of
the high (HS) and very high (VHS)
susceptibility classes coincide with areas
characterized by relatively higher sand
content, whereas areas with higher silt and
clay contents are predominantly associated
with the low-to moderate-susceptibility
classes. This pattern reflects the dual role of
soil texture

in controlling the erosion

processes. Under certain conditions, an

increase in sand content can reduce
interparticle cohesion and enhance the
mobility of surface particles, thereby
increasing erosion susceptibility. In contrast,
relatively high proportions of silt and clay
promote greater structural cohesion and
particle retention, which can reduce the
relative susceptibility to erosion at the
regional scale.

From a topographic perspective, the high-
classes primarily

susceptibility were

concentrated in areas with moderate to
relatively steep slopes, confirming the critical
role of slope in increasing runoff energy and

intensifying soil particle detachment and

transport. Conversely, areas with gentle
slopes were largely classified within the low
susceptibility classes (LS and S) (Fig. 8c),
indicating their relatively greater stability
against both water- and wind-induced
erosion. The spatial distribution of the
susceptibility classes further suggests that
elevation alone does not exhibit a direct linear
relationship with erosion susceptibility;
instead, its influence is expressed mainly
through its control on local slope gradients
and geomorphological conditions. Overall,
the close agreement between the model
and these independent physical

that the RBF-

outputs
variables ~demonstrates
optimized SVM model, which integrates
InSAR coherence data with environmental
parameters, not only achieved strong statistical
performance but also successfully captured the
well-established physical controls governing
soil erosion processes, thereby strengthening
the credibility of the results.

The findings of this study are consistent
with previous investigations conducted in the
which identified

topographic factors—particularly slope—as

study area, likewise
key controls on the intensity and spatial
distribution of soil erosion (Ebrahimzadeh et
al., 2023). Similarly, the observed pattern
regarding the influence of soil texture
indicates that erosion susceptibility depends
not only on the relative proportions of sand,
silt, and clay, but also on the interaction of
these properties with hydrological conditions

and topographic gradients. This behavior is
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consistent with previous studies reporting
that the influence of soil texture on erosion is
nonlinear and strongly conditioned by the

surrounding environment.

3.5. Limitations and future research

Although the results of this study
demonstrate the effectiveness of integrating
multi-temporal InSAR coherence with

optical and environmental variables for soil

erosion susceptibility mapping, several

should be

acknowledged, as they may influence the

methodological  limitations
interpretation of the results of this study. One
of the primary limitations is the absence of
direct hydrological and climatic variables,
particularly  precipitation and rainfall
erosivity indices (R factor). In classical soil
erosion models, such as the USLE and
RUSLE, rainfall erosivity is recognized as
one of the principal factors controlling soil
erosion rates (Panagos et al., 2015; Alewell et
al., 2019). However, the exclusion of these
variables from the proposed framework
primarily reflects the data-driven nature and
methodological objective of this study, which
was to evaluate the capability of InSAR
coherence data to discriminate dynamic
surface changes associated with soil erosion.
Accordingly, rather than attempting to
explicitly reproduce the physical processes
governing erosion, the proposed framework
was designed to identify learnable statistical
and spatiotemporal patterns from multisource

datasets. Furthermore, part of the hydrological

and climatic influence is indirectly reflected
in the temporal dynamics of vegetation
(NDVI) and the variability of InSAR
coherence, as both variables are sensitive to
changes in surface moisture, seasonal
conditions and land surface dynamics.

From a data perspective, another major
challenge was the lack of rainfall datasets
with spatial and temporal resolutions
consistent with those of the Sentinel-1 and
Landsat-8 observations. In recent years,
climate reanalysis products, such as ERAS
(Hersbach et al., 2020) and satellite-based
precipitation datasets, such as CHIRPS (Funk
et al., 2015), have become widely used
sources for deriving precipitation variables.
Nevertheless, integrating these datasets with
InSAR

observations

and optical remote sensing

requires extensive
preprocessing, including spatial downscaling
and temporal alignment, which was beyond
the scope of the present study.

Despite these limitations, the results
indicate that integrating InSAR coherence
with topographic variables, soil texture
characteristics, and vegetation indices can
successfully capture meaningful spatial
patterns of soil erosion susceptibility in the
study area. These findings are consistent with
recent studies highlighting the value of multi-
source datasets for improving machine
learning models in soil erosion assessment
(Arabameri et al., 2020; Borrelli et al., 2020).

Future research should explore hybrid

frameworks that combine process-based

Iranian Journal of Remote Sensing &GIS
Vol. 18, No. 2, Summer 2026

135



Soil Erosion Susceptibility Mapping Using ...

Masoud Soleimani and et. al.

models such as the RUSLE with data-driven

approaches. In particular, incorporating
rainfall erosivity factors derived from ERAS
or CHIRPS, alongside machine learning
algorithms and InSAR observations, has the
potential to improve the accuracy,
generalizability, and interpretability of soil
erosion susceptibility models. Furthermore,
integrating physically based models with
artificial  intelligence  techniques may
represent an important step toward reducing
uncertainty in soil erosion modeling at both
regional and global scales.

In addition, this study relied exclusively
on InSAR coherence as the radar-derived
input feature, whereas SAR imagery provides
access to a broader range of advanced
information products. Future studies could
incorporate SAR polarimetric features and
target decomposition parameters to provide
complementary information on the physical
and structural characteristics of the land
surface. Owing to their sensitivity to the
scattering behavior of surface targets under
different polarization states, these features
may improve the discrimination of LULC
types, facilitate the detection of structural
changes in the soil surface, and enhance soil
erosion modeling. Consequently, integrating
SAR polarimetric features with InSAR
coherence and other environmental variables
may further improve both the predictive
performance and interpretability of soil

erosion models in future research.

4. Conclusion
This study evaluated the potential of Sentinel-
1 interferometric synthetic aperture radar
(InSAR) coherence data for soil erosion
susceptibility mapping through an integrated
machine learning framework. To this end, a
five-year SAR time series was processed to
generate multi-temporal InSAR coherence
maps, which were subsequently combined
with the normalized difference vegetation
index (NDVI), soil texture characteristics, and
topographic variables as input features for a
support vector machine (SVM) classifier. The
results demonstrated that the spatiotemporal
variability of InSAR coherence provides
land

dynamics and areas susceptible to soil erosion,

valuable information on surface
particularly where structural changes and the
displacement of surface soil particles lead to a
progressive loss of coherence over time.

The findings further indicate that relying
solely on InSAR coherence may introduce
ambiguity in the interpretation of erosion
patterns because coherence is highly sensitive
to vegetation dynamics, surface moisture, and
water bodies. Integrating InSAR coherence
with multi-temporal NDVI and environmental
variables effectively distinguished erosion-
related changes from other sources of land-
surface dynamics, thereby improving the
of the

integration of InSAR

overall  performance model.

Collectively, the
coherence, optical data, and environmental
variables established a robust framework for

modeling soil erosion susceptibility.
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The performance evaluation of different
SVM kernels revealed that kernel selection
substantially influences the accuracy of soil
erosion susceptibility mapping. Among the
evaluated kernels, the radial basis function
(RBF) achieved the highest performance,
with an overall accuracy of 80.44% and a
Kappa coefficient of 75.56%, whereas the
yielded the
accuracy. These

highlight the superior capability of the RBF

sigmoid  kernel lowest

classification results
kernel in modeling the complex nonlinear
relationships among the multisource datasets
employed in this study.

Overall, the findings underscore the
considerable potential of InSAR coherence
for soil erosion studies and demonstrate that
it can serve as a valuable complementary
source of information alongside conventional
remote sensing data and environmental
variables. The proposed framework is
particularly suitable for arid and semi-arid
environments, where field-based monitoring
of soil erosion is often constrained by
logistical,  temporal, and  economic
limitations; therefore, it offers a practical tool
for land monitoring and management.

Although the
produced encouraging results, this study

the

proposed  framework

primarily focused on evaluating
capabilities of InSAR coherence and data-
driven machine learning approaches for soil
erosion susceptibility mapping. Future
research should incorporate climatic and

hydrological variables, such as precipitation,

runoff, and rainfall erosivity, within hybrid
frameworks that combine process-based
models with artificial intelligence techniques.
In addition, integrating climate reanalysis
datasets,  satellite-derived  precipitation
products, and SAR polarimetric information
with multi-temporal InSAR coherence has
the potential to further enhance the accuracy,
generalizability, and interpretability of soil
erosion models across regional and broader

spatial scales.
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