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Abstract
Erosion causes significant damage to life and nature every year; therefore, controlling erosion is of great importance. There-
fore, maintaining the balance between soil, plants, and water plays a vital role in controlling erosion. Aim of this study was to 
estimate some erodability parameters (structural stability index—SSI, aggregate stability—AS, and erosion ratio—ER) with 
indices and reflectance obtained via TripleSat satellite imagery using machine learning algorithms (support vector regres-
sion—SVR, artificial neural network—ANN, and K-nearest neighbors—KNN) in Samsun Province, Vezirköprü, Türkiye. 
Various interpolation methods (inverse distance weighting—IDW, radial basis function—RBF, and kriging) were also used 
to create spatial distribution maps of the study area for observed and predicted values. Estimates were made using NDVI, 
SAVI, and ASVI indices obtained from satellite images and NIR reflectance. Accordingly, the ANN algorithm yielded the 
lowest MAE (2.86%), MAPE (9.46%), and highest R2 (0.82) for SSI estimation. For AS and ER estimation, SVR had the 
highest predictive accuracy. Given the RMSE values in spatial distribution maps for observed and estimated values (SSI 
7.861–7.248%, AS 14.485–14.536%, and ER 4.919–3.742%), the highest predictive accuracy was obtained with kriging. 
Thus, it was concluded that erosion parameters can be successfully estimated with reflectance and index values obtained from 
satellite images using SVR and ANN algorithms, and low-error distribution maps can be created using the kriging method.
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Introduction

Soil is viewed by most people as a production material, 
whereas scientists define it as a dynamic being that lives 
and sustains (Saygin et al. 2019a). Erosion is defined as the 
abrasion, decomposition, transport, and accumulation of 
soils, all of which occur as soils move from one environ-
ment to another. Erosion is the most significant type of land 
degradation that limits the sustainable use of soil and water 
resources (Lal 1988; Ozdemir et al. 2018). Erosion physi-
cally moves the topsoil, which is rich in nutrients, organic 
matter, and soil microorganisms, decreasing its productiv-
ity (Dabral et al. 2016). Given its climate and topographic 
conditions, Turkey has a high tendency for erosion (Kanar 
and Dengiz 2015). The slope factor has a particularly high 
impact on erosion. The Black Sea region of Türkiye with 
sloping lands experiences heavy rainfall every year, and this 
destruction of vegetation breaks the soil’s resistance to abra-
sion, exposing it to erosion (Saygin et al. 2019b).

Particularly resulting from human activities, erosion 
causes an irreversible loss of soil function, which takes the 
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soil centuries to achieve (Saygin et al. 2019b). The severity 
of erosion is based on climate, topography, soil, and land 
use (El-Swaify 1997). Hence, soil degradation due to pre-
cipitation and wind erosion is a natural, geomorphological 
phenomenon that poses a serious problem for the ecosys-
tem. In addition to natural causes, this process is intensi-
fied and accelerated by human-induced degradation, nega-
tively affecting the quality of the environmental ecosystem. 
Research indicates that soil erosion—which includes chemi-
cal, physical, and biological degradation, excess salts, wind, 
and water erosion—is a crucial part of land degradation, 
which results in environmental issues (Luleva et al. 2012). 
Thus, playing a leading role in agricultural production, soil 
loses its productive capacity and cannot fulfill its other func-
tions in the ecosystem. Thus, soil erosion negatively impacts 
the environment by reducing soil fertility and damaging 
agricultural lands and land topography (Rodrigo-Comino 
et al. 2018). The same amount of precipitation falling on 
different soil properties may cause different rates of frag-
mentation, abrasion, and sedimentation (Askin et al. 2016). 
Erosion estimates are made based on various models (Saini 
et al. 2015); research also investigates some parameters to 
evaluate erosion susceptibility, including aggregate stability, 
dispersion rate, erosion rate, clay rate, and structural stability 
of soils (Alaboz et al. 2021).

In order to detect, investigate, assess, and estimate soil 
erosion, remote sensing (RS) with a geographic information 
system (GIS) provides crucial information about the dynam-
ics and intensity of erosion over time and space. (Wang and 
Shao 2013). Technological advances in computers, such as 
image processing, Global Positioning System (GPS), and 
GIS, are effective tools for processing spatial data, soil, 
precipitation, temperature, etc., and socioeconomic data at 
different scales, for making integrated analysis of a region’s 
resources, and for finding optimum solutions for a range of 
problems (Venkataratnam and Sankar 1996). Recent stud-
ies have shown that satellite spectral data (band ratios, band 
transforms, and spectral band) and vegetation indices with 
area measurements correlate well with soil properties (Lu 
2006; Viana et al. 2012; Bulut et al. 2022). Yaghouti et al. 
(2019) calculated the NDVI, SAVI, LAI, DVI, and RVI indi-
ces using RGB and NIR band values obtained from Landsat 
7ETM + and estimated high-yield rice fields. Another study 
calculated the NDVI, EVI, ARVI, SAVI, VARI, and NDWI 
indices using MODIS satellite image band values and esti-
mated the volumetric soil water content in the root zone of 
annual grasslands and oak savannas (Liu et al. 2008). These 
approaches indicate correlations between index and band 
values and soil properties.

A number of recent studies have used pedotransfer func-
tions, to try and determine the properties of soil using 
various other physical and chemical characteristics. These 
algorithms include artificial neural networks (Yamaç et al. 

2020), support vector regression (Saygın et al. 2023), ran-
dom forests (Gunarathna et al. 2019) and K-nearest neigh-
bors (Alaboz et al. 2021). Machine-learning algorithms 
are widely used to transform the complex and multivariate 
structure of soil and earth science problems into solutions 
(Shahin 2016; Abedini et al. 2019). There are numerous 
studies on estimating soil erosion using machine-learning 
algorithms (Kashani et al. 2020; Sahour et al. 2020). Using 
the CART algorithm, Alaboz et al. (2021) were able to suc-
cessfully estimate the USLE-K factor and aggregate stabil-
ity from decision trees. Saygin et al. (2021) estimated ero-
sion susceptibility with a MAPE value of 5.76% using the 
random forest algorithm. Other authors have successfully 
determined soil properties with low error rates using spectral 
reflectance, indices, and reflectance data (Mishra et al. 2022; 
Garosi et al. 2019). The different error rates for different 
regions and soils in these studies reveal the dynamic charac-
teristics of soil (Alaboz and Isildar 2019). Hence, these stud-
ies should be conducted and investigated on a regional basis.

The present research aimed to (i) investigate some ero-
sion susceptibility parameters of a 6018.2 ha study area in 
Samsun, Vezirkopru, (ii) estimate AS, SSI, and ER proper-
ties with NDVI, SAVI, and ASVI indices and band reflec-
tance values calculated from TripleSat satellite image band 
(Red, Green, Blue, and NIR) values using various machine 
algorithms (SVR, ANN, K-NN) and evaluate the accuracy 
of these estimations, and (iii) evaluate the spatial distribu-
tions of actual and estimated data. Evaluation of the predict-
ability of erosion sensitivity parameters with different algo-
rithms. Creating spatial distribution maps with estimated 
values reveals the originality of this study. Forecast models 
are applied in many studies, but in this study, an integrated 
evaluation is made with different geostatistical approaches. 
This constitutes the novelty of the study.

Materials and methods

Description of the study area

The study area is located within Samsun province, Vezirko-
pru, in the Central Black Sea Region of Türkiye, between 
coordinates 710,400–712,400 E and 4,549,000–4,552,000 
N (WGS-84, Zone 36N, UTM-m) (Fig. 1).

The study area covers 6018.2 ha with an average altitude 
ranging from 486 to 720 m above sea level. The area mostly 
consists of steep lands, with some slight sloping lands in the 
eastern, northeastern, and southeastern parts (Fig. 2). This 
area is mostly used for dry farming and pasture lands.

In terms of climatic conditions, Vezirköprü is classi-
fied between the humid, temperate climate of the Black 
Sea coastal zone and the continental climate of the inland 
regions. The area experiences colder winters and warmer 
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Fig. 1   Location of the study area

Fig. 2   Slope, aspect and DEM maps of the study area
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summers than the coast. The region has 12.5 °C annual aver-
age temperature and 724.5 mm of yearly average precipita-
tion. The Newhall simulation model indicates that the soils 
in Vezirkopru exhibit a xeric moisture regime (in subgroup 
typical Xeric) in semi-arid zones and a mesic soil tempera-
ture regime (Van Wambeke 2000; Turan et al. 2018).

Material

During this study, soil samples were disturbed at a depth of 
0–30 cm from 59 points in the study area (200 m × 200 m) 
(Fig. 3). First, the samples were separated from their coarse 
particles in the laboratory and passed through a 2-mm sieve. 
The procedures for analyzing soil samples are displayed in 
Table 1.

Satellite images and their properties

Band separations were made using an image from the Tri-
pleSat satellite. The TripleSat satellite image's technical 
specifications are displayed in Table 2.

The date of the TripleSat satellite image is June 4, 2018. 
It has five bands with spatial resolutions of 0.8 and 3.2 m, 
respectively, including panchromatic and multispectral 
bands. The satellite photographs have a temporal resolution 
of 97.7 min and a stripe width of 23.4 km. It was calcu-
lated that the index and reflectance values of the terrestrial 
points were in two stages. In the first stage, we performed 
atmospheric corrections and calibrated the TripleSat satel-
lite image using QGIS Desktop 3.8.1 software. In this way, 
atmospheric errors were removed from the satellite image, 
and reflectance images were obtained. In the second stage, 
each band was converted into a “vector” layer (ArcGIS 
Desktop 10.7.1). The boundaries of the sample points were 
determined with these vector transformations. The layer of 
average reflectance values was converted to "raster" data 
(zonal statistic). It was created NDVI, SAVI, and ASVI 
index maps were created using the band (Red, Green, Blue, 
and NIR) reflectance values of each sample area and the 
“zonal statistics” command for each sample point to obtain 
the index values.

Estimation models

In the current study, it was estimated some soil erodability 
parameters (aggregate stability, structure stability index, and 
erosion rate) were estimated with NDVI, SAVI, and ASVI 
indices and NIR band reflectance values obtained from a Tri-
pleSat satellite image using various machine-learning algo-
rithms (support vector machine, artificial neural network, 
and K-nearest neighbors). In the models, NDVI, ASVI, 

Fig. 3   Soil sampling pattern in the study area

Table 1   Soil analysis and used literature

Analysis References

Soil texture (clay, silt, sand—(%) Bouyoucos (1951)
Organic matter—(%) Jackson (1958)
Structural stability index—(%) Atalay (2006)
Erosion ratio—(%) Ngatunga et al. (1984)
Aggregate stability—(%) Demiralay (1993)
Electrical conductivity—(µmhos cm−1) Richards (1954)

Table 2   Technical properties of TripleSat satellite image

Bands Electromagnetic area Wave length (nm) Spatial 
resolution 
(m)

B1 Blue (B) 440 – 510 3.2
B2 Green (G) 510 – 590 3.2
B3 Red (R) 600 – 670 3.2
B4 Near infrared (NIR) 760 – 910 3.2
B5 Panchromatic - 0.8
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SAVI, and NIR features were used as input data, while AS, 
SSI, and EO features were used as output.

Support vector regression

Support vector machines (SVMs) are algorithms for super-
vised machine learning that are employed in regression 
analysis and classification. Based on the kind of data, the 
algorithm employs kernel functions to estimate both lin-
ear and nonlinear classification operations. SVM modeling 
aims to identify the hyperplane that provides the maximum 
margin by partitioning vector sets with categorical states on 
one side of the plane and variables on the other (Cortes and 
Vapnik 1995). As a result, the SVM is an N-dimensional 
dataset to identify the optimal classification hyperplane. The 
reference points, or support vectors, are used to draw this 
hyperplane. Smola and Schölkopf (2004) note that SVM 
does not always have a linear plane, despite the fact that 
finding hyperplanes in linear planes is much simpler and this 
line helps us to make classifications. In the case of nonlin-
ear planes, the data are given an extra dimension; thus, the 
hyperplane that will separate the classes can be determined. 
The kernel function can help transform a nonlinear problem 
into a linear problem. In the current study, it was used sup-
port vector regression (SVR) and a radial basis function as 
the kernel function (Ballabio 2009). Because a radial basis 
classification is nonlinear, it moves the sample into a higher-
dimensional space. For estimation, the R software's "e1071" 
and "Caret" packages were utilized. In addition, we applied 
a fivefold cross-validation to the dataset.

Artificial neural network

Multi-layer sensors, an input layer, one or more intermediate 
layers, and an output layer make up artificial neural networks 
(Cakir 2019). The model output layer is the third layer, the 
hidden intermediate layer is the second, and the model input 
layer is the first. For estimations with ANNs, it was used 
the feed-forward back propagation technique and the 4:10:1 
architecture of the Levenberg–Marquardt algorithm (LM), 
which is a different learning algorithm. For ANN estima-
tions, it was used the “nntool” package in the MATLAB 
software. In ANNs, 70% of the dataset was used to create the 
model, 15% for validation, and 15% for testing.

K‑nearest neighbors

The K-nearest neighbors algorithm determines the class where 
the data point is located and the K value of the nearest neigh-
bor. The K value indicates the number of nearest observations 
required to estimate the new observation. Euclidean distance 
is most often used as the neighbor distance (İlarslan 2016). 
K-NN is used for classification and regression in supervised 

learning. MATLAB software was used to estimate the K-NN 
algorithm. Additionally, fivefold cross-validation was applied 
to the dataset and the K value was set to 6.

A Taylor diagram was also used to evaluate the actual 
and forecast data using the “chron, lattice, ggplot2, plotrix, 
graphics” packages in the RStudio software. The diagram is 
shown in Fig. 4. In addition, mean absolute error (MAE), the 
root mean square error (RMSE), mean absolute percentage 
error (MAPE), and coefficient of determination (R2) features 
were analyzed in order to assess the prediction accuracy of 
the models.

Interpolation analysis and creation of spatial 
distribution maps

Using soil samples taken from coordinates in the grid system 
at 200-m intervals, spatial distribution maps were produced for 
SSI, AS, and ER analysis results using interpolation models. 
While creating these spatial distribution maps for the values 
derived from the models of estimation, various interpolation 
models were used in the ArcGIS 10.5v software. Before creat-
ing the maps, data that did not show normal distribution were 
transformed according to their characteristics. Inverse distance 
weighting (IDW), radial basis function (RBF), and kriging 
methods were used to create the maps, and the approach with 
the lowest RMSE was identified.

The estimated value from each grid data point is selected 
in the IDW approach to decrease with increasing distance 
from the current point. The most accurate result is obtained 
when the distance power is set to 1, as this power is weak 
for datasets with low coefficients of variation (CV); for those 
datasets, it can be set to 2 or 3. (Gotway et al. 1996). RBF 
is another method for interpolating multidimensional data, 
often used to estimate difficult-to-predict points or those 
with limited data (Taşan and Demir 2017). The biggest 
advantage of RBF is that it involves few restrictions and can 
therefore be used comfortably in any size (Wright 2003).

Semivariograms are used to calculate the distance in 
the kriging method. To reduce the estimate's mean squared 
error, the weights are selected independently (Gotway et al. 
1996). Although kriging semivariograms are challenging to 
forecast and model, scientific research frequently finds this 
geostatistical method to be highly beneficial (Gotway et al. 
1996).

The workflow diagram of this study is shown in Fig. 5.

Results and discussion

Soil properties and descriptive statistics

Table 3 shows the basic descriptive statistics of the soil 
physicochemical properties. Accordingly, the sand content 
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of the soils varied from 17.56 to 63.83%, the silt content 
from 15.24 to 41.15%, and the clay content from 15.81 to 
51.91%. The clay loam (CL) group was dominant in the 
study area. 46.43% of the sampling points were clay loam 
(CL), 16.07% were sandy clay loam (SCL), 14.29% were 
clay (C), 12.50% were sandy loam (SL), 8.93% were loam 
(L), and 1.79% were silty clay loam (SiCL). The OM con-
tents of the soils ranged from 0.18 to 5.91%.

Aggregate stability values ranged from 19.95 to 78.02%. 
Aggregate size distribution and stability measurements are 
some of the significant elements that indicate soil qual-
ity (Ozdemir et al. 2015; Eraslan et al. 2016). In addition, 
aggregate stability is a crucial parameter regarding the inter-
nal resistance of soil aggregates to environmental factors 
that cause degradation (Hillel 1982; Saygin et al. 2019b). 
Aggregate stability affects the physical and chemical pro-
cesses of soils, including water movement in the soil, plant 
growth, and biological activity (Zhang and Miller 1996; 
Six et al. 2000; An et al. 2008). Aggregate stability is also 
inversely proportional to soil erosion tendencies.

In this study, the ER content of the soils ranged from 1.65 
to 24.65%, and SSI content from 13.2 to 52.25%. Kanar and 
Dengiz (2015) observed the DR, ER, AS, and erodibility 
properties of soils in the Madendere Basin and evaluated 
their erosion tendencies. In this present study, it was found 
that the ER values ranged from 37.81 to 86.30% and AS 
values ranged from 17.45 to 73.21%. Dabral et al. (2016) 

analyzed soil samples from areas under different land-use 
types in the northern Indian town of Nirjuli and found a 
dispersion rate of 15% and an erosion rate of 10%, reporting 
that the soils were highly erodible. Bryan (1968) defined the 
limit of the erosion rate as 10% for soils that are sensitive to 
erosion. In this study, it was evaluated that the erosion ten-
dency was high in regions where the erosion rate was above 
10%. Given the distribution of soil properties, the erosion 
ratio was the furthest from the normal distribution, whereas 
the other properties were close to the normal distribution.

Predictive accuracy of models

Table 4 lists the algorithms used to estimate the SSI, AS, 
and ER properties of soils and the estimation accuracy of the 
entire dataset. NDVI, SAVI and ASVI indices and NIR band 
reflectance values were taken into account in the estima-
tion of the models. Mohammadifar et al. (2021) investigated 
various machine-learning algorithms to estimate terrain 
susceptibility to water erosion hazards. The authors used a 
Landsat 8 image to extract three indices for soil, water, and 
vegetation, including MNDWI, NDVI, and SAVI. Using a 
boosted generalized additive model, they found the relative 
importance of NDVI and SAVI values to be higher than land 
use and soil texture. While estimating SSI, the lowest MAE 
(2.86%) and MAPE (9.46%) values and the highest R2 (0.82) 
were obtained using the ANN algorithm. However, while 

Fig. 4   Taylor diagram
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estimating AS and ER, SVR displayed the highest predic-
tive accuracy.

Given the values obtained from the estimation of SSI with 
ANN, the RMSE and SD values are given in the Taylor dia-
gram below (Fig. 6). The RMSE obtained for observed and 
estimated data was 3.82%, whereas the standard deviation 
was 7.86% for actual data and 8.25% for estimated data.

During AS estimating, the most successful algorithm was 
SVM. Figure 7 shows the Taylor diagram generated from 
these estimated values. The RMSE value obtained from 
AS estimation was 4.89%, and the standard deviation was 
14.72% for observed data and 12.63% for estimated data.

ER estimation was the most successful with the SVM 
algorithm. Figure 8 shows the Taylor diagram for the RMSE 
and SD values from these estimations. The RMSE value 
between the observed and estimated data was 2.40%, and 
the standard deviation was 3.68% for the observed data and 
4.76% for the estimated data.

Using the dataset obtained from the satellite image and 
band values, the SVR algorithm gave estimates with low 
error rates for AS and ER. SVR has also been shown to 
yield effective results and good predictive accuracy in pre-
vious research. Mishra et al. (2022) estimated the cation 
exchange capacity of soils for different land uses using 

Table 3   Descriptive statistics 
values of parameters

Variable Mean SD Minimum Maximum Skewness Kurtosis

Sand % 39.4 12.4 17.56 63.83 0.3 − 0.96
Clay % 32.07 8.48 15.81 51.91 − 0.11 − 0.64
Silt % 28.531 5.559 15.24 41.15 − 0.26 − 0.44
OM % 2.766 1.523 0.18 5.91 0.33 − 0.74
AS % 52.42 14.72 19.95 78.02 − 0.38 − 0.8
ER % 9.282 4.767 1.65 24.65 1.23 1.59
SSI % 31.62 8.65 13.2 52.25 0.2 0.01
NDVI 0.1725 0.2193 − 0.2114 0.4956 − 0.21 − 1.24
SAVI 0.2583 0.3285 − 0.3167 0.7423 − 0.21 − 1.24
ASVI 191.3 43.33 101.54 255.59 − 0.11 − 0.65
NIR 190.73 43.35 101 255 − 0.11 − 0.65

Table 4   The predictive accuracy of different algorithms

MAE MAPE R2

SSI ANN 2.86 9.46 0.82
SVR 5.98 24.45 0.68
KNN 7.89 35.45 0.52

AS ANN 5.88 25.62 0.68
SVR 3.78 7.50 0.89
KNN 8.41 44.33 0.33

EO ANN 6.01 36.45 0.54
SVR 2.04 27.73 0.75
KNN 8.12 49.52 0.41

Fig. 6   Estimation accuracy of SSI with ANN algorithm

Fig. 7   Estimation accuracy of AS using SVR algorithm
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various machine-learning algorithms. The authors reported 
successful results on small datasets using SVR. Vu Dinh 
et al. (2021) estimated the erodibility using fuzzy k-nearest 
neighbor (FKNN), ANN, SVM, least-squares support vector 
machine (LSSVM), and relevance vector machine (RVM) 
algorithms and found that the RVM model gave the most 
successful results in both training and testing phases. Garosi 
et al. (2019) used different machine-learning algorithms to 
create a susceptibility map for gully erosion in some parts 
of the Ekbatan Basin in western Iran. The authors concluded 
that the RF model displayed the highest efficiency, kappa 
coefficient, and AUC (92.4%) while yielding the lowest 
MAE and RMSE values.

Spatial distribution

The best techniques for interpolation are displayed in 
Table 5. Their RMSE values for the observed soil proper-
ties and the estimated data obtained from various algorithms 
using different interpolation methods. These interpolation 
methods consisted of 15 models, including the IDW, RBF, 
and kriging submodels, and the spatial distribution maps 
were produced considering the smallest RMSE values.

The Kriging method showed the lowest error rate con-
sidering the spatial distributions of the estimated and 

observed data. For the spatial variability of sand, silt, and 
clay contents, regression kriging yielded lower RMSE 
values than multilinear regression, according to Mitran 
et al. (2019). According to Seyedmohammadi et al. (2019), 
fuzzy logic and geostatistics were used to provide spatial 
variability in soil texture, and the kriging method produced 
distribution maps with an acceptable degree of accuracy.

Figure 9 shows the NDVI, SAVI, and ASVI maps pro-
duced by analyzing the TripleSat satellite image.

The soil-adjusted vegetation index (SAVI) is used very 
frequently in vegetation estimates because it gives results 
regarding soil moisture content compared with the NDVI 
(Ren et al. 2018). SAVI has also been used to evaluate 
vegetation growth in semi-arid regions because it is asso-
ciated with NDVI (Bannari et al. 1995; Hu et al. 2021). 
The atmospheric soil vegetation index (ASVI) is an index 
that can adjust soil brightness and atmospheric scattering; 
therefore, it gives more successful results than NDVI in 
estimating vegetation in areas with poor vegetation (Lopes 
et al. 2020). Therefore, ASVI is used more frequently than 
NDVI in regions with poor vegetation.

Among the machine algorithms evaluated in this study, 
the SVR model resulted in the closest values to reality. 
The map produced with SVR showed relatively reduced 
AS values toward the northern part of the study area, with 
a high rate of abrasion-resistant aggregates in the interior 
parts (Fig. 10).

Given the structural stability values (Fig. 11), ANN 
gave the highest values among the estimated models. The 
distribution map produced with ANN showed lower reflec-
tance values in the southern part of the area and higher 
reflectance values in the northwestern part.

Considering the erosion rate (ER) analysis, the SVR 
model gave the closest result to reality. According to the 
distribution map produced with SVR, the northern and 
northeastern parts of the area had relatively higher ER val-
ues, indicating higher susceptibility to erosion (Fig. 12).

Regarding the parameters investigated here, we 
observed a similar distribution pattern between the actual 
maps and those created by forecast data. A similar distri-
bution pattern was obtained because of the low error rates 
in the model.

Fig. 8   Estimation accuracy of ER with SVR algorithm

Table 5   Preferred models and 
RMSE values for interpolation 
analysis

Properties Determined mode RMSE Properties Determined mode RMSE

AS Kriging-ordinary-Gaussian 14.49 AS_SVM Kriging-simple-spherical 14.54
SSI Kriging-simple-spherical 7.86 SSI_ANN Kriging-simple-spherical 7.25
ER Kriging-universal-Gaussian 4.92 ER_SVM Kriging-ordinary-Gaussian 3.74
NDVI Kriging-simple-spherical 0.21 SAVI Kriging-simple-spherical 0.32
ASVI Kriging-ordinary-Gaussian 42.87
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Fig. 9   NDVI, SAVI, ASVI distribution maps

Fig. 10   Actual (left) and estimated (right) data of aggregate stability
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Conclusion

In the present study, a high-resolution satellite image was 
used to interpret erosion susceptibility analyses with ter-
restrial sampling, and estimations were made using vari-
ous machine-learning algorithms, thus achieving a high 
sensitivity for identifying areas susceptible to erosion. 
Therefore, the current study yielded positive outcomes 
for estimating erosion susceptibility parameters using 
machine algorithms. Among the algorithms analyzed here, 
SVR and ANN had relatively lower error rates. For distri-
bution maps, lower error rates were obtained by using the 
kriging method. The results of the current study reveal that 
ANN and SVR algorithms can make predictions with high 
accuracy by using index and reflectance features as input 
data. Among different interpolation methods, it has been 
shown that the distribution maps of the estimated values 
with the kriging method exhibit a pattern close to reality. 

It is determined that using it in other studies can be done 
safely. These kinds of maps can yield significant benefits 
at the national and international levels.

Determining the parameters that impact soil erosion and 
verifying them by terrestrial measurements is of critical 
importance for controlling and managing erosion, which 
is a major problem worldwide. With this research, we 
conclude that it is possible to make determinations and 
estimations for risks against sustainable land management 
using satellite images and algorithms, thereby preventing 
the dangers that may arise in advance. This study will be 
considered as a basis and will shed light on more compre-
hensive studies. In the next studies, the predictability of 
parameters that are difficult to determine, such as USLE-
K, will be examined with different algorithms, and it is 
planned to evaluate the autocorrelation of spatial maps 
with field controls.

Fig. 11   Actual (left) and estimated (right) data of structural stability index
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