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INTRODUCTION

Accurate soil parameter estimation is essen-
tial for land management, agriculture, and envi-
ronmental monitoring. Traditional soil analysis 
methods are labor-intensive, time-consuming, 
and have limited spatial coverage. The Laylan 
area in Kirkuk City, Iraq, poses challenges due 
to diverse soil types and varying climatic condi-
tions. Advanced remote sensing techniques, spe-
cifically C Band Synthetic Aperture Radar (SAR) 
images, can provide a more efficient and compre-
hensive solution.

Estimating and retrieving soil parameters 
from C-band synthetic aperture radar (SAR) 
images using parametric and textural analysis 
is challenging in remote sensing, as highlight-
ed by (Liao et al., 2013). The majority of cur-
rent approaches rely on costly, time-consuming 

ground-based measurements that are geographi-
cally constrained. These limitations, coupled with 
time constraints and depositional variability, make 
precise data collection and analysis of soil texture 
parameters difficult. Fields such as agricultural 
and environmental management heavily depend 
on fine-scale investigations of soil texture diversi-
ty (Liao et al., 2013). Ground measurements have 
traditionally been used to assess soil texture and 
water status. Still, they are deemed insufficient 
due to their cost, time consumption, and inability 
to monitor changes in soil moisture across space 
and time accurately. To increase the precision and 
breadth of soil observations for hydrological ap-
plications and water resource management, the 
scientific community has invested significantly 
in developing remote sensing products (Korres et 
al., 2015, Alexandridis et al., 2016). Over the past 
30 years, remote sensing techniques, as noted by 
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(Ge et al.,2011, Yu et al., 2018), have emerged 
as valuable tools for studying soil characteris-
tics and other earth resources. With its superior 
measurement capabilities, all-weather capability, 
penetrating capability, dielectric constant sensi-
tivity, roughness, wavelength, and polarization, 
microwave remote sensing has advantages over 
optical and hyperspectral sensors. Previous stud-
ies, such as those by (Chang et al., 2003), have 
shown that soil textural and hydraulic qualities 
can be efficiently studied using soil moisture 
content, temperature, and brightness. SAR has 
demonstrated promise in measuring and tracking 
surface soil properties, particularly in examin-
ing soil moisture and roughness (Srivastava et 
al., 2009, Holah et al., 2005). (RS) imaging has 
successfully estimated soil properties with high 
accuracy and speed (Salahalden et al., 2024).
The versatility and ability of SAR to penetrate 
all weather conditions make it useful for sur-
face soil moisture monitoring (Kornelsen and 
Coulibaly, 2013). Moreover, the study aimed to 
utilize radar data from the Sentinel-1 satellite to 
evaluate the effectiveness of radar indicators in 
classifying soil texture. This research integrates 
field measurements and satellite observations in 
the Laylan region of Kirkuk City, Iraq, utiliz-
ing SAR images, specifically Sentinel-1 C-SAR 
(VV, VH). The images are analyzed through 
parametric and texture analysis to classify soil 
content. Sensitivity analysis of several soil tex-
ture indicators is conducted, followed by clas-
sification using RF and ML algorithms. The 
primary aim is to develop and validate models 

that combine parametric and texture analysis of 
Sentinel-1 C-SAR images, thereby enhancing 
soil assessment accuracy in the Laylan region.

MATERIAL AND METHODS

Study area

The study area is located in the city of Lay-
lan, which is located inside the Kirkuk Governor-
ate in north-central Iraq (Figure 1). The Laylan 
coordinates extend from longitude 44° 20’ to 44° 
45’ and from latitude 35° 09’ to 35° 25’. The en-
tire area of Laylan is approximately 691 km2. It 
is of great economic importance because it is re-
nowned for oil production. It is located approxi-
mately 255 kilometers from the capital, Baghdad, 
and approximately 19 kilometers from Kirkuk. 
Within its boundaries lies the Kirkuk Cement 
factory. The Jambur anticline serves as the re-
gion’s southwestern boundary, while the Kirkuk 
structure defines the northeastern boundary. The 
southern and southwestern boundaries are delin-
eated by a transient watercourse named the Mam-
sha Stream, while the northwestern and western 
boundaries are demarcated by another temporary 
watercourse referred to as the Shireen Ephem-
eral Stream (Amin Beiranvand Pour, 2022). The 
elevation ranges from 243 meters to 402 meters 
in relation to sea level. (Amin Beiranvand Pour, 
2022). The study area consists of two parts: the 
first is near residential areas, and the second is 
near the bor structure.

Figure 1. Location map of the studied area
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Data used

Ground texture measurements

In this study, 13 soil samples at a depth of 30 
cm are extracted from the research location and 
its surrounding areas to observe the soil moisture 
and texture (Figure 2). The samples were collect-
ed on exposed surfaces to showcase the ability of 
the SAR data to achieve satisfactory outcomes. 
The handheld GPS gadget accurately determined 
the coordinates with a margin of error of ± 3.6. 
An HS-5001EZ instrument is used to measure the 
moisture density meter to determine the dry den-
sity and water content in the study area. On the 
other hand, the physical characteristics of the soil 
are extracted after drying the samples in a labo-
ratory oven at 100 degrees Celsius for 24 hours 
prior to laboratory analysis. 

To assess the soil’s texture, the soil samples 
with a diameter larger than 2 mm are removed, 
which represent the gravel fraction. We mea-
sured the sand, silt, and clay proportions of the 
soil samples using the hydrometer method, which 
relies on the rate of sediment settlement in a solu-
tion (Periasamy et al., 2021).

Satellite data (sentinel 1 SAR data)

The “Copernicus” program encompassed the 
launches of Sentinel-1A (S-1A) in April 2014 and 

Sentinel-1B in April 2016, with the primary ob-
jective of observing and monitoring the Earth’s 
surface for environmental monitoring applica-
tions (Bousbih et al., 2019). These satellites oper-
ate at the C band (5.26 GHz) frequency and utilize 
four distinct modes, including the interferometric 
wide swath (IW) mode, which is specifically de-
signed for land observations (Periasamy, 2018). 
The synthetic aperture radars (SARs) on these 
satellites enable data collection regardless of 
weather conditions, capturing images with polar-
izations such as VV, VH, HH, and HV (Bousbih 
et al., 2019). This investigation utilized data from 
the Sentinel-1 constellation acquired in early No-
vember 2023 in VV and VH polarizations. The 
data consisted of interferometric wide (IW) swath 
images with a wavelength of approximately 6 
cm. To process the data, we performed a series of 
steps, including thermal noise removal, geometric 
correction, speckle filtering, and radiometric cali-
bration, ultimately calculating the backscattering 
coefficient (Bousbih et al., 2019). The Character-
ization of Sentinel-1A image is detailed below, as 
illustrated in Figure 3.

Pre-processing for SAR imagery

Preprocessing methods have been employed 
to correct atmospheric and radiometric distor-
tions in the images(Mahmoud et al., 2022).The 

Figure 2. Different sampling sites in studied area

Figure 3. Characterization of Sentinel-1A
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SAR imaging pre-processing methods underwent 
a comprehensive evaluation, as detailed in Dingle 
Robertson (Davidson, et al., 2020). The following 
steps were conducted in pre-processing order:
1. The orbit file (Sentinel-1 data) was utilized.
2. The radioactive strength was determined to 

convert radar backscattering into a radar cross-
section (σ )ͦ (Equation 1), where the amplitude 
images of VV and VH underwent radiometric 
calibration using the calibration parameter A2 σ.

 𝜎𝜎0 = 𝐷𝐷𝐷𝐷 2
𝐴𝐴2 σ  (1) 

 
 
𝜎𝜎0dB = 10. 𝑙𝑙𝑙𝑙𝑙𝑙10𝜎𝜎0 (2) 
 
𝜎𝜎0𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐 = 𝜎𝜎0× 𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∗𝑐𝑐𝑐𝑐𝑠𝑠𝑐𝑐𝑐𝑐

𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∘  (3) 
 
𝜎𝜎0𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐 = 𝜎𝜎0× 𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∗𝑐𝑐𝑐𝑐𝑠𝑠𝑐𝑐𝑐𝑐

𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∘  (4) 
 
𝑌𝑌𝑌𝑌 = 𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑌𝑌 + 𝑒𝑒𝑌𝑌 (5) 
 
𝑌𝑌 = 𝑎𝑎 + 𝑏𝑏 × 𝑏𝑏𝑌𝑌 (Shareef et al., 2014) (6)  
 
𝑌𝑌𝑌𝑌 =  ƒ(xi, 𝜗𝜗) + 𝜖𝜖𝑌𝑌 I = 1,..., n (7) 
 

 (1)

DN represents the digital number present in the 
SAR images. To obtain the backscattering co-
efficient (σ ͦ dB) in decibels (dB) (Equation 2), 
the logarithm is applied to σ ͦ.
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𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∘  (3) 
 
𝜎𝜎0𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐 = 𝜎𝜎0× 𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∗𝑐𝑐𝑐𝑐𝑠𝑠𝑐𝑐𝑐𝑐
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𝑌𝑌 = 𝑎𝑎 + 𝑏𝑏 × 𝑏𝑏𝑌𝑌 (Shareef et al., 2014) (6)  
 
𝑌𝑌𝑌𝑌 =  ƒ(xi, 𝜗𝜗) + 𝜖𝜖𝑌𝑌 I = 1,..., n (7) 
 

 (2)

3. Radiometric terrain flattening – surface topog-
raphy has a considerable impact on the radio-
metric characteristics of SARs, as highlighted 
by (Loew and Mauser, 2007). Variations in 
topography can complicate the retrieval of 
geophysical characteristics from SAR data, as 
noted by (Souissi and Ouarzeddine, 2016). The 
proposed technique successfully reduced the 
influence of topographical variation in SAR 
imaging for both VV and VH polarizations, as 
demonstrated by (van Zyl et al., 1993).

The resulting backscattering values in the im-
age represent solely soil and land cover proper-
ties, independent of surface geometry.
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The variable σ0 corr signifies the backscat-
tering coefficient adjusted for terrain effects. The 
variable ƞ represents the local incidence angle 
from SAR imagery, while ƞ ͦ denotes the incidence 
angle of SAR imagery. The variable θα indicates 
the azimuth slope derived from the DEM data. To 
reduce uncertainty arising from substantial eleva-
tion variations during topographical adjustment 
to the reference surface, we implemented mask-
ing for shadow and layover areas. Terrain cor-
rection, also known as ortho-rectification, is the 
process of adjusting an image to a predetermined 
coordinate system and eliminating the distortions 
caused by the angle and terrain. Sigma naught 
(σ0) is a measurement that represents the average 
amount of backscatter from a target, which has 
been adjusted to account for the size of the illu-
minated region in a horizontal plane (Robertson 

et al., 2020). The initial processing phase for Sen-
tinel-1 data involved utilizing orbit state vectors. 
Precise information on the sensor’s position and 
the velocity of the platform it was mounted on 
was essential for accurately aligning image pix-
els with specific locations on the Earth’s surface, 
as highlighted by (Loew and Mauser, 2007). The 
orbit state vectors, which describe the satellite’s 
position and velocity, were obtained from the 
metadata. These vectors were then utilized to ac-
curately determine the location of each image, as 
documented by (Robertson, 2020). Each image 
underwent several processing steps before obtain-
ing the backscattering coefficient. This process 
included speckle filtering, geometric correction, 
radiometric calibration, and thermal noise remov-
al, as outlined by (Bousbih et al., 2019).

Models used

Linear regression model

The fundamental objective of basic regression 
analysis is to assess the impact of a predictor vari-
able on a specific outcome, as noted by (Zou et al., 
2003). Conversely, correlation analysis aims to 
examine the strength and direction of the relation-
ship between two independent variables, as also 
discussed by (Zou et al., 2003). In a simple regres-
sion model, the focus is on the dependent variable 
and the regression parameters, which exhibit a lin-
ear relationship. This model involves a single in-
dependent variable, denoted as Xi for subjects i = 
1 through n. The outcome variable corresponding 
to the dependent variable is labelled accordingly. 
The model can be expressed as:

 

𝜎𝜎0 = 𝐷𝐷𝐷𝐷 2
𝐴𝐴2 σ  (1) 

 
 
𝜎𝜎0dB = 10. 𝑙𝑙𝑙𝑙𝑙𝑙10𝜎𝜎0 (2) 
 
𝜎𝜎0𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐 = 𝜎𝜎0× 𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∗𝑐𝑐𝑐𝑐𝑠𝑠𝑐𝑐𝑐𝑐

𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∘  (3) 
 
𝜎𝜎0𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐 = 𝜎𝜎0× 𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∗𝑐𝑐𝑐𝑐𝑠𝑠𝑐𝑐𝑐𝑐

𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∘  (4) 
 
𝑌𝑌𝑌𝑌 = 𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑌𝑌 + 𝑒𝑒𝑌𝑌 (5) 
 
𝑌𝑌 = 𝑎𝑎 + 𝑏𝑏 × 𝑏𝑏𝑌𝑌 (Shareef et al., 2014) (6)  
 
𝑌𝑌𝑌𝑌 =  ƒ(xi, 𝜗𝜗) + 𝜖𝜖𝑌𝑌 I = 1,..., n (7) 
 

 (4)

 

𝜎𝜎0 = 𝐷𝐷𝐷𝐷 2
𝐴𝐴2 σ  (1) 

 
 
𝜎𝜎0dB = 10. 𝑙𝑙𝑙𝑙𝑙𝑙10𝜎𝜎0 (2) 
 
𝜎𝜎0𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐 = 𝜎𝜎0× 𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∗𝑐𝑐𝑐𝑐𝑠𝑠𝑐𝑐𝑐𝑐

𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∘  (3) 
 
𝜎𝜎0𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐 = 𝜎𝜎0× 𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∗𝑐𝑐𝑐𝑐𝑠𝑠𝑐𝑐𝑐𝑐

𝑠𝑠𝑠𝑠𝑠𝑠 ƞ∘  (4) 
 
𝑌𝑌𝑌𝑌 = 𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑌𝑌 + 𝑒𝑒𝑌𝑌 (5) 
 
𝑌𝑌 = 𝑎𝑎 + 𝑏𝑏 × 𝑏𝑏𝑌𝑌 (Shareef et al., 2014) (6)  
 
𝑌𝑌𝑌𝑌 =  ƒ(xi, 𝜗𝜗) + 𝜖𝜖𝑌𝑌 I = 1,..., n (7) 
 

 (5)
In this case, an is the intercept (y-axis), and b 

is the slope of the regression line; both are consid-
ered regression parameters. The null hypothesis 
states that the random error term ei is uncorrelat-
ed, has a mean of 0, and has a constant variance.

The fundamental equation used for regression 
analysis is as follows:
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 (Shareef et al., 2014) (6) 

Nonlinear regression model

Nonlinear regression shares the fundamental 
concept of regression analysis with linear regres-
sion. The nonlinear regression depends on the 
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nonlinear dependence of the prediction equation 
on one or more unknown parameters, as high-
lighted by (Huang and He, 2022). Linear regres-
sion is often used to construct purely empirical 
models, whereas nonlinear regression comes into 
play when there are physical reasons to believe 
that the relationship between the response vari-
able and the predictors follows a specific func-
tional form. A nonlinear regression model has the 
form such as:
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 (7)
where: Yi – the replies, ƒ – a known function of 

the covariate vector xi = (xi1..., xik)T, and 
θ = (θ1..., θP), T is the parameter vector, 
εi – a random error. Typically, we assume 
that i is uncorrelated, with a mean of zero 
and a constant variance.

Classification algorithm

Different categorization techniques have been 
applied to texture mapping in agricultural fields 
(Bousbih et al., 2019). These techniques connect 
a set of data samples to multiple class labels us-
ing the selected feature vector. The parameters for 
each classifier are calculated based on the training 
dataset. The classification of satellite images and 
other images is divided into two techniques: su-
pervised and unsupervised (Mezaal et al., 2022).

Random forest classifier. Breiman (2001) 
introduced an ensemble system based on trees for 
classification and regression. The objective of en-
semble learning is to enhance prediction accuracy 
by combining the outcomes of multiple learn-
ing algorithms, surpassing that of any individual 
model. Unlike pruning techniques, this approach 
generates numerous decision trees (Grimm et 
al., 2008). During the training phase, each dis-
tinct bootstrap sample generates a new tree using 
the entire training dataset (Tripathi and Tiwari, 
2022). Bootstrap sampling generally reduces the 
variability and systematic error of the dataset. 
The RF algorithm has been extensively studied 
in the remote sensing literature over the past few 
decades due to its reputation as one of the most 
efficient classifiers (Bousbih et al., 2019). This 
algorithm has various applications in agriculture, 
such as soil texture classification and analysis. 
Creating an RF classifier involves constructing 
classification and regression trees (CARTs) us-
ing the provided samples (Bousbih et al., 2019). 
Three critical parameters influence the effective-
ness of the RF classifier: the number of trees (K), 

which typically leads to more accurate results; the 
maximum depth of each tree, which is limited to 
25, and the minimum number of samples in each 
node (Bousbih et al., 2019).

Maximum likelihood classifier. The max-
imum likelihood classifier (ML) is a prominent 
parametric statistical technique in remote sensing 
applications. In this method, analysts define train-
ing zones, which are representative regions, to fa-
cilitate the categorization process (Mustapha et 
al.,2010). Modern maximum likelihood classifi-
ers assess the “likelihoods” of relative class mem-
bership for individual pixels within an image by 
incorporating information from all training sets. 
The probability density function of each class, 
considering the likelihood of a pixel belonging to 
that specific class, is utilized to assign pixels to 
their respective classes during classification (Lil-
lesand et al., 2015).

RESULTS AND DISCUSSION

Particle size analysis

The particle size analysis is applied of the 
thirteen soil samples, it was observed that the 
percentage of gravel was generally low in the ma-
jority of samples, ranging from 0% to 8%, except 
for three sites where the percentage of gravel was 
notably higher at 21.3%, 34.7%, and 38.1%.The 
results for the sand content varied from 2.32% to 
25.86%, with only two locations showing signif-
icantly higher sand percentages of 55.24% and 
50.02%, respectively. Silt emerged as the domi-
nant component in most cases.

Atterberg limits

The boundary defining the various physical 
states of sediments was established using the At-
terberg limits. The findings from the Atterberg 
limits revealed that the liquid limit (LL) ranged 
from 19.8% to 31.2%, with an average of 25.95%. 
The plastic limit (PL) varied from 0% to 17.5%, 
with an average of 8.66%. The plasticity index 
(PI), which is the difference between the liquid 
limit and the plastic limit, ranged from 5.4% to 
29.5%. Most of the soil samples exhibited a sig-
nificant presence of silt, leading to plasticity index 
values falling within the low to moderate levels.
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Statistical analysis

Figures 4 illustrate and explains the back-
scattering characteristics of C-band SAR in 
different polarizations, showing the represen-
tation of soil roughness bands with various 
surface features.

In Figure 4, the density value exhibits a rela-
tively high consistency with the backscatter coef-
ficient in dual polarization data used VH and VV, 
whereas in the moisture value does not demon-
strate the same level of consistency as seen in the 
density case.

Classification of soil using texture triangles

Soil texture refers to the arrangement of min-
eral particles within the soil based on their size. 
According to the USDA (United States Depart-
ment of Agriculture) classification, clay refers to 
particles with a diameter less than 2 µm, silt re-
fers to particles with a diameter between 2 and 50 
µm, and sand refers to particles with a diameter of 
0.05 to 2 mm. The measured clay content ranged 
from 0% to 14%, while the sand content ranged 
from 2.32% to 55.24% based on ground measure-
ments of the soil samples. In Figure 5, we can see 

Figure 4. Profile plot for density and moisture

Figure 5. Soil texture triangle classification
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the assessed and classified field findings accord-
ing to the soil texture triangle categorization. The 
classification includes five main soil types: sandy 
clay with gravel, silt, silt loam, silt clay loam, and 
silt loam with gravel.

Validation and model generation

A linear regression model was utilized to es-
tablish relationships and characterize the physical 
Attributes of the soil parameters. Table 1 presents 
the associations between various soil properties, 
including soil texture (gravel, sand, silt, and clay), 
Atterberg limits (liquid limit, plastic limit, and 
plasticity index), water content, and dry density. 

The correlation analysis indicated that dry densi-
ty was not significantly correlated with the other 
parameters. However, weak positive correlations 
were observed between the water content and the 
liquid limit (0.111), plastic limit (0.041), and plas-
ticity index (0.152). Additionally, a weakly posi-
tive association was found between the liquid limit 
and plastic limit (0.222), and a very weak link was 
observed between the liquid limit and plasticity in-
dex (0.002).Significant positive correlations were 
identified between the plasticity index and the silt 
content (0.817) and clay content (0.952).

Figures 6 to 8 present examples showing the 
correlation coefficients between the examined 
soil parameters calculated through SPSS software 

Table 1. Relationships between the physical properties of the soil parameters

Parameter Water 
content Dry density L.L P.L P.I Gravel% Sand% Silt% Clay%

Water 
content 1

Dry density 0.035 1

L.L 0.111 0.143 1

P.L 0.041 0.006 0.222 1

P.I 0.152 0.009 0.002 0.817 1

Gravel% 0.001 0.352 0.018 0.032 0.019 1

Sand% 0.045 0.212 0.001 0.029 0.031 0.736 1

Silt% 0.166 0.122 0.079 0.004 0.004 0.859 0.952 1

Clay% 0.002 0.058 0.012 0.005 0.001 0.121 0.012 0.007 1

Figure 6. Correlation liquid limit wiht (a) plastic limit (b) dry 
density (c) moisture, (d) correlation PL & PI



33

Ecological Engineering & Environmental Technology 2024, 25(9), 26–36

using the linear regression model. These figures 
include the dependent and independent equa-
tions, as well as the R-value, which represents the 
strength of the correlation. The empirical regres-
sion equations derived from these correlations 
can offer initial insights into certain characteris-
tics of the soil parameters under investigation.

The analysis of density shows that the VH band 
is better for calculating its backscatter coefficients 
while, the moisture analysis show the (VH) band is 

better. As a result, the (VH) band is better for both 
cases to calculate their backscatter. The soil triangle 
as shown in (Figure 5) featuring the axes of sand, silt, 
and clay percentages led to the identification of vari-
ous soil subcategories. These subcategories include 
silt (47.49%), silt loam with gravel (32.97%), sandy 
clay with gravel (5.51%), silt loam (11.604%), and 
silt clay loam (2.41%). These percentages were ob-
tained through the random forest method. Approxi-
mately 13 soil samples were superimposed on the 

Figure 7. (a) Correlation sand & silt, correlation gravel with (b) silt (c) sand

Figure 8. Relationship between σ° and density: (a) in (VH) and (b) in (VV), 
Relationship between σ ° and moisture: (c) in (VH) and (b) in (VV)
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map, indicating the percentages of each class. The 
maximum likelihood method exhibits superior ac-
curacy across different metrics. Nonetheless, compa-
rable results are observed between the RF and ML 
methods. This research utilizes a restricted feature 
set for classification inputs, highlighting the need to 
expand sample sizes for validation. Moreover, the 
computation time during the learning process serves 
as a significant factor in comparing algorithms.

CONCLUSION

The study effectively developed models 
for estimating topsoil properties by analyzing 
parametric and textural features extracted from 

Sentinel-1 C-SAR (VV, VH) images. Field mea-
surements collected from 13 soil samples in the 
Laylan region of Kirkuk City, Iraq, were utilized 
to develop and validate these models. The clas-
sification algorithms, including RF and ML clas-
sifiers, employed specific indicators derived from 
Sentinel-1 data. Additionally, a soil triangle, con-
structed using three axes to represent the predict-
ed target parameters, facilitated the identification 
of five distinct soil groups in the study area.

The results revealed that the soil triangle 
adeptly delineated five distinct subcategories of 
soil, each characterized by unique proportions of 
sand and silt. Soil samples were meticulously cat-
egorized into one of five predefined classes based 
on their clay content, which ranged from 0% to 

Figure 9. The soil category map of the study 
region derived from the modified soil textural 

triangle of the SAR parameters using RF

Figure 10. The soil category map of the study 
region derived from the modified soil textural 

triangle of SAR parameters using ML

Table 2. Confusion matrix for the classifications

Reference label percentage Random forest method Maximum likelihood Overall accuracy and kappa 
coefficient

Silt 47.49% 5.911 Random forest method 
OA=0.801886792
Kappa=0.750588235

Maximum likelihood
OA = 0.9625
Kappa= 0.95

Silt loam with gravel 32.97% 80.596

Sandy clay with gravel 5.51% 0.982

Silt loam 11.604% 12.512

Silt clay loam 2.41% 0
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14.48%. The performance assessment of the ML 
and RF algorithms showcased their prowess in 
estimating percentage labels, even with limited 
training data. Notably, the ML algorithm outper-
formed the RF, exhibiting higher accuracy in the 
classification task.

These models and methodologies exhibit sig-
nificant promise for soil texture classification us-
ing SAR imaging. However, their true potential 
can only be realized through testing across diverse 
geographic regions with varying climatic condi-
tions. Future research could expand on these find-
ings by using these models to generate compre-
hensive soil texture maps, thereby enhancing soil 
parameter estimation in a variety of environments.
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