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Abstract 

Land cover has an important role in modelling to spatially analyse natural phenomena that occur on the 
earth's surface. The identification of land cover can also be used to determine the availability of green space 
and the percentage of built-up land in an area. Through this information, it can help the government to for-
mulate policies related to development planning in an area. Currently, land cover identification can be done 
with remote sensing technology, generally using optical imagery. However, there are obstacles when using 
optical imagery, namely, if the cloud cover in an area is thick enough, it will affect the accuracy of the land 
cover results. To anticipate this, land cover identification can be done using active or radar imagery, one of 
which is the Sentinel-1 GRD image. The active image is not influenced by clouds and can record information 
without being constrained by weather both during the day and night. Sentinel-1 GRD data contains backscat-
tering information that can be extracted using texture analysis and Principal Component Analysis (PCA). 
The Random Forest classifier was employed early in this study to analyze Sentinel-1 data, enabling classifi-
cation using various inputs. Land cover classification from several inputs, namely, sigma, gamma, and beta 
from backscattering data, resulted in overall accuracy of 86.154%, 87.692%, and 86.154%. 

Keywords: Random Forest Classifier; Sentinel-1 GRD; Land Cover 

1. Introduction 

Land cover refers to the physical features of the earth's surface (Regasa et al., 2021). Land cover 
is a description of the appearance of physical and biological cover on the earth's surface that is 
formed naturally such as rivers and hills or man-made such as rice fields, gardens, and buildings 
(Prasetyo, 2023). This land cover has an important role in modelling to spatially analyse natural 
phenomena that occur on the earth's surface (Liang, 2008). The identification of land cover can 
also be used to determine the availability of green spaces and the percentage of built-up land in 
an area (Huda et al., 2022). Through this information, it can help the government to formulate 
policies related to development planning in an area.  

Mapping land cover and its changes is crucial for understanding the current state of the environ-
ment (Šćepanović et al., 2021). These changes in LC can result from human activities or climate 
variations at a regional level. The identification of land cover in Sidoarjo Regency is necessary to 
monitor the influence of Lapindo mudflow. Sidoarjo Regency is synonymous with Lapindo mud-
flow, which has been spewing for 18 years ago. The Lapindo mudflow then flowed into the Porong 
River. From the disposal of the mud, there was a sedimentation process that formed at the mouth 
of the Porong River (Pryambodo et al., 2021). The result of this sedimentation process is a new 
landmass that is now called Lusi Island. This continuous sedimentation process is not impossible 
if a delta or landmass is created in the future. if there will be a delta or new land (Bagaskara et al., 
2017). Therefore, it is necessary to monitor land cover in Sidoarjo Regency regularly. 

Land cover can be identified using remote sensing technology. Remote sensing was chosen be-
cause this method can be used to obtain information on an object or phenomenon on the earth's 
surface without making direct contact with the object. This remote sensing approach can use both 
optical imagery and radar imagery. The use of optical imagery in Indonesia is currently, still the 
main choice to support mapping in various sectors, because the visualization of optical images is 
easier to interpret by the human eye because it uses hue, colour, and original appearance (Fadlin 
et al., 2021). Meanwhile, radar or SAR images are only visualized in black and white. However, 
the advantage that optical images do not have is that radar images in their recording are not af-
fected by clouds and can record information day and night (Fadlin et al., 2021). One of the SAR 
images that is freely available is the Sentinel-1 image from the European Space Agency (ESA).   

This study investigates land cover classification using the Random Forest classifier on Sentinel-1 
imagery with input features including PCA, texture, and backscattering, addressing gaps in prior 
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research. Previous studies utilized Sentinel-1 imagery with varying preprocessing steps and clas-
sification methods. Most land cover classification methods are currently, carried out by combining 
polarimetric to get a combination of polarimetric with the best accuracy test as was done in re-
search (Makinde & Oyelade, 2018) using the SVM (Support Vector Machine) method. Another 
land cover method that can be used is the Random Forest Classifier, several studies using this 
method such as research (Ardha, 2021) observed land cover changes in the Citarum watershed. 
Antara et al. (2021) achieved 96.90% accuracy using Random Forest with dual-polarimetric com-
posite images. Dahhani et al. (2022) classified agricultural areas in Kaffrine with multiple classi-
fiers, highlighting Random Forest’s superior performance (84% accuracy) and PCA’s role in data 
dimensionality reduction. Chulafak et al. (2018) focused on texture-based land use classification 
with Neural Networks, achieving 77% accuracy, emphasizing entropy features. This study inte-
grates PCA, texture, and backscattering features to enhance land cover classification using Ran-
dom Forest, aiming to improve accuracy and efficiency. In that study, classification using random 
forest was done directly and without adding inputs. 

Random forest is an advanced decision tree model that generates several trees for regression and 
classification investigations. Overfitting is conceivable in traditional DT models, which rely on a 
single tree for explanatory power. The random forest model was built expressly to address this 
issue (Sadia et al., 2023). The Random Forest classifier is chosen because it is capable of handling 
a variety of input types, namely backscattering data, texture features, and PCA results. In contrast 
to SVM, which works best with fewer input variables and linear separability, Random Forest can 
analyse more complicated and multidimensional data, making it more suitable for land cover clas-
sification in this study. Furthermore, Random Forest is less sensitive to overfitting and is well-
known for its great accuracy across a wide range of data inputs. Random forest involves generat-
ing multiple trees and then combining their results through a majority vote, where each tree has 
an equal weight (Tariq et al., 2023). The Random Forest (RF) machine learning algorithm em-
ploys 100 estimators. The data is separated into two sets: 70% is used for training, and 30% is 
reserved for testing (Haydar et al., 2024).  Random forest utilizes the bootstrap aggregation 
method to generate multiple samples from the original dataset and applies decision tree modeling 
to these samples (Wu et al., 2021). Every decision tree is built independently without pruning, 
and each node is split using a subset of randomly chosen variables from the number of features 
specified by the user. This approach allows for the creation of trees with high variance and low 
bias, resulting in a forest composed of multiple trees (Ntree), or estimators, as defined by the user 
(Adugna et al., 2022). The random forest method allows users to use various inputs in the classi-
fication process. One of them is by adding the input of PCA (Principal Component Analysis) 
results and texture results from backscattering data. All of this information will be input into the 
Random Forest classification process. This research was conducted by utilizing backscattering 
information, namely, sigma, beta, and gamma. Each of the backscattering information will be 
extracted PCA (Principal Component Analysis) and texture information to be classified.  

PCA is frequently utilized as a linear, unsupervised method for feature extraction to decrease the 
dimensionality of remote sensing data (Uddin et al., 2021). Principal component analysis is a 
technique to identify redundancies and differences in a stack of bands and convert them into new 
uncorrelated bands. This PCA algorithm will produce a value that can be called the Principal 
Component (PC). The PC value comes from a linear combination of the values before the reduc-
tion (Pujianto et al., 2019). The principle of PCA is to minimize data dimensionality while pre-
serving the highest possible variance. The objective of PCA is to determine an optimal position 
that maximizes information variance and efficiently reduces the dimensionality of vector features  
(Salih Hasan & Abdulazeez, 2021). By applying PCA, redundant and unnecessary features are 
eliminated, making the remaining features more prominent and organized within a new space 
known as the principal component (Almaiah et al., 2022). The first principal component (PC1) 
represents the direction with the highest variance. The subsequent principal components (PC2, 
PC3, etc.) are orthogonal to each preceding one and capture the maximum remaining variance 
(Dharani & Sreenivasulu, 2021). 

Texture extraction aims to calculate local spatial patterns in an image, providing beneficial details 
for determining land cover types. Homogeneity, energy, maximum probability, entropy, and mean 
are key characteristics to determine land cover patterns. Homogeneity reveals areas that are iden-
tical, whereas entropy reflects the region's complexity. These characteristics are especially im-
portant for distinguishing between developed areas and natural land cover. Texture extraction is 
extracting metric derivatives that describe local spatial patterns from gray-scale images quantita-
tively (Braun, 2020). The objective of texture extraction is to characterize texture using a mathe-
matical model that enables the identification of distinct textures and objects in an image (Aouat 
et al., 2021). Texture extraction approaches can be categorized by statistical properties, 
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mathematical models, geometry (structural approach), and signal processing (Najafi Khanbebin 
& Mehrdad, 2021). One method that can be used in extracting the texture feature is GLCM. The 
GLCM is a two-dimensional array where both dimensions are equal to the number of gray levels 
in the image (Aggarwal, 2022). GLCM is a technique for image analysis that uses statistical meth-
ods to investigate pixel patterns within a gray-scale matrix, also referred to as the gray-scale spa-
tial co-occurrence matrix. As a classification approach, its final stage involves training a classifier. 
The main purpose of GLCM is to extract texture features from images. It creates a gray-scale co-
occurrence matrix and then derives statistical functions from this matrix based on the specified 
values and spatial relationships of the image's texture (Althubiti et al., 2022).  The statistical char-
acteristics of GLCM include maximum probability (maximum value), entropy (degree of random-
ness), energy (degree of uniformity), correlation (linear relationship of gray levels), contrast (con-
tent of local variation), and homogeneity (homogeneity of pixels) (Septiarini & Wardoyo, 2015). 

Land cover identification in Sidoarjo Regency is critical for monitoring the consequences of the 
Lapindo mudflow. The Lapindo mud eruption, which have been persistent for the past 18 years, 
flows into the Porong River, resulting in sedimentation at the river's estuary. This sedimentation 
formed new land, presently known as Lusi Island. Continuous sedimentation may eventually re-
sult in new deltas or other landforms. Therefore, periodic monitoring of land cover in Sidoarjo 
Regency is essential. 

The research problems addressed in this project focus on the extraction and analysis of infor-
mation from Sentinel-1 imagery. Specifically, the study examines the extraction of backscattering 
information, including σ0 (sigma nought), γ0 (gamma nought), and β0 (beta nought), as well as 
Principal Component Analysis (PCA) and texture information from the imagery. Additionally, 
the research explores the application of the Random Forest classifier method to identify land cover 
using a combination of input data, such as σ0, γ0, β0, PCA, and texture information, derived from 
Sentinel-1 imagery. 

2. Research Methods 

2.1 Study Area  

This land-cover research using the Random Forest method was conducted in Sidoarjo Regency. 
Sidoarjo Regency is located between 112.5˚ to 112.9˚ east and 7.3˚ to 7.5˚ south with an area of 
719.34 km². Sidoarjo regency borders Surabaya city and Gresik regency to the north, Pasuruan 
regency to the south. To the west is Mojokerto regency and to the east is the Madura Strait.  

 

Figure 1. Study Area. 
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2.2 Pre-Processing Data  

The data required is Sentinel-GRD SAR image data dated January 14, 2024 and April 19, 2024. 
The coordinates of the area of interest (AOI) of the research area, in this case Sidoarjo, and ground 
truth data are also needed for validation. The Sentinel-1 SAR GRD imagery from January 14, 
2024, represents the rainy season, while the imagery from April 19, 2024, represents the dry sea-
son. 

The preprocessing step comprises of many essential steps that prepare SAR images for accurate 
classification. Image cropping guarantees that only the areas of interest (AOI) are analyzed. 
Coregistration to unify the two images obtained from the same trajectory. Radiometric calibration 
corrects the raw SAR image by modifying pixel values to reflect true radar backscatter from the 
surface, ensuring that the data appropriately represents the reflectivity of objects in the scene. 
Speckle filtering is implemented to decrease noise in the image, which improves the clarity of 
land cover elements.  

In addition, terrain correction is carried out to eliminate any topographic distortions and project 
the image into a consistent reference system. The last step is to convert the dB scale to achieve a 
more normal distribution of values, using the log function which functions so that the pixel value 
becomes a logarithmic scale and produces a higher contrast. 

2.3 Texture and PCA Extraction 

Image texture is a derived metric that quantitatively describes the local spatial pattern of a gray-
scale image. The image performed as input to the texture extraction is the January 14, 2024 image 
of VH and VH polarization. The texture extraction is performed from the Sentinel-1 image by 
extracting Homogeneity, Energy, Maximum Probability, Entropy and Mean information. Mean-
while, PCA is used to identify redundancies and differences in a stack of bands and transform 
them into new uncorrelated bands (principal components) into PCA1, PCA2, PCA3 and PCA4. 
The images used in this PCA extraction input are both images dated 19 January 2024 and 14 April 
2024 of VH and VV polarization. 

2.4 Classification of Land Cover 

Digitization of training areas can be done by manually digitizing by looking at optical images. 
The data division between training data and testing data is 70:30 with a total of 260 training data 
and testing data obtained from field validation. Land cover classification is performed using the 
random forest classifier method using three inputs namely, PCA, texture, and backscattering. The 
results of this classification consist of 5 land cover classes namely, water bodies, built-up land, 
open land, non-agricultural vegetation, and agricultural vegetation. 

2.5 Accuracy Test  

The accuracy test is used to determine the level of accuracy of land cover classification results in 
Sidoarjo. This accuracy test is carried out by digitizing land cover samples that match field con-
ditions (ground truth). Ground truth is used to perform calculations using the confusion matrix. 
This accuracy test includes overall accuracy, user accuracy, producer accuracy, and kappa coef-
ficient. The accuracy test formula according to Islami (2022) (Equation 1, 2, 3, and 4). 𝑂ݕܿܽݎݑܿܿܽ ݈݈ܽݎ݁ݒ = ݏ݈݁ݔ݅݌ ݁ܿ݊݁ݎ݂݁݁ݎ ݂݋ ݎܾ݁݉ݑܰ(݈ܽ݊݋݃ܽ݅݀) ݏ݈݁ݔ݅݌ ݁ݑݎݐ ݂݋ ݎܾ݁݉ݑܰ × 100 

(1) 

ݕܿܽݎݑܿܿܽ ݎ݁ݏܷ = ே௨௠௕௘௥ ௢௙ ௖௢௥௥௘௖௧ ௣௜௫௘௟௦ ௣௘௥ ௖௟௔௦௦ே௨௠௕௘௥ ௢௙ ௥௘௙௘௥௘௡௖௘ ௣௜௫௘௟௦ ௣௘௥ ௖௟௔௦௦ (௧௢௧௔௟ ௥௢௪௦) × ݕܿܽݎݑܿܿܽ ݎ݁ܿݑ݀݋ݎܲ (2)  100 = ே௨௠௕௘௥ ௢௙ ௖௢௥௥௘௖௧ ௣௜௫௘௟௦ ௣௘௥ ௖௟௔௦௦ே௨௠௕௘௥ ௢௙ ௥௘௙௘௥௘௡௖௘ ௣௜௫௘௟௦ ௢௙ ௘௔௖ℎ ௖௟௔௦௦ (௧௢௧௔௟ ௖௢௟௨௠௡௦) × 100  (3) 

ݐ݂݂݊݁݅ܿ݅݁݋ܿ ܽ݌݌ܽܭ = (்ௌ×்஼ௌ)−∑(௧௢௧௔௟ ௖௢௟௨௠௡௦×௧௢௧௔௟ ௥௢௪௦)்ௌ2−∑(௧௢௧௔௟ ௖௢௟௨௠௡௦−௧௢௧௔௟ ௥௢௪௦) × 100  (4) 

The overall stages of data processing are summarized in the flow chart in Figure 2. 
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Figure 2. Flow Diagram of Research Method. 

3. Results and Discussion 

3.1. Extraction of Backscattering Information 

The backscattering used in this study is sigma nought, gamma nought, and beta nought. Table 1 
shows the results of backscattering information extraction on the image dated January 14, 2024. 
From the visualization results of the backscattering information in the Table 1, it is found that 
between sigma, gamma, and beta there is no significant difference. This can be seen in the max 
and min values of the image. The polarization of the Sentinel-1 image is divided into two polari-
zations, namely, VH and VV polarization. In the image dated January 14, 2024, the results of the 
extraction of backscattering information between VH and VV polarizations have the same colour, 
namely, black for water bodies and white for land. However, what distinguishes between VV and 
VH is that VV polarization tends to have a darker hue compared to VH polarization. When viewed 
from the max and min values in Table 2, VV polarization tends to have a value greater than VH 
polarization, this value is thought to affect the colour that tends to be darker in VV polarization. 
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Table 1. Backscattering Information Extraction on January 14, 2024 Image. 

 Sigma Gamma Beta 
VH 

   
VV 

   
Table 2. Range of Value of Backscattering Extracted Image. 

No Image Processing Range of Value 
Sigma Gamma Beta 

1.  January 14, 2024 VH Polarization -26.630 to 7.759 -24.394 to 10.114 -25.676 to 8.654 
2. January 14, 2024 VV Polarization -22.473 to 18.968 -21.512 to 19.818 -24.394 to 10.114 
3. April 19, 2024 VH Polarization -26.277 to 9.011 -25.317 to 9.906 -24.043 to 11.366 
4. April 19, 2024 VV Polarization -23.478 to 21.450 -22.538 to 22.373 -21.206 to 23.754 

While the results of backscattering information extraction on the image dated April 19, 2024 are 
presented in Table 3. In the image dated April 19, 2024, between VH and VV polarizations tend 
to have no difference. The VH and VV polarizations for sigma, gamma, and beta have values that 
are not much different when viewed from Table 2, which can affect the visual appearance of the 
image which also does not show any difference. However, when compared between VH and VV, 
VV polarization tends to have a larger value which affects the visualization of VV which has a 
darker hue and has a more visible texture. 

Table 3. Backscattering Information Extraction on April 19, 2024 Image. 

 Sigma Gamma Beta 
VH 

   
VV 

   

3.2. Extraction of Principal Component Analysis (PCA)  

PCA extraction resulted in PCA1, PCA2, PCA3, and PCA4 as shown in Table 4. From the ex-
traction of principal component analysis (PCA), the results of PCA1, PCA2, PCA3, PCA4, and 
PCA response tend to be the same between sigma, gamma, and beta and do not have significant 
differences. This can be seen from the max min value in PCA1, which is presented in Table 5. In 
this PCA1, between land and water, can still be clearly distinguished, black colour for water and 
gray colour for land, between residential areas and vegetation, can still be clearly distinguished. 
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Unlike the results of PCA1, the results of PCA2, PCA3, and PCA4 do not have clear boundaries 
between land and water bodies, as well as residential areas and vegetation cannot be identified 
properly. PCA2 is grouped based on pixel values from the range of -14.612 to 13.366 for sigma, 
-14.588 to 13.406 for gamma, and -14.651 to 13.287 for beta. The PCA3 is grouped by pixel 
values from the range of -15.313 to 20,070 for sigma, -15.339 to 20.060 for gamma, and -15.269 
to 20.090 for beta. PCA4 results have pixel values in the range of -10.009 to 6.075 for sigma, -
10.002 to 6.077 for gamma, and -10.019 to 6.072 for beta.  

The results of this PCA response have a clear boundary difference between water bodies and land, 
it can be seen from the colour of the water body represented by white and the land represented by 
black. The pixel value of the PCA response can be seen in Table 5. From the results of this PCA 
response, not only water and land are very clear, but the differences between settlements, water 
bodies, and the topography of mountainous areas are also very clear. 

Table 4. Principal Component Analysis (PCA) Extraction.  

 Sigma Beta Gamma 

PCA1 

   
PCA2 

   
PCA3 

   
PCA4 

   
PCA 
response 

   

Table 5. Range of Values of PCA Extracted Image. 

No 
Image Processing 

Range of Value 

Sigma Gamma Beta 

1.  PCA1 -21.453 to 49.019 -21.198 to 49.145 -21.990 to 48.743 

2. PCA2 -14.612 to 13.366 -14.588 to 13.406 -14.651 to 13.287 

3. PCA3 -14.651 to 13.287 -15.339 to 20.060 15.269 to 20.090 

4. PCA4 -10.009 to 6.075 -10.002 to 6.077 -10.019 to 6.072 

5. PCA response 0 to 46.481 0 to 44.577 0 to 42.041 



Forum Geografi, 39(1), 2025; DOI: 10.23917/forgeo.v39i1.6045  

Bioresita, et al.  Page 45   

3.3. Extraction of Texture Information 

Image texture extraction is performed for each polarization. Texture extraction on VH polariza-
tion is presented in Table 6. The extraction results of homogeneity, energy, maximum probability, 
entropy and mean with VH polarization between sigma, beta, and gamma have no significant 
difference. The results of the extraction of homogeneity, energy, and maximum probability in 
sigma, beta, and gamma tend to be the same with white colour for water bodies while black for 
land and gray colour for densely populated areas and mountainous topography. This is also sup-
ported by the same pixel values for sigma and gamma of 0.014 to 2.000 and a range of 0.015 to 
2.000 for beta. The energy extraction results show a black colour that is more intense compared 
to the black colour in homogeneity. This is indicated by the range of pixel values in energy which 
tends to be larger, as can be seen in Table 7. This maximum probability result has a less visible 
texture hue when compared to the energy result. 

Table 6. Image Texture Extraction with VH Polarization. 

 Sigma Gamma Beta 

Homogeneity  

   
Energy 

   
Maximum proba

bility 

   
Entropy 

   
Mean 

   

The results of entropy and mean extraction using VH polarization have the opposite colour com-
pared to the extraction of homogeneity, energy and maximum probability. From the entropy and 
mean extraction results, the water body is solid black and the land is white. However, the mean 
extraction has a very intense black colour and a clear texture when compared to entropy. The 
results of entropy and mean extraction using VH polarization between sigma, gamma, and beta 
tend to be the same and have no significant difference. 
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Table 7. Range of Texture Extraction Result Values. 

No Texture Extraction Results 
Range of Value 
Sigma Gamma Beta 

1.  Homogeneity VH polarization 0.014 to 2.000 0.014 to 2.000 0.015 to 2.000 
2. Energy VH polarization 0.137 to 2.000 0.138 to 2.000 0.136 to 2.000 
3. Maximum probability VH polarization 0.021 to 2.000 0.014 to 2.000 0.014 to 2.000 
4. Entropy VH polarization -1.386 to 9.475 -1.386 to 9.428 -1.386 to 9.487 
5. GLCM Mean VH polarization 0.000 to 62.000 0.000 to 62.000 0.000 to 62.000 
6. Homogeneity VV polarization 0.069 to 2.000 0.104 to 2.000 0.068 to 2.000 
7. Energy VV polarization 0.142 to 2.000 0.139 to 2.000 0.144 to 2.000 
8. Maximum probability VV polarization 0.021 to 2.000 0.021 to 2.000 0.021 to 2.000 
9. Entropy VV polarization -1.386 to 9.373 -1.386 to 9.410 -1.386 to 9.299 
10. GLCM Mean VV polarization 4.171 to 62.000 4.250 to 62.000 4.107 to 62.000 

The results of the extraction of homogeneity, energy, maximum probability, entropy and mean 
using VV polarization have the opposite colour to when using VH polarization. In the extraction 
of homogeneity, energy and maximum probability using VV polarization, the black colour indi-
cates water areas, while the white colour is for land. Between sigma, gamma, and beta in each 
homogeneity, energy and maximum probability extraction using VV polarization, there is no sig-
nificant difference. Energy extraction results tend to be more textured compared to homogeneity 
extraction. While the maximum probability extraction results obtained a more textured appear-
ance than energy extraction. The maximum probability extraction results have the same value for 
sigma, gamma, and beta in the range of 0.021 to 2.000.    

Table 8. Image Texture Extraction with VV Polarization. 

 Sigma Gamma Beta 

Homogeneity  

   
Energy 

   
Maximum probability 

   
Entropy 

   
Mean 

   



Forum Geografi, 39(1), 2025; DOI: 10.23917/forgeo.v39i1.6045  

Bioresita, et al.  Page 47   

The entropy texture extraction in this VV polarization produces black land and white water. While 
in the mean extraction, in this VV polarization, the water is shown in black, while the land is 
white. However, it can be seen that this land area has no texture or can be said to be dominant 
with white colour. This is supported by the very high max pixel value. The range of pixel values 
from the mean extraction results is 4.171 to 62.000 for sigma, 4.250 to 62.000 for gamma, and 
4.107 to 62.000 for beta. The results of texture information extraction using VV polarization are 
presented in Table 8. 

3.4. Land Cover 

Land cover is obtained by performing classification using random forest and input by conducting 
image analysis using principal component analysis (PCA) techniques and texture extraction using 
the GLCM method. Table 9 shows that the results of land cover processing using sigma nought, 
gamma nought, and beta nought. Land cover is divided into 5 classes, namely, water body class, 
built-up land, open land, non-agricultural vegetation, and agricultural vegetation. From the land 
cover processing above, there are differences in area from each processing using sigma, gamma, 
and beta. Figure 3, 4 and 5 show the land cover classification map of Sidoarjo using sigma, beta 
and gamma backscattering information. 

Table 9. Land Cover Area According to Backscattering Information. 

Class 
Sigma Gamma Beta 

Area (km2) Percentage Area (km2) Percentage Area (km2) Percentage 

Water body 204.098 28.07% 205.064 28.20% 201.971 27.78% 

Built-up land 117.088 16.10% 120.654 16.59% 120.008 16.50% 

Open land 123.128 16.93% 125.034 17.20% 126.177 17.35% 

Non-agricultural vegetation 152.512 20.98% 151.886 20.89% 152.871 21.02% 

Agricultural vegetation 130.302 17.92% 124.489 17.12% 126.1 17.34% 

Total 727.128 100.00% 727.127 100.00% 727.127 100.00% 
 

In the water body class, the largest area obtained from processing land cover using gamma 
backscattering information is 205.064 km² and the smallest area obtained from processing using 
beta backscattering information is 201.971 km². The difference between the largest area and the 
smallest area in the water body class is 3.093 km². While in the built-up land class, the largest 
area obtained from processing using gamma backscattering information is 120.654 km² and the 
smallest area from processing using sigma backscattering information is 117.088 km². 

 

Figure 3. Land Cover Map Using Sigma Backscattering Information. 
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The open land class area between sigma, gamma, and beta backscattering has a considerable dif-
ference in area. The largest open land class area is obtained from processing using beta backscat-
tering of 126.177 km². While the smallest open land area is obtained from processing using sigma 
backscattering of 123.128 km². The difference between the largest area and the smallest area in 
the open land class is 3.049 km². The largest area of non-agricultural vegetation class was obtained 
from processing using beta backscattering of 152.871 km² and the smallest area was obtained 
from processing using gamma backscattering of 151.886 km². The difference between the largest 
and smallest area in this non-agricultural vegetation class is 0.985 km². The agricultural vegetation 
class with the largest area obtained from processing using sigma backscattering is 130.302 km², 
the smallest area obtained from processing using gamma backscattering is 124.489 km². The dif-
ference between the largest and smallest area is 5.813 km².  

 

Figure 4. Land Cover Map Using Gamma Backscattering Information. 

 

Figure 5. Land Cover Map Using Beta Backscattering Information. 
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3.5. Accuracy Test 

This field validation was conducted directly on April 20, 2024 to April 22, 2024 and was carried 
out at 65 points spread across Sidoarjo. These validation points represent 5 classes equally. This 
validation stage was carried out by tagging. The distribution of validation points is presented in 
Figure 6. 

 

Figure 6. Ground Truth Point Distribution. 

 

Figure 7. Ground Truth Point Distribution for Each Class. 

The accuracy test was conducted using a confusion matrix to calculate overall accuracy, user 
accuracy, producer accuracy, and kappa coefficient. Confusion matrix was conducted on land 
cover maps with different backscattering information. The land cover map using sigma backscat-
tering information produces an overall accuracy of 86.154% with user accuracy and producer 
accuracy for the water body class of 100% and 84.6154%, for built-up land of 84.6154% and 
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84.6154%, open land of 90% and 69.2308%, non-agricultural vegetation of 70.5882% and 
92.3077%, while agricultural vegetation of 92.8571% and 100%. From the calculation with con-
fusion matrix, the kappa coefficient for the land cover map using sigma nought is 0.82692.  

In addition to using sigma nought, there is also a land cover map using gamma backscattering 
information resulting in an overall accuracy of 87.6923% with user accuracy and producer accu-
racy for water bodies of 100% and 84.6154%, built-up land of 80% and 92.3077%, open land of 
100% and 69.2308%, non-agricultural vegetation of 75% and 92.3077%, and agricultural vegeta-
tion of 92.8571% and 100%. Kappa coefficient of the land cover map using gamma nought is 
0.84615. 

Table 10. Accuracy of Sigma Backscattering Information. 

 Water 

Body 

Built-Up 

Land 

Open 

Land 

Non-Agricultural 

Vegetation 

Agricultural 

Vegetation 
Total User 

User Ac-

curacy 

Water Body 11 0 0 0 0 11 100.00% 

Built-Up Land 0 11 1 1 0 13 84.62% 

Open Land 0 1 9 0 0 10 90.00% 

Non-Agricultural Vegetation 2 1 2 12 0 17 70.59% 

Agricultural Vegetation 0 0 1 0 13 14 92.86% 

Total Producer 13 13 13 13 13 65  

Producer Accuracy 84.62% 84.62% 69.23% 92.31% 100.00%   

Overall Accuracy 86.15% 

Kappa Coefficient 0.827 

Table 11. Accuracy of Gamma Backscattering Information. 

 

Water 

Body 

Built-

Up 

Land 

Open 

Land 

Non- Agricul-

tural Vegeta-

tion 

Agricultural 

Vegetation 
Total User 

User Accu-

racy 

Water Body 11 0 0 0 0 11 100.00% 

Built-Up Land 0 12 2 1 0 15 80.00% 

Open Land 0 0 9 0 0 9 100.00% 

Non-Agricultural Vegetation 2 1 1 12 0 16 75.00% 

Agricultural Vegetation 0 0 1 0 13 14 92.86% 

Total Producer 13 13 13 13 13 65  

Producer Accuracy 84.62% 92.31% 69.23% 92.31% 100.00%   

Overall Accuracy 87.69% 

Kappa Coefficient 0.846 

While the overall accuracy for land cover maps using beta nought is 86.1538% with user accuracy 
and producer accuracy for water body classes of 84.6154% and 84.6154%, built-up land classes 
of 91.6667% and 84.6154%, open land classes of 100% and 76.9231%, non-agricultural vegeta-
tion classes of 66.6667% and 92.3077%, and agricultural vegetation classes of 100% and 
92.3077%. The kappa coefficient was obtained at 0.82692. From the results of the accuracy test 
calculation above, the greatest accuracy test was obtained on the land cover map using gamma 
nought. The amount of overall accuracy is proportional to the amount of kappa coefficient. So 
that the land cover map using gamma nought besides having the greatest overall accuracy, also 
has the greatest kappa coefficient. Kappa coefficient which is close to 1 and overall accuracy 
>85% indicates that the land cover map has been classified well.  

Gamma backscattering is crucial in land cover categorization since it normalizes pixel values 
across different scenarios, assuring consistency and comparable results. This normalization 
method is particularly effective for volume scatterers such as vegetation, making gamma 
backscattering an excellent choice for precise land cover assessment. The scattering type has a 
substantial impact on categorization accuracy since the backscatter signal is affected by the phys-
ical properties of surface objects. For instance, vegetation exhibits volume scattering due to to its 
complex structure, but urban environments are dominated by double-bounce scattering caused by 
reflective surfaces such as buildings. Classification errors frequently occur when the scattering 
type varies among surface characteristics, resulting in misinterpretations in the classification pro-
cess. Addressing these scattering features is critical to increasing the accuracy of land cover cat-
egorization systems. 
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Table 12. Accuracy of Beta Backscattering Information. 

 Water 

Body 

Built-Up 

Land 
Open Land 

Non-Agricul-

tural Vegetation 

Agricultural 

Vegetation 

Total 

User 
User Accuracy 

Water Body 11 1 1 0 0 13 84.62% 

Built-Up Land 0 11 0 1 0 12 91.67% 

Open Land 0 0 10 0 0 10 100.00% 

Non-Agricultural Vegetation 2 1 2 12 1 18 66.67% 

Agricultural Vegetation 0 0 0 0 12 12 100.00% 

Total Producer 13 13 13 13 13 65  

Producer Accuracy 84.62% 84.62% 76.92% 92.31%  92.31%  

Overall Accuracy 86.15% 

Kappa Coefficient 0.827 

The efficiency of Sentinel-1 SAR data for land cover monitoring is demonstrated by the classifi-
cation accuracy for various backscattering types. The practical consequences of these findings are 
particularly evident in environmental monitoring and regional planning for sustainable develop-
ment, where precise land cover data is crucial for making decisions.  

4. Conclusion 

The extraction of backscattering information between sigma, gamma, and with VV and VH po-
larization using 2 dates, namely, January 14, 2024 and April 19, 2024, does not produce signifi-
cant differences. It can be seen from the pixel value of each sigma, gamma, and beta backscatter-
ing information, that there is a difference that is not too far. Principal component analysis extrac-
tion produces PCA1, PCA2, PCA3, PCA4, and PCA response. Where the results of PCA2, PCA3, 
and PCA4 do not detect any differences between water and land areas because they have the same 
colour between water and land. Whereas from the results of PCA1 and PCA response, land and 
water areas can be clearly seen because of the texture and clear colour differences. Texture ex-
traction using the GLCM method by extracting homogeneity, energy, maximum probability, en-
tropy and mean carried out on January 14, 2024 which represents the rainy season. The results of 
texture extraction of homogeneity, energy, maximum probability, entropy and mean between 
sigma, gamma, and beta in VV and VH polarizations do not have a big difference. This can be 
seen from the difference in the range of sigma, gamma, and beta pixel values that are not too large. 
Land cover results in 3 maps with different backscattering information. Land cover map using 
sigma nought produces overall accuracy and kappa coefficient of 86.15385% and 0.826923. Land 
cover map using gamma nought produces overall accuracy and kappa coefficient of 87.69231% 
and 0.846154. While with beta nought produces overall accuracy and kappa coefficient of 
86.15385% and 0.826923. Gamma backscattering is particularly prosperous for land cover clas-
sification due to its ability to normalise pixel values across scenes and its applicability for volume 
scatterers such as vegetation. This characteristic leads to its improved classification accuracy over 
sigma and beta backscattering. In order to increase classification accuracy further, future studies 
might investigate applying deep learning methods or integrating multi-spectral data. Sentinel-1's 
multiple revisit times could also be used for real time monitoring of changes in land cover. 
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