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ABSTRACT: 

Soil moisture is a vital parameter for environmental research such as agriculture, hydrology, natural resources, environmental hazards, 

etc. It is essential to have timely soil moisture maps prepared with high accuracy, speed, and low cost. Therefore, in this study, an 

attempt was made to evaluate the efficiency of Sentinel 1 and 2 sensor images in some cases to prepare a soil moisture map. For this 

study, soil moisture was sampled at 24 points in the common area of the two images in the south of Malard city, Tehran province (Iran) 

was obtained by survey. After pre-processing the images, the values of bands 1 to 7, 11, and 12 of the Sentinel-2 and applying filters 

(Gaussian, Laplacian, Majority, Morphology, and rank) to the Sentinel-1 soil moisture were calculated. Moreover, R, R2, and RMSE 

were calculated using soil moisture obtained from sample points. Furthermore, Maps of data used by sentinel-1 and sentinel-2 images 

were obtained. Using maps of data shows the potential of applied filters to sentinel-1 and bands used for sentinel-2 in the estimation of 

soil moisture. According to the results, the highest coefficient of determination (R2) for the Sentinel-2 is related to band 6 with 84%. 

The result of Sentinel-1 demonstrated that the highest coefficient of determination was related to the Rank filter (54%). The highest 

correlation of the Sentinel-2 and the Sentinel-1 is related to band 6 with 74% and the Rank filter with 46%, respectively. The lowest 

RMSE in Sentinel-2 and Sentinel-1 is related to band three (1.64 %) and rank filter (1.03 %), respectively. According to the obtained 

results, band 6 in the Sentinel-2 and filter in Sentinel-1 have better performance among the data and methods used. However, it is 

emphasized that using more samples can be tested for improving results.  

1. INTRODUCTION 

Soil moisture is the heart of the earth's system (Dorigo et al., 

2017), affecting the variability of evapotranspiration, runoff, and 

energy fluxes by affecting the water and energy input cycle on 

earth (Seneviratne et al., 2010). Similarly, excess or deficiency 

of soil moisture can lead to floods or droughts(Brocca et al., 

2011; Dorigo et al., 2017; Koster et al., 2010; Wang et al., 2011). 

Soil moisture is of great importance in engineering, agricultural, 

geological, environmental, biological, and hydrological studies 

of soil mass (SU et al., 2014). Furthermore, soil moisture is a 

significant property of agriculture, which affects the dissolution 

and transfer of nutrients and microbial activity in the soil(Deng 

et al., 2020; Fares and Alva, 2000; Kim et al., 2008; Vellidis et 

al., 2008). 

Climatic data on soil moisture are essential for improving our 

understanding of the long-term dynamics of water, energy, and 

carbon cycles on Earth (Dorigo et al., 2017). In-situ observations 

of soil moisture and vegetation variables are vital factors for 

validating land surface models and satellite-derived products 

(Zhang et al., 2017). Due to the crisis in continuous 

measurements of soil moisture in terms of spatial and temporal 

and costly and time-consuming field measurements, it is 

practically impractical to do so, especially in impassable, 

mountainous, and large areas. Optics remote sensing includes the 

visible, near-infrared, and mid-infrared spectral. In this system, 

images are produced by recording reflected radiation of the sun 

from the earth by satellite sensors. Various studies have been 

performed to determine soil moisture(Babaeian et al., 2016; 

Sadeghi et al., 2017; Tian and Philpot, 2015; Whiting et al., 2004; 

Zhang and Zhou, 2016). 

The development of microwave remote sensing resulting from 

the Sentinel operational satellite launching has increased the 

accuracy of soil moisture estimation at higher spatial and 

temporal resolution (Singh et al., 2020). In the last two decades, 

the ability of microwave remote sensing to determine the 

dielectric properties of soil based on the amount of surface 

emission has led to the estimation of soil moisture (Mohanty et 

al., 2017). Different frequencies (X, C, and L bands) are 

commonly used to detect soil moisture (Calvet et al., 2010). Soil 

reflection in the L band through soil ductility strongly affects soil 

moisture in the 2-3 cm of the first soil layer (Fernandez-Moran et 

al., 2017). Various approaches have been proposed in the recent 

35 years based on microwave remote sensing (Awe et al., 2015; 

Chen et al., 2012; Zhang and Zhou, 2016). Since the 1980s, 

several surface scattering models have been developed for 

passive microwave remote sensing (Sun et al., 2015), including 

Kirchhoff models, which consist of the geometrical optics model 

(GOM) (Ulaby et al., 1986), the physical optical model (POM) 

(Ulaby et al., 1986) he small perturbation model (SPM) (Ulaby 

et al., 1986),  the integral equation model (IEM) (Fung et al., 

1992), the advanced integral equation model (AIEM) (Chen et 

al., 2003, 2000), Q / H model (Choudhury et al., 1979; Wang and 

Choudhury, 1981) and Qp model (Shi et al., 2005) for the bare 

soil area (Zhang and Zhou, 2016).  In 2020 Sing et al. evaluated 

the potential of Sentinel-1A satellite images to estimate soil 

moisture in a semi-arid region by using 37 soil samples and 

measuring the soil moisture from 5 cm below the ground surface 

using ML3 theta probe(Singh et al., 2020). The authors, after 

processing of Sentinel-1A images, applied modified Dubois 

model to calculate the relative permittivity of the soil from the 

backscatter values (σ∘) and calculate the volumetric soil moisture 

at each pixel by applying the universal Topp’s model accord with 

the measured values with RMSE = 0.035 and R = 0.75. This 

approach provides a first-order soil moisture estimation from 

Sentinel-1A images in sparsely vegetated agricultural land(Singh 

et al., 2020). Foucras et al. in 2020, have estimated the surface 

soil moisture at a spatial resolution of 500 m and a temporal 

resolution of at least 6 days by combining Sentinel-1 and 
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Sentinel-2 and MODIS images using change detection technique 

over a three-year period. The output from the presented SMES 

algorithm “Soil Moisture Estimations from the Synergy of 

Sentinel-1 and optical sensors (SMES)” by the authors is a 

moisture index ranging between 0 and 1, with 0 corresponding to 

the driest soils and 1 to the wettest soils is well correlated with 

RMSE below 6 vol%, for the African regions in particular 

(Foucras et al., 2020). (Ranjbar and Akhoondzadeh, 2021), have 

estimated the volumetric moisture of the soil surface using 

support vector regression (SVR) and perceptron artificial 

multilayer neural network (ANN-MLP) by Sentinel-1 and 

Sentinel-2 data. Estimation of soil surface volumetric moisture 

by support vector regression method using Sentinel 1 image has 

the best accuracy, and estimation of this parameter by ANN-MLP 

method using Sentinel 2 image has the worst accuracy. 

Calculating the square of the correlation coefficient has 

demonstrated that the best and worst correlation coefficients are 

related to the Sentinel 1 image using the backup vector and the 

Sentinel 2 image using the ANN-MLP method. The lowest and 

highest root mean square error is related to the support vector 

regression method with Sentinel 1 image and the perceptron 

multilayer artificial neural network method with Sentinel 2 

image, respectively (Ranjbar and Akhoondzadeh, 2021). 

(Fallah, 2013), has estimated soil moisture using satellite images 

of MODIS, ETM sensors, and SWAP model that the correlation 

coefficient was measured between values equal to 76%. (Ranjbar 

and Akhoondzadeh, 2020), have obtained the soil moisture using 

SVR and ANN methods in the Sentinel 1 and 2 satellite images 

with correlation coefficients of 0,659 for Sentinel 1 image with 

support vector regression method and 0,409 For Sentinel 2 image 

with multi-layer perceptron of artificial neural network method. 

This research seeks to find and model the relationship between 

satellite imagery data and soil moisture so that soil moisture can  

be estimated at different levels and provide access to remote or 

inaccessible places. However, various research has been 

conducted in the field of soil moisture evaluation using optical 

and radar satellite images, the purpose of this research is to 

evaluate the efficiency of bands 1 to 7, 11, and 12 of the Sentinel-

2 and apply filters (the Gaussian, Laplacian, Majority, 

Morphology, and rank ) to the Sentinel-1 for evaluation of soil 

moisture.  

 

2. AREA OF STUDY   

The study area is related to the south and southeast of Malard city 

in Tehran province. Malard city is adjacent to Ferdis in the north, 

Joqin village in the south, Shahriyar in the east and Mahdasht in 

the west. The longitude and latitude of the geometric center of 

Malard County is 35.6649 ° N, 50.9826 ° E. In this study, 24 

points in the south and southeast of Malard County were sampled 

to estimate soil moisture, shown in figure 1 and the two 

polytheistic areas (Sentinel-1 and Sentinel-2).  

 

 

 

Figure 1. Study area. 

 

 

3. DATA AND METHODS  

 

Ground data: A total of 24 points were obtained by random field 

sampling. The reason for choosing this method is to find areas 

with low vegetation or no vegetation where the soil moisture 

changes in the high range. The moisture of the topsoil (depth 0 to 

5 cm) was measured by the direct weighting method in the 

laboratory. Sampling was performed on 27/02/2020 when the 

satellite passed through the area. Also, the coordinates of the 

sampling points were taken by GPS. The samples' moisture has 

been measured with high accuracy in several steps and repetitions 

in the laboratory by the oven device.  

  

4. METHOD OF OBTAINING 100% SOIL MOISTURE 

   

 Soil moisture is expressed as a percentage of its dry weight and 

is defined as relationship (1):    

 

 =
𝑤1−𝑤2

𝑤2
∗ 100,                                 (1) 

 

Where      = Soil moisture 

                W1 = Wet soil weight (g)  

                W2 = dry weight of soil (g)   

 

As part of the European Space Agency’s program “Copernicus”, 

Sentinel-1A and Sentinel-1B were launched (in April 2014 and 

April 2016, respectively) for observation and monitoring of the 
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Earth’s surface and providing operational applications with 

environmental information (Foucras et al., 2020). Different 

weather conditions are ineffective on Synthetic Aperture Radars 

(SARs) and acquire data at any time of the day or night (Foucras 

et al., 2020). Single and dual-polarization images in the C-band 

with the wavelength of approximately 6 cm are provided by the 

SAR payloads which are positioned 180° apart in a sun-

synchronous orbital plane (Foucras et al., 2020). Sentinel-1, a 

synthetic aperture radar(SAR) sensor that implements C-band 

imaging (Torres et al., 2012). Sentinel-2 has been developed by 

the European Space Agency (ESA) for land monitoring, 

including a constellation of two multi-spectral imaging satellites, 

Sentinel-2A (S-2A), launched in June 2015 and Sentinel-2B (S-

2B), launched in March 2017 (Foucras et al., 2020). It provides 

global coverage of the Earth’s land surface with a revisit 

frequency of 5 (Foucras et al., 2020). It provides global coverage 

of the Earth’s land surface with a revisit frequency of 5 (Foucras 

et al., 2020). The images are in 13 spectral bands, consist of 

visible and mid-infrared wavelengths, at three various spatial 

resolutions, including 10, 20, and 60 m  (Foucras et al., 2020).  

In this study, the authors compared the efficiency of the Sentinel-

1 image as a radar sensor and the Sentinel-2 image as an optical 

sensor in estimating soil moisture. Moreover, the spatial 

resolution of the used bands is 10 and 20 meters (bands 1 to 8, 

11, and 12).  First, geometric and radiometric corrections were 

applied to satellite images. Then, to evaluate the capability of 

Sentinel-2 sensor images, the values of bands 1 to 8, 11, and 12 

(in the sampled points) with the moisture content of the sample 

points were analyzed. To evaluate the capability of the Sentinel-

1 sensor, the value of the band at VH polarization and some filters 

applied to the images, including Gaussian, Laplacian, Majority, 

Morphology, and rank filters, have been used. To evaluate the 

capability of each of the items used, linear regression (R),   

 

𝑌𝑖 = 𝑓(𝑥𝑖 , 𝛽) + 𝑒𝑖 ,                                     (2) 
 

Where      Yi = dependent variable 

                 F =function 

                 xi = independent variable 

                 β = unknown parameters 

                 ei = error terms 
                 Determination coefficient (R2)  

 

R2 = 1- (RSS / TSS),                                  (3) 

 

Where     R2 = Coefficient of determination 

               RSS = Sum of squares of residuals 

               TSS = Total sum of squares 

              And RMSE was used 

 

 𝑅𝑀𝑆𝐸 = √(
1

𝑛
∑ (𝑝𝑟𝑖𝑑𝑖𝑐𝑡 − 𝐺𝑟𝑜𝑢𝑛𝑑)2,𝑛

𝑖=1                    (4) 

 

Where     N = equal to the total number of data  

                Predict = equal to the value predicted by the model  

                Ground = the amount of ground data 

 

 

Figure 2. Map of the data used. 

 

The graph of determination coefficients (R2) and line equation 

(regression formula) of the data used were obtained. Figure 3 is 

variable models used and a graph of the coefficient of 

determination of Sentinel2 bands in the next step, which is 

provided in table 2. According to the models used in figure3, y 

is the dependent variable for each band of Sentinel-2, and x is 

the soil moisture percentage obtained using each band of 

sentinel-2. 

 

 

Figure 3. diagram of the coefficient of determination of 

Sentinel-2 sensor bands. 

 

Table1 demonstrates that the lowest coefficient of determination 

is related to band one with a soil moisture value of 8.70%, which 

indicates the fragile relationship of this band with soil moisture. 

Nonetheless, the most powerful relationship with soil moisture 

among the other bands belongs to band 6, with 86% of the 

coefficient of determination. After band 6, bands 5, 8, and 7 have 

a high coefficient of determinations, with 62.1%, 52.3%, and 

43%, respectively. Therefore, these bands have a strong 

relationship. with soil moisture, so using these bands in 

determining soil moisture is useful. 
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Table 1. coefficient of determination for each band in  

Sentinel-2. 

 

Figure 4 demonstrates the coefficients of determination and the 

line equation for the radar data used (Sentinel-1). This figure 

illustrates the coefficient diagram for the initial sentinel-1 image 

and the Gaussian, Laplacian, Majority, morphological, and Rank 

filters. As can be seen in figure4, y is the dependent variable for 

each filter used for Sentinel-1, and x is the Soil moisture 

percentage obtained using filters. Further, these values have been 

provided for better review in Table 2. 

 

 
Figure 4. Sentinel-1 sensor product determination coefficient 

diagram. 

 

As can be seen in Table 2, the Laplacian, Gaussian, and Majority 

filters have the lowest coefficient of determination with values of 

0.7%, 2.03%, and 4.3%, respectively, which indicate the fragile 

relationship of this band with soil moisture. Nonetheless, the 

Rank filter, with a coefficient of determination of 54.21%, has a 

robust relationship with soil moisture compared to the other 

filters. The determination coefficient diagram and equation of the 

Sentinel-1 raw image line show that the determination coefficient 

is equal to about 25%, indicating a weak relationship between 

soil moisture and sentinel-1 image data. 

 

 

Filters R2 (%) Soil Moisture (% 

) 

No filters 25.1 8.19 

Gaussian 2.03 8.69 

Laplacian 0.7 8.92 

Majority 4.3 7.99 

morphological 24.3 8.33 

Rank 54.21 7.89 

Table 2. coefficient of determination for each filters in  

Sentinel-1. 

 

Table 3 indicates the correlation, RMSE, and soil moisture values 

obtained results between the input data (sentinel-2 image bands, 

sentinel-1 image bands, and filters applied to the sentinel-1 

image) and soil moisture. 

 

Data                     RMSE      R          Soil Moisture Values 

(% ) 

B1 11.42 0.13 8.70 

B2 3.68 0.2 8.09 

B3 1.64 0.306 7.93 

B4 6.16 0.315 8.29 

B5 4.5 0.67 8.16 

B6 3.68 0.74 8.097 

B7 3.67 0.369 8.096 

B8 2.26 0.415 7.98 

B11 4.4 0.16 8.15 

B12 4.88 0.19 8.19 

Sentinel-1 4.92 0.18 8.19 

Gaussian 11.34 0.15 8.69 

Laplacian 14.29 0.068 8.92 

Major 2.36 0.069 7.99 

Rank 1.03 0.46 7.89 

Morphology 6.67 0.13 8.33 

Table 3. Correlation and RMSE results between input data and 

soil moisture. 

 

According to this table, the highest correlation coefficient in the 

Sentinel-2 image is related to band 6 with a soil moisture value 

of 8.097% and band 5 with a soil moisture value of 8.16%. The 

lowest error rate was related to band 3 with a soil moisture value 

of 7.93%. Concerning the Sentinel-1 image, the highest 

correlation coefficient and the lowest error were related to the 

Rank filter with soil moisture values of 7.89%.     

   

5. CONCLUSION 

Providing a timely map of soil moisture at high speed and low 

cost is significant for managers and researchers in various fields. 

In recent years, remote sensing researchers have been seeking to 

develop methods based on satellite image processing to obtain 

more accurate soil moisture maps. However, given the 

multiplicity of satellite sensors and the methods used, new 

researches are always required. In this research, the efficiency of 

Number 

of 

Bands 

R2 (%) Soil Moisture(%) 

Band 1 13.8 8.70 

Band 2 38.1 8.09 

Band 3 35 7.93 

Band 4 39.9 8.29 

Band 5 62.1 8.16 

Band 6 86.01 8.097 

Band 7 43 8.096 

Band 8 52.3 7.98 

Band 11 23.6 8.15 

Band 12 30.7 8.1 
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Sentinel-1 and Sentinel-2 images in estimating soil moisture has 

been investigated. The results obtained from regression, 

coefficient of determination and RMSE, demonstrate the highest 

coefficient of determination (R2) is related to band 6 of Sentinel-

2 sensors with 84%. In the Sentinel-1 sensor, the highest 

coefficient of determination is related to the Rank filter (54%).    

In the correlation regression (R) section, the highest correlation 

of Sentinel-2 was related to band 6 with 74%, and in Sentinel-1 

sensor, the highest correlation was with a filter with 46%.   

In the correlation regression (R) section, the highest correlation 

of Sentinel-2 was related to band 6 with 74%, and in the Sentinel-

1 sensor, the highest correlation was with a filter with 46%. The 

lowest error was related to band three (1.64) in Sentinel-2, and 

the lowest error was related to filter (1.03) in Sentinel-2. 

Based on the results of this study, in the Sentinel-1 sensor, the 

Rank filter had the best potential, and in the Sentinel-2 sensor, 

band 6 had the best potential. Results of this research demonstrate 

that band 6 of the Sentinel 2 image and the rank filter in the 

Sentinel 1 image have a more significant relationship with soil 

surface moisture. Moreover, the filter and band mentioned are 

more sensitive in evaluating soil surface moisture than other 

Sentinel-2 bands and the filters used in Sentinel-1. In this study, 

the ground data as soil moisture data was measured by the direct 

weighting method in the laboratory, and the average soil moisture 

in the area was obtained at 7.81%. With the comparison of the 

soil moisture measured using Sentinel-1 and Sentinel-2 images 

with Ground data, low values of RMSE show the high efficiency 

of the sentinel-1 and sentinel-2 images in the assessment of soil 

moisture. Nevertheless, the points that should be mentioned are 

for image processing, and it is better to use images at different 

times and do more processing, and also for more definite 

comments, more sample points, as well as more research, should 

be made. 
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