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ABSTRACT 

Accurate measurement and monitoring of surface and subsurface soil moisture is 

essential for understanding hydrological processes, crop growth modeling, crop water 

requirement, and climate studies. It's important to note that estimating of surface and 

subsurface soil moisture using remote sensing is a complex process that requires careful 

calibration, validation, and consideration of factors such as vegetation cover, soil type, and 

surface roughness. Accurate measurement of the soil moisture content in the root zone is 

essential for precise irrigation authority and plant water stress evaluation. However, the two 

existing passive microwave satellite missions, Soil Moisture and Ocean Salinity (SMOS) and 

Soil Moisture Active Passive (SMAP), that operate at L-band, can only estimate the top 5 cm 

of soil moisture. Microwave remote sensing has proven to be a valuable tool for non-invasive 

soil moisture estimation. This research aims to investigate and develop a methodology for 

estimating surface and subsurface soil moisture using microwave data from Sentinel-1. The 

study was conducted to establish the relationship between surface & subsurface soil moisture 

and the backscatter coefficient derived using the Sentinel-1 SAR microwave remote sensing 

satellite imagery, in the Godhra region. Two seasons namely summer (zaid) and monsoon 

(Kharif) were taken into consideration to build up the relationship between surface soil 

moisture and co-polarization backscatter coefficient (σVV ). For the summer (zaid) and 

monsoon (Kharif) seasons, the co-polarization backscatter coefficient (σVV ) and surface soil 

moisture were found to have a correlation in terms of R
2
 as 0.91 and 0.90, respectively. The 

study explores the relationship between microwave signals and surface soil moisture content 

(0-5 cm) and then the relationship between surface soil moisture and soil moisture at various 

depths were also modeled thereby contributing to improved soil moisture estimation 

techniques and applications. The value of the coefficient of determination (R
2
) of surface soil 

moisture to soil moisture at 20 cm, 40 cm, and 60 cm depths were found to be 0.60, 0.51, and 

0.46, respectively, in the summer (zaid) season. The value of the coefficient of determination 

(R
2
) of surface soil moisture to soil moisture at 20 cm, 40 cm, 60 cm, 80 cm, and 100 cm 



 

 

depths were found to be 0.83, 0.61, 0.51, 0.26, and 0.13, respectively. According to the study, 

it is observed that the relationship between co-polarization backscatter coefficient (σVV ) and 

soil moisture weakens as the depth of soil moisture increases. Overall, the regression models 

developed between the co-polarization backscatter coefficient (σVV ) and surface soil moisture 

showed very good results, whereas the regression models developed between the surface soil 

moisture and soil moisture at various depths showed reasonably acceptable results up to the 

depth of 60 cm. The findings in the present study suggest that Sentinel-1A C-band SAR data 

can be used to estimate surface as well as it can be extended getting satisfactory results upto 

the depth of 60 cm, in terms of associated surface and subsurface soil moisture modeling 

using regression equations. 

Keywords: Surface and Subsurface soil moisture, Sentinel-1, Synthetic Aperture Radar 

(SAR), Microwave, Monsoon and Summer seasons, Godhra 

1. INTRODUCTION 

There is a crucial need for the development of economically viable agricultural 

practices as the global population continues to increase and water supplies become scarcer 

because of climate change, demand from other beneficial uses, and more regulation of 

agriculture use (Boretti and Rosa, 2019). To better understand the connections between 

climate dynamics, hydrology, agriculture, drought, and food security, soil moisture plays a 

crucial and important variable (Gao et al., 2014; Sadri et al., 2020; Ram et al., 2023). In order 

to maximize crop yield, farmers must have information on soil moisture. Long-term soil 

moisture data combined with climate data can provide an understanding of patterns, 

agricultural thresholds, and losses (Lin et al., 2018). 

The subsurface soil moisture also known as Root Zone Soil Moisture (RZSM), or 

profile soil moisture is regarded as one of the most crucial factors influencing the growth of 

vegetation. Therefore, precise regional estimates of subsurface soil moisture are useful for a 

variety of applications, including the assessment of root zone soil moisture using remote 

sensing and vadose zone modelling (Shukla and Mintz, 1982; Hanson and Peters, 1999; 

Pauwels et al., 2001; Yu et al., 2014; Balas and Thakor, 2021). 

Surface soil moisture (SSM) generally indicates the soil moisture content of soils 

uptothe depth of 5 cm. The majority of remote sensing technologies are limited to 

determining SSM. Sub-surface soil moisture is the soil moisture content of soils at deeper 

levels where plant root intake of water occurs and is significantly more relevant to decision-
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making and management (Bauer-Marschallinger et al., 2018). A precise estimation of 

subsurface soil moisture is necessary to evaluate the plant water availability and for the 

scheduling of irrigation. Soil moisture monitoring approaches are rapidly expanding and 

evolving because of the launch of recently developed satellites, other sensing technologies, 

and more effective modeling capabilities (Peddinti et al., 2018). Over the past few years, 

several models (theoretical and empirical) have been developed for obtaining surface soil 

moisture at a depth of 0-5 cm using either active or passive microwave technology and 

establishing the correlation between the soil dielectric coefficient and water content 

(Petropoulos et al., 2015). 

The SSM data, which can be acquired either through satellites, can typically be used 

to extrapolate the subsurface soil moisture (Sabater et al., 2007). The setup of many sensors 

in the subsurface network can be expensive and time-consuming, and it is likely to have an 

impact on the soil properties. This makes spatially distributed sub-surface soil moisture 

challenging (González-Teruel et al., 2019). Richard’s equation-based complex process 

models for predicting soil moisture dynamics on a wide scale can be computationally 

expensive due to the vast amount of data needed for parameterization. Surface and subsurface 

soil moisture estimations are currently utilizing data-driven forecast technologies including 

artificial neural networks (ANN), Random Forest (RF), and statistical learning tools like 

Support Vector Machines (SVM) (Yu et al., 2012; Hassan-Esfahani et al., 2015; Carranza et 

al., 2021). In the preceding few years, Machine Learning (ML) techniques have become 

widespread in soil hydrology research, and they are now more frequently used to estimate 

model-derived subsurface soil moisture by ANN (Carranza et al., 2021). 

Microwave remote sensing is the most promising method for precisely monitoring 

soil moisture over a wide area because microwaves can penetrate the land surface to a certain 

depth and capture changes in soil dielectric characteristics caused by changes in the amount 

of water in the soil. Different indices and algorithms have been made for calculating 

subsurface soil moisture by linking SSM time series data (Wagner et al., 1999). Several 

microwave remote-sensing soil moisture technologies have been extensively used in 

scientific research and applications and are confirmed to have a significant correlation with 

ground-measured data (Owe et al., 2001; Dorigo et al., 2017). Meanwhile, the microwave 

sensors mounted on the satellites are only able to reach a depth of a few centimeters into the 

soil's surface and can't acquire data on soil moisture at greater depths (Baldwin et al., 2019). 

However, there still remains a need to measure subsurface soil moisture in the top meter of 
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soil because this information is critical for modeling and forecasting processes like the onset 

of drought, plant growth, and chemical transfer through the soil (Denmead et al., 1962; 

Malone et al., 2004; Narasimhan et al., 2005). 

This study was conducted to investigate and develop a methodology for simulating 

surface and subsurface soil moisture using microwave remote sensing data. The availability 

of accurate and timely information on soil moisture is crucial for various applications, such as 

agriculture, hydrology, and climate studies. Microwave remote sensing offers the capability 

to penetrate through the soil and retrieve information about the moisture content at different 

depths. This research focuses on the utilization of microwave data to estimate surface and 

possible direct application to estimate subsurface soil moisture and explores to develop a 

relationship between the measured microwave signals and the underlying soil moisture 

profiles. The following is an outline of the paper's structure: The study area, method, and data 

are described in Section 2; the results are illustrated in Section 3; and the discussion and 

findings are presented in Section 4. 

2. MATERIALS AND METHODS 

2.1 Study Area Location 

The study area falls in the Panchmahal district of Gujarat, India as seen in Fig. 1, and 

was selected for the current research work. The research area is approximated as 772 km
2
 in 

size, has an estimated population of 4,62,516 (census-2011), and is bounded by latitudes 

22°41'51" N to 22°53'35" N and longitudes 73°21'08" E to 73°51'11" E. Godhra sub-district 

is located in the Middle Gujarat Agro Climatic Zone-III, which is semi-arid and has an 

average annual rainfall vary between 650 to 750 mm. The study area's soil type is sandy 

loam, and its lowest and highest temperatures range from 6 °C (cold winter) to 44 °C (hot 

summer). 
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Fig. 1: Study area location (a) Indian administrative boundary (b) Gujarat state 

administrative boundary (c) Panchmahal district administrative boundary (d) Godhra tehsil 

administrative boundary  



 

 

2.2 Data Collection and Analysis  

The soil moisture was measured at an interval of 20 cm stepped i.e., surface, 20 cm, 

40 cm, 60cm, 80 cm, and 100 cm considering the timing of overpassing of Sentinel-1 from 

March-2021 to November-2021.Throughout the study period, there were eight different 

locations (4 for each season) and two different seasons, namely summer (zaid) and monsoon 

(Kharif) were selected to measure the soil moisture for different depths. Out of eight 

locations, four were assigned to each season, and these four locations were also distributed 

randomly in four quarter divisions, over the full study region as shown in Fig. 2.  Depth wise 

total of six soil samples were taken from each point (surface, 20, 40, 60,80 and 100 cm).  

We determined soil moisture content up to 60 cm and 100 cm depth during the 

summer (zaid) season and monsoon season (kharif), respectively with the help of a hand-held 

auger hoe and knife. Soil samples were collected at an interval of 20 cm depth by digging a 

hole and packed in an airtight bag.  A total of 40 samples were collected in both seasons: 24 

(6×4) during the monsoon season (Kharif) and 16 (4×6) during the summer (zaid) season.  

 

Fig. 2: Representation of geolocated surface and subsurface soil moisture data collected in 

both seasons 
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Many alternative techniques have been available in recent years to measure soil 

moisture content. Direct and indirect methods are generally used to determine soil moisture. 

Direct methods measure the soil moisture based on a calculation of the difference between 

the before and after drying of the soil. In indirect approaches, the moisture content of the soil 

is measured using sensors and other characteristics that have an impact on it, depending on 

the device's accuracy. Therefore, compared to indirect methods such as the dielectric 

technique, tensiometry method, etc., the gravimetric approach (direct method) is more 

reliable and provides accurate soil moisture. A gravimetric soil moisture determination 

method was used in this study (Shih and Jordan, 1992).  

The soil samples were tightly packed in airtight polythene bags. A weighing balance 

was used to determine the wet and dry weight of the soil samples as shown in Fig. 3. Each 

sample was then placed in a hot air oven dryer at 105° C for 24 hours to determine the dry 

weight (Aniley et. al., 2018). The gravimetric moisture content (MC) estimation method was 

used to determine the soil moisture (Eq.-1).  

MC, % =
Wet weight − Dry weight

Dry weight
 1 

 

  



 

 

  

Fig. 3: Collection and oven drying of soil samples 

 

2.3 Satellite Data 

The Sentinel-1 mission consists of a pair of two polar-orbiting satellites that operate 

during the day and night along with C-band (λ = 5.6 cm) Synthetic Aperture Radar (SAR) 

imaging to collect data in all weather conditions. Sentinel-1 designed by the European Space 

Agency (ESA) having spatial and temporal resolutions are 10 m and 6-day, respectively was 

used in this study. It has four different acquisition modes: Strip Map (SM), Interferometric 

Wide swath (IW), Extra Wide swath (EW), and Wave (WV) modes. As stated in Table 1, 

Sentinel-1 SAR data for various dates used in the study were retrieved from 

https://scihub.copernicus.eu.  

Table 1: Sentinel-1 over passing dates 

Sl. No. Date Sl. No. Date 

Summer season Monsoon season 

1 05-03-2021 5 27-07-2021 

2 10-04-2021 6 20-08-2021 

3 16-05-2021 7 13-09-2021 

4 09-06-2021 8 07-10-2021 

2.4 Software used 

ArcGIS (v-10.3) and SNAP (v-8.0.0) were used in this study to estimate the soil 

moisture using Remote Sensing and GIS. Sentinel Applications Platform (SNAP) released by 

European Space Agency (ESA) in 2014 was downloaded from 

https://step.esa.int/main/download/snap-download/. 

https://scihub.copernicus.eu/
https://step.esa.int/main/download/snap-download/


 

 

2.5 Workflow to Pre-process the Sentinel-1 GRD Product to extract the co-polarization 

(𝛔𝐕𝐕)and cross-polarization (𝛔𝐕𝐕) 

This workflow is applicable within the Sentinel Application Platform (SNAP). The 

pre-processing workflow is a series of nine processing steps that are designed to eliminate 

error propagation in following operations as much as possible (Filipponi, 2019). All the steps 

are illustrated in the flowchart as shown in Fig. 4 and described simultaneously. 

 

Fig. 4: Methodology flowchart of data analysis 

The SNAP procedure of applying a precise orbit enables the automated download and 

update of orbit state vectors for each SAR scene in its product metadata, providing precise 

satellite location and velocity information. Thermal noise must be corrected or removed to 

normalize the backscatter signal throughout the full SAR image, which is necessary for both 

qualitative and quantitative SAR data application. Sentinel-1 images are affected by the so-

called border noise effect. These noises, or non-zero artifacts, appear as a narrow strip along 

the range and azimuth directions' boundaries. Such noise must be eliminated before further 

processing. Calibration is the process of converting digitized pixel values to radiometrically 



 

 

calibrated SAR backscatter. Speckle filtering is a technique for improving image quality by 

diminishing speckles. A digital elevation model is used as an input, and range doppler terrain 

correction shifts all pixels to their proper positions. The final step is to convert the unitless 

backscatter coefficient (𝜎0)into dB using a logarithmic transformation. At the end, co-

polarization (σVV )and cross-polarization (σVV ) were extracted using latitude and longitude 

locations. 

2.6 Linear Regression 

Linear regression attempts to model the relationship between two variables by fitting 

a linear equation to observed data. One variable is an explanatory variable, and the other is 

considered to be a dependent variable.The least-squares approach is the most often used 

method for fitting a regression line. The best-fitting line for the observed data is determined 

by minimizing the sum of the squares of the vertical deviations from each data point to the 

line. It is given by the following equation-2. 

Y =  β0 + β1X1 2 

Where, Y = Dependent or predicted variable  

 β1 = Regression coefficient  

 X1 = Independent or predictor variable  

 β0 = Intercept  

 

3 RESULTS 

3.1 Variability of Soil Moisture  

In summer (zaid) and monsoon (Kharif) seasons surface soil moisture varies from 

0.93 % to 2.21 % and 10.25 % to 19.23 %, respectively. Whereas, in summer (zaid) and 

monsoon (Kharif) seasons, subsurface soil moisture varies from 0.82 % to 2.37 % and 9.85 % 

to 20.72 %, respectively for the study area. Variability of subsurface soil moisture at 

particular depths (surface/20/40/60/80/100 cm) for different locations (1, 2, 3, and 4) and at 

particular locations (1/2/3/4) for different depths (surface, 20, 40, 60,80 and 100 cm) for both 

seasons are depicted in Figs. 5 to 8. The variability of subsurface soil moisture in both 

seasons is significantly distinguished. In the summer (zaid) season, the soil moisture is low 

compared to monsoon (zaid) season. The variability of subsurface soil moisture in every four 

locations also differed from each other and at particular location depth wise it also varies 
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marginally in the summer (zaid) season. In the case of the monsoon (zaid) season, the 

subsurface soil moisture variability was found significantly higher compared to the summer 

(zaid) season. as shown in Figs. 5 to 8.  

  

Fig. 5: Location-wise soil moisture 

variation in the summer (zaid) season  

Fig. 6: Location-wise soil moisture 

variation in the monsoon (kharif) season 

  

Fig. 7: Depth-wise soil moisture variation 

in the summer (zaid) season 

Fig. 8: Depth-wise soil moisture variation 

in the monsoon (kharif) season 

 

3.2 Modelling of Backscatter Co-polarization (𝛔𝐕𝐕)with Surface Soil Moisture 

Due to problematic conditions and drudgery in subsurface soil sampling, we were not 

gathered data in bulk. Keeping this in view we established a relationship of surface soil 

moisture with co-polarization (σVV ) because among both polarizations (σVV andσVH ), the 

strong relation to soil moisture was found with co-polarization (σVV ) only. In the further 

analysis, we used only co-polarization (σVV ) for the subsurface soil moisture. The 

relationship of co-polarization (σVV ) with surface soil moisture is shown in Fig. 9 and 10 

with R
2 

values are 0.91 and 0.90 for summer (zaid) and monsoon (Kharif) seasons, 

respectively suggesting a strong correlation. A little bit higher correlation (+ 0.1) was found 

in the summer (zaid) season compared to the monsoon season (Kharif).  
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Fig. 9: Correlation between surface soil 

moisture and co-polarization (σVV ) in 

summer (zaid) season 

Fig. 10: Correlation between surface soil 

moisture and co-polarization (σVV ) in 

monsoon (Kharif) season 

 

3.3 Modelling of Surface Soil Moisture to Subsurface Soil Moisture 

To measure the subsurface soil moisture at different depths i.e., 20 cm, 40 cm, 60 cm, 

80 cm, and 100 cm we established linear regression with surface soil moisture for both 

seasons. In the summer (zaid) season subsurface soil moisture was measured up to 60 cm 

depth at an interval of 20 cm so, we obtained three relationships while in the monsoon 

(kharif) season, we reached up to 100 cm depth so, five relationships were obtained. 

In the summer (zaid) season, the value of the coefficient of determination (R
2
) of 

surface soil moisture with 20 cm, 40 cm, and 60 cm are 0.60, 0.51, and 0.46, respectively 

(Fig. 11) whereas in monsoon (Kharif) season the value of the coefficient of determination 

(R
2
) of surface SMC with 20 cm, 40 cm, 60 cm, 80 cm, and 100 cm is 0.83, 0.61, 0.51, 0.26 

and 0.13, respectively (Fig. 12) was found. The result indicates that increase in depth from 

the surface to the subsurface, the relation of surface SMC with stepped depth becomes weak. 

Similar results were also obtained in the monsoon (kharif) season. In the monsoon (kharif) 

season, strong relation was observed compared to the summer (zaid) season for the first three 

depths i.e., 20 cm, 40 cm and 60 cm as shown in Fig. 12. There is not much of a correlation 

when looking more deeply below 60 cm in the monsoon (kharif) season. 



 

 

 

Fig. 11: Relationship between surface and subsurface soil moisture in summer (zaid) 

season 

 

Fig. 12: Relationship between surface and subsurface soil moisture in monsoon (kharif) 

season 

 

 



 

 

4 CONCLUSIONS 

The study was conducted to simulate the surface soil moisture and to estimate the 

subsurface soil moisture based on remotely sensed microwave C-band Synthetic Aperture 

Radar (SAR) data of Sentinel-1 satellite in Godhra, Panchmahl, Gujarat. A total of 40 soil 

samples were collected from different locations in the Godhra taluk in accordance with the 

Sentinel-1 passage date. The gravimetric approach was used to determine the in-situ soil 

moisture content. Sentinel Application Platform (SNAP) software's open-source tool was 

used to analyze the Sentinel-1 SAR microwave data and to extract the backscattering 

coefficient. Soil moisture as measured in the field (MC, %) was used as the dependent 

variable, whereas co-polarization (σVV )was used as the independent variable. The association 

between the backscatter coefficient co-polarization (σVV )and the surface soil moisture and 

then its relationship with subsurface soil moisture was established using the linear regression 

model. Co-polarization (σVV )and surface soil moisture were found to be associated with R
2
 

values of 0.91 and 0.90 for the summer (zaid) and monsoon (Kharif), respectively. 

Furthermore, considering the subsurface soil moisture, the study showed that as depth 

increased, the relationship between co-polarization (σVV )and soil moisture decreased.  

According to the study's findings, Sentinel-1A C-band SAR data can be used to measure 

surface as well as the subsurface soil moisture at the regional level. 
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