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Abstract

:

Understanding physical processes in nature, including the occurrence of slow-onset natural disasters such as droughts and landslides, requires knowledge of the change in soil moisture between two points in time. The study was conducted on a relatively bare soil, and the change in soil moisture was examined with an index called Normalized radar Backscatter soil Moisture Index (NBMI) using Sentinel-1 satellite data. Along with soil moisture measured with a probe on the ground, a study of correlation with satellite imagery was conducted using a Multiple Linear Regression (MLR) model. Furthermore, the Dubois model was used to predict soil moisture. Results have shown that NBMI on a logarithmic scale provides a good representation of soil moisture change with R2~86%. The MLR model showed a positive correlation of soil moisture with the co-polarized backscatter coefficient, but an opposite correlation with the surface roughness and angle of incidence. The results of the Dubois model showed poor correlation of 44.37% and higher RMSE error of 17.1, demonstrating the need for detailed and accurate measurement of surface roughness as a prerequisite for simulating the model. Of the three approaches, index-based measurement has been shown to be the most rapid for understanding soil moisture change and has the potential to be used for understanding some mechanisms of natural disasters under similar soil conditions.
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1. Introduction


The volume of water trapped in the voids of a soil mass contributes to soil moisture. It is an important parameter affecting a wide range of physical science, and thus its monitoring, estimation, and prediction are important in the context of land management [1] and agricultural production [1,2], and its changing profile affects the occurrence of natural disasters such as droughts, floods, and landslides [3,4,5]. However, it is difficult to estimate the parameter with reasonable accuracy when the area is large. Remote sensing observations from ground and satellites help in collecting data for simulation of semi-empirical or physical models for its estimation [6]. The models have their own assumptions and data requirements, and the process requires detailed planning and time. In addition to the exact values, the change in soil moisture between two points in time is also important and can be accessed through an index. The advantage of the index may be that it does not require measurement of ground roughness. Thus, if the roughness does not change significantly between two observation times, the index may be a good representation of the state of moisture change on the soil. This paper presents a case study of this possibility using an existing index, the Normalized radar Backscatter soil Moisture Index (NBMI). It was introduced to calculate the relative soil moisture at a particular location and it used the radar backscatter of two different dates [7]. This index is based on a multi-temporal strategy that uses a ratio technique that enables common multiplicative effects on backscatter, which are mostly caused by variations in soil type and surface roughness, to be minimized [8]. The advantage of NBMI, is the removal of contribution in the backscattering coefficient due to the soil type and the surface height. At the same time, the study attempts to determine and predict soil moisture using Multi Linear Regression (MLR) and Dubois models, and highlights the challenges that must be overcome to achieve a high level of accuracy in the predicted results.



Some Indices of Soil Moisture


Since its beginnings in the 1960s, the use of remote sensing to estimate soil moisture has evolved considerably. The ability to use both passive and active sensors to monitor the soil surface, which is related to the amount of water in the soil, was just being explored by researchers at the time. For passive optical methods, the availability of finer resolution remains an advantage [9], while the penetration capability of active sensors is an advantage that can be used to interrogate soil moisture at the subsurface level. As part of an overview of established methods in both fields, there are some detailed reviews of the evaluation of remote sensing methods [6,10,11], a current state of use in the microwave domain [12], and some significant recent advances [13] carried out by researchers at recent years. One of the earlier methods is the extraction of soil moisture from the uppermost layer [14]. Other applications focused on establishing a link between soil parameters, vegetation indices and surface radiation temperature, which were studied and progressively developed [15,16,17]. Some of the models and approaches in this area include the universal triangular relationship method, brightness models, statistical analysis techniques, and the application of neural networks [11]. In passive environments, thermal sensors, including thermal infrared (TIR) sensors, can monitor soil surface temperature and reveal details about subsurface soil moisture content. In dry or arid regions, where the presence of water can have a significant impact on soil temperature, these sensors are particularly useful for assessing soil moisture [18,19,20]. Because soil moisture content has a significant effect on the emission of thermal microwave radiation from the soil, some of the first algorithms for estimating it using passive microwave data were developed in parallel and have contributed significantly to our understanding of the relationship between microwave emissions and soil moisture. The Land Surface Microwave Emission Model (LSMEM) is one such useful tools for estimating soil moisture from passive microwave data and offers crucial results for a variety of applications. The Semi-Empirical Model (SEM) is a hybrid model that incorporates physical and empirical links widely used for soil moisture retrieval from passive microwave data. Similar models have yielded high precision and high-resolution surface soil moisture predictions with the utilizing of radar and radiometer microwave remote sensing by combining the complementary strengths and sensitivities into an integrated and unified retrieval framework [21,22,23]. Since optical remote sensing imagery is affected by weather conditions and the accuracy of soil moisture estimates is affected by vegetation cover on the ground surfaces, active sensors on the other hand have the advantage of being on-board satellites and can achieve ground resolution of up to 10 m available freely for public use. However, these measurements are extremely sensitive to surface geometry, including soil texture, vegetation structure, orientation, incidence angle, and polarization, among other factors. Therefore, a straightforward retrieval method for determining soil moisture is often not available, and various physical, empirical, or semi-empirical models exist for this purpose. Site-independent correlations are provided by physical models such as Integral Equation Model (IEM), Small Perturbation Model (SPM), Geometrical Optic Model (GOM) and Physical Optic Model (POM), but their applicability is limited depending on the soil roughness [16]. On the other hand, the semi-empirical or empirical models are often valid only for certain soil conditions and need to be calibrated to other soil conditions. Such examples include the Oh model [24,25,26,27,28] and the Dubois model [29].



The developments of the sensors and methods have contributed to construct important indices that can provide information about the state of soil moisture on the ground. The Normalized Difference Moisture Index (NDMI), which measures the water content of plants, is one of the important indices used in the optical region. Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), and Enhance Vegetation Index (EVI), etc. can be used as proxy measurements for the purpose. Other similar indices include the Atmospherically Resistant Vegetation Index (ARVI), the Structure Insensitive Pigment Index (SIPI), etc. [30]. In the microwave range, the Soil Moisture Active Passive (SMAP) index is derived from data collected by the European Space Agency’s Soil Moisture and Ocean Salinity (SMOS) satellite. It allows the collection of information from the top 5 cm of the soil, which is crucial for agricultural productivity. For a deeper layer of information, index such as Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E) can be utilized from instruments onboard NASA’s aqua satellite. The Passive Microwave Remote Sensing Soil Moisture index (PMRSM) is another in this category that can be derived from a variety of satellites, including the active passive soil moisture index such as Soil Moisture and Ocean Salinity (SMOS), the AMSR-E index (AMSR-E), and the Special Sensor Microwave/Imager index (SSM/I), etc. In addition, there are physics-based models that use optical data, and many of them are used to predict slow-onset disasters such as droughts. The Soil Water Index (SWI) from the SAR satellites is an example of quantifying the soil moisture index at different depths on a larger scale. The Soil Moisture Index (SMI) is a widely used index that uses parameterization of the relationship between Land Surface Temperature (LST) and the Normalized Difference Vegetation Index (NDVI) [31]. Ultimately, satellite-based soil moisture indices have contributed to a better understanding of soil moisture on the ground by providing a thorough and spatially continuous perspective of soil moisture at the surface, through improving spatial and temporal monitoring capabilities and advancing models and indices.





2. The Study Area


The study area was a baseball field roughly of size 0.02 sq km in the Yamaguchi University premises in Ube city, Yamaguchi prefecture, Japan as shown in (Figure 1). It was predominantly bare soil with very sparse weeds where maximum twig heights reached not more than 15 cm having an average diameter of about 1 mm. Observations were made at 47 specific points, as shown in the same figure. The soil type was dominantly hard reddish brown Lateritic type of soil.



According to Japan Meteorological Organization (JMO) data recorded at Yamaguchi Station, the average air temperature, humidity, and total precipitation for the month of September, when the observations were made, were 24.8 °C, 78%, and 363.5 mm, respectively. Two satellite observations from the Sentinel-1 C-band satellite on 16 and 28 September 2022 were used for the study. Of note, there was precipitation of about 32 mm prior to the second satellite observation on the previous day, which likely contributed to an increase in soil moisture in the study area.




3. The Satellite Data


Soil moisture values at ground level were collected using an MC7828SOIL kit with a probe from a depth of approximately (5–6) cm. There was a total of 47 observation points, as shown in (Figure 1 detail “C”). Four observations were collected around each point at approximately 1.7 m intervals (Figure 2), and the average values of these observations were considered the mean soil moisture around that point.



Field data collection of soil moisture began at 18:00 in the evening, about three hours before satellite observation over the area, which occurred at 21:17, and continued for four hours until 22:00 at night. Both observations were made in the IW mode with descending view to the right and with VH and VV polarizations.



The baseball field was equipped with floodlights so that data collection was possible at night. A Landsat-8 image of the area taken on 23 September was used for the NDVI calculation. Table 1 provides further information regarding the Sentinel-1 observations.




4. Methodology


The methodology began with downloading and processing satellite imagery from Sentinel-1 and Landsat-8 satellites to extract radar backscatter and NDVI values. On the respective dates, the field measurements of soil moisture were carried out with the probe. A GPS device was used to identify the points from where the soil moisture was to be collected. A schematic diagram of the workflow and methodology is shown in (Figure 3).



The Sentinel-1 images were later processed to extract the radar backscatter and incidence angles. Those were used in NBMI, MLR and the Dubois models. A correlation between NBMI and soil moisture change was investigated. The accuracy of the inverted Dubois solution was tested using field values for soil moisture in relation to the RMSE. The following subsections describe each step-in detail.



4.1. The Estimation of Radar Backscatter Coefficients


The Sentinel-1 data obtained were processed for radiometric calibration and geometric correction using SNAP software developed by European Space Agency (ESA). The radiometric calibration changed the Digital Number (DN) values of backscatter intensity to radar backscatter coefficients using the Equation (1).


   σ 0     p q   =       D N    i    2     A i    2     



(1)




where,    A i    was the corresponding sigma-nought value depending on a Look up table (LUT). Here, pq describes the polarization. After the radiometric calibration, the linear backscatter units were converted into decibel (dB) units using Equation (2) to represent the power of the radar signal.


   σ 0     d B   = 10 l o  g  10    σ 0     p q    



(2)







The images were geometrically corrected and co registered with bi-linear interpolation with an RMSE value < 0.5 of a pixel and projected to WGS84 map projection. A 3 × 3 lee filter was applied to both the images to reduce speckle. The study area was located in the satellite images and 47 observation points were identified and related to individual pixels in the satellite images for backscatter measurement.




4.2. The NBMI


In an original study, the NBMI for ERS-2 SAR backscatter with C-band data and an incidence angle of 23° was used to determine the relationship between the concentration of soil moisture on the ground with the index [7]. It was applied in the transition between a humid and a semi-arid climate. The Equation (3) defines the NBMI [7].


  N B M I =    σ 0     d  B  T 1   +    σ 0     d  B  T 2        σ 0     d  B  T 1   −    σ 0     d  B  T 2        



(3)







Here,    σ 0     d  B  T 1       and    σ 0     d  B  T 2       are the radar backscatter coefficients of day1 and day2 of observations. For our study, these corresponded to backscatter measured on 16 and 28 September 2022 respectively.




4.3. The MLR Model


The Multiple Linear Regression (MLR) model used the field measured values of Soil Moisture (SM) to construct a linear relationship with the independent parameters of radar backscatter coefficients      σ 0     d B      , incidence angle ( θ ) and surface roughness (   H  r m s    ) as described in Equation (4) [32]. Here a, b, c and d are the constants.


  S M = a + b  σ 0     d B   + c θ + d  H  r m s    



(4)








4.4. Measurement of Surface Roughness   (  H  r m s   )  


One of the influencing factors that affects radar backscatter is the surface roughness [6,33]. Thus, its accurate measurement is critical in determining the soil moisture. The conventional methods of using a pin profilometer is not used here to save time and instead roughness is derived using equations involving the cross and like polarized backscatter values [34,35] as shown in Equations (5) and (6) respectively. We have used the constant values from the given papers as ground conditions were similar and mostly flat level terrain. The values of A, B, C and D are considered 4.27, 0.22, 1.850, 0.120 respectively as suggested in the original equations from both the papers.    σ 0     V H     a n d    σ 0     V V     (in dB) are the measurements of radar backscatter coefficients in VH and VV polarizations.


   H  r m s   = A + B    σ 0     V H   −  σ 0     V V      



(5)






   H  r m s   = C + D    σ 0     V H   /  σ 0     V V      



(6)








4.5. The Dubois Model


The Dubois model is a semi empirical model to retrieve soil moisture derived from scatterometer data [29]. The optimized algorithm is best suited for the bare surfaces which satisfy the conditions within the range as shown in Table 2 [29,36]. In this study, the five parameters achieved are shown in the same table. The   K  H  r m s     (cm) value is within the required condition (<2.5) only by one method [34]. This indicated the necessity of measuring the height on ground as uncertainty is very well present in the calculation when using dual polarization backscattering information for height estimation.



Here, θ was the incidence angle, K = 2π/λ and    H  r m s     = average values of surface roughness. λ was wavelength of Sentinel-1 observation = 5.54 cm for this study. The surface roughness     H  r m s     was derived using Equations (5) and (6).



The Normalized Difference Vegetation Index (NDVI) of the study area was calculated using the Landsat-8 data of 23 September 2022 using Equation (7). These were resampled to 10 m for purpose of analysis.


  N D V I =   N I  R  S R   − V  R  S R     N I  R  S R   + V  R  S R      



(7)




where,   N I  R  S R     a n d   V  R  S R     were Surface Reflectance values of Near Infra-Red band and Visible Red band.



The model proposes a set of equations to simulate the backscatter coefficients (in linear scale) for HH and VV polarized observations as mentioned in Equations (8) and (9) [32]. For this study, Equation (9) has been considered as our observation engaged VV polarization.


   σ 0     H H   =   10   − 2.75       c o  s  1.5   θ   s i  n 5  θ       10   0.028  ε r  t a n θ       K .  H  r m s   . s i n θ     1.4    λ  0.7    



(8)






   σ 0     V V   =   10   − 2.35       c o  s 3  θ   s i  n 3  θ       10   0.046  ε r  t a n θ       K .  H  r m s   . s i n θ     1.1    λ  0.7    



(9)







Here,  θ  is the incident angle in radians,    ε r    is the real part of the dielectric constant,    H  r m s     is the roughness of the surface in cm,   K    is wave number = 2π/λ. The inverse solution of the Dubois as shown in Equation (10) has been used to find the dielectric constant in our study with VV polarization [32].


   ε r  =  1  0.046 t a n θ   l o  g  10         10   2.35     ( s i n θ )  3   σ 0     V V         c o s θ    3   λ  0.7       K .  H  r m s   . s i n θ     1.1        



(10)







Finally, the volumetric soil moisture was derived using Equation (11) proposed in [32,37].


  S M = − 5.3 ∗   10   − 2   + 2.92 ∗   10   − 2    ε r  − 5.5 ∗   10   − 4    ε r    2  + 4.3 ∗   10   − 6    ε r    3   



(11)








4.6. Error Calculation


The values of the measured soil moisture were tested against the model predicted results with Root Mean Square Error (RMSE) using Equation (12)-


  R M S E =    1 N    ∑   i = 1  n       Y  m e a s u r e d   −  Y  p r e d i c t e d      2     



(12)









5. Results


Soil moisture collected in the field on the two days was tested for normality and basic statistics. It can be seen in Figure 4, that the p value of the data > [α = (0.05)] for the Kolmogorov-Smirnov test does not reject the null hypothesis and the data are from a normally distributed population.



The preliminary statistical analyses have shown that minimum and the maximum values of volumetric soil moisture measured were 1.1% and 35.4% with a mean of 12.8 and standard deviation of 7.04 (Table 3).



5.1. Co-Relation and Sensitivity Analyses


The measured values of volumetric Soil Moisture (Vol%) were studied for their sensitivity with the radar backscatter values in both the polarizations. It was observed the VV polarization was slightly better in this with the individual    R 2     value of 48% as shown in Figure 5.




5.2. Result of NBMI


For all the values bigger than zero in X-axis, the NBMI has been able to represent a significant relationship with the change of soil moisture between day2 and day1 as shown by the scatterplot on a logarithmic scale in the (Figure 6). It shows a correlation coefficient close to 86% in the VV polarization in the form of the Equation (13).


  ln   N B M I   = 6.380 − 0.4784  ∗ ln    c h a n g e   o f   S M     V o l %     f r o m   d a y   2   t o   d a y 1    



(13)








5.3. Result of MLR


The MLR tried to establish a relationship of soil moisture as dependent variable with other parameters of as described in Equation (4). To reduce the uncertainty in MLR model, we have normalized the independent variables. This way it is easier to understand the relative influence of each independent variable over dependent variable. It was found that both the incidence angle and the surface roughness had a negative relationship with the soil moisture while the backscattering was having a positive relationship in case of co-polarized data (VV). MLR has given the best    R 2     value as 54.57%, while the 5-fold cross validation gave    R 2     as 49.97%. The model is shown in Equation (14) with the Regression Equation.


  S M = 11.10 + 26.34  σ 0     d B   − 8.20   θ − 7.84  H  r m s    



(14)








5.4. Result of Dubois Model


The output of the Dubois model was plotted against the measured values of soil moisture and it is shown in (Figure 7) for VV polarization. The model result has shown a poor    R 2    value of 44.3% with a higher RMSE of 17.10.



This behavior is strongly suspected to be caused by poor surface roughness measurements that need significant correction which can be carried out using ground measurement techniques such as pin profiling or lidar surveys.





6. Discussion


As mentioned earlier, soil moisture was observed on two different dates corresponding to satellite passes over the same set of points on the ground using the same technique 12 days apart. The roughness of the field was preserved and the vegetation scenario too did not change much during the time. Therefore, it could be assumed that any change in soil moisture was likely due to a change in dielectric constant due to precipitation on the day before the second day observation. The use of index-based method to see this relative change of soil moisture was a justification for this study. The sensitivity of the radar signal to soil moisture is demonstrated in numerous studies as a function of various target parameters [38,39] and radar configurations [12,40,41,42,43]. Studies have shown that over bare soil, X band is comparatively more sensitive in HH polarization and a relative lower incidence angle [44,45]. Investigating the same in C-band Sentinel-1 SAR data was one of the goals of this work. Like other studies it has shown that sensitivity to soil moisture in C-band is approximately the same as in L-band but less than X band [44,46] and inversely dependently on the incidence angle [47,48,49]. The initial analysis of sensitivity at C band shows that the VV polarization has a higher correlation with the radar backscatter demonstrating that VV in Sentinel-1 has greater potential for soil moisture estimation than VH. This finding supports another research in the field [32,50].



The results have shown that NBMI has given a better correlation than the other methods. This can be used to understand the change of SM condition simply by obtaining the backscatter values without a ground measurement of roughness in a condition like this. At the same time the study highlights the effect of roughness on the absolute measurement of soil moisture using Dubois model which is of utmost importance and the scope remains for a quick and accurate measurement technique for retrieval of absolute values of soil moisture [51]. This study has shown that a possibility of detecting soil moisture change without knowing the actual surface roughness which is the case in most of the remote areas where slow onsetting disaster happens, can be achieved in a similar ground condition.
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Figure 1. The overview of the study area where A and B shows the location of the study area in the country and in the prefecture respectively and C is the location of the observation points. 
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Figure 2. Soil moisture measurement on ground. 
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Figure 3. Schematic diagram of the whole methodology and workflow. 
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Figure 4. Normality plot of the measured soil moisture data. 
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Figure 5. Correlation of the soil moisture with radar backscatter. 
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Figure 6. Scatterplot of change of soil moisture (Vol%) and NBMI on a logarithmic scale. 
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Figure 7. Scatterplot of measured and predicted values of soil moisture by Dubois Inverse Solution. 
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Table 1. Details of the Sentinel-1 observation.
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	Satellite
	Obs. Date
	Local Time
	Acquisition Mode
	Pass
	Polarization
	Antenna Look
	Product





	Sentinel 1A
	16 September 2022
	21:16:58
	IW
	Descending
	VH/VV
	Right
	GRD



	Sentinel 1A
	28 September 2022
	21:16:58
	IW
	Descending
	VH/VV
	Right
	GRD
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Table 2. Prerequisite parameters for best results by Dubois model.
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	Variables
	Required (for Best Results)
	Achieved





	  K  H  r m s     (cm)
	<2.5
	3.18 and 2.31



	NDVI
	<0.4
	0.131



	  θ  
	     30  °  < θ <   65  °    
	     38.210  °    



	Frequency (f)
	   ( 1.5 < f < 11 ) G H z   
	5.405 GHz



	VH/VV
	<1
	0.222
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Table 3. Basic statistics of the field value of soil moisture.
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	Variable
	N
	Mean
	St Dev
	Min.
	Max.
	Range





	SM (Vol%)
	94
	12.8
	7.04
	1.1
	35.4
	34.3
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