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Abstract 

Satellite-derived soil moisture fields received attention due to their large spatial coverage and spatial 

resolution that suits many applications. The sensors used vary from passive (e.g., LANDSAT-8) to active (e.g., 

SENTINEL-1) with varying accuracy problems. Passive sensing can only determine relative indices between 

pixels within a vegetation class and not the real value of moisture. Active sensing suffers from the sensitivity 

of its detecting behaviour to the level of moisture (anomalous backscatter). The above problems impose 

limitations on the application without frequent ground-based calibration. The paper investigates possible 

models to improve the estimation of soil moisture using the powers of the two sensors. In addition, a 

Hydrologic Surface Moisture indicator (HSM) is included as a third source of information. The paper tests 

modeling combinations of the three soil moisture predictors (Landsat-8, Sentinel-1, and HSM). The models 

are validated using in-situ measurements. The results showed that Landsat-8 data can be rescaled using HSM 

to provide the actual soil moisture in the soil. On the other side, it is possible to remove the anomaly from the 

Sentinel-1 backscatter using either Landsat-8 or HSM. The elimination of the above problems explained a 

significant portion of the differences between the two sensors.  
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1. Introduction 

Soil moisture has been conventionally measured 

using observing equipment such as time-domain 

reflectometry (TDR), which provides a few 

quantities of point data. This method has limitations 

in representing soil moisture for a wide area with 

spatially variable characteristics. The improvements 

in remote sensing technology in terms of high 

efficiency, low cost, real-time, and wide spatial 

coverage [1] attracted researchers to use these 

products. Direct and indirect methods of detecting 

soil moisture content (SMC) are utilized in remote 

sensing.The indirect method (i.e., the passive 

method) is using passive satellite-born thermal 

camera (e.g., Landsat-8), where an indication of the 

spatial variability of moisture can be determined as 

a function in both LST (Land Surface Temperature) 

and NDVI (Normalized Difference Vegetation 

Index). The spatial variability of moisture is 

expressed in terms of the soil moisture index (SMI) 

which represents the moisture relative to other 

pixels in the same vegetation class (in the same 

image). SMI can be simply determined by relating 

the LST of a pixel to the minimum and maximum 

LST in the same vegetation/image [2] [3] [4] [5] and 

[6]. Zero SMI indicates the least moisture in the 

same NDVI/image while 1 indicates the maximum 

moisture relatively. The value of SMI cannot tell 

dry or wet, rather it gives a figure of how moist a 

pixel is in relation to its neighbourhood in the same 

NDVI /image. Hence, the actual moisture pixel 

values cannot be determined unless the image is 

calibrated by known actual soil moisture content 

(SMC) in one or more pixels in the same NDVI 

/image. The direct method (i.e., the active method) 

employs an active radar sensor on board the 

satellites [7]. This makes the detection more related 

to SMC (since the detection is direct). The active 

method (e.g., Sentinel-1) calculates SMC based on 

the backscattered energy to the radar antenna that is 

affected by the surface soil moisture. 
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Microwave frequencies in the C-band are good for 

estimating soil moisture compared to other spectral 

bands [8]. The C-band has an advantage that it can 

penetrate clouds as opposed to the passive sensors 

that fail to provide continuous monitoring in cases 

of cloud existence. For the above reasons (accuracy 

and continuity), the use of active microwave remote 

sensing in detecting soil moisture became a recent 

active research topic [9] [10] [11] [12] [13] and 

[14]. Backscatter represents the portion of the 

emitted radar signal that the target returns towards 

the radar antenna, it was commonly represented in 

remote sensing by the sigma symbol σo (i.e., the 

backscattering coefficient) expressed in decibels 

(dB). Theoretically, the backscattered energy should 

be directly related to the soil moisture content SMC 

for the same acquisition geometrical conditions 

(should increase together) [15] and [16].  

However, in cases of anomalous backscattering, 

the situation reverses. The anomalous backscattering 

has been repeatedly reported in many studies in the 

literature [17].  In Europe, some researchers have 

attributed this to the contribution of the subsurface 

in a dry condition which leads to an anomalous 

turning point in soil moisture below which an 

anomalous increase in backscattering occurs [17] 

[18] [19] and [20]. The situation becomes more 

complicated in semi-arid regions (e.g., North 

Africa) where there is another turning point in soil 

moisture above which an anomalous decrease in 

backscattering also occurs [see the North African 

sites in [17].  

Certainly, the semi-arid case cannot be attributed 

to the subsurface backscattering since this is a wet 

condition. The semi-arid anomaly is yet not 

explained in the literature, which constitutes a gap 

in research. What is important to note here is that 

both anomalies, even though they are at two 

different turning points (moisture-wise); but they are 

both related to the level of moisture in the soil. 

Hence, an additional source of information (with 

Sentinel-1) regarding the level of moisture in the 

soil can assist in detecting on which side of these 

two turning points Sentinel-1 data at a certain area 

falls. The paper investigates two possible sources of 

this additional information (Landsat-8 or a 

hydrologic indicator). It is important to mention also 

that Landsat-8, luckily, does not suffer from this 

anomaly. The paper also tests possible 

improvements on Landsat-8 using this hydrologic 

indicator. Hence, the combinations between the 

three predictors (Landsat-8, Sentinel-1, and a 

Hydrologic Indicator) are investigated in this 

research in a trial to reach a better soil moisture 

estimation. 

2. Study Area 

The North Coast region of Egypt is distinguished by 

heavy rainfall through the rainy season from 

September to April with an average annual rainfall 

varying between 100 mm and 190 mm [21]. The dry 

season (May to August) is associated with zero 

rainfall. The daily rainfall data are available from 

2015 to 2023 at Matrouh rain gauge shown in 

Figure 1. The weather belongs to the south 

Mediterranean area where the minimum and 

maximum temperatures in Matrouh station vary 

between lowest values in January (min= 7°C and 

max = 20 °C) to its highest values in June (min. = 

17°C and max. = 37°C). Sparse Rain-fed crops and 

trees (olive and  fig) are the traditional agricultural 

crops in the North Western Coast of Egypt 

depending on winter rainfall. This is usually 

executed in flat Wadi areas (represented by the 

study area) where a collection/diversion of small 

earth dikes are sometimes used to harvest 

floodwaters. The study area is located near Matrouh 

City at a longitude 27.2° and latitude 31.29° (refer 

to Figure 1). The soil type, on average, is sandy clay 

loam. However, the percentage of clay/sand 

significantly differs from one location to another, 

according to laboratory results. A large number of 

in-situ SMC measurements were carried out along 

the Wadi in the study area (100 measurements 

divided into 5 different datasets as described in the 

next section below). 

 

3. Data Processing 

The datasets consist of in-situ SMC (Soil Moisture 

Content) measurements taken at five different dates 

as well as the corresponding remote sensing data 

from Landsat-8 and Sentinel-1. Table 1 shows the 

measurement and acquisition dates of the data. 

 

3.1 In-situ Measurements  

Five datasets with one hundred total readings of 

SMC % were performed at selected twenty locations 

along the Wadi (Figure 1) shows the measurements 

locations. The 100 readings are distributed on the 5 

different dates given in Figure  2 (20 readings per 

dataset). The soil moisture content readings in 

dataset no. 3 in Figure 2 and Table 1 were taken 

from the literature [22]. The soil moisture 

measurements in the remaining 4 datasets were 

performed by the research team using ML2X Theta 

Probe (Figure 3) to measure the soil moisture 

content (SMC) in the soil within a depth that varies 

from 5 to 10 cm. Theta Probe measures volumetric 

soil moisture content within ±1% or ± 0.01 m3.m-3 

accuracy.   
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Figure 1: Location map of the study area. Spatial coverage and sampling locations of Soil moisture  

content measurements at 20 sites along the Wadi for five different dates 
 

 
Figure 2: Soil Moisture Content (SMC) readings measured using ML2X Theta probe in the five different 

datasets shown in Table (1). The datasets are given IDs from 1 to 5 in descending order from wet to dry (refer 

to Table 1). Each one of the 5 datasets is composed of 20 readings (at the 20 measuring locations shown in 

Figure 1). Readings of dataset no.3 were taken from [22] and the other four datasets are new in-situ 

measurements 
 

 
Figure 2: Soil Moisture Content (SMC) in-situ measurements. The left panel shows a photo of the Wadi 

where the 20 measuring locations exist and the right panel was taken during a measurement 
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Table 1: Details of the five selected datasets 
 

ID Status 

Dataset Time Frame *Rainfall 

during the 

Dataset 

Time 

Frame 

 

 

**HSM% 

 

In-Situ 

Measurements 

Date 

Landsat-8 

Acquisition 

Date 

Sentinel-1 

Acquisition 

Date 

1 Wet 6 Feb. 2022 6 Feb. 2022 11 Feb. 2022 0 53.2 

2 Wet 1 Dec. 2021 **NA 1 Dec. 2021 0 45.1 

3 Wet 16 Jan. 2016 21 Jan. 2016 18 Jan. 2016 0 18.9 

4 Dry 17 Mar. 2022 **NA 19 Mar. 2022 0 5.6 

5 Dry 10 Nov. 2021 02 Nov. 2021 11 Nov. 2021 0 4.0 

*No rainfall occurred during the dataset time frame 

**HSM is the Hydrologic Surface Moisture Indicator (refer to section 3.4) 

**NA:  Landsat-8 data is not available due to clouds existence 

 

Volumetric soil moisture content is the ratio 

between the volume of water present to the total 

volume of the sample. This is a dimensionless 

parameter, expressed as either a percentage or a 

ratio. Full details are available in the ML2X Theta 

probe manual at:  https://www.labima.unifi.it/up 

load/sub/Strumentazione/Manuali/ML2x%20ThetaP

robe%20User%20Manual%20v1.21.pdf.  

Table 1 shows the datasets measurements and 

acquisition time frame (i.e., dates of the in-situ 

measurements as well as the acquisition dates of 

Landsat-8 and Sentinel-1). Note that the datasets 

shown in Table 1 are ranked from wet to dry. The 

two datasets no. 4 and 5 (i.e., the fourth and fifth) in 

Table 1 are associated with relatively dry cases 

while the remaining 3 datasets (the first, second, and 

third) are relatively wet cases with the maximum 

SMC values measured in dataset no.1 (i.e., Feb. 

2022). Note that the measuring and acquisition dates 

are slightly different due to the different revisit 

times of Landsat-8 and Sentinel-1. Hence, for 

comparison reasons, it is important to check that no 

rainfall occurred between dates to ensure that there 

is no sudden change in soil moisture that can create 

discrepancies between the three sources of soil 

moisture (i.e., measured, Landsat-8, and Sentinel-1). 

Therefore, the rainfall data at Matrouh rain gauge 

(shown in Figures 5 and 6) are used to perform this 

check (i.e., ensuring zero rainfall between dates). 

 

3.2 Landsat-8 Data (SMI) 

The USGS website https://earthexplorer.usgs.gov/ 

was used to download the data of Landsat-8 

represented in the two sensors (OLI/TIRS). The 

study area's location was specified by defining the 

Path and Row of the region, and the data were 

collected throughout the selected dates. The spatial 

resolution of downloaded TIRS (Thermal Infrared 

Sensor) images of Landsat-8 is 30 m (resampled 

from 100 m using cubic convolution). SMI was 

calculated in terms of the land surface temperature 

only since the area has the same vegetation class. 

The calculation method is described in [23]. 

Thermal and radiometric corrections were 

considered during the processing of Landsat - 8 data 

using ENVI 5.3 software to estimate LST [24]. 

Since the whole North Western Coast of Egypt 

(including the study area) falls into one vegetation 

class, only LST is used (i.e., NDVI is excluded) to 

develop the standard Soil Moisture index, an LST 

image (i.e., raster or grid) is converted to standard 

SMI grid, using GIS raster calculations, using the 

standard relative moisture in Equation 1 as follows: 

 

 
 

 

max i
i

max min

LST LST
SMI

LST LST

−
=

−
 

Equation 1 

Where: 

SMIi         = Standard Soil Moisture Index at  

                 pixel i of a grid 

LSTi       = Land Surface Temperature at pixel i   

                 of the grid  

LSTmax    = Maximum Land Surface     

                Temperature inside the grid  

LSTmin   = Minimum Land Surface  

                 Temperature inside the grid 

 

GIS is then used to extract SMI values at the 20 

locations on 3 different cloud-free dates (Jan. 2016, 

Nov.2021, and Feb.2022). The extracted values are 

shown in Figure (4a). Note also that the shown SMI 

values are not comparable between the three 

datasets, since they are relative values in each date 

(refer to the introduction section). 



46 

International Journal of Geoinformatics, Vol.19, No. 8, August, 2023 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International 

 
Figure 4: Pre-processed remote sensing data extracted at the 20 sites for the different datasets. (a) Landsat-8 

and (b) Sentinel-1 σo (referred to as σ only for symbolization simplicity). Note that 3 datasets are only 

considered for Landsat-8 (cloud-free) 

 

3.3 Sentinel-1 Data (σo, Referred to as σ) 

Sentinel-1 satellites (A and B) were launched in 

April 2014 and 2016 with the same orbital plane. 

The radar is a Synthetic Aperture Radar (SAR) C-

band with a frequency of 5.405 GHz [25]. An image 

of nearly 10 m horizontal resolution (in Level0 and 

Level1 data processing) is available with a repeat 

cycle of 12 days for each satellite. When both 

satellites are used together, the cycle can be reduced 

to 6 days. However, care should be taken in 

comparing the data from A and B due to the 

different viewing angles of the same point on Earth 

from A and B. This can be problematic (even with 

corrections) in cases of mountainous slopes that can 

dramatically change the incident angle. 

Sentinel-1A data were downloaded for 5 dates 

from Copernicus website https://scihub.coper 

nicus.eu/dhus/#/home. The data are Level-1 Ground 

Range Detected (GRD-level-1) products with VV 

and VH polarization. The spatial resolution is 10 m. 

Only VV polarization was processed due to the 

weak correlation between soil moisture and VH 

polarization [13] and [3]. The backscattering 

coefficient (σ) was estimated in decibels units (dB) 

using Sentinel Application Platform (SNAP) 

software. Note that σ is referred to σ (without the 

nought symbol) in this paper for simplicity of the 

symbolization in the equations. SNAP pre-

processing involves noise removal (border and 

thermal), radiometric calibration, speckle filtering, 

terrain correction, and logarithmic conversion to 

decibels (dB).  The methodology for Sentinel-1 data 

pre-processing is described in [26], additional 

literature can be found in [3] and [27]. Figure 4(b) 

presents the backscattering coefficient for the five 

datasets. 

 

 

 

 

3.4 Rain Gauge Data (HSM) 

The Egyptian Water Resources Research Institute 

(WRRI) operates a tipping bucket rain gauge near 

the study area (refer back to Figure 1). Rainfall data 

were obtained from the gauge logger and 

accumulated on daily intervals to provide a day-by-

day independent indication of the soil moisture 

condition (i.e., independent of the remote sensing 

data). 

A simplified procedure is developed to calculate 

a hydrologic indicator for the level of surface 

moisture. The indicator is called the Hydrologic 

Surface Moisture (HSM). It is a function in the Total 

Infiltrated Precipitation (TIP) from the last 30 days’ 

precipitation records assuming exponential decay 

over time from each day, with linear adjustment due 

to evaporation. The procedure follows the Curve 

Number SCS method (Soil Conservation Method) 

infiltration model [28] with a slight modification to 

include a time decay function and evaporation 

adjustment.  In other words, TIP is assumed to be 

the linear superposition of the effects of each of the 

previous 30 days (including zero records). The far 

precipitation occurs back in time from the date of 

interest, the less weight it takes in the summation at 

this date of interest. To illustrate the procedure, let 

CNdry and CNwet denote rough estimates for the 

curve number for the dry and wet cases. The curve 

number at any day t can be found according to the 

total precipitation in the previous 5 days (P5d(t) in 

mm units) as follows in Equation 2 (refer to [28] for 

the details of the standard SCS method):  
 

( )( )

( )( )

( ) ( )

5

  5

5  

                     0 

                         15    

 
P         

15 

dry d t

t wet d t

Wet dry
dry d t

CN If P mm

CN CN If P mm

CN CN
CN Else


=




= 


−
+

 

Equation 2 
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The underneath maximum soil potential storage at 

this day (St) in (mm) is calculated according to the 

SCS method as expressed in Equation 3: 
 

25400
  254t

t

S
CN

= −  

Equation 3 
 

Let the daily precipitation depth during this day only 

be Pt, the infiltrated precipitation (IP in mm) during 

this day only can be estimated from the SCS 

standard equation (Equation 4): 
 

( )

( )

2
0.2

        (    0.2 )
 0.8

                                

t t
t t t

t t t

t

P S
P If P S

IP P S

P Else




= 
− 

+



−

 

Equation 4 
 

In order to get the total infiltrated precipitation (TIP) 

at a time (t) in mm, the effects of the previous 30 

days are added using exponential decay with linear 

weighting as shown in Equation 5: 
 

1

30

2

 1

     

n
k n

t t n

n

TIP k IP e

=
−

−

=

=    

Equation 5 

 

Where k1 is the exponential decay coefficient (taken 

as 0.125 in this study) and k2 is the evaporation 

scaler taken as 1, 0.9, 0.6, 0.5, 0.4, 0.4, 0.4, 0.4, 0.5, 

0.6, 0.7, 0.85 for months from January to December. 

Finally, a rough estimate of the Hydrologic Surface 

Moisture (HSM) at a time (t) is obtained as a 

percentage by dividing TIPt by the dry initial 

abstraction (0.2Sd) as follows (Equations 6 and 7): 
 

( )    100           100  
0.2

t
t

d

TIP
HSM

S
=  


 

Equation 6 

Where: 

25400
  254d

d

S
CN

= −  

Equation 7 
 

Note that the procedure above considers only the 

rainfall infiltrated into the soil and the excess 

rainfall (i.e., runoff) is ruled out. A value of CNdry = 

75 and CNwet = 85 are used in the calculations since 

these are the typical values for the soil in the semi-

arid Egyptian North Western Coast [29] [30] and 

[31]. Figure 5 presents the daily rainfall hyetograph 

and the daily calculated HSM during the period 

2015-2022 using the daily precipitation data. The 

temporal positions of the five datasets considered in 

this study are shown on the timeline (x-axis) on the 

figure using vertical dotted lines. HSM values of the 

five datasets are also shown in Table 1. These five 

HSM values can be used as a rough indicator in the 

modeling section below. Figure 6 zooms to the 

period from October 2021 to April 2022 to 

demonstrate the functionality of the pre-processing 

methodology. 

It should be noted that the results in the 

modeling section below are not sensitive to the 

values of the parameters used in HSM calculations 

(i.e., CNdry, CNwet, k1 and k2) as long as model 

coefficients in the next section are obtained through 

calibration using SMC data. In other words, model 

coefficients (next section) are already obtained 

using the chosen values above. 

 

4. SMC Modelling  

4.1 One Predictor Model (SMI or σ) 

Since Landsat-8 can measure only the spatial 

variability of moisture in a spatially relative sense in 

each image (refer back to the introduction section), 

it is not possible to use Landsat-8 alone to model 

SMC without sufficient ground-based calibration. 

The problem is that ground-based calibration is 

actually needed for each image and model 

coefficients calibrated for a certain image cannot be 

generalized between images at different dates unless 

the meteorological conditions are the same. This is 

because LSTs (land Surface Temperatures) not only 

function in soil moisture alone, but they also 

function in other meteorological variables. For 

example, the SMI values plotted in Figure 4(a) can 

only be used for the same dates to judge relative 

variation in the same image but cannot be used to 

judge moisture change across dates since each date 

has completely different LSTs and equation 1 only 

scales the SMI across the same image (and not 

across images). 

On the other side, Sentinel-1 backscattering has 

the advantage of being related to SMC in an 

absolute sense (i.e., model coefficients, if calibrated 

once, can be generalized across dates). However, 

although Sentinel-1 is more precise in detecting soil 

moisture (active-based), the situation becomes more 

complicated here actually since the scattering 

behaviour suffers anomalous backscattering (refer to 

the introduction and the discussion sections). In 

other words, a certain value of backscattering may 

pertain to two different σ-SMC relations (the normal 

or the anomalous). For example, the backscattering 

behaviour shown in Figure 4(b) completely and 

anomalously reverses in wet conditions. Hence, for 

a certain backscattering value on the x-axis, there 

are two SMC solutions on the y-axis for the normal 

and reversed legs.  
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Figure 5: Time series of daily precipitation (upper panel), Curve Number (middle), and HSM (bottom)  

from Jan. 2015 to April 2022 (positions of the 5 datasets are shown by dotted lines) 

 

 
Figure 6: Time series of daily precipitation (upper panel), Curve Number (middle), and HSM (bottom) during 

the rainy season of Oct. 2021 to March 2022 (positions of 4 datasets are shown by dotted lines) 

 

To solve the problem, another source of information 

is needed to tell which leg of the relation to use. 

This may require calibration of every image using 

ground-based measurement (which is not feasible 

since it takes away the reliable strength of Sentinel-

1 of being direct). Hence, it can be concluded that a 

single predictor model (whether it is Landsat-8 

alone or Sentinel-1 alone) is not possible and an 

additional second predictor is essential for this case 

study. 
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4.2 Two Predictors (SMI & HSM) 

The idea here is to re-scale the image-specific 

relative SMI using HSM as an absolute soil 

moisture scaler. This can move the SMI from the 

relative scale to the absolute scale. In other words, 

HSM can be seen as a calibration point 

corresponding to the average of Landsat-8 pixels 

that falls under this value of HSM (i.e., covered 

under this rain gauge umbrella or rainfall bigger 

pixel if gridded precipitation is used).  To explain 

this type of SMI-SMC model, let SSMIi denotes the 

“Scaled” Soil Moisture Index for pixel i at a certain 

date that can be calculated from Equation 8: 

 

i
i

av

SMI
SSMI

SMI
=  

Equation 8 

Where: 

SMIi = Standard Soil Moisture Index  

                  (Equation 1) 

SMIav = Average SMI under the rain  

                   gauge umbrella = 

1

1
( )

i n

i

i

SMI
n

=

=



           n = Number of pixels under the rain\  

              gauge umbrella 

 

The SMC model can then be expressed as follows 

(Equation 9): 

 

( ),  model i HSM iSMC a SSMI=  

Equation 9 

Where:  

( )1 1        1HSMa a b Ln HSM= + +  

Equation 10 

 
The optimum model coefficients of the above model 

(a1, and b1) are obtained by minimizing the Sum 

Square of Errors (SSE) between the model and in-

situ SMC readings in the 3 cloud-free datasets as 

shown in Equation 11:  

 

( ) 2    modeled observedSSE SMC SMC= −  

Equation 11 

 

The optimum values are a1 = 2 and b1 = 6.1. Note 

that these values are supposed to be general and are 

usable across dates. Figure 7(a) compares the 

observed to the modeled SMC using the optimum 

coefficients. The value of 1 in Equation 10 is used 

to eliminate logarithm zero (it is merely a 

representation of the dry hygroscopic water). 

  

4.3 Two Predictors (σ & HSM) 

Here the observed SMC is regressed to both 

Sentinel1-σ and HSM using a composite 4 

coefficients model. The idea here is also that SMC is 

linearly related to σ. The coefficients of the linear 

model (aHSM & bHSM) are nonlinearly related to 

HSM. This allows for scaling the linear relation 

according to the level of surface moisture (HSM). In 

other words, the model considers that the linear 

relation is a function in the moisture case (refer to 

Figure 4(b) to compare between datasets). Hence, 

let σi denotes the backscatter at pixel i under the rain 

gauge umbrella (or under a rainfall pixel in grid-

based rainfall products), hence, the modeled SMC at 

pixel i is expressed as follows: 

 

,  ( ) model i HSM HSM iSMC a b = +  

Equation 12 

Where: 

( )2 2     Ln 1HSMa a b HSM= + +  

Equation 13 

 

( )3 3     Ln 1HSMb a b HSM= + +  

Equation 14 

 

The optimum model coefficients are obtained by 

minimizing the sum square of errors (SSE) between 

the model and observations (in the 5 datasets) 

similar to the previous section. The optimum values 

for the four coefficients are a2 = 9, b2 = -3.2, a3 = 

111, & b3= -33.4. Figure 7(b) plots the modeled 

SMC to the observed SMC. Note that these two 

predictors-models significantly explained the 

relation between the backscattering coefficient and 

the in-situ SMC readings. In addition, it could also 

explain the anomalous backscattering behaviour. 

 

4.4 Two Predictors (σ & SMI) 

Here, a correlation-based technique is developed. 

The main idea is to use Landsat-8 data to identify 

anomalous behaviour in Sentinel-1. First, two fixed 

linear models are fitted to simulate the normal and 

the anomalous conditions in Sentinel-1 backscatter 

(the increasing and the revered legs in Figure 4(b) as 

shown in Equations 15 and 16: 

 

( ),  81.8  6 model i iSMC normal = +  

Equation 15 

 

( ),  11.8  2.8 model i iSMC anomolous = − −  

Equation 16 
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To decide which model to be used, the two images 

(i.e., Landsat-8 and Sentinel1-) corresponding to the 

same dataset are clipped to the Wadi area 

(correlation area) and then spatially cross-correlated 

as follows (Equation 17): 
 

 

( ) ( )
i

i 1

1
  

   
 × 

N

i av i av

SMI

SMI SMI
N

STDEV STDEV

 


=

=
− −

=


 

Equation 17 

Where: 

ρ   = the cross-correlation coefficient 

SMIi = Soil Moisture index from  

                     Landsat-8 at pixel i. 

σi                  = Backscattering coefficient from  

                        Sentinel-1 at pixel i. 

SMIav & σav  = Averages of SMI and σ  

                                   respectively over N pixels 

STDEV = Standard deviation of a variable  

                       (the subscript symbol) over N  

                        pixels 

 N = Number of pixels in the  

                      correlation area (i.e., Wadi area)  

 

Hence, for a positive cross-correlation value for the 

study area, equation (15) is used, and for a negative 

value, Equation (16) is used. Figure 7(c) compares 

the modeled and observed SMC for the 3 cloud-free 

events. The plot shows that the use of Landsat-8 as 

an anomaly indicator is a very good idea that can 

solve the anomalous backscattering issue. 

5. Conclusions and Discussion  

The paper tests 3 modeling approaches using 2 

predictors: Landsat-8 with HSM, Sentinel-1 with 

HSM, and Sentinel-1 with Landsat-8 for soil 

moisture estimation. The reason for using two-

predictors is to overcome the problems involved in 

the one predictor approaches discussed in the paper. 

It is worth highlighting some points regarding the 

sources of errors (i.e., limitations) that can affect the 

accuracy of the three modeling approaches. For that 

reason, it is beneficial to discuss first some 

important acquisition errors. This is because 

acquisition errors are automatically inherited in any 

modeling approaches. For example, Landsat-8 

surface temperatures can be sensitive to cloud 

interference or significant differences in elevation 

(due to the lapse rate that can cause cooling of the 

land surface). Another example of acquisition errors 

is the sensitivity of Sentinel-1 to big changes of the 

beam incident angle due to hill slopes, which limits 

the successful application to the relatively flat areas. 

On the other side, rainfall measurements (used to 

estimate HSM) can contain different errors. For 

example, tipping bucket gauges are point 

measurements and not spatially continuous gridded 

precipitation; they can also suffer errors due to 

disturbance, partial blockage, or major total absence 

of tips. In case gridded rainfall products are used 

(e.g., weather radars), there are other sources of 

errors that can be involved in measuring rainfall. 

 
 

 

 
Figure 7: Modelled SMC using the three different two-predictor models (sections 4.2, 4.3 and 4.4) 
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Accordingly, taking the above sources of errors into 

consideration; the accuracy-related limitations (as 

well as the advantages) of the three modeling 

approaches can be summarized as follows: 

• The first approach (Landsat-8 with HSM) could 

transfer Landsat-8 image-relative indices to be 

absolutes soil moisture values. This means that 

Landsat-8 data can now be applied across 

images (i.e., across dates) using this approach. 

However, this approach is dependent on the 

HSM values as HSM is used to scale SMI. 

Accordingly, it is calibration demanding 

(requires frequent calibration) as well as error-

free rainfall (and/or irrigation) data. Although, 

the R2 value of this approach is slightly higher in 

the paper, but it cannot be said that this approach 

is more practical for the above reasons in 

addition to the cloud free requirements of using 

Landsat-8. Moreover, only 3 datasets (three 

cloud-free dates only) in the paper are used for 

assessment. 

• The second approach (Sentinel-1 with HSM) 

inherits the power of Sentinel-1 as a radar direct 

soil moisture detector.  The approach requires 

relatively less calibration since it is direct 

measurements. However, it is still dependent on 

HSM that requires error free rainfall data (and/or 

irrigation data). It should be noted that the 

assessment of this approach in the paper is based 

on 5 datasets (not 3 as in the other two 

approaches) which gives rise to more confidence 

in its performance. 

• The third approach (Sentinel-1 with Landsat-8) 

seems the simplest and most efficient approach 

since it blends the powers of the two sensors 

(i.e., Sentinel-1 and Landsat-8). Here Landsat-8 

only acts as an anomaly detector for Sentinel-1 

and not as a scaler. Hence, the technique 

requires the least calibration since Sentinel-1 

only is involved in the calibration. However, the 

most important source of problems is the 

difference in the revisit times of the two 

satellites. Hence, the approach is only applicable 

in cases when no rainfall (or irrigation) occurs 

between the revisit times of the two satellites. In 

addition, and of course, the technique is only 

applicable in cloud free cases (due to Landsat-8).  

It should be noted here that the above two 

limitations of this third approach can be solved 

largely if HSM is used here as a third predictor. 

HSM (as a third predictor) will enable shifting a 

rescaled version of the nearest cloud free 

Landsat-8 in time by a few days back or forth to 

match the revisit time of Sentinel-1. 

Accordingly, HSM will account for any moisture 

source that occurred between revisit times. 

• Based on the above discussion, it can be 

concluded that the three approaches perform 

nearly equal in terms of accuracy but each has 

different sources of uncertainties and calibration 

requirements. They are recommended for usage 

after the necessary calibration of each. A switch 

between the three approaches can also be used 

(e.g., Landsat-8 based models can be excluded in 

cloudy cases). Finally, the three-predictors 

approach discussed in the point above may act as 

a strong candidate for the two-predictor 

approaches investigated in this paper. The 

current research opens the door to future 

investigations using such three predictors 

approach. 

 

Research in Europe reported anomalous Sentinel-1 

cases in very dry conditions where the backscattered 

energy anomalously decrases when adding moisture 

until a turning point where the relation becomes 

normal (backscatter increases with moisture). A 

significant number of studies explained this 

behaviour due to the contribution of the sub-surface 

backscattering in very dry conditions. On the other 

side, in semi-arid regions, measured data revealed 

another turning point that occurs in wet conditions, 

after which the backscatter anomalously decreases 

when adding moisture. The explanation here is 

certainly not related to the sub-surface contribution 

but it might be related to the smoothing effects of 

moisture at the surface, which reflects energy away 

from the radar antenna due to the incident angle. 

This effect will be strongly apparent inside Wadi 

areas where highly wet conditions can significantly 

smooth/liquefy the surface. The paper showed that 

the inclusion of a second predictor (as an anomaly 

detector) could solve this problem. This paper 

focuses mainly on applications requiring the highest 

possible spatial resolution and less temporal 

resolution (e.g., water demand and irrigation 

applications). For other applications such as rainfall-

runoff modeling (whether offline or real-time), the 

methodology described in the paper can also be used 

but with different types of satellites that use the 

same mesoscale spatiotemporal resolution (i.e., 

MODIS).  This is also recommended for future 

studies. 
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