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A B S T R A C T   

Soil moisture (SM) is a key variable in agriculture and its monitoring is essential. SM determines the amount of 
water available to plants, having a direct impact on the development of crops, on the forecasting of crop yields 
and on the surveillance of food security. Microwave remote sensing offers a great potential for estimating SM 
because it is sensitive to the dielectric characteristics of observed surface that depend on surface soil moisture. 
The objective of this study is the evaluation of three change detection methodologies for SM estimation over 
wheat at the agricultural field scale based on Sentinel-1 time series: Short Term Change Detection (STCD), TU 
Wien Change Detection (TUWCD) and Multitemporal Bayesian Change Detection (MTBCD). Different method
ological alternatives were proposed for the implementation of these techniques at the agricultural field scale. Soil 
moisture measurements from eight experimental wheat fields were used for validating the methodologies. All 
available Sentinel-1 acquisitions were processed and the eventual benefit of correcting for vegetation effects in 
backscatter time series was evaluated. The results were rather variable, with some experimental fields achieving 
successful performance metrics (ubRMSE ~ 0.05 m3/m3) and some others rather poor ones (ubRMSE > 0.12 m3/ 
m3). Evaluating median performance metrics, it was observed that both TUWCD and MTBCD methods obtained 
better results when run with vegetation corrected backscatter time series (ubRMSE ~0.07 m3/m3) whereas STCD 
produced similar results with and without vegetation correction (ubRMSE ~0.08 m3/m3). The soil moisture 
content had an influence on the accuracy of the different methodologies, with higher errors observed for drier 
conditions and rain-fed fields, in comparison to wetter conditions and irrigated fields. Taking into account the 
spatial scale of this case study, results were considered promising for the future application of these techniques in 
irrigation management.   

1. Introduction 

Soil moisture (SM) is a key variable for understanding, modeling and 
forecasting different processes occurring at the Earth surface (Brocca 
et al., 2018; Green et al., 2019; Liu et al., 2020; Seneviratne et al., 2010; 
Wasko and Nathan, 2019). Due to its relevance, in 2010 it was recog
nized as an Essential Climate Variable (ECV) by the Global Climate 
Observing System (GCOS) of the United Nations Framework Convention 
on Climate Change (UNFCCC). Its monitoring is therefore necessary to 

track our changing climate and design proper mitigation and adaptation 
measures. In agricultural systems, SM determines the amount of water 
available to plants, and therefore, it has a direct impact on the devel
opment of crops and on the forecasting of crop yields. Therefore, SM 
monitoring is essential for the surveillance of food security (Lobell and 
Burke, 2010). 

Remote sensing has a great potential for SM retrieval due to its 
capability to observe large areas of the territory repeatedly over time. 
Although optical and thermal sensors have potential for SM estimation 
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(Verstraeten et al., 2006; Wang and Qu, 2007), most progress in the last 
decades has been achieved by the microwave scientific community 
(Entekhabi et al., 2010a; Kerr et al., 2001; Wagner et al., 1999), due to 
the long-time known sensitivity of microwave reflectance and emissivity 
to the dielectric characteristics of observed surfaces, which mostly 
depend on surface SM (Ulaby and Long, 2014). 

In recent years, global SM products at coarse spatial resolution 
(10–50 km) have been developed, principally based on radiometers or 
scatterometers (Brocca et al., 2011; Chan et al., 2016; Kerr et al., 2012; 
Naeimi et al., 2009). Synthetic aperture radar (SAR) sensors achieve 
finer spatial resolutions (10–20 m) that might be suitable to work at the 
scale of agricultural fields. This possibility is very appealing as it would 
enable a field scale SM monitoring, with direct implications for irriga
tion management, harvest forecast and disease control. However, SM 
estimation at this scale is still challenging (Peng et al., 2021), because 
SAR sensors are also sensitive to other variables related to vegetation 
(Bindlish and Barros, 2001) or soil surface roughness (Verhoest et al., 
2008). Therefore, the inversion of classic bare soil backscatter models, 
such as the physically based Integral Equation Model (IEM) (Fung, 
1994) or the semi-empirical models of Oh et al. (1992), Dubois et al. 
(1995) or Shi et al. (1997), is generally ill-posed and its operational 
application not guaranteed. Moreover, SM estimation in vegetated 
conditions requires the coupling of backscatter models for bare soil and 
for vegetation (Zhang et al., 2021). One of the most popular models is 
the semi-empirical Water Cloud Model (WCM) (Attema and Ulaby, 
1978), which requires external vegetation descriptors and a specific 
parameterization for the local conditions. This case is even more com
plex, although recent progress is being made in the transferability of 
model parameters to the regional scale (Benninga et al., 2022). 

The launch of the Sentinel-1 satellites in 2014 and 2016 opened new 
possibilities for the estimation of SM at high spatial resolution. Their 
unprecedented compromise between high spatial resolution, frequent 
revisit time and radiometric accuracy (Torres et al., 2012), along with 
the open data distribution policy and the operational vocation of the 
Copernicus program, fostered the development of new methods for SM 
estimation, or the adaptation of existing ones, to the characteristics of 
Sentinel-1 data. In particular, the development of retrieval methods 
based on change detection techniques that evaluate backscatter changes 
between consecutive observations has made significant progress. The 
main hypothesis of these methods is that if time series are dense enough, 
the backscatter differences between consecutive observations might 
only be caused by SM variations, since the other variables affecting 
backscatter, e.g. soil roughness and vegetation, could be considered 
constant during such a short period. Following this idea, different ap
proaches have been developed, such as the Short Term Change Detection 
(STCD) approach (Balenzano et al., 2021, 2011) or the TU Wien Change 
Detection (TUWCD) model (Bauer-Marschallinger et al., 2019; Wagner 
et al., 1999). On the other hand, some other methods following different 
principles have also been applied to Sentinel-1 data, such as Bayesian 
approaches (Notarnicola, 2014; Notarnicola et al., 2006) or machine 
learning algorithms like random forest regression (Liu et al., 2021), 
support vector regression (SVR) (Pasolli et al., 2011) or artificial neural 
network (ANN) (Baghdadi et al., 2012). Recently, a retrieval method 
that combined the sliding window approach (Balenzano et al., 2021) 
with physical scattering models in a stochastic ensemble inversion was 
proposed (Zhu et al., 2023) with very promising results. 

At present, some of these approaches are applied to routinely pro
duce SM products at scales of ~1 km (Balenzano et al., 2021; 
Bauer-Marschallinger et al., 2019), which significantly improve the 
spatial resolution of radiometer or scatterometer based products (Zappa 
et al., 2022). However, for some agricultural applications such as irri
gation scheduling, this spatial resolution might still be too coarse, and 
SM values at the field scale are ideally sought (Gao et al., 2018; Le Page 
et al., 2020; Modanesi et al., 2022). Furthermore, field size varies 
significantly around the World (White and Roy, 2015) and many agri
cultural areas particularly in Africa, Asia and Europe are smallholders 

(< 2 ha) (Lesiv et al., 2019), where high resolution is a necessity for 
remote sensing to be useful to farmers. 

Therefore, the applicability and the performance of different SM 
estimation approaches at the field scale still need to be evaluated. The 
objective of this work is to evaluate different SM estimation approaches 
based on Sentinel-1 data for wheat fields. Three change detection ap
proaches were selected: the STCD approach (Balenzano et al., 2011), the 
TUWCD model (Wagner et al., 1999) and a multitemporal Bayesian 
change detection (MTBCD) algorithm (Notarnicola, 2014). These ap
proaches were calibrated on eight experimental fields with available SM 
measurements, and some methodological adaptations were proposed to 
enhance their applicability to the particular case of wheat fields. 
Furthermore, the influence of vegetation on backscatter, and hence on 
SM retrievals, was accounted for by comparing the results obtained with 
the original Sentinel-1 time series and those obtained after applying the 
wheat attenuation correction method (WATCOR) recently proposed by 
Arias et al. (2022b). 

2. Materials and methods 

2.1. Study area and soil moisture measurements 

The study focused on eight winter wheat test fields located in the 
province of Navarre (Spain) (Fig. 1). Navarre is a small but diverse 
province regarding climate, topography and land use. Therefore, it is 
divided in seven agricultural regions (Arias et al., 2020), where condi
tions for crop growth are expected to be rather constant. Two test fields 
were located in region R3 (rather wet, classified as Cf2b according to 
Köppen climate classification: average annual temperature (Ta) of 
12.5ºC and annual rainfall (Ra) of 900 mm), four in region R5 (inter
mediate, with Csb climate class: Ta = 12.7ºC and Ra = 655 mm) and two 
in region R6 (dry, with Csa climate class: Ta = 14ºC and Ra = 350 mm). 
Two fields were monitored per agricultural year (2017–2018: fields 1 
and 2; 2018–2019: fields 3 and 4; 2019/2020: fields 5 and 6; 
2020/2021: fields 7 and 8). Each year, field pairs were managed exactly 
the same in terms of soil preparation, sowing and agricultural man
agement (fertilization and other agrichemicals), except for irrigation, 
with half of them (odd field numbers) rain-fed and the other half irri
gated (even field numbers). The irrigation system used was sprinkler 
irrigation, with a sprinkler spacing of 15mx18m, a design pressure of 3 
kg/cm2 and an application rate of 6 mm/h that lead to an irrigation 
uniformity of ~90%. Irrigation shifts are scheduled at night. Table 1 
provides additional details. 

Several (3 − 6) capacitance SM probes (Sentek Sensor Technologies, 
Stepney SA 5069, Australia) were installed on each field in winter and 
they were removed just before harvest (Table 1). These probes recorded 
volumetric SM every 30 min at 6 different depths, from the soil surface 
down to 60 cm deep. The top-most measurements (10 cm) were used in 
this study, so a basic assumption of this study is that SM is invariant in 
the top 10 cm of the soil. This is important, because Sentinel-1 sensing 
depth might vary from 1 cm to 10 cm approximately depending on the 
actual SM content of the soil (Ulaby et al., 1996). For each field, the 
median SM time series of all the probes installed on it was calculated. 
Then, these time series that had a 30 min temporal resolution, were 
confronted with Sentinel-1 acquisition dates and times, selecting only 
the measurements closest to each Sentinel-1 acquisition. The final 
number of measurements used, depended on the availability of 
Sentinel-1A and Sentinel-1B on each of the three orbits that over-flew 
the study area, i.e. 103ASC, 8DESC and 81DESC, at best ~30 acquisi
tions were available per orbit (Table 2). 

Surface SM dynamics varied quite strongly in the different test fields 
(study years) (Fig. 2). Rain-fed fields normally experienced a transition 
from wet conditions in winter to dry soils in May-June (e.g., fields 1 and 
7) (Fig. 2a and g). However, this was not always the case, and field 3 
(Fig. 2c) had already quite dry conditions in winter. Field 5 (Fig. 2e) in 
turn, recorded frequent and significant precipitations during the spring, 
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so no clear drying was observed. In general, irrigation management in 
fields 2, 4, 6 and 8 (Fig. 2b, d, f and h) avoided soil drying, however, 
keeping in mind that measurements were taken at the soil surface, quite 
rapid dynamics were observed, with SM increasing rapidly due to irri
gation events and decreasing also quite rapidly afterwards. 

2.2. Satellite imagery and data extraction 

Fig. 3 summarizes all the satellite imagery and data needed for 

implementing the SM estimation techniques investigated, detailing the 
general and specific characteristics of each methodology. In the 
following sections, further details and explanations are given. 

2.2.1. Sentinel-1 data 
Sentinel-1 C-band SAR data was the base of this study, in particular 

the Interferometric Wide (IW) swath mode data, with a 250 km swath, 
5 × 20 m spatial resolution and dual-pol (VH-VV) configuration, which 
is the pre-defined observation scenario over land in Europe. All available 
scenes from 1/September/2015–31/August/2021 covering the province 
of Navarre were downloaded as level-1 Ground Range Detected (GRD) 
products. These images corresponded to one ascending (103ASC) and 
two descending orbits (8DESC and 81DESC). 

Images were processed with an automated pipeline implemented in 
SNAP Graph Processing Toolbox, which followed these steps: 1) thermal 
noise removal; 2) slice assembly; 3) apply orbit file; 4) calibration; 5) 
speckle filtering (3 ×3 Gamma-Map); 6) terrain flattening; 7) range- 
doppler terrain correction and 8) subset to the extent of Navarre. The 
terrain flattening and terrain correction step employed the SRTM 1 s 

Fig. 1. Location of the test fields and agricultural regions of Navarre. Red points represent the location of soil moisture probes. Red, green and blue frames represent 
the footprints of 103ASC, 81DESC and 8DESC Sentinel-1 orbits, respectively. R1-R7 refer to the seven agricultural regions. 

Table 1 
Characteristics of the test fields. Rainfall and irrigation data comprises the period from sowing to harvest.  

ID Area (ha) Texture class % Sand %Clay Type Rainfall + irrigation (mm) Sowing Harvest Number of probes 

1 1.4 Clay-loam 21.2 39.5 Rain-fed 537 25/10/2017 05/07/2018 3 
2 8.5 Loam 31.2 26.7 Irrigated 637 25/10/2017 05/07/2018 6 
3 1.6 Clay-loam 23.4 31.7 Rain-fed 331 25/10/2018 06/07/2019 4 
4 2.8 Silt-loam 20.6 26.7 Irrigated 515 25/10/2018 06/07/2019 5 
5 1.4 Clay 27.9 53.3 Rain-fed 352 11/12/2019 03/07/2020 4 
6 1.9 Loam 30.8 26.9 Irrigated 438 11/12/2019 03/07/2020 5 
7 1.8 Silty clay loam 10.8 28.2 Rain-fed 307 04/11/2020 15/07/2021 4 
8 3.6 Silty clay loam 9.3 34.3 Irrigated 607 04/11/2020 15/07/2021 5  

Table 2 
Number of Sentinel-1 acquisitions available per field (ID) for each of the three 
orbits available; and start and end dates of the SM measurement periods.  

ID 8DESC 81DESC 103ASC Start date End date 

1–2 20 21 13 03/03/2018 27/06/2018 
3–4 19 20 9 14/02/2019 21/06/2019 
5–6 29 29 29 31/12/2019 28/06/2020 
7–8 30 31 32 27/12/2020 02/07/2021  
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Fig. 2. Daily median volumetric SM at 10 cm depth (lines) and daily rainfall and irrigation (bars) for the eight test fields: (a) Field 1, (b) Field 2, (c) Field 3, (d) Field 
4, (e) Field 5, (f) Field 6, (g) Field 7, (h) Field 8. Fields in the top row were rain-fed and those in the bottom row irrigated. 

Fig. 3. a) General SM flowchart and input data and b) specific input data for the SM estimation techniques. CAN refers to canopy and WATCOR to the Wheat 
Attenuation CORrection method (Arias et al., 2022b). 
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HGT DEM. As a result, γ0 backscatter coefficient images in VH and VV 
polarizations were produced, with a pixel size of 20 m. The projected 
local incidence angle was also obtained, as a secondary output for each 
scene. 

For the eight test fields median backscatter coefficient values were 
extracted for each Sentinel-1 acquisition, resulting in backscatter time 
series in VV and VH polarizations. Prior to this, a 10 m inner buffer was 
applied to field boundaries to avoid mixed pixels. Two further processes 
were applied to the backscatter time series, firstly, the local incidence 
angle was normalized to a reference angle of θ = 400 by applying an 
adapted version (Arias et al., 2022a) of the methodology proposed by 
(Mladenova et al., 2013). Secondly, the influence of wheat canopy in VV 
backscatter was corrected for with the WATCOR method (Arias et al., 
2022b), obtaining a new VV backscatter time series corresponding to the 
soil, named γ0

SOIL, which is assumed to be free of the influence of wheat 
vegetation cover, as opposed to the original backscatter time series γ0

CAN, 
which corresponds to the complete wheat canopy. WATCOR removes 
the attenuation pattern produced by the wheat canopy in VV back
scatter, based on the information contained in the backscatter time se
ries itself, with no need for external information or parametrization 
(Arias et al., 2022b). Arias et al. (2022b) evaluated the performance of 
this method and found that it successfully eliminated wheat attenuation 
from Sentinel-1 backscatter time series, improving the correlation with 
ground measured SM and outperforming the results obtained by ap
proaches based on the Water Cloud model. 

2.2.2. ESA-CCI soil moisture product 
The European Space Agency (ESA) provides a coarse resolution SM 

product through its Climate Change Initiative (CCI) (Dorigo et al., 
2017). This ESA-CCI SM product is a global product containing daily SM 
estimates from 1978 until 2021 at a spatial resolution of 0.25◦, based on 
active (scatterometers) and passive (radiometers) microwave sensors. 
Previous studies reported that the ESA-CCI SM product performed 
accurately (Wang et al., 2021; Zeng et al., 2015). In this study, the v06.1 
level 3 combined SM product was used as ancillary data for the STCD 
approach. With this aim, the ESA-CCI SM time series of the pixels 
covering the test fields were downloaded and processed to obtain 
monthly statistics. In particular, the minimum, maximum and percen
tiles P05, P15, P25, P75, P85 and P95 were used. 

2.2.3. Regional characterization of wheat backscatter 
For calibrating the TUWCD model (see Section 2.3.2), a regional 

characterization of wheat backscatter was carried out. With this aim, a 
GIS database containing the field boundaries of all the EU Common 
Agricultural Policy (CAP) declarations in Navarre for years 2016, 2017, 
2018 and 2019 was used, which was provided by the Department of 
Agriculture of the Government of Navarre. Wheat fields were extracted 
from this database and processed as follows: 1) create subsets for agri
cultural regions R3, R5 and R6; 2) mask out fields smaller than 0.5 ha; 3) 
apply a 5 m inner buffer to the field boundaries; 4) compute the median 
VV backscatter time series per field; 5) remove outliers (i.e., the 10% of 
fields most dissimilar to the median time series of all the fields on a 
region) (Arias et al., 2020); 6) normalize backscatter to a local incidence 
angle of θ = 400 and apply WATCOR. After this process, backscatter 
time series of 13,200 wheat fields were obtained for region R3, 18,994 
for region R5 and 11,401 for region R6; with this data a regional char
acterization of wheat backscatter was obtained by computing different 
percentiles of backscatter time series for each region (R3, R5 and R6) 
and orbit pass (103ASC, 8DESC and 81DESC). 

2.3. Soil moisture estimation techniques 

2.3.1. Short term change detection (STCD) 
The STCD approach (Balenzano et al., 2011), is a change detection 

approach that uses dense time series (6–12 days revisit) of T 

co-polarized backscatter observations (γ0
1, γ0

2,…, γ0
T) to estimate a SM 

time series (SM1, SM2,…,SMT). The hypothesis of the methodology is 
that SM changes occur at a shorter temporal scale (days) than other 
parameters affecting the backscatter response (e.g. soil roughness, 
vegetation biomass or canopy structure), which vary at a longer tem
poral scale (weeks). Therefore, the ratio between two subsequent SAR 
observations (γ0

2 /γ0
1) in linear units can be expressed as a function of the 

dielectric constant ε and the local incidence angle θ of each observation 
date (Eq. 1). 

γ0
2

γ0
1
≈

⃒
⃒
⃒
⃒
αpp,2(ε, θ)
αpp,1(ε, θ)

⃒
⃒
⃒
⃒

2

(1)  

where, αpp is the Fresnel reflection coefficient at HH or VV polarization, 
and αVV is defined as follows (Eq. 2). 

|αVV(ε, θ)| =

⃒
⃒
⃒
⃒
⃒
⃒
⃒

(ε − 1)(sin2θ − ε
(
1 + sin2θ

))

(ε cosθ +
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
ϵ − sin2θ

√
)

2

⃒
⃒
⃒
⃒
⃒
⃒
⃒

(2) 

For N observations there are N − 1 equations with N unknown 
Fresnel coefficients. A bounded least-squares optimization was used to 
solve the equation system (Balenzano et al., 2013). Once that the α time 
series were determined for the observations, the corresponding ε values 
were obtained and converted into volumetric SM values using the 
empirical expression of (Hallikainen et al., 1985). 

The values of the boundary conditions (αmin, αmax) were found to 
play an important role in the retrieval accuracy (He et al., 2017). Ideally, 
(αmin, αmax) should correspond to the dynamic range of SM for the 
study area during the period of observation (Ouellette et al., 2017). In 
the literature different methods for constraining (αmin, αmax) can be 
found. For instance, some studies used fixed SM values (Balenzano et al., 
2011), while others relied on SM field measurements (Zhang et al., 
2018). Other authors used coarser scale SM values obtained from scat
terometers or radiometers (Al-Khaldi et al., 2019; Ouellette et al., 2017; 
Zhu et al., 2022). In this study, the latter approach was followed, and 
thus (αmin, αmax) were derived from the ESA CCI SM product. With this 
aim, the monthly minimum and maximum ESA CCI SM values were 
initially considered (Supplementary materials 1), but they showed a 
rather low dynamic range (due to their coarser spatial scale), so addi
tional schemes were tested enhancing the ESA CCI SM dynamic range. 
For this, the mean monthly SM variation range was estimated through a 
variable named SMdiff (Eq. 3). This variable was added or subtracted to 
the different ESA CCI SM monthly percentiles (Table 3) to find the 
combination optimally describing (αmin, αmax) boundary conditions. 

SMdiff =
(SMmax.month − SMmin,month)

2
(3) 

Regarding the length of the time series considered, Palmisano et al. 
(2018) suggested sub-dividing the complete backscatter time series T in 
smaller blocks to avoid error propagation into SM estimations. There
fore, a sliding window of N backscatter observations was considered, 
and the average value of the estimations was calculated (Shi et al., 
2021). Different values of N (4, 5, 6, 8, 12 and 18) were evaluated and 
the optimum was selected. 

Therefore, the implementation of this approach had first a calibra
tion phase that consisted in evaluating which combination of 

Table 3 
Schemes considered for the calibration of (αmin, αmax) boundary conditions 
based on ESA CCI SM statistics. P is the monthly SM percentile.  

Scheme Min SM value Max SM value 

A Min Max 
B P25 - SMdiff P75 + SMdiff 

C P15 - SMdiff P85 + SMdiff 

D P05 - SMdiff P95 + SMdiff  
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(αmin, αmax) boundary conditions (Table 3) and N value provided the 
best results. After this calibration phase, scheme D and N = 4 were 
identified as optimal, so this was the option used in the study (Supple
mentary materials 2.1). 

2.3.2. TU Wien change detection model (TUWCD) 
The TUWCD model (Wagner et al., 1999) interprets backscatter 

changes in a time series as changes in soil moisture, while other surface 
properties (geometry, roughness, vegetation, etc.) are considered as 
static. This model is used to produce a global SM product at a resolution 
of 1 km (Bauer-Marschallinger et al., 2019). Here the algorithm is 
applied at the field scale, using Sentinel-1 backscatter time series of each 
field (see Section 2.2.1). This model defines the surface soil moisture 
content (SSM) as a relative index between 0 and 1, which is estimated 
from the backscatter value of that particular day normalized with some 
minimum and maximum backscatter boundary conditions (Eq. 4). 

SSM(t) =
γ0(t) − γ0

min

γ0
max − γ0

min
(4)  

where, γ0(t) is the backscatter observation in dB units at time t, and γ0
min 

and γ0
max are the minimum and maximum backscatter values in dB units 

corresponding to dry and saturated soil conditions, respectively. These 
values are ideally extracted from long time series, where it is likely that 
the pixel or polygon of interest would reach these dry and saturated 
conditions some time (Wagner et al., 1999). 

Bauer-Marschallinger et al. (2019) already mentioned that the rela
tively short length of the Sentinel-1 data record might result in an 
absence of the dry and saturated conditions required to successfully 
apply this algorithm. This might be particularly difficult in humid re
gions (Zribi et al., 2014) or in agricultural areas with irrigation systems, 
where completely dry conditions might never be met. Furthermore, in 
agricultural areas, more and more often managed under crop rotation 
schemes (European Commission, 2022), yearly varying crops might also 
influence backscatter dynamics (Arias et al., 2020; Veloso et al., 2017) 
making the selection of γ0

min and γ0
max very challenging. To overcome this 

problem, this study proposes a regional characterization of backscatter 
for wheat fields (Section 2.2.3). For each agricultural region, backscatter 
time series of thousands of wheat fields were obtained for four different 
years and their statistics (minimum, maximum and different percentiles) 
were computed and used to calibrate the algorithm, that is, to select the 
dry and wet references, evaluating different schemes (Table 4). 

These different schemes were applied on a calibration phase to select 
the optimum (γ0

min, γ0
max). The results of this calibration (see Supple

mentary materials 2.2.) showed that scheme 3 was optimal. Backscatter 
values below or above the limits were set to 0 and 1 respectively 
(Hornáček et al., 2012). Then, relative SSM values were linearly scaled 
to SM values (m3/m3) (Carranza et al., 2019) (Eq. 5). 

SM(t) =
(
SMsat − SMwp

)
*SSM(t)+ SMwp (5)  

where, SMsat is the saturated soil moisture content, extracted from soil 

texture data (Rawls et al., 1982) and SMwp is the wilting point, also 
estimated from soil texture data (Saxton and Rawls, 2006). The soil 
texture of the test fields (Table 1) was obtained by field sampling and 
laboratory analyses. 

2.3.3. Multitemporal Bayesian change detection approach (MTBCD) 
The MTBCD is an inversion procedure for SM estimation based on the 

Bayes’ theorem, adapted from (Notarnicola, 2014). The objective is to 
infer the unknown soil dielectric constant time series (ε1,ε1,…,εT) from 
the available Sentinel-1 backscatter time series (γ0

1, γ0
2, …, γ0

T). By 
applying Bayes’ theorem, it is possible to turn probabilities estimated 
from a training dataset into probabilities for the estimation of the un
known variable ε (Gelman et al., 2013). 

The conditional probability density function (pdf) P
(
γ0

1, γ0
2,…,

⃒
⃒εi

)
, 

which is the probability of finding the vector of γ0
i given specific values 

of εi, is estimated from a training set of backscatter values and their 
corresponding values of ε. By using the Integral Equation Model (IEM) 
(Fung, 1994), the theoretical backscatter values γ0

i,IEM calculated from 
the ground SM measurements were obtained. These values were 
compared to the Sentinel-1 backscatter values introducing a random 
variable R that accounts for the sensor noise and model errors (Nota
rnicola et al., 2008) (Eq. 6). 

γ0
i = Rγ0

i,IEM (6) 

The pdf of R is assumed to follow a Gaussian distribution (Eq. 7), and 
its mean (μ) and standard deviation (σ), are determined by using the 
maximum likelihood principle. Tests were carried out to check whether 
this distribution adequately represents the data (Notarnicola et al., 
2008). 

P(R) =
e− (R− μ)2/2σ2

̅̅̅̅̅
2π

√
σ

(7) 

Once that the pdf parameters were calculated, the Bayes’ theorem 
from two consecutive γ0

1, γ0
2 observations for obtaining the conditional 

density function P
(
ε|γ0

1, γ0
2
)

was applied (Eq. 8). 

P
(
ε|γ0

1, γ
0
2

)
=

Pprior(ε)Ppost
(
γ0

1, γ0
2

⃒
⃒ε
)

P(γ0
1, γ0

2)
(8)  

where, Pprior is the a priori joint density function for ε, which can be 
assumed to follow a uniform density function over the physical range of 
the parameter. Ppost

(
γ0

1, γ0
2
⃒
⃒ε
)

is the posterior density function based on 
measured values. P(γ0

1, γ0
2) is a normalization factor. 

P
(
ε|γ0

1, γ
0
2
)

can be expressed in terms of the probability density P(R)
by a transformation detailed in (Notarnicola et al., 2006). The optimal 
estimator ε for ε, which has de minimum variance is the conditional 
mean (Eq. 9). 

ε =

∫
(ε − εmin)Pprior(ε)

(
1

γ0
IEM

)2
P
(

γ0
1

γ0
IEM

)
P
(

γ0
2

γ0
IEM

)
dε

P(γ0
1, γ0

2)
(9)  

where, εmin is the minimum value of the uniform density function from 
Pprior. 

This approach needs to be trained and validated. For this IEM sim
ulations were used. Since the IEM requires as input not only ε but also 
soil roughness parameters s (standard deviation of heights) and l (cor
relation length), and soil roughness measurements were not available 
for this study, s and l were optimized. In total, 414 combinations of soil 
roughness parameters were evaluated: s (from 0.2 cm to 2 cm with a 
step of 0.1 cm) and l (from 2 cm to 25 cm with a step of 1 cm). For each 
combination of s and l, the backscatter values were simulated using as 
input the available SM measurements. Then, the optimization function 
selected the combination of roughness parameters that minimized the 
RMSE between the observed and simulated backscatter values, being 

Table 4 
Schemes for obtaining the dry and wet soil conditions (γ0

min, γ0
max) in the 

TUWCD model from the regional statistics of wheat fields time series. P is the 
backscatter percentile.  

Scheme γ0
min γ0

max Scheme γ0
min γ0

max 

1 min max 9 P0.01 max 
2 min P0.999 10 P0.01 P0.999 
3 min P0.99 11 P0.01 P0.99 
4 min P0.9 12 P0.01 P0.9 
5 P0.001 max 13 P0.1 max 
6 P0.001 P0.999 14 P0.1 P0.999 
7 P0.001 P0.99 15 P0.1 P0.99 
8 P0.001 P0.9 16 P0.1 P0.9  
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s = 0.4 cm and l = 3 cm (see Supplementary Materials 2.3). 
The training phase consisted in determining the pdf parameters that 

were later used for SM estimation. In this case, a 4-fold cross-validation 
scheme was performed separately for each orbit pass, with 6 fields used 
for training and 2 for validation in each fold. 

2.4. Evaluation of results 

The performance of the evaluated SM retrieval techniques was 
assessed with different metrics (Entekhabi et al., 2010b) calculated be
tween the volumetric SM recorded by the probes (SMobs) and the esti
mated SM (SMest) with each technique: Pearson correlation (R), 
root-mean-square error (RMSE), bias and unbiased root-mean-square 
error (ubRMSE). The typical target accuracy threshold defined for low 

resolution missions (e.g, SMOS or SMAP) is ubRMSE ≤ 0.04 m3/m3 

(Gruber et al., 2020). 
Each SMest value was compared with the SMobs ground measurement 

closest to its acquisition time. In the evaluation of results, performance 
metrics were reported for each change detection technique and for each 
test field. Furthermore, the eventual influence that some scene acqui
sition and field conditions might have in the results were evaluated, in 
particular: the Sentinel-1 orbit considered, the rainfed or irrigated status 
of the field, the month of the year and the wetness of the field. 

Fig. 4. Scatterplots of estimated SM versus observed SM for the different methodologies for a sample plot (field 5 and orbit pass 8DESC). (a) STCD (γ0
CAN); (b) STCD 

(γ0
SOIL); c) TUWCD (γ0

CAN); (d) TUWCD (γ0
SOIL); (e) MTBCD (γ0

CAN); (f) MTBCD (γ0
SOIL). 
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3. Results 

3.1. Comparison between methodologies 

In this section, the global statistical results obtained for each meth
odology are presented. The numerical results for every field and orbit 
pass, using as input both the γ0

CAN and γ0
SOIL time series, can be found in 

Supplementary Materials 3. As an example, the results of a sample field 
(field 5) are shown here (Fig. 4), where best results were obtained with 
TUWCD and γ0

SOIL. 
Fig. 5 shows the results of all the fields, after computing the per

formance metrics per orbit pass and field. Points not only represent the 
different test fields (colors), but also the Sentinel-1 orbit pass used in 
each case (symbols). Boxplots represent all the point data, summarizing 
the median and quartiles of the performance metrics obtained for each 
approach. 

Median values of the performance metrics demonstrate a positive 
effect of the vegetation correction in all techniques. In particular, γ0

SOIL 
metrics improved those obtained with γ0

CAN in the TUWCD and MTBCD 
approaches and to a much lesser extent in the STCD. Different metrics 
provide different views on the performance of the techniques, regarding 
the RMSE best results were obtained with the TUWCD (0.08 m3/m3), 
followed by STCD (0.09 m3/m3) and MTBCD (0.12 m3/m3). STCD and 
MTBCD had negative bias and TUWCD a positive one. Looking at the 
unbiased ubRMSE, the TUWCD approach also provided the best results 
(0.06 m3/m3) but practically matched by the MTBCD, and then followed 
by STCD (0.08 m3/m3). In turn, the highest correlation values were 
obtained by the MTBCD approach (0.52), followed by TUWCD (0.46) 
and STCD (0.45). 

Looking at field results in detail, it can be observed that results varied 
from case to case, with rather large variability ranges for all the metrics: 
RMSE (0.05 – 0.17 m3/m3), bias (− 0.16 to 0.12 m3/m3), ubRMSE (0.04 

Fig. 5. Statistical results for the different SM estimation techniques. (a) RMSE; (b) bias; (c) ubRMSE; (d) Correlation.  
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– 0.15 m3/m3) and R (− 0.4 to 0.9). The approaches with the highest 
variability were TUWCD and MTBCD. On the other hand, STCD pro
vided more consistent results and had a lower variability. This field-to- 
field variability might be related to the particular characteristics of each 
field, for instance, fields 1, 7 and 8, all had a positive bias, indicating a 
systematic overestimation of SM. Conversely, fields 3, 4, 5 and 6 had a 
negative bias (except for TUWCD). The correlation values have to be 

interpreted with care, as they depend on the dynamic range of SM for 
each field. For instance, field 3 showed poor R values but successful 
results in terms of bias, RMSE and ubRMSE. 

For a more in-depth analysis, the results obtained with each method 
run with γ0

SOIL, were examined to evaluate the influence of different 
factors on the retrievals. The selected factors were the agricultural water 
management (rain-fed or irrigated), the satellite orbit passes, the month 

Fig. 6. Statistical results for the different SM estimation techniques depending on irrigation. (a) RMSE and ubRMSE; (b) Bias; (c) Correlation.  
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of the year and the soil moisture content. 

3.2. Comparison between rain-fed and irrigated fields 

The results based on the agricultural water management are shown 
in Fig. 6. RMSE metrics did not differ greatly between rain-fed and 
irrigated fields for MTBCD (~0.10 m3/m3). However, for STCD and 

TUWCD approaches, the RMSE was lower in irrigated fields. In general, 
RMSE variability (error bars in Fig. 6a) was larger for rain-fed fields. 
Regarding the ubRMSE, all techniques achieved similar median results 
(~0.08 m3/m3) with slightly lower errors for irrigated conditions. Spe
cifically, fields 1, 2, 7 and 8 had higher ubRMSE (>0.08 m3/m3) than 
fields 3, 4, 5 and 6 (ubRMSE ~0.05 m3/m3) (see Supplementary mate
rials 3). In terms of correlation, STCD and MTBCD showed higher 

Fig. 7. Statistical results for the different SM estimation techniques depending on the orbit. (a) RMSE and ubRMSE; (b) Bias; (c) Correlation.  
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correlation values for irrigated fields, whereas TUWCD did not show any 
clear difference. 

3.3. Comparison between orbit passes 

The performance metrics obtained for the three orbit passes (Fig. 7) 
did not show clear differences. In general, for each SM estimation 
technique the values of the performance metrics obtained for the three 
orbit passes were similar. In terms of ubRMSE results were slightly better 
for the ascending pass in TUWCD and MTBCD, but differences were 
minor. For TUWCD descending orbits showed a larger variability in 
terms of RMSE and bias than the ascending one. Correlation results 
showed minor differences with slightly lower correlations for the 
ascending orbit in STCD but slightly higher in MTBCD. In any case these 
differences were not significant, and performance metrics seemed to 
vary more strongly depending on the particular field than on the orbit 
pass. 

3.4. Evaluation of results per month 

Median performance metrics were computed per month to assess the 
eventual influence of the scene acquisition month on the accuracy 
(Fig. 8). Correlation results in this case are omitted, since the SM dy
namic range on each month was too small to provide reliable values. 

There were clear differences depending on the month, particularly 
for TUWCD and MTBCD. RMSE values were lowest in winter months 
(January and February) for all cases, with values below 0.05 m3/m3 for 
TUWCD and MTBCD. In STCD, the RMSE was slightly higher (0.075 m3/ 
m3). The RMSE in March was higher for all methods except for MTBCD, 
and April, May and June obtained the highest errors in all cases (0.08 – 
0.12 m3/m3). RMSE was exceptionally high in June in the MTBCD 
(0.13 m3/m3). Regarding ubRMSE results, TUWCD presented very low 
values in January and February (< 0.02 m3/m3), while the remaining 
months had higher values that did not exceed 0.05 m3/m3. MTBCD also 

had a very good result in January (< 0.02 m3/m3), intermediate ones in 
February, March and April (~0.035 m3/m3), and higher errors in May 
and June (0.05 – 0.06 m3/m3). Finally, STCD was the approach that had 
overall the highest ubRMSE results, with a less marked difference be
tween months, although winter months had also the lowest errors. 

3.5. Evaluation of results depending on soil moisture content 

With the aim of evaluating the performance of the retrieval methods 
depending on the actual soil moisture content of fields, the median 
performance metrics were computed for three SM levels: dry 
(<0.15 m3/m3), intermediate (0.15 m3/m3 − 0.30 m3/m3) and wet (>
0.30 m3/m3). The median RMSE results (Fig. 9) showed certainly high 
error values for dry conditions in all the techniques (0.013 – 0.18 m3/ 
m3). Wet conditions also presented relatively high RMSE metrics, but 
not as high as in the dry case (0.09 – 0.011 m3/m3), except for the 
TUWCD that achieved the best results in wet conditions (RMSE =
0.06 m3/m3). 

In general, the best results were achieved with intermediate moisture 
conditions, with RMSE ~0.06 m3/m3 for the STCD, TUWCD and 
MTBCD. All approaches presented a high positive bias (>0.12 m3/m3) 
for dry conditions, conversely bias was negative for wet conditions 
(− 0.05 to − 0.1 m3/m3). Intermediate conditions obtained the lowest 
bias for all approaches. Unbiased RMSE values (ubRMSE) were similar 
for the four techniques (0.03 – 0.05 m3/m3) and did not depend on the 
actual moisture conditions. 

These results showed that, depending on the actual SM content, the 
approaches could overestimate or underestimate SM. In Fig. 10, SM time 
series for different test fields are displayed to show the behavior of the 
different approaches. Fig. 2 shows that fields 1 and 2 had a similar SM 
content during January and February, and then, SM dropped dramati
cally in field 1, whereas SM remained slightly higher in field 2 due to 
irrigation. In this case, although the evaluated approaches were sensi
tive to the precipitation event and subsequent soil wetting in April 2018, 

Fig. 8. Median RMSE and ubRMSE results for the different SM estimation techniques and months.  
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they did not predict adequately the significant drying of field 1 
(Fig. 10a). MTBC and STCD approaches estimated SM better in the 
irrigated Field 2 (Fig. 10b). On the other hand, fields 3, 4, 5 and 6 had 
rather high SM (Fig. 2), and although field 6 was under irrigation, it 
showed slightly lower SM values than field 5 because precipitations 
were abundant that season. For these fields, TUWCD provided the best 
estimations, predicting a range of SM values similar to measurements 
and showing sensitivity to some wetting and drying events throughout 
the season (Fig. 10c-f). STCD and MTBC also showed some sensitivity to 
SM dynamics, but their SM estimates were severely biased (under
estimated). Similarly to field 1, field 7 also had an extreme SM drop in 
March, and neither of the approaches was able to estimate these low SM 
conditions from March to May (Fig. 10g). Although field 8 also pre
sented a SM drop as field 7 did, the estimations were better because SM 
was higher during spring months due to irrigation events. In this field, 
TUWCD had the highest bias because it predicted a high SM level almost 
the whole period (Fig. 10h). 

4. Discussion 

The comparative analysis between the three methodologies demon
strated clear benefits after vegetation correction for TUWCD and 
MTBCD. In STCD the results were similar with and without vegetation 
correction, so this pre-processing step might be omitted. Earlier studies 
already demonstrated that vegetation dynamics and, eventually, 

surfaces roughness changes might have a substantial effect on TUWCD 
results (Zhu et al., 2019). On the other hand, STCD obtained optimal 
results when a sliding window of N = 4 was considered. As N increased, 
results worsened, this can be interpreted as a smoothing effect of N on 
SM estimates, blurring the short-term SM dynamics. Other researchers 
stated that large N values might foster error propagation in the algo
rithm (Palmisano et al., 2018), and provide SM estimates affected by 
changing surface and vegetation conditions in the mid-term (Balenzano 
et al., 2011). 

The overall performance metrics showed that there was not any 
approach that clearly outperformed the rest. The four approaches ob
tained median RMSE values ranging from 0.08 to 0.11 m3/m3. In terms 
of bias, the TUWCD appeared to have a different behavior, as positive 
bias was found in most test fields, contrary to the rest of techniques were 
negative bias predominated. Median Pearson correlation values ranged 
from 0.44 to 0.55, but the interpretation of these results had to be done 
with care, since the actual soil moisture dynamic range of each field 
during the agricultural season might influence correlation. In terms of 
ubRMSE results were also very similar with TUWCD and MTBCD 
achieving a median value of 0.07 m3/m3, and STCD of 0.08 m3/m3. The 
statistical results of this study are comparable to other works. Attarza
deh et al. (2018) obtained RMSE values ~0.06 m3/m3 when fitting a 
SVR at the field scale using as input both Sentinel-1 and Sentinel-2 
features. Benninga et al. (2020) used a calibrated version of the IEM 
to obtain field scale SM estimations in sparsely vegetated soils with 

Fig. 9. a) RMSE, ubRMSE and b) Bias results for the different SM estimation techniques depending on the SM conditions. Bars represent median values.  

M. Arias et al.                                                                                                                                                                                                                                   



Agricultural Water Management 287 (2023) 108422

13

Fig. 10. Ground SM time series and estimated SM using the different approaches with orbit 8DESC: a) Field 1; b) Field 2; c) Field 3; d) Field 4; e) Field 5; f) Field 6; g) 
Field 7 and h) Field 8. 
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RMSE values of 0.08 − 0.11 m3/m3. Also, working at the field scale, 
Amazirh et al. (2018) obtained a RMSE of 0.16 m3/m3 with TUWCD. 
Even at coarser resolutions, medium correlation values and intrinsic 
RMSE of ~0.07 m3/m3 was obtained after applying STCD in larger areas 
(Balenzano et al., 2021) and RMSE in the range 0.08–0.12 m3/m3 was 
obtained in vegetated areas (Pulvirenti et al., 2018). Using other SM 
estimation methods, similar results were also found in wheat (Ma et al., 
2020) or in cropland areas (Benninga et al., 2022; Qiu et al., 2019). 

Results varied strongly from field to field, e.g. RMSE values ranged 
from 0.05 m3/m3 to 0.16 m3/m3. These rather high variability was also 
encountered in other studies (Attarzadeh et al., 2018), and might be 
caused by local conditions related to soil (texture, stoniness, etc.) or crop 
characteristics (Ouaadi et al., 2020), as well as to the general SM dy
namics during the agricultural season on each field. 

The analysis of the performance of the methods based on the actual 
SM conditions showed that highest errors were obtained in dry condi
tions. SM heterogeneity is known to be higher in dry conditions (Hupet 
and Vanclooster, 2002), and this might influence both the performance 
of retrieval techniques and the representativity of field measurements in 
these conditions. Wet conditions also lead to quite high errors, although 
not as high as in the dry case. Holtgrave et al. (2018) obtained higher 
errors for wet conditions with a SVR model and Zhu et al. (2022) with 
the STCD. These authors interpreted the poor performance for wet 
conditions as a consequence of the lower sensitivity of SAR backscatter 
to high SM values. Intermediate SM conditions produced the best per
formance metrics. 

SM retrieval at the field-scale is challenging due to the high 
complexity of the SAR signal (Bauer-Marschallinger et al., 2019), 
especially in vegetated areas. Although none of the approaches analyzed 
in this study achieved the target accuracy threshold of ubRMSE 
≤ 0.04 m3/m3 defined for low resolution missions (SMOS or SMAP) 
(Gruber et al., 2020), the use of these SM products could still be useful 
even with biases (Entekhabi et al., 2010b), as long as the estimations 
reproduce reasonably the temporal dynamics of SM (Koster et al., 2009). 
Furthermore, performance metrics have to be interpreted considering 
that the accuracy of in situ SM probes after detailed laboratory cali
brations are at best RMSE ~0.02 m3/m3 (Kizito et al., 2008), and RMSE 
≥ 0.035 m3/m3 are typical in real soil conditions (Kim et al., 2020; 
Varble and Chávez, 2011), with even higher errors reported for 
near-surface layers, where RMSE values > 0.1 m3/m3 can be obtained 
(Mittelbach et al., 2012). Furthermore, measurement uncertainty 
strongly increases with extent scale (Famiglietti et al., 2008). 

Finally, the choice of one technique or another is not straightfor
ward, as their performance has been found to be similar. The use of 
STCD could be more advantageous as it might not need any vegetation 
correction. However, STCD performance depends on the selection of SM 
bounds. TUWCD is simple but its accuracy depends on correcting for 
vegetation effects in backscatter and setting adequate dry and wet 
bounds. MTBCD is technically more complex, as it requires a pre
liminary implementation of the IEM. A limitation of this study might be 
the lack of ground SM data during the summer-autumn period. Further 
studies focused on this period might complement the results obtained 
here. In addition, it would be convenient to perform similar analyses 
elsewhere. 

5. Conclusions 

In this study, three different SM estimation approaches (STCD, 
TUWCD and MTBCD) based on Sentinel-1 data were evaluated at the 
agricultural field scale, showing similar performance metrics between 
the estimated and measured SM (ubRMSE 7− 8 m3/m3). In general, 
higher errors were observed for dry conditions (SM < 0.15 m3/m3) 
where a positive bias was generally observed, particularly for TUWCD. 
This caused a lower accuracy in late spring months, particularly in rain- 
fed conditions. TUWCD and MTBCD obtained better results after 
applying a vegetation correction to Sentinel-1 data, conversely for STCD 

vegetation correction only resulted in minor improvements in SM esti
mations. From the methodological point of view, it should be noted that 
STCD provided the best results when applied to rather short time win
dows (four S-1 observations or ~1 month) and considering rather 
extreme boundary conditions. TUWCD required setting dry and wet 
backscatter bounds (which is challenging on agricultural areas subject to 
crop rotation), this was accomplished by means of a regional and multi- 
year characterization of wheat fields backscatter statistics. MTBCD 
required a calibration based on IEM simulations that had to be opti
mized. Overall, the performance of the evaluated techniques was com
parable to similar studies, yet it might be emphasized that in this study 
they were applied at the agricultural field scale (1–8 ha). Therefore, 
results were considered promising for the future application of these 
techniques in irrigation management. It is recommended that similar 
validation studies be carried out in other locations and conditions to 
complement the results obtained here. 
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