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A B S T R A C T

Root zone soil moisture (RZSM) is a key variable controlling the soil-vegetation-atmosphere exchanges. Its 
estimation is vital for monitoring hydrological, meteorological and agricultural processes. A number of large- 
scale products exist but with a coarse resolution (>1 km), which is not suitable for plot-scale studies. The aim 
of this work is to map RZSM, for the first time, at very high spatial resolution using a very high spatial resolution 
surface soil moisture (SSM) product and a recursive exponential filter. SSM is estimated from Sentinel-1 data 
using the water cloud model at a resolution of approximately 50 m. The approach was evaluated on a database 
consisting of 12 fields, including 7 winter wheat and 5 summer maize fields, irrigated using different techniques. 
The results show that the approach performs reasonably well using Sentinel-1 SSM product with correlation 
coefficient (R) between 0.3 and 0.82, root-mean-square error (RMSE) between 0.05 and 0.12 m3/m3 and a bias in 
the range − 0.1–0.07 m3/m3, at 15–20 cm depth. This is equivalent to R = 0.6, RMSE = 0.12 m3/m3 and bias 
= 0.07 m3/m3 using the entire database, which is quite low compared to the use of in situ SSM measurements (R 
= 0.81, RMSE = 0.07 m3/m3 and bias = 0.03 m3/m3). This is related to inaccuracies in the SSM product, where 
fields with good SSM estimation also resulted in good RZSM estimation and conversely. In addition to SSM, the 
approach is also sensitive to its time constant T. Analysis of RZSM sensitivity to T shows that the optimum T 
value depends on soil texture, climate and measurement depth. In particular, low optimum T values (1 day) are 
obtained for loamy and sandy loam soils, while higher values (5–10 days) are optimal for soils with a high clay 
fraction, at 15–20 cm depth. These values increase with soil depth and are influenced by seasonal atmospheric 
demand. Combined to reasonable statistical metrics, the spatial variability depicted by the RZSM maps opens up 
prospects for high-resolution RZSM mapping from Sentinel-1 SSM data using a simple approach over annual 
crops. This is of prime relevance for agricultural applications requiring very high-resolution estimation at plot 
scale, such as crop yield, irrigation and fertilizer management, as well as for the assessment of inter-plot 
variability.

1. Introduction

Water resources are a limiting factor for development in the majority 
of countries worldwide (Ferguson et al., 2018). An optimal management 
is considered as a source of peace and prosperity (United Nations, 2024). 
This management concerns particularly agriculture, where irrigation 
consumes up to 90 % of available resources in several Mediterranean 
regions, which additionally experience a pronounced amplification of 

extreme events (IPCC, 2019; MedECC, 2020). Optimal irrigation is 
therefore essential to improve water use efficiency, reduce costs and 
minimize environmental impact (McDermid et al., 2023).

Root zone soil moisture (RZSM) directly influences land-atmosphere 
interactions (Ford et al., 2014; Koster et al., 2004; Taylor et al., 2007), 
water requirements (Alfieri et al., 2008; Ford et al., 2014, Kim et al., 
2023), and therefore irrigation scheduling (Blonquist et al., 2006; Fon-
tanet et al., 2018; Massari et al., 2021). It is also an important variable 
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for many other hydrological, agronomic and meteorological studies 
(Brakhasi et al., 2023; Chen et al., 2018; Das et al., 2006; Jiang et al., 
2021; Sabater et al., 2007; Valayamkunnath et al., 2019; Vereecken 
et al., 2008). Typically, RZSM can be estimated using in situ sensors, 
mainly Time Domain Reflectometr (TDR) and thetaprobs (Dobriyal 
et al., 2012; Noborio, 2001; Vereecken et al., 2008; Zreda et al., 2012). 
Although accurate, the sensors can only give point information, whereas 
the spatio-temporal variability of RZSM requires a network of sensors. 
However, the installation and monitoring/maintenance of a large 
network is tedious, time-consuming, costly and is likely to disturb soil 
properties (Brakhasi et al., 2023; Carranza et al., 2021).

Remote sensing data can provide global and frequent mapping of 
observable variables such as surface soil moisture (SSM). Indeed, there 
are a large number of SSM products available worldwide (e.g., Ente-
khabi et al., 2010; Kerr et al., 2001; Njoku et al., 2003; Wagner et al., 
2003). Note that all these products are derived from microwaves 
because of the signal’s sensitivity in this domain to the target’s water 
content. Indeed, the microwave scattering mechanism of a medium 
composed of soil and vegetation is determined by its dielectric proper-
ties. Below 10 GHz, the dielectric constant of a plant cover is dominated 
by that of water: around 80, whereas it is around 3 for dry plant matter 
and dry soil (Carlson, 1967; Dobson and Ulaby, 1986; Ulaby, 1984).

Estimating RZSM is, however, more challenging than SSM, first 
because it is not an observable variable, i.e. directly related to satellite 
observations. Second, even with some sensors that can reach the root 
zone (long wavelengths such as P-band), scattering models for depth are 
more complex as the processes of wave interaction with the subsurface 
medium are also involved, resulting in a complex mathematical 
modeling scheme with a high number of input variables for both direct 
and inverse problems (Etminan et al., 2020). Consequently, the esti-
mation of RZSM always incorporates a modeling approach that estab-
lishes a link between surface-related remote sensing observations, 
typically SSM, and RZSM. Indeed, SSM is commonly used to estimate 
RZSM, thanks to the strong relationship between soil moisture at the 
surface and in the root zone identified since the early 80 s (Camillo and 
Schmugge, 1983; Ford et al., 2014; Mahmood et al., 2012). The RZSM 
estimation approaches can be classified into four main categories: 
physical, semi-empirical, empirical and machine learning models 
(Kostov and Jackson, 1993; Li et al., 2023). The physical approaches are 
based on the combination of remotely sensed SSM with physical model 
simulations (hydrological or land surface model) using a data assimi-
lation approach (sequential or variational methods) for providing a 
more accurate RZSM estimate than that obtained by the model simula-
tion alone (Das and Mohanty, 2006; Dumedah et al., 2015; Khandan 
et al., 2022; Vereecken et al., 2008). It is regarded as the most promising 
and accurate method for estimating RZSM (e.g., Li et al. 2023). How-
ever, this approach is also associated with complex and uncertain data 
assimilation methods and physical models, in addition to the large 
amount of required input data (Liu et al., 2024; Van Oorschot et al., 
2021). Empirical approaches instead rely on establishing simple re-
lationships between RZSM and SSM. They are simple but lack repre-
sentativeness and therefore cannot be applied on a large scale as the 
relationships are site-specific and therefore affected by climate, vege-
tation type, soil texture and properties. Rather better, machine learning 
algorithms can be used to extract RZSM by data learning and training 
remote sensing datasets including SSM with other variables related to 
vegetation type and soil properties (Carranza et al., 2021). They have 
been widely used (Babaeian et al., 2021; Namdari et al., 2024; Souissi 
et al., 2022) but still face the challenge of balancing accuracy of esti-
mation, selection of training features, computation time and ease of 
interpretation and relating results to model features (Carranza et al., 
2021; Montavon et al., 2018; Prasad et al., 2018; Reichstein et al., 2019). 
In addition, the environmental conditions and characteristics of the data 
used for training have a major impact on the accuracy of the approach 
when extrapolating to other regions with different conditions (Ayari 
et al., 2024; Li et al., 2023; Zeng et al., 2019). Finally, semi-empirical 

models are based on physical mechanisms in which certain processes 
are simplified using data and empirical relationships, making them 
better able to balance complexity and estimation accuracy. The most 
popular semi-empirical model for estimating RZSM is the exponential 
filter, which is based on describing the infiltration process of SSM to-
wards the root zone with an exponential form (Wagner et al., 1999). The 
approach requires SSM, a time constant parameter that can be cali-
brated, a minimum and maximum soil wetness values that can be 
derived from field capacity, wilting point and total water capacity. Note 
that a number of studies have defined the two soil wetness values, 
allowing transition from the soil water index to SSM, at the minimum 
and maximum of the SSM time series (e.g., Albergel et al., 2008; Ford 
et al., 2014). The exponential filter approach has been extensively used 
in the literature and has been shown to perform well using in situ 
measurements as well as satellite SSM products (Albergel et al., 2008; 
Ceballos et al., 2005; Ford et al., 2014; González-Zamora et al., 2016; 
Pablos et al., 2018; Pasik et al., 2023; Paulik et al., 2014; Tian et al., 
2022; Tobin et al., 2017; Wang et al., 2017; Yang et al., 2022; Zhao et al., 
2008). However, all these RZSM products suffer from coarse spatial 
resolution due to the low coarse spatial resolution of the used SSM 
products (e.g., ERS, ASCAT, SMOS and SMAP). This data may be suitable 
for global applications, but not for applications requiring the field scale, 
such as irrigation management where farmers irrigate with different 
schedules within the same coarse-scale pixel. This is more important 
where the fields are less than 1 hectare in size (23 % of fields worldwide 
and 50–53 % in Africa and Asia (Lesiv et al., 2019)).

Very high spatial resolution products are becoming available today 
thanks to the availability of SAR (Synthetic Aperture Radar) data or the 
disaggregation of coarse products (Ouaadi et al., 2024a). As coarse 
products are disaggregated using optical reflectances and land surface 
temperature, they are either given with low temporal resolution due to 
the resolution of current thermal satellites combined to the effect of 
clouds, or inaccurate due to the use of reflectances, which do not contain 
information on soil water content, or both. By contrast, the all-weather 
SAR data are collected at high spatial resolution and are provided free of 
charge every six days by ESA’s Sentinel-1 A and B. Note that Sentinel-1B 
has been out of service since December 2021, but has been replaced by 
Sentinel-1 C since December 5, 2024 (ESA, 2024; European Commission, 
2024). Since its launch, several studies have been carried out to retrieve 
SSM from Sentinel-1 using different approaches, typically based on 
radiative transfer models (e.g., Ayari et al., 2023; Bai et al., 2017; Huang 
et al., 2019; Ouaadi et al., 2020) and machine learning algorithms (e.g., 
El Hajj et al., 2017; Ezzahar et al., 2023; Paloscia et al., 2013; Ya’nan 
et al., 2024). The accuracy achieved with most approaches is in the 
range 0.05–0.06 m3/m3. This accuracy can drop when applied over 
large areas, mainly due to (i) the simplification or neglect of certain 
processes in retrieval approaches, (ii) the model parameter calibration 
or (iii) the sensor characteristics (e.g., a high angle of incidence is not 
optimal for estimating SSM). Overall, the estimated SSM is reasonable 
for annual crops such as wheat, maize and canopies with similar struc-
ture. Over trees, the estimation is still challenging because of the limited 
penetration of the C-band as well as the multilayer complex geometry. 
However, to date, SAR based approaches are the most accurate method 
to estimate SSM compared to optical or disaggregated approaches. 
Indeed, although intercomparison studies at very high spatial resolution 
are very rare, Ouaadi et al. (2024a) found that Sentinel-1 products 
perform better than disaggregated approaches.

In this study, the RZSM is estimated using SSM products derived from 
Sentinel-1 data, including the backscatter coefficient and interfero-
metric coherence over annual crops. The next section, Section 2, shows 
the study area, the in situ measurements and the exponential filter 
approach. Section 3 presents the results of RZSM estimation using the 
daily in situ SSM measurements, the 6-day Sentinel-1 SSM products 
compared to the 6-day in situ measurements, and the spatial pattern of 
the estimated RZSM. Section 4 is devoted to discussion and Section 5 to 
conclusions and some perspectives.
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2. Data and methods

2.1. Study area

The soil moisture profiles used in this study are collected from 12 
fields located at two sites, one in Morocco and the other in Spain (Fig. 1). 
The Moroccan site is located in the Haouz plain, in the center of Morocco 
(Fig. 1). The climate of the plain is a semi-arid Mediterranean climate, 
characterized by hot summers when temperatures can reach up to 45◦C 
in July, and August and cold winters when temperatures can fall below 
0◦C in January. The reference evapotranspiration is 1600 mm/year, 
which far exceeds the average annual rainfall of 250 mm (Jarlan et al., 
2016). Note that this average has dropped in recent years, a particularly 
marked period of drought in the country (between 70 mm/year and 
190 mm/year since 2017). The soil texture is loamy-clay for F1, F2, F3, 
F4 and F5, while it is mainly clay for F6 and F7 (Table 1). The monitored 
fields are drip-irrigated and rainfed winter wheat fields. More details on 
the fields are summarized in Table 1.

The Spanish site is located in Catalonia region (Fig. 1). The climate is 
semi-arid Mediterranean influenced by a continental climate. This is 
resulting in hot summers against mild winters. The annual reference 
evapotranspiration is about 1100 mm/year. Most of the precipitation is 
occurred during autumn and spring with an annual precipitation 

average of about 350 mm (Paolini et al., 2022). The five monitored 
fields are located in an irrigated district where the irrigation is ensured 
by the flood technique via the Urgell canal. The soil texture of the fields 
is loamy to silty-loam. More details about the fields are provided in 
Table 1.

2.2. Soil moisture database

2.2.1. In situ measurements
The soil moisture, including SSM and RZSM are measured using TDR 

sensors (Campbell Scientific CS616) on Moroccan fields. Data are 
collected every 30 min during the wheat agricultural season (Table 1). 
The sensors are installed at different depths between 5 and 35 cm. For 
F1-F5, the average value of two sensors installed one under and the 
other between the drippers (at 5 cm depth) is considered as represen-
tative of the field. The RZSM sensors are installed at 15, 25 and 35 cm 
depth for F1 and F2; 15 and 30 cm for F3, F4 and F5; 10 and 15 cm for F6 
and F7. It is worth mentioning that the monitored root zone in this study 
(10–35 cm) is the zone that contains most of the roots of annual crops 
(Ali et al., 2019; Ehdaie et al., 2010; Fan et al., 2016; Fang et al., 2021; 
Hodgkinson et al., 2017; Y. Li et al., 2021; Mawodza et al., 2020). The 
sensors are calibrated using the gravimetric technique. More details on 
the database are available in Ouaadi et al. (2021a).

Fig. 1. Location of the studied fields (right maps) in both sites in Morocco and Spain (left map).
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For the Spanish site, soil moisture is measured using a low-cost 
network composed of sensors connected to a data logger called LoNIM 
(Low-cost Network for Environmental Monitoring). The system is 
designed at CESBIO (http://www.cesbio.cnrs.fr/) and is allowing hourly 
automatic measurements (see Ouaadi et al. 2024a for more details). This 
database was collected as part of the LIAISE project (Boone et al., 2025). 
For each field, two sensors are buried one at 5 cm and one at 20 cm 
depth. The five fields are cropped and monitored during summer (see 
Table 1). The data are calibrated using measurements from a station 
located close to the studied fields (Ouaadi et al., 2024a).

2.2.2. Satellite surface soil moisture product
The SSM product used in this study is derived from Sentinel-1 data, 

including the backscattering coefficient (20 m resolution) and the 
interferometric coherence (50 m resolution). The algorithm is based on 
the use of a simplified radiative transfer model (backscattering model) in 
an inverse scheme using a “brute-force” algorithm to retrieve SSM with a 
50 m resolution. The radiative transfer model used is the water cloud 
model (WCM, Attema and Ulaby 1978), accounting for the backscat-
tering contribution from the vegetation, coupled to Oh model (Oh et al., 
1992), accounting for the soil backscattering contribution, to the canopy 
total backscattering measured by the satellite. The interferometric 
coherence is used to estimate the above-ground biomass used as vege-
tation descriptor in the WCM. Details about the algorithm used to 
retrieve SSM can be found in Ouaadi et al., 2020. The soil roughness, 
represented by the root mean square height -hrms- in the Oh model, is 
retrieved conjointly with SSM by exploring the range from 0 to 
0.5 m3/m3 for SSM and from 0.1 cm to 1.5 cm for hrms. Note that these 
ranges are determined based on field observations and the literature 
reported values. Also, the hrms is considered constant thought the season 
as there is no soil tilling after the sowing (Ouaadi et al., 2020, 2021a). 
The SSM product was evaluated over Morocco, Tunisia (Ouaadi et al., 
2020) and Spain (Ouaadi et al., 2024a) and used for irrigation and 
evapotranspiration mapping (Ait Hssaine et al., 2021; Laluet et al., 
2024; Ouaadi et al., 2021b).

2.3. Rainfall and irrigation

The rainfall is collected using automatic weather stations installed 
near the fields for the Moroccan site. The rainfall measurements are 
collected at 30-min time step and summed on a daily basis. For the 
Spanish fields, the rainfall data are obtained from a nearby weather 
station, the Tornabous station, made available by the Ruralcat digital 
platform (https://ruralcat.gencat.cat/agrometeo.estacions).

The irrigation timing and amounts are available for F1-F4, while for 
F5 and F8-F12, the timing is determined by the analysis of SSM in-
creases, and an approximate value of 10 mm and 50 mm is adopted for 
F5 (drip irrigation) and F8-F12 (flood irrigation), respectively. These are 
approximate values which are typically the average given per event for 
each irrigation technique and are accepted for the purpose of this study 
as irrigation is only required to show the occurrence of irrigation for the 
analysis of the RZSM time series.

2.4. Exponential filter

The Exponential model is a semi-empirical model that was intro-
duced by Wagner et al. (1999) and modified later on by Albergel et al. 
(2008). Wagner et al. (1999) have proposed linking soil moisture in the 
root zone to that at the surface by the mean of an exponential filter. This 
approach is based on a water balance model simulating the soil in two 
layers. The first is the surface layer that interacts with the external 
environment. The soil moisture in the surface layer is the surface soil 
moisture that can be estimated from remote sensing data. The second 
layer is the root zone, which only exchanges with the surface layer. This 
layer is regarded as a reservoir, with the flow of water exchanged with 
the surface layer being proportional to their difference in soil moisture. Ta
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The water balance can therefore be expressed as follows: 

L
dθr(t)

dt
= C(θs(t) − θr(t) ) (1) 

Where θr and θs are root and surface soil moisture, respectively. L is the 
root zone layer depth, t is the time and C is the pseudodiffusivity con-
stant. By setting T = L/C, the solution of Equ. 1 is as follows: 

θr(t) =
1
T

∫ t

− ∞
θs(τ)e− (t− τ)/Tdτ (2) 

T is a time parameter expressed in days. It characterizes the temporal 
variation of soil moisture. Although several important processes that 
have an impact on the water fluxes exchange are not taken into account 
in this simple model, including plant water uptake (transpiration) and 
the hydraulic properties of the soil, Albergel et al. (2008) have reported 
that T can be considered as a parameter that accounts for these pro-
cesses. Consequently, different optimum values of T are found in the 
literature, depending on crops, climate, soil types and depths. In this 
study, the sensitivity of the approach to the optimum T value is inves-
tigated by exploiting a range of T values between 1 and 40 following 
Albergel et al. (2008), Ford et al. (2014) and Tobin et al. (2017) (Section 
3.1.1).

In order to use regular observations provided by time intervals, the 
discrete form of Equ. 3 is useful for practical uses. Wagner et al. (1999)
defined a soil water index (SWI), varying between 0 and 1, based on the 
discrete solution: 

SWI(tN) =
∑N

i=1SSM(ti)e− (tN − ti)/T

∑N
i=1e− (tN − ti)/T

(3) 

SSM is the discrete measurements of θs obtained by the satellites. The 
frequency of its availability can vary according to the revisit time of the 
satellite, from 1 day for coarse products such as SMOS to 6-day with the 
very high resolution SAR Sentinel-1 (and even more). Note that in the 
calculus of SWI, SSM is rescaled also between 0 and 1. In this study, the 
soil moisture at wilting point (θwp) and at field capacity (θfc) are used to 
rescale SSM. Similarly, θwp and θfc are used to obtain RZSM from SWI. It 
is worth pointing out that Wagner et al. (1999) have used θwp and the 
mean of θfc and the total water capacity in the original approach. The 
authors, however, also proposed and evaluated other alternatives, 
among which θwp and θfc (used in this study) have proved the best 
performance.

Later on, Albergel et al. (2008) have proposed a recursive formula-
tion of Equ. 3: 

SWIN = SWIN− 1 +KN(SSM(tN) − SWIN− 1 ) (4) 

where SWIN− 1 is the predicted SWI at tN− 1; the last time an observation 
of SSM was available. KN is between 0 and 1, and is expressed as follows: 

KN =
KN− 1

KN− 1 + e− (tN − tN− 1)/T (5) 

This recursive formula makes it easier to manage predictions in the 
presence of gaps in the input SSM data. In other words, the estimation of 
a SWI at time tN is requiring the last predicted SWI and KN at time tN− 1 

and the SSM observation at time tN. For the first estimation, the 
approach is initiated with K1 = 1 and SWI1 = SSM(t1). Finally, the 
estimated RZSM is obtained as follows: 

RZSMN = SWIN ∗
(
θfc − θwp

)
+ θwp (6) 

3. Results

This section consists of three parts. First, the results using daily in 
situ data are evaluated in order to assess the effect of data availability on 
the estimation, investigate the sensitivity for T and analyze the time 
series and scatterplots. Next, the estimation of RZSM using Sentinel-1 

SSM product with a 6-day time step is evaluated by comparison with a 
6-day in situ measurement. Finally, the spatial pattern of RZSM is 
analyzed using maps derived over the Spanish study site.

3.1. Daily estimation

3.1.1. RZSM sensitivity to T and measurements depth
Using daily SSM measurements from the studied fields at 10–20 cm 

depth, Fig. 2 shows the variation of the correlation coefficient (R), the 
root mean square error (RMSE) and the bias computed between the 
estimated and the measured RZSM for T ranging from 1 to 40 with a time 
step of 5 days. Fig. 2 illustrates a marked decrease in the performance of 
the approach with increasing T, in particular degradation in R and 
RMSE. Overall, the best results are obtained for T = 1 to T = 5 days for 
all the fields separately and using the entire database (Fig. 3), with an 
average R value of 0.85, RMSE of 0.06 m3/m3 and bias = 0.03 m3/m3. 
The increase in T implies a smoothing or damping of soil moisture peaks, 
leading to an underestimation of high values in RZSM estimations (as 
shown in Fig. 3).

If the fields are observed separately (Figs. 2), 58.3% of the fields 
show reasonable metrics for the entire T range, with degradation limited 
to 33.6 % in R for instance. In contrast, 41.4 % of fields (F8, F10, F12, 
F11 and F3) exhibit a 78.7 % decline in the R value if F3 is excluded 
(~100 % decline if F3 is included). F3 performed quite differently to the 
other fields, showing a complete drop from 0.64 (T = 1 day) to 
0 (T = 35 days). RMSE follows approximately the same trend as R. Same 
fields with decreased R values also show a strong degradation of RMSE. 
For example, the highest RMSE values are observed for F10, F11 and F12 
(values between 0.09 m3/m3 and 0.15 m3/m3; increasing overall with 
T). Interestingly, the RMSE of F3 and F8 is reasonable and its variation is 
limited between 0.03 m3/m3 and 0.05 m3/m3. Similarly, the bias is high 
for fields with high RMSE values but is more stable with variation of T 
value. Note that the RZSM measurement depth used here for fields F8- 
F12 is 20 cm, while the measurements for all the other fields are be-
tween 10 and 15 cm, which may partly explain the observed differences 
in performance.

In order to investigate the impact of measurement depth on the 
metrics and the optimum T value, Table 2 summarizes the statistical 
metrics obtained for the 20–35 cm zone for 5 fields for which different 
measurement depths are available (see Section 2.2.1).

The results show a decrease in R and an increase in RMSE with 
increasing measurement depth, while the bias is fairly stable. In 
particular, the maximum mean R value for the five fields at a depth of 
30–35 cm is 0.72, which is 12 % less than the maximum mean R value (R 
= 0.82) for the same fields at 10–15 cm depth. Note that this maximum 
value is obtained for higher T values (T > = 15 days) at depths of 
30–35 cm compared with depths of 10–15 cm (optimum T = 1–5 days). 
For these T values, considered optimal for R, RMSE and bias reach also 
the lowest values (RMSE = 0.038 m3/m3 and 0.044 m3/m3 and bias =
− 0.002 m3/m3 and − 0.022 m3/m3 for 10–15 cm and 30–35 cm depth, 
respectively). Interesting enough, for F1 and F2, where measurements 
are available at 15, 25 and 35 cm depth, statistical metrics at 25 cm are 
slightly lower than those at 15 cm and higher than those at 35 cm.

It’s also important to note that the fields are different in terms of 
irrigation technique, soil texture and vegetation type. These factors have 
an impact on infiltration and the distribution of soil moisture between 
the surface and the root zone, and therefore on the performance of the 
exponential filter.

3.1.2. Time series analysis of the estimated RZSM
Fig. 4 shows the time series of estimated and observed RZSM at a 

depth of 10–20 cm depth for all fields for T = 1 day. Rainfall and irri-
gation amounts are also superimposed.

The overall seasonality and RZSM peaks are well produced for the 
majority of the fields, which accounts for the good statistical metrics 
reported in Section 3.1.1. However, some false peak predictions are also 
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noted, such as those observed between 20 March and 29 April in F1. This 
is related to SSM fluctuation in response to small rainfall events. Ex-
amples include the rain event on 29 April in F1 and F3 (2016–2017 
agricultural season) and the two small rain events on 10 and 24 April in 
F2 and F4 (2017–2018 agricultural season). These small amounts of 
water have an impact on the surface but are not filtered to the root zone, 
mainly because they evaporate quickly from the surface given the high 

temperatures in the region at this time of year. This could also explain 
the fluctuation in RZSM predictions in response to irrigation events 
between 20 March and 29 April; in particular that the irrigation tech-
nique is drip and the percentage of clay is high. Obviously, the fluctu-
ations are most marked for low values of T (1 and 5 days), while the high 
T values smooth out the fluctuations, as already mentioned (Fig. 3). 
Fig. A1 in the appendix shows an example of F1 time series for T = 1, 10, 

Fig. 2. Variation of R, RMSE and bias computed between the daily estimated and observed RZSM at 10–20 cm depth for T values ranging between 1 and 40 over all 
the studied fields.

Fig. 3. Scatterplots between observed and estimated RZSM at 10–20 cm depth for four T values: 1 day, 10, 20 and 40 days using the entire database from all 
the fields.
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20 and 40 days. However, the high T values also dampen the true var-
iations observed in the measurements.

The impact of the rainfall event of 29 April 2017 (3.8 mm) is not the 
same for the two fields F1 and F3: an increase of 0.007 m3/m3 for F1 
compared with 0.23 m3/m3 for F3 after two days. In contrast, the event 
of 24 April 2018 has the same effect on F2 and F4 (increase of the same 
magnitude). Taking into account the different growing conditions of the 
fields, including the irrigation scheduling and amounts and density of 
seeds, it is difficult to comment on the difference in impact of this single 
event, which moreover occurs at the end of the season when irrigation is 
stopped. At this time; the end of the winter season (May-June), the 
predictions are lower than the measurements. This could be related to 
the low moisture level in the surface layer (low SSM) due to high tem-
perature values and the absence of watering events, while the high clay 
content of fields (F1-F7) maintains slightly high moisture in the deeper 
zone.

For some fields, the bias between estimates and measurements is 
constant throughout the season, as is the case for F1, or for specific 
periods such as the period from January to March on F5. Frequent wa-
tering events (irrigation or rainfall) may have led to continuous infil-
tration of water into the deep zone, which is retained by the high clay 
content. Indeed, the maximum bias and low mismatch in the repro-
duction of the trend and peaks are observed for F6 (2016–2017 agri-
cultural season). First, the measurement level is higher than the 
estimation, which could be related to the moisture retention in the root 
zone (47.5 % clay). Second, the low fluctuation or variation in the 
measurement could be partly explained by the small amounts of rain 
that only impact the surface and then evaporate. This is supported by F7 
being the next season of the same field (2017–2018), which shows a 
good match between the estimations and observations with a high level 
of RZSM (up to 0.4 m3/m3) as this season was wetter than 2016–2017.

For the summer fields (F8-F12), the estimated and measured RZSM 
are in good agreement in terms of tendency and amplitude, with the 
exception of F8. As the soil texture is loamy to silty-loam for these fields, 
and considering the time series of the other fields (F9-F12), this is un-
likely caused by moisture retention in the root zone (different depth 
texture to surface texture). More likely, the problem lies with the 

measurements considering the time series evolution as well.

3.2. 6-day Sentinel-1 and in situ measurements

In this section, the RZSM is estimated with a frequency of 6 days 
using Sentinel-1 SSM product and using 6-day in situ measurements for 
comparison purposes. Fig. 5 shows the obtained statistical metrics (R, 
RMSE and bias) as a function of T at 10–20 cm depth. Fig. A2 in the 
appendix is similar to Fig. 4 but using Sentinel-1 SSM product. Note that 
F3 and F4 are not evaluated for Sentinel-1 due to the specific growing 
conditions of these fields, which resulted in inaccurate SSM retrieval. 
For more details, the reader is referred to Ouaadi et al. (2020).

Overall, the results are similar between the daily measurements 
(Fig. 2) and the 6-day in situ measurements (Fig. 5). Using the Sentinel-1 
SSM product, the scores are also reasonable but lower than those ob-
tained using in situ measurements. For example, using all the data, a 
drop of around 26 % in terms of R is observed (0.81 using in situ mea-
surements versus 0.6 using Sentinel-1 SSM product). Similarly, RMSE 
and bias increased: RMSE = 0.07 m3/m3 and bias = 0.03 m3/m3 using 
in situ measurements compared with RMSE = 0.12 m3/m3 and bias 
= 0.07 m3/m3 using Sentinel-1 product. This can be explained by the 
accuracy of the SSM product. Table 3 summarizes the results of the SSM 
estimation for all the fields. Indeed, Fig. 5 shows that the best results, 
with a correlation higher than 0.8, are obtained for F2 and F6, for which 
SSM is also estimated with good accuracy (Table 3). F5 also yields good 
statistical metrics with R> 0.7. Interestingly, the performance of the 
RZSM approach is low when T < 10 days for F1 and F7. Overall, the 
performance of all the Moroccan sites is the best for T = 10 days with 
different sensitivities to T in the range between 1 and 10 days. For 
instance, an improvement of 4.5 % in terms of R is observed for F1 while 
it is 41.2 % for F2. For RMSE, some fields show significant differences 
between T = 1 and T = 10 days (a decrease of 33 % for F7 for example), 
but as a whole, the best performance is obtained for T > 5 days and the 
bias is fairly constant throughout the T range. For the Spanish fields, a 
decrease in performance is observed with increasing T, with the 
exception of F9 which produces the lowest performance whatever the 
value of T (and a low SSM estimate as well, Table 3). In particular, the 

Table 2 
Statistical metrics computed between the measured and estimated RZSM at daily basis at 25–35 cm depth for T ranging between 1 and 40 days.

25 cm depth 30–35 cm depth

F1 F2 F1 F2 F3 F4 F5

T ¼ 1 R 0.73 0.98 0.63 0.97 0.2 0.76 0.88
RMSE (m3/m3) 0.04 0.02 0.05 0.02 0.08 0.05 0.03
bias (m3/m3) − 0.02 0.01 − 0.03 0.01 − 0.04 − 0.01 0.02

T ¼ 5 R 0.79 0.98 0.7 0.98 0.08 0.85 0.9
RMSE (m3/m3) 0.04 0.02 0.05 0.03 0.08 0.04 0.03
bias (m3/m3) − 0.02 0 − 0.04 0 − 0.04 − 0.01 0.02

T ¼ 10 R 0.79 0.98 0.73 0.98 0.08 0.82 0.86
RMSE (m3/m3) 0.04 0.02 0.05 0.02 0.08 0.04 0.03
bias (m3/m3) − 0.02 − 0.01 − 0.04 − 0.01 − 0.04 − 0.01 0.02

T ¼ 15 R 0.79 0.97 0.74 0.98 0.2 0.82 0.84
RMSE (m3/m3) 0.04 0.03 0.05 0.02 0.09 0.04 0.02
bias (m3/m3) − 0.03 − 0.01 − 0.04 − 0.01 − 0.04 − 0.01 − 0.01

T ¼ 20 R 0.78 0.96 0.74 0.97 0.27 0.8 0.83
RMSE (m3/m3) 0.04 0.03 0.05 0.04 0.09 0.04 0.03
bias (m3/m3) − 0.03 − 0.02 − 0.05 − 0.02 − 0.05 − 0.01 0.01

T ¼ 25 R 0.78 0.96 0.74 0.97 0.32 0.77 0.82
RMSE (m3/m3) 0.04 0.04 0.05 0.03 0.09 0.04 0.03
bias (m3/m3) − 0.03 − 0.02 − 0.05 − 0.02 − 0.05 − 0.01 0.01

T ¼ 30 R 0.78 0.95 0.74 0.96 0.34 0.75 0.81
RMSE (m3/m3) 0.04 0.04 0.06 0.04 0.09 0.05 0.03
bias (m3/m3) − 0.03 − 0.03 − 0.05 − 0.03 − 0.05 − 0.01 0.01

T ¼ 35 R 0.78 0.95 0.75 0.96 0.36 0.73 0.81
RMSE (m3/m3) 0.04 0.05 0.06 0.04 0.09 0.05 0.04
bias (m3/m3) − 0.04 − 0.03 − 0.05 − 0.03 − 0.05 − 0.01 0.01

T ¼ 40 R 0.79 0.95 0.75 0.96 0.37 0.71 0.81
RMSE (m3/m3) 0.04 0.05 0.06 0.04 0.09 0.05 0.04
bias (m3/m3) − 0.04 − 0.03 − 0.05 − 0.03 − 0.05 − 0.01 0.01
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best R and RMSE are obtained for T = 1 day for all fields, while the bias 
is constant. This difference in the behavior of the RZSM estimation 
approach between the Spanish and Moroccan fields is mainly related to 
the difference in soil texture as already highlighted. The loamy to silty- 
loam soil in the Spanish site promotes rapid infiltration of water and 
does not retain much moisture over a long period, thus leading to a 
decline in the RZSM estimation with increasing T. This could also be 
accentuated by the type of crop (maize), which is characterized by tick 
roots that increase soil porosity.

For deeper RZSM, the results obtained using 6-day in situ measure-
ments and Sentinel-1 product are presented in Table 4 and Table 5, 
respectively. As with daily in situ measurements, deeper layers require 
higher T values. For F1 and F2, for example, T values between 15 and 25 
days are the best for a depth of 25 cm and between 20 and 30 days for a 
depth of 30–35 cm. This illustrates the importance of taking into ac-
count the infiltration time as a function of depth when estimating RZSM, 
as well as soil texture, which determines water retention.

3.3. Very high spatial resolution mapping of RZSM

Fig. 6 shows the RZSM maps estimated using the exponential filter 

approach fed by Sentinel-1 SSM product over the study area in Spain for 
five selected dates in 2021. A crop classification map of 2021 and the 
corresponding NDVI maps calculated from Sentinel-2 are also presented 
for interpretation purposes. The crop map is obtained from the agri-
cultural plot identification system of catalunia DUN-SIGPAC, which is 
available on the website (https://agricultura.gencat.cat/ca/ambits/ 
desenvolupament-rural/sigpac/mapa-cultius/). Note that the shapefile 
of the crop map cadastre is used to extract only the agricultural area 
shown in the RZSM and NDVI maps.

The area is composed of an irrigated part to the west-north and a 
rainfed part to the east-south of the maps. This is best depicted by the 
NDVI maps, particularly in the July 2 map. Irrigation is provided by the 
old Urgel canal, which separates the irrigated from the rainfed part of 
the study area. The irrigated part is mainly composed of sweet fruit and 
cereals; winter crops followed by summer crops. The RZSM map of 
January 15 shows that the rainfed fields are dry in contrast to the irri-
gated part and the extreme south-east. This is most likley due to irri-
gation, as no rainfall event has been recorded since January 10. The 
extreme south-east part in the rainfed part is mainly cropped with olive 
groves and vineyards, which also supported by the high NDVI values of 
January 15 map. It could be irrigated using the new Segarra-Garrigues 

Fig. 4. Time series of the estimated and measured RZSM at 10–20 cm depth for all fields.
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canal which crosses the rainfed part near the extreme south-east (more 
information in Ouaadi et al. 2024a).

April 27, on the other hand, is wetter than January 15 and displays 
higher moisture variability. This variability in RZSM could be linked to 
the ~8 mm of rainfall recorded on April 26, distributed between 04 h 
and 14 h. Given the low temperatures (maximum of 13◦C at 12 h), it’s 
likely that the water had time to infiltrate into the root zone. The dry 
patch in the rainfed area, however, could be attributed to the fact that 
the area is non-irrigated and, as a result, the soil is drier than the irri-
gated part, which already contains a percentage of moisture. The effect 
of irrigation is again more pronounced in summer, as shown on the July 
2 map. Some fields are dry but have been wetted in the September 12 
map. This is probably an irrigation event, given that no rainfall event has 
been recorded after a 0.3 mm rainfall on September 9. This highlights 
the importance of very high spatial resolution for monitoring the spatial 
variability of moisture in agricultural regions. The summer NDVI shows 
a dominance of low values in the rainfed part, and thus of bare soils. 
However, RZSM is high in many fields. With the exception of a few 
irrigated fields in the extreme south and a few scattered fruit trees, the 
majority of fields are non-irrigated. The high RZSM values are due to the 
high SSM values retrieved in some specific areas. This is attributed to the 
potential subsurface scattering found in the region by previous studies. 
Further investigation of this phenomenon on the Sentinel-1 SSM product 
has been carried out in Ouaadi et al. (2024a). Finally, a homogeneous 
rainfall event is more likely to induce homogeneous soil wetting, as is 
the case with the October 30 RZSM map. The entire study area displays 

high RZSM values after a 6 mm rainfall event by Sentinel-1 overpass at 
06h30 with a maximum temperature of 14◦C.

4. Discussion

The exponential filter method using Sentinel- 1 SSM product is 
yielding encouraging results and, given its simplicity, this approach is 
extremely practical for large-scale, very high-resolution applications. 
However, this simplicity is mainly due to the use of one parameter (T) in 
addition to SSM data. T is assumed to contain all the information on 
texture, organic matter, evaporation, etc. On one hand, this is a major 
advantage, since only one parameter is required. On the other hand, 
enclosing all the impact of these processes in a single parameter makes it 
difficult to generalize over a large area with different conditions.

Overall, the performance of the approach is determined by the T- 
value and the accuracy of the SSM product. Indeed, using the entire in 
situ SSM database with a non-optimal T value can result in a decrease of 
up to 14 % in R and an increase of up to 25 % in RMSE (of RZSM esti-
mation) compared to using the T optimal value. Inversely, for an optimal 
T value, an error of 6–10 % in the SSM data results in a decrease between 
2.3 % and 5.8 % in R and an increase of 16.6 % in RMSE. Note that an 
SSM error of X % (e.g., X = 10) was generated by adding ± X % noise to 
the entire database of in situ SSM measurements. The results of this 
analysis show that T has a stronger impact on RZSM estimation than 
SSM accuracy. However, the field-by-field analysis highlights the vari-
ation in the impact weight of each factor by field, and it is therefore 

Fig. 5. Variation of the correlation coefficient, RMSE and bias computed between the 6-day estimated from Seninel-1 and in situ SSM and observed RZSM for T 
values ranging between 1 and 40 over all the studied fields at 10–20 cm depth.

Table 3 
Statistical metrics of the SSM estimated from Sentinel-1 for all the fields except F3 and F4 (see the text).

F1 F2 F5 F6 F7 F8 F9 F10 F11 F12

R 0.64 0.84 0.8 0.82 0.59 0.57 0.53 0.73 0.8 0.74
RMSE (m3/m3) 0.04 0.05 0.04 0.06 0.09 0.13 0.10 0.08 0.10 0.09
Bias (m3/m3) 0.01 − 0.02 0.03 0.04 0.03 − 0.11 − 0.06 0.03 − 0.07 − 0.06
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recommended to consider both in the improvement of the RZSM 
approach.

4.1. The T parameter

T is highly dependent on soil depth and texture (Ceballos et al., 2005; 
De Lange et al., 2008; Wang et al., 2017). Indeed, the soil texture is 

impacting the size and connectivity of soil pores, and hence impacting 
the trajectory and speed of water transfer from the surface to the root 
zone. For example, loamy soils contain more and larger pores than clay 
soils. In addition, larger pores favor the development of more fines roots 
(Xu et al., 2020). This is observed in this study, where the increase in T 
has led to a drop in approach performance at the Spanish site (loamy to 
sandy-loam soil), using in situ SSM or Sentinel-1 product. Using a 1-D 
vadose zone model to study the impact of soil texture, De Lange et al. 
(2008) found that the best T for clay soils is lower than for sandy soils. 
This is the opposite of what we found in this study. One explanation is 
that sandy soils favor rapid infiltration, unlike clay, whose high capil-
larity ensures strong water retention in the smallest pores (Baldwin 
et al., 2017; Vereecken et al., 1989). This is supported by the results of 
Wang et al. (2017), who found a negative correlation between T and 
sand fraction compared to a positive correlation with clay fraction. The 
capacity of sandy soils to retain water is low due to their higher hy-
draulic conductivity. This results in a strong temporal relationship be-
tween surface and root zone moisture, as was observed for the Spanish 
fields using in situ measurements or Sentinel-1 product. It is important 
to note, however, that other studies have shown a limited impact of soil 
texture on T. For instance, Wang et al. (2017) found that texture is 
impacting T for deeper soils (at 50 cm compared to 25 cm) and 
explained this by the limited impact of surface process on RZSM for 
deeper layers. Albergel et al. (2008) also highlighted a limited impact of 
soil texture on T using model simulations with SAFRAN-ISBA-MODCOU. 
It is worth noting that other soil properties, including bulk density, 
organic matter content and pedality, also have an impact on the infil-
tration process (Maraseni and Pandey, 2014; Prasad et al., 2018) and, 
consequently, on T and RZSM. It is therefore likely that soil texture is 
combined with other soil properties and even other factors (e.g. climate) 
that have an impact on T.

The optimum T value found in this study is 1 for the Spanish site and 
between 5 and 10 for the Moroccan site at 15–20 cm depth. These values 
fall within the range reported by some previous studies (e.g., Albergel 
et al., 2008; Ford et al., 2014; Yang et al., 2022) while they are lower 
than those obtained in others (e.g., Ceballos et al., 2005; Wagner et al., 
1999). This could be associated to the combined effect of all the factors 

Table 4 
Statistical metrics computed between the observed and estimated RZSM using in situ SSM measurements with a 6-day frequency at 25–35 cm depth.

25 cm depth 30–35 cm depth

F1 F2 F1 F2 F3 F4 F5

T ¼ 1 R 0.65 0.96 0.59 0.95 0.49 0.8 0.9
RMSE (m3/m3) 0.05 0.03 0.06 0.03 0.08 0.04 0.03
bias (m3/m3) − 0.03 0.01 − 0.05 0.01 − 0.06 − 0.01 0.02

T ¼ 5 R 0.74 0.95 0.68 0.96 0.4 0.85 0.91
RMSE (m3/m3) 0.04 0.03 0.06 0.02 0.08 0.04 0.03
bias (m3/m3) − 0.03 0.01 − 0.05 0.01 − 0.06 − 0.01 0.02

T ¼ 10 R 0.79 0.91 0.77 0.95 0.21 0.85 0.87
RMSE (m3/m3) 0.04 0.04 0.06 0.03 0.09 0.04 0.03
bias (m3/m3) − 0.04 0.01 − 0.05 0.01 − 0.06 − 0.01 0.02

T ¼ 15 R 0.81 0.87 0.8 0.92 0.08 0.82 0.84
RMSE (m3/m3) 0.05 0.05 0.06 0.04 0.09 0.04 0.03
bias (m3/m3) − 0.04 0.01 − 0.06 0 − 0.06 − 0.01 0.02

T ¼ 20 R 0.82 0.83 0.82 0.89 0.01 0.79 0.81
RMSE (m3/m3) 0.05 0.06 0.06 0.04 0.09 0.04 0.03
bias (m3/m3) − 0.04 0.01 − 0.06 0 − 0.06 − 0.01 0.01

T ¼ 25 R 0.82 0.79 0.83 0.85 − 0.06 0.76 0.79
RMSE (m3/m3) 0.05 0.06 0.06 0.05 0.09 0.04 0.03
bias (m3/m3) − 0.04 0.01 − 0.06 0 − 0.06 − 0.01 0.01

T ¼ 30 R 0.83 0.76 0.83 0.82 − 0.1 0.73 0.77
RMSE (m3/m3) 0.05 0.06 0.07 0.05 0.09 0.05 0.03
bias (m3/m3) − 0.05 0 − 0.06 0 − 0.06 − 0.01 0.01

T ¼ 35 R 0.83 0.73 0.84 0.8 − 0.12 0.7 0.76
RMSE (m3/m3) 0.05 0.07 0.07 0.05 0.09 0.05 0.03
bias (m3/m3) − 0.05 0 − 0.06 0 − 0.06 − 0.01 0.01

T ¼ 40 R 0.83 0.7 0.84 0.77 − 0.14 0.68 0.75
RMSE (m3/m3) 0.05 0.07 0.07 0.06 0.09 0.05 0.03
bias (m3/m3) − 0.05 0 − 0.07 0 − 0.06 − 0.01 0.01

Table 5 
Statistical metrics computed between the observed and estimated RZSM using 
Sentinel-1 SSM products with a 6-day frequency at 25–35 cm depth.

25 cm 30–35 cm

F1 F2 F1 F2 F5

T ¼ 1 R 0.36 0.85 0.38 0.84 0.65
RMSE (m3/m3) 0.06 0.05 0.06 0.05 0.07
bias (m3/m3) − 0.02 − 0.01 − 0.04 − 0.02 0.06

T ¼ 5 R 0.5 0.87 0.5 0.88 0.66
RMSE (m3/m3) 0.5 0.05 0.05 0.05 0.07
bias (m3/m3) 0.05 − 0.01 − 0.04 − 0.02 0.05

T ¼ 10 R 0.62 0.87 0.61 0.9 0.59
RMSE (m3/m3) 0.04 0.05 0.05 0.04 0.06
bias (m3/m3) − 0.02 − 0.01 − 0.04 − 0.02 0.05

T ¼ 15 R 0.66 0.86 0.64 0.9 0.54
RMSE (m3/m3) 0.04 0.05 0.05 0.05 0.06
bias (m3/m3) − 0.03 − 0.02 − 0.04 − 0.02 0.05

T ¼ 20 R 0.68 0.85 0.66 0.89 0.51
RMSE (m3/m3) 0.04 0.06 0.05 0.05 0.06
bias (m3/m3) − 0.03 − 0.02 − 0.05 − 0.03 0.05

T ¼ 25 R 0.69 0.83 0.67 0.88 0.49
RMSE (m3/m3) 0.04 0.06 0.05 0.05 0.06
bias (m3/m3) − 0.03 − 0.02 − 0.05 − 0.03 0.05

T ¼ 30 R 0.69 0.81 0.68 0.86 0.48
RMSE (m3/m3) 0.04 0.07 0.05 0.06 0.06
bias (m3/m3) − 0.03 − 0.02 − 0.05 − 0.03 0.04

T ¼ 35 R 0.7 0.79 0.68 0.85 0.48
RMSE (m3/m3) 0.04 0.07 0.06 0.06 0.06
bias (m3/m3) − 0.03 − 0.03 − 0.05 − 0.03 0.04

T ¼ 40 R 0.7 0.77 0.68 0.83 0.47
RMSE (m3/m3) 0.05 0.07 0.06 0.06 0.06
bias (m3/m3) − 0.03 − 0.03 − 0.05 − 0.03 0.04
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affecting the approach (e.g. soil type, climate, SSM …). For example, the 
semi-arid climate of the Moroccan and Spanish sites is characterized by a 
high evaporation demand, which could partly explain the low optimum 
T values found in this study. By contrast, all studies, including this one, 
have shown that the optimum value of T increases with depth (Albergel 
et al., 2008; Ceballos et al., 2005; Wang et al., 2017). The optimum T 
value in this study is 15–25 days for 25 cm depth and 20–30 days for 
30–35 cm depth. Indeed, high values of T mean more time for infiltra-
tion and a smoother variation of RZSM as soil moisture is more stable 
over time in deeper zones (Guber et al., 2008; Wang et al., 2017). 
However, the performance of the approach declines with depth due to 
the associated increasing decoupling between SSM and RZSM (Guber 
et al., 2008; Martínez-Fernández and Ceballos, 2003; Wang et al., 2017).

Previous studies have shown a seasonal variation in T, mainly 
attributed to climatic conditions (Albergel et al., 2008). Indeed, the 
results of this study show a difference in performance between two 
successive seasons for the same field with the same crop and irrigation 
technique. The 2017–2018 agricultural season (fields monitored: F2 and 
F4) was wetter than the 2016–2017 season (F1 and F3). For instance, the 
RZSM statistical metrics on F1 are lower than on F2 (the same field but 
monitored during two different seasons). In particular, the optimal T is 
over 10 days for F1, while the metrics are fairly stable for T between 1 
and 10 days for F2, using either 6-day in situ measurements or Sentinel-1 
SSM product. This is in agreement with previous studies which have 
reported more accurate RZSM predictions in sites that receive more 
rainfall (Ford et al., 2014; Mahmood et al., 2012). Similar conclusions 
can be drown for F3 and F4, but one must be cautious in interpreting this 
field as it has been shown that its specific growth conditions have a 
particular impact on the estimation and measurement of the various 
processes (Ouaadi et al., 2020, 2023).

The large-scale transferability of the RZSM approach is subject to T. 
Although it is possible to calibrate it by field for an area of interest, the 

variation over the years in response to climate (e.g., amount of rainfall, 
temperature) makes the task of ongoing applicability challenging. In 
other words, T calibration by soil and vegetation can be carried out one 
year and applied in subsequent years if its seasonal variation is negli-
gible. An interesting method, envisaged as an extension of this work, is 
the integration of the different factors impacting the performance of the 
approach in the determination of the optimal T value. This can be 
achieved by estimating T using machine learning fed by vegetation 
indices, climatic variables and soil properties such as its texture. The 
application of the approach on a large scale requires maps of the wilting 
point and field capacity. Such maps can be derived from a piecewise 
model which is allowing extracting field capacity and wilting point as 
transition points between different hydrologic regimes (Dong et al., 
2023; Akbar et al., 2018). It is also important to test the approach on a 
large SSM database for different climates, soils, vegetation types, irri-
gation techniques and using other very high spatial resolution SSM 
products.

4.2. The SSM product accuracy

Very high spatial resolution SSM product is used in this study. The 
growing number of such approaches in recent years (Ouaadi et al., 
2024a) is encouraging for RZSM mapping at very high spatial resolution, 
and this study is a first step towards this objective. Indeed, the retrieved 
RZSM maps have illustrated the spatial variability of RZSM between 
adjacent fields. This variability cannot be depicted using the coarse 
resolution products always used in literature (Liu et al., 2024). 
SAR-derived products are the most accurate at very high spatial reso-
lution (Ouaadi et al., 2024a) thanks to the unique very high spatial 
resolution of SAR sensors combined with adequate temporal frequency 
(Li et al., 2021; Moran et al., 2004). However, the results revealed the 
clear impact of SSM product quality on RZSM estimation where the 

Fig. 6. Maps of the estimated RZSM using the exponential filter, Sentinel-2 NDVI and the crop map obtained from DUN-SIGPAC over the Spanish study area for 2021. 
The white spots corresponds to non agricultural area.
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inaccuracies in SSM are propagated to RZSM, as in the case of F8 for 
example. To improve the product quality, both the data and the 
approach used to retrieve it must be improved. The SSM product used in 
this study is based on Sentinel-1 data collected in the C-band (wave-
length around 6 cm). The penetration of this wavelength in the canopy is 
moderate and the backscattered energy is a mixture of soil and vegeta-
tion contributions (Ulaby et al., 1996). The use of upcoming missions 
with larger wavelengths has the potential to improve decoupling the 
volume (or vegetation) from soil contribution, as well as better pene-
tration into the soil to minimize SSM estimation errors (Das and Kumar, 
2015; Lal et al., 2023). This is expected to be achieved in the very near 
future with the launch of the Rose-L (Lannini et al., 2024) and NISAR 
(NISAR, 2019) L-band missions, and the Biomass P-band mission (CEOS, 
2024, Quegan et al., 2019). These data could be useful to better un-
derstand some of the specific effects observed at C-band, such as sub-
surface scattering (Lal et al., 2023). Also, the water cloud model used to 
estimate SSM is a simple single-layer approach with two coefficients to 
be calibrated per crop type. While its simplicity is preferable for inver-
sion purposes, an improvement of coefficients optimization and repre-
sentation of the canopy and its water and geometry characteristics is also 
likely to improve the estimations. Some specific phenomena neglected in 
the modeling of canopy response may contribute significantly to the 
total response measured by the satellite. Subsurface scattering is 
assumed to induce false high SSM values, as observed in RZSM maps. 
Indeed, Wagner et al. (2022) have underlined the need to include the 
subsurface scattering component to minimize errors in the SSM retrieval 
from active microwave data. Similarly, water droplets on the canopy 
surface (dew and water interception) are neglected, even though they 
have an impact on backscattered intensity (Riedel et al., 2002; Ulaby 
et al., 1986) and interferometric coherence (Ouaadi et al., 2024b). 
Finally, changes in canopy geometry during the season must also be 
taken into account; the appearance of wheat (and eventually maize) 
heads, for example, induces an increase in signal intensity (Ouaadi et al., 
2020; Picard et al., 2003). Its contribution must be added to the volume 
contribution from the vegetation (Ulaby et al., 1986).

5. Conclusion

The aim of this study is to estimate RZSM at very high spatial reso-
lution using the exponential filter and Sentinel-1 SSM product at 50 m 
spatial resolution. First, daily in situ measurements are used to investi-
gate the sensitivity of the estimation to the time parameter T. Then, 6- 
day Sentinel-1 products are used to retrieve and map RZSM. Statistical 
measurements show encouraging results with R, RMSE and bias of 0.6, 

0.12 m3/m3 and 0.07 m3/m3 using Sentinel-1 SSM products from the 
entire database covering twelve fields in Morocco and Spain. Obviously, 
the results are lower than those obtained using in situ measurements (R 
= 0.81, RMSE = 0.07 m3/m3 and bias = 0.03 m3/m3). This is mainly 
attributable to the SSM product quality, where the accuracy of RZSM per 
field varies according to the variation in the SSM accuracy. The field-by- 
field analysis highlighted the sensitivity of the RZSM approach to the T 
parameter. The optimum value of T is found to be impacted by soil 
texture, soil depth and amount of rainfall. This approach has the 
advantage of mapping RZSM at very high spatial resolution thanks to the 
SSM Sentinel-1 product. The current accuracy is encouraging consid-
ering the simplicity of the approach. However, the results of this study 
highlight significant potential for improvement, including: (i) The 
integration of soil, vegetation and climate variables into T calibration 
using machine learning algorithms; (ii) The use of enhanced quality SSM 
products derived from future L-band SAR missions; (iii) Mapping of 
wilting point and field capacity using a piecewise model.
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Appendix

Fig. A1. Time series of F1 observed and estimated RZSM at 15 cm depth for four T values: 1 day, 10, 20 and 40 days

Fig. A2. Time series of the estimated and measured RZSM at 10–20 cm depth for all fields using Sentinel-1 SSM product
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