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A B S T R A C T

Soil moisture is a critical variable for hydrology, agriculture and climate. However, large-scale soil moisture 
observation remains difficult due to sparse in situ networks and the inability of optical sensors to capture it under 
cloud cover. Synthetic aperture radar (SAR) missions, e.g., Sentinel-1, yield unique all-weather, day and night 
observations with a fine spatial and temporal resolution that makes them of interest for development of global 
soil moisture monitoring. Consequently, this review discusses the application of C-band SAR observations from 
the Sentinel-1 satellite mission to estimate high-resolution near-surface soil moisture. First, the importance of 
SAR backscatter monitoring from Sentinel-1 is emphasized. Next, the current state-of-the-art in soil moisture 
retrieval from Sentinel-1 is presented. Although considerable progress has been made in near-surface soil 
moisture retrieval, several limitations remain. Factors such as the effects of vegetation and surface roughness on 
the signal, sensor and scattering model limitations, spatial and temporal constraints, and uncertainties, e.g. in 
data assimilation, pose challenges to its usage. While Artificial Intelligence (AI)-based retrieval methods have 
shown promise, their interpretability, dependence on large datasets, vulnerability to data quality, and compu
tational burden have been major challenges. Beyond methods that rely on backscatter, there have been recent 
works indicating that SAR interferometric observables have the potential to estimate soil moisture, especially in 
arid and semi-arid regions where these are particularly sensitive to moisture changes. To address these chal
lenges, this paper recommends integrating Sentinel-1 with other satellite mission data for a multi-sensor data 
integration approach (e.g., Sentinel-2 and Soil Moisture Active Passive - SMAP data), refining physical and semi- 
empirical models, developing advanced AI techniques able to consider physical principles, and combining with 
emerging data from other high temporal resolution SAR missions (e.g., NASA-ISRO SAR). The review concludes 
with identification of key research priorities, including standardization of retrieval frameworks, improved 
validation efforts on standardized reference sets, and cloud processing for real-time user cases. Overall, the re
view provides a thorough foundation for understanding, refining, and advancing Sentinel-1 based soil moisture 
retrieval methods.
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1. Introduction

Soil moisture is a key variable in many Earth system processes, such 
as the hydrological cycle, agricultural productivity, and weather pre
diction (Rahmati et al., 2024; Mkhwenkwana et al., 2025). From 
drought monitoring and flood prediction to refining crop yield model 
predictions and climate change implications, accurate and timely soil 
moisture information is needed across diverse applications (Robock, 
2003; Orth and Seneviratne, 2012; Good et al., 2015). With its opera
tional focus on Earth Observation, the Copernicus program of the Eu
ropean Space Agency (ESA) has carefully deployed satellites to meet 
these needs, with the Sentinel-1 series of satellites providing a critical 
piece of the observing system (Potin et al., 2016).

Sentinel-1 has made a substantial contribution to the global record of 
land surface variables enabled by synthetic aperture radar (SAR), spe
cifically, monitoring and quantifying near-surface soil moisture. 
Equipped with dual polarization (VH and VV) and dual baseline inter
ferometric capabilities, Sentinel-1 has revolutionized Earth observation. 
This constellation of satellites provides an independent and powerful 
tool for monitoring the Earth’s surface, especially over regions where 
optical sensors cannot be used due to adverse weather conditions such as 
persistent cloud cover.

The Sentinel-1 mission consists of a constellation of polar-orbiting 
satellites designed for radar-based Earth Observation (Torres et al., 
2012). The mission is primarily equipped with a C-band SAR, which 
provides all-weather, day-and-night imaging capabilities, enabling 
consistent monitoring of the Earth’s surface. Sentinel-1A was launched 
on 3 April 2014 from the European Spaceport in Kourou, French Guiana, 
followed by Sentinel-1B, launched on 25 April 2016. However, the 
mission encountered a significant setback with Sentinel-1B. On 23 
December 2021, the Sentinel-1B satellite experienced an anomaly in its 
power system, leading to the suspension of its operations. Despite efforts 
to recover the satellite, ESA officially declared the failure of Sentinel-1B 
on 3 August 2022. Sentinel-1A continues to operate nominally, while 
Sentinel-1C was launched successfully on 5 December 2024 to take the 
place of Sentinel-1B. With Sentinel-1D to be launched in November 
2025, long-term continuity of the Sentinel-1 series is secured. This 
stresses its importance for the European and global EO community. Both 
currently operational satellites are in a sun-synchronous, near-polar 
orbit at ~693 km altitude with a 12-day orbital repeat cycle for each 
satellite. The combination of Sentinel-1A and Sentinel-1B (or now 
Sentinel-1C), decreases the revisit time in exact orbit to 6 days at the 

equator, greatly improving the temporal coverage. When considering 
ascending and descending nodes, this reduces further to potentially 3 
days. However, actual revisit time depends on location due to orbital 
overlaps, acquisition priorities, and observation modes (Fig. 1). At 
higher latitudes (e.g. in Europe or polar regions) the effective revisit 
period is reduced even more where the orbital coverage is good (Fig. 1). 
Conversely, in some lower-priority regions including over oceans or 
unmonitored regions, the revisit time can be longer than 6 days.

The Sentinel-1 mission operates in four distinct imaging modes: 
Interferometric Wide Swath (IW), Extra-Wide Swath (EW), Stripmap 
(SM), and Wave (WV) mode, each offering varying resolutions and 
coverage to address different scientific and operational needs. In IW 
mode, Sentinel-1 offers a ground range detected (GRD) resolution of 20 
m × 22 m (Bauer-Marschallinger et al., 2018). Capabilities include 
interferometry (Yagüe-Martínez et al., 2016), where the interferometric 
coherence as a direct measure of the quality of the associated interfer
ometric phase can be exploited to monitor Earth system dynamics 
(Villarroya-Carpio et al., 2022). Besides soil moisture (Balenzano et al., 
2021b), multiple monitoring applications have been reported, such as 
flood (Twele et al., 2016) and land use mapping (Dahhani et al., 2023), 
peatland water level dynamics (Asmuß et al., 2019), vegetation dy
namics (Vreugdenhil et al., 2018) and crop growth (Mandal et al., 2020). 
Sentinel-1 data have also been used in forestry (Zhao et al., 2022), 
oceanography (Martin et al., 2022), cryospheric science (Nagler et al., 
2015; Lievens et al., 2022) and geology (Salvi et al., 2012). For easy 
access, pre-processed data has been provided on multiple platforms (see 
Table 1) (Mullissa et al., 2021; Wagner et al., 2021). In particular, the 
consideration of Level 1 GRD or Level 1 Single Look Complex (SLC) 
products, which address different use cases in terms of analysis, should 
be highlighted.

For near-surface soil moisture monitoring, Sentinel-1 has been used 
to provide reasonable spatial and temporal SAR coverage. This impor
tance stems from the efficient combination of fine spatial and temporal 
resolution, accuracy, and the overall operational goal of the Sentinel-1 
program (Hornacek et al., 2012; Bauer-Marschallinger et al., 2018; 
Pulvirenti et al., 2018; Balenzano et al., 2021b; Benninga et al., 2022). 
The fine spatial resolution (up to 5 m), high temporal resolution (better 
than 12 days revisit time) compared to earlier coarse-resolution micro
wave missions such as ASCAT, AMSR-E, WindSat, or SMOS, and its all- 
weather capabilities offer a major advantage for near-surface soil 
moisture monitoring (Wagner et al., 2009). This has inspired many soil 
moisture retrieval algorithms with noticeable differences among the 

Fig. 1. Conceptual overview of the effective revisit time of Sentinel-1 as a function of latitude. At higher latitudes, orbit overlaps lead to shorter revisit times of 1–3 
days near the poles compared with 6–12 days at the equator. Source from ESA Copernicus documentation at https://sentiwiki.copernicus.eu/web/s1-mission.
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numerous methods (Zhu et al., 2020), including various physics-based 
models and advanced machine learning methods.

The number of studies using Sentinel-1 for near-surface soil moisture 
retrieval is growing rapidly, and most studies focus on short-term ex
periments, local case studies, or algorithm development. Although some 
previous reviews have dealt with the retrieval of soil moisture from SAR 
(e.g., Kornelsen and Coulibaly, 2013; Akash et al., 2024), these studies 
have adopted a more general approach with regard to SAR missions in 
general, or have concentrated on methodological aspects without 
placing a particular focus on Sentinel-1. As Sentinel-1 is approaching the 
end of its first decade in orbit and having delivered a global, high- 
resolution record of SAR observations unlike any sensor before it, a 
full review on the performance and utility of Sentinel-1 for near-surface 
soil moisture retrieval has become timely. This review therefore had the 
following three objectives: (i) to synthesize the various methods devel
oped for Sentinel-1 near-surface soil moisture retrieval, including 
physically based, (semi-)empirical, change detection, AI-based, InSAR 
coherence, and closure phase methods; (ii) to provide insights to near- 
surface soil moisture validation strategies, retrieval uncertainties, and 
its integration into hydrological and agricultural applications; and 
finally (iii) to delineate gaps in the current knowledge on near-surface 
soil moisture retrievals which will help tailor future science priorities 
towards next-generation operational near-surface soil moisture prod
ucts. This review hereby delivers the first long-term, Sentinel-1 specific 
compendium of lessons-learned in terms of what works and what does 
not when it comes to making use of Sentinel-1 data for near-surface soil 
moisture retrieval.

This paper provides an overview of the current state of near-surface 
soil moisture retrieval methods using Sentinel-1 data and the evolution 
of these techniques over the first decade of mission activity. First, the 
basic interaction of microwave backscatter with the near-surface soil 
moisture content is discussed in section 2. Next, the strengths and 

weaknesses of the various near-surface soil moisture retrieval methods 
are examined in section 3, including the inversion of physics-based 
scattering models, semi-empirical models, change detection methods, 
AI-based techniques, hybrid methods, and estimation from SAR inter
ferometry. Then, section 4 discusses validation strategies, while section 
5 discusses the sources of uncertainty in near-surface soil moisture 
retrieval from Sentinel-1 data. Subsequently the combination of 
Sentinel-1 data with other sensors, such as passive microwave sensors 
and in situ measurements, which aim to improve retrieval accuracy and 
broaden the scope of applications, is addressed in section 6. The 
importance of data assimilation in the use of Sentinel-1 derived near- 
surface soil moisture in hydrological models is then presented in sec
tion 7, the use of Sentinel-1 soil moisture data for root-zone soil moisture 
estimation in section 8, and the contribution of Sentinel-1 soil moisture 
to hydrology explored in section 9. Future perspectives and challenges 
related to Sentinel-1 near-surface soil moisture retrieval are presented in 
section 10, including open questions regarding model calibration, how 
vegetation and surface roughness can affect near-surface soil moisture 
retrieval, and how to improve operational near-surface soil moisture 
retrieval systems. Finally, the conclusion of the paper is presented in 
section 11.

2. Basic principles

Soil moisture, which is strongly influenced by soil texture (Babaeian 
et al., 2019), can be expressed either gravimetrically (grams of water per 
grams of soil) or volumetrically (cubic centimeters of water per cubic 
centimeter of undisturbed soil). Another commonly used soil moisture 
metric is (relative) saturation (dimensionless; cubic centimeters of water 
per cubic centimeter of soil voids), which can be converted to volumetric 
soil moisture by multiplying with the porosity of the soil (Lekshmi et al., 
2014; Bauer-Marschallinger et al., 2018). While the soil moisture con
tent cannot be directly measured using a microwave sensor, the soil 
dielectric constant (or relative permittivity) can be measured. This 
variable reflects the ability of a material to store potential electrical 
energy in response to an electromagnetic field (Seyfried and Murdock, 
2004). It exploits the large permittivity differences between dry soil 
(~4), air (~1), and water (~80). Dielectric mixing models, such as those 
proposed by Dobson et al. (1985), Mironov et al. (2009), and Topp et al. 
(1980), describe the nonlinear relationship between permittivity and 
soil moisture by incorporating the dielectric contribution from different 
soil components. Further dielectric mixing models were developed to 
better account for soil organic matter content (Park et al., 2019), freeze- 
thaw transitions (Wu et al., 2022), and soil salinity (Gao et al., 2024). 
For further details, refer to Babaeian et al. (2019), Montzka et al. (2020), 
and Szypłowska et al. (2021).

Understanding the basics of Maxwell’s equations, which underpin 
classical electromagnetism (Jackson, 2021), is essential for interpreting 
features such as the near-surface soil moisture retrieved from Sentinel-1 
SAR data. These equations describe the propagation of electromagnetic 
waves, such as those emitted by the Sentinel-1 satellite, and their 
interaction with the Earth’s surface. In fact, the dielectric properties of 
the soil are very sensitive to the moisture content, which affects the 
efficiency with which radar signals are scattered. Maxwell’s equations 
predict how the emitted radar waves interact with the terrain to produce 
the backscatter that is detected by the receiver, thus facilitating the 
development of models that convert SAR observations into near-surface 
soil moisture estimates.

In addition to dielectric properties, surface roughness, typically 
characterized by the standard deviation of surface elevation (vertical 
Root Mean Square height; RMS height) and horizontal correlation 
length, impact on the scattering regime from a soil surface. Here, smooth 
surfaces produce specular reflection, while rough surfaces cause diffuse 
scattering (Ullmann and Stauch, 2020). Frozen conditions strongly alter 
the dielectric properties of the soil, and therefore freeze-thaw cycles can 
be detected by SAR (Baghdadi et al., 2018). The interaction of 

Table 1 
Examples of platforms providing easy access to pre-processed Sentinel-1 Syn
thetic Aperture Radar (SAR) data.

Platform 
Category

Platform Name URL Key Features/Notes

ESA 
Platform

ESA Copernicus 
Open Access 
Hub

https://scihub. 
copernicus.eu/

Official ESA archive for 
Copernicus data, including 
Sentinel-1. Offers various 
processing levels.

ESA Copernicus 
Browser

https://browser. 
dataspace. 
copernicus.eu/

Web-based interface for 
exploring and downloading 
Copernicus data.

Cloud- 
Based 
Platforms

Google Earth 
Engine

https://eart 
hengine.google. 
com/

Cloud-based platform for 
geospatial analysis, with a 
vast catalog of Sentinel-1 
data pre-processed and 
ready for computation.

Sentinel Hub
https://www. 
sentinel-hub. 
com/

Provides access to Sentinel- 
1 data with on-the-fly 
processing and various 
APIs for integration into 
applications.

AWS Open Data 
Registry

https://registry. 
opendata.aws/

Hosts a large collection of 
publicly available datasets 
on AWS, including 
Sentinel-1. Requires using 
AWS services for access and 
processing.

Microsoft 
Planetary 
Computer

https://planeta 
rycomputer. 
microsoft.com/

Provides access to 
environmental datasets, 
including Sentinel-1, on 
Azure with tools for 
analysis.

DAAC (US)
Alaska Satellite 
Facility (ASF) 
DAAC

https://www.asf. 
alaska.edu/

Provides access to SAR 
data, including Sentinel-1. 
Offers various data 
products and processing 
options.
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vegetation with radar signals is influenced by factors such as canopy 
structure, biomass density, and the dielectric properties of the vegeta
tion (mainly related to the vegetation water content). For C-band, which 
operates at 5.405 GHz with a wavelength of approximately 5.55 cm, 
microwaves typically penetrate the first centimeter of the soil when it is 
covered with low vegetation (such as grassland, crops, and steppe), 
whereas for denser vegetation the backscattering signal fully originates 
from within the upper canopy without any direct signal contribution 
from the soil. Thus, no direct soil moisture retrieval is possible for the 
latter.

The physical quantity measured by a SAR sensor is the amount of 
radar energy scattered back from a given target, in the form of the ratio 
of incident to reflected power. The magnitude of the energy and the 
phase of the signal depend on type, size, shape, and orientation of the 
scatterers in the target area; moisture content in the target area; fre
quency and polarization of the radar pulses; and the incidence angle (see 
θ in Fig. 2) of the radar beam. The backscattering coefficient is the ratio 
per given area on the ground. There are three conventions to report the 
coefficient: beta nought (β0), sigma nought (σ0), and gamma nought (γ0) 
(Clapp, 1946; Cosgriff et al., 1960; Small, 2011). β0 is the native quantity 
of SAR imagery because its computation does not require projection to 
the Earth. σ0 represents the radar backscatter normalized by the pro
jected ground area, making it the most widely used measure for 
geophysical applications such as near-surface soil moisture retrieval. In 
contrast, γ0 normalizes the observed backscatter by the plane perpen
dicular to the radar line of sight, reducing sensitivity to local incidence 
angle variations and so is often preferred for removing the effects of 
topography (slope, aspect, and local incidence angle). σ0 and γ0 are 
geocoded and thus suitable for soil moisture retrieval. For a surface with 
no topography, σ0 and γ0 are related simply by a cosine function of 
incidence angle. σ0 decreases more rapidly than γ0 with increasing 
incidence angle because of the expansion of the ground area (see Fig. 3
of Kim et al., 2015). γ0 still varies by incidence angle following the 
Fresnel reflectivity in the case of specular surface for example, but not by 
the projected area on the ground. With topography, σ0 shows strong 
features of terrain, thus confusing SAR responses to near-surface soil 
moisture variation. Such confusion was not obvious in early soil mois
ture studies because they utilized coarse resolution spaceborne data 
(~km) or flat areas. Consequently, near-surface soil moisture algorithms 
have predominantly used σ0 until now. With high-resolution spaceborne 
data such as from Sentinel-1 in areas with steep topography, such as 
near-surface soil moisture estimation for landslide analyses (Liao et al., 
2021), γ0 may be preferred for near-surface soil moisture retrieval in the 
future. Spatial integration of elevation is required to convert between 

σ0 and γ0 (radiometric terrain correction).

3. Soil moisture retrieval: state of the art

Generally, retrieval refers to the inversion of a forward scattering 
process from near-surface soil moisture to received back-scattered 
power. The retrieval algorithms reviewed in this paper exploit varying 
degrees of forward model complexity either explicitly (physical, change 
detection, semi-empirical, and interferometric observables) or implicitly 
(AI). A flowchart of near-surface soil moisture retrieval based on 
Sentinel-1 backscatter is given in Fig. 3 and Table 2, showing the main 
advantages and drawbacks of these methods together with representa
tive references.

3.1. Inversion of physics-based scattering models

This section provides a brief overview of forward models, first, which 
is warranted because retrieval intrinsically inverts a forward model. At 
C-band and adjacent frequencies where soil moisture can be estimated 
(e.g., P-, L-, S-, and X-band), the same governing physics apply, and 
therefore the summary below applies to these wavelengths. The models 
of forward scattering from soil and vegetation can be categorized into 
semi-empirical and theoretical models, which include analytical and 
numerical models. 

I. Semi-empirical models are primarily data-driven but retain some 
physical basis: soil moisture and σ0 were found to be linearly 
related for bare soil (Dubois et al., 1995) at 1 to 11 GHz, and also 
when plants are treated as temporally static for vegetated sur
faces (Kim and van Zyl, 2009). Semi-empirical models incorpo
rate scattering physics with simplified parameterization: e.g., 
over bare surface (Oh et al., 1992) and vegetated surfaces 
(Attema and Ulaby, 1978), known e.g. as the water cloud model, 
WCM.

II. Analytical models also incorporate scattering physics but with 
considerable sophistication of analytical formulation. For bare 
soil, the small perturbation model (SPM) (Rice, 1951) was first 
used, followed by the Integral Equation Model (IEM) (Fung et al., 
1992). For vegetated cases, the radiative transfer theory (Tsang 
et al., 1985; Ulaby et al., 1990) that was tested for 0.5 to 10 GHz 
using a discrete scattering approach (Durden et al., 1989; Fer
razzoli and Guerriero, 1996) has evolved over the past decades. 
The latter is implemented more commonly because of the ability 
to address individual scatterers. Multiple scattering becomes 
increasingly important at C-band and higher frequencies, which 
the radiative transfer method can easily simulate through itera
tion (Liao et al., 2016). Successful analytical models with 1-2 dB 
discrepancy have been feasible at C-, L-, and P-band for grassland 
(Dente et al., 2014; Kim et al., 2014; Liao et al., 2021), shrubland 
(Tabatabaeenejad et al., 2015; Kim et al., 2017), crops (Huang 
et al., 2016; Liao et al., 2016; Huang et al., 2021; Kim and Liao, 
2021; Benninga et al., 2022), and forest (Burgin et al., 2011; 
Kurum et al., 2021; Jeong et al., 2023; Quast et al., 2023).

III. Numerical solution of the Maxwell equations has brought the 
latest advancements over bare soil (Duan and Moghaddam, 2012; 
Huang and Tsang, 2012) and vegetated mediums such as corn 
(Niknam et al., 2024) and forest (Jeong et al., 2025) at L- and P- 
bands. Since numerical solutions do not involve parameterization 
or analytical formulation, the solutions are exact and would 
intrinsically simulate the strong multiple scattering that occurs at 
C-band.

The inversion of these forward models is now described (see Fig. 4
for an example flowchart). Retrieval using the Tor Vergara discrete 
forward model over Tibetan grassland with Sentinel-1 VV as input 
showed an unbiased root mean square error of ~0.14 m3/m3 (Benninga 

Fig. 2. Backscatter coefficient conventions: β0, σ0, and γ0 (Small, 2011). Aβ is 
the area on the slant range plane, Aσ and Aγ are the area on the ground plane 
without and with topography, respectively. The delta δ is the spatial resolution 
associated with each convention.
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et al., 2022). The retrieval error using the Tor Vergara model was sub
stantially larger than for the semi-empirical WCM result: over grassland, 
the weak double bounce allowed the WCM to perform well (Wang et al., 
2023b). Benninga et al. (2022) attributed the large error to vegetation 
modeling performance (since a similar error level was found when 
inverting the forward model without the vegetation component) and to 
the uncertainties in vegetation input data.

Fundamentally, retrieval is an ill-posed process with one VV 
Sentinel-1 input being used to resolve two unknowns (soil moisture and 
roughness). Time-series inversion using dual co-pol input constrains the 
ill-posed problem assuming temporally static unknown roughness (2N 
input with N+1 unknown, where N is the number of time sequences and 
1 represents the unknown roughness) (Kim et al., 2012b). With only 
single co-pol (VV) the constraint based on the time-series would not be 
feasible, but the roughness constraint was sufficient to improve accuracy 
to~0.06 m3/m3 (Kim and Liao, 2021). The retrieved roughness was 
physically plausible with ~50% uncertainty (Kim et al., 2018). Alter
natively, sophisticated constraints such as annealing were found to be 
effective without the need for time-series operation (Tabatabaeenejad 

et al., 2012). The use of a more accurate model for bare soil than the IEM 
could be another cause of the larger errors in Benninga et al. (2022). For 
example, numerical exact solutions exhibit 2 dB improvements over the 
advanced IEM (Huang et al., 2010).

Potential and remaining issues of the physical model inversion are as 
follows. Though most of the advances were made at L-band, they are 
also applicable to C-band because the scattering physics are similar, with 
explicit correction of the vegetation improving retrieval accuracy. 
However, accurate modeling of the vegetation effects is challenging, and 
the input data, such as from leaf-area index (LAI), may not capture the 
effects well (Benninga et al., 2022). The difficulty of undertaking ac
curate modeling can be mitigated by constructing the inversion as a 
well-conditioned problem and revising the vegetation correction during 
retrieval (Kim et al., 2018).

The topography effect is another case where physical model inver
sion can improve retrieval accuracy. However, the geometry of double- 
bounce scattering is particularly complicated by topography (Burgin 
et al., 2016) because the angles of reflection by the soil and plant trunk 
are no longer the same, unlike on a flat surface. When double-bounce is 

Fig. 3. The overall flowchart of soil moisture retrieval using Sentinel-1 backscatter data (adopted from Wagner et al., 2021).

Table 2 
Overview of Sentinel-1-based soil moisture retrieval methods and their key strengths, limitations, and exemplary work

Method Main Advantages Main Drawbacks / Limitations Key References

Physics-based scattering 
models

● Physically interpretable
● Transferable across frequencies
● Capable of simulating multiple scattering and 

topography effects

● Reliable ancillary (vegetation)
● Ill-posed inversion with VV
● Fidelity of forward model

Kim et al. (2017)
Benninga et al. (2022)
Jeong et al. (2025)

Semi-empirical models ● Less input data needed
● Simpler to implement
● Widely used (Oh, Dubois, WCM)

● Limited transferability
● Poor performance under dense vegetation
● Roughness often misrepresented

Oh et al. (1992)
Baghdadi et al. (2016)
Fan et al. (2025)

Change detection methods ● Conceptually simple
● Robust to static roughness
● Effective at the regional scale
● Operational (e.g., SWI)

● Assumes vegetation/roughness stability
● Needs a long time-series or frequent revisits
● Biased by porosity calibration (e.g., SWI)

Wagner et al. (1999a)
Bauer-Marschallinger et al. 
(2018)
Balenzano et al. (2021b)
Mengen et al. (2023)

AI-based techniques ● High accuracy in complex environments
● Efficient prediction
● Flexible integration of multi-source data

● Data-hungry
● Limited interpretability
● Costly training
● Sensitive to input quality
● Risk of overfitting

Paloscia et al. (2013)
Liu et al. (2021)
Zhu et al. (2025)

Hybrid methods ● Combines physics with AI
● Better generalization and interpretability
● Leverage limited ground truth

● Still experimental
● Requires harmonized training/validation
● Higher complexity

Santi et al. (2021)
Arab et al. (2024)
Yu et al. (2025a)

InSAR coherence & phase 
closure

● High sensitivity to dielectric changes
● Independent of backscatter magnitude
● Potential in arid zones

● Ambiguity in moisture direction (wetting/ 
drying)

● Temporal decorrelation
● Vegetation interference
● Limited maturity at C-band

De Zan and Gomba (2018)
Karamvasis and Karathanassi 
(2023)
Wig et al. (2024)
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weak, the topography effect can be successfully corrected by treating it 
as the variation in sensor look angle (Liao et al., 2021).

The same value of σ0 can be associated with geometric or dielectric 
properties of vegetation in multiple ways. For example, height, diam
eter, leaf density, and dielectric property can increase vegetation 
backscatter for crops (e.g., Huang et al., 2016). For trees, density is often 
the dominant driver determining vegetation amount and 
σ0 (Tabatabaeenejad et al., 2012). For plants in arid land, neither ge
ometry nor density vary significantly in time, although the dielectric 
constant changes seasonally and determines σ0 (Kim et al., 2017). These 
conditions lead to more than one way to simulate vegetation effects (e. 
g., by dielectric or geometry changes), with the retrieval performance 
depending on whether the vegetation characterization correctly repre
sented the physical reality.

3.2. Semi-Empirical models

The advantage of semi-empirical models compared to physics-based 
models (sec. 3.1.) is the reduced amount of specific input information 
and knowledge on scattering mechanisms. Several semi-empirical 
models have been proposed in the last decades, suitable for near- 
surface soil moisture retrieval using Sentinel-1 SAR data. The main 
objective of designing semi-empirical models is to simulate 

backscattering in an uncomplicated way at different polarizations based 
on soil and electromagnetic wave characteristics, such as moisture 
content, roughness, incidence angle, and frequency (Baghdadi et al., 
2011). In this way, near-surface soil moisture can be estimated by 
comparing the simulated backscatter coefficients based on variable 
input for, e.g., soil moisture, to actual observed backscatter coefficients 
from, e.g., Sentinel-1 (see Fig. 5). Moreover, limitations of semi- 
empirical near-surface soil moisture retrieval approaches are their 
limited generality in representing different or other scattering scenarios, 
beyond the ones for which they have been built and established. Hence, 
they often lack transferability to other regions, meaning differing types 
of soils with different surface roughness conditions and moisture content 
ranges.

3.2.1. Bare surfaces
For bare soil conditions (no vegetation influencing the Sentinel-1 

SAR signal), the most employed semi-empirical soil backscatter 
models are the Oh and the Dubois near-surface soil moisture inversion 
methods (e.g., Mirsoleimani et al., 2019; Li et al., 2020; Murugesan 
et al., 2023; Roy et al., 2025). The Oh model was originally proposed by 
Oh et al. (1992), which uses the ratio of measured co- and cross- 
polarized backscatter coefficients to estimate near-surface soil mois
ture and roughness. The analytical expressions of the backscatter ratios 

Fig. 4. Inversion of physics-based scattering models (Tor Vergata University of Rome, TV, and the integral equation method, IEM), separated in the preparation of 
the input data (I), the parameterization of the TV-IEM model (II), and the retrieval of SMC from observations (III) (adopted from Benninga et al., 2022).
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were then adapted to account additionally for the incidence angle (Oh 
et al., 1994). New definitions were later proposed for analytical ex
pressions and formulation of the cross-polarized backscatter (Oh et al., 
2002). These were again adapted, ignoring the horizontal roughness 
component (correlation length) within calculations (Oh, 2004; Baghdadi 
et al., 2016). Conversely, the Dubois model describes the co-polarized 
backscatter coefficients as a function of near-surface soil moisture, 
vertical surface roughness (e.g., RMS height), incidence angle, and fre
quency (Dubois et al., 1995).

The most common shortcoming of these semi-empirical models is the 
discrepancy between simulated and measured backscatters, because of 
factors such as inaccurate surface roughness representation in the 
model. Hence, several modifications to these models have been pro
posed, e.g., improving the description of surface roughness simulations 
or extending the validity range (e.g., Baghdadi et al., 2016). Besides 
these two well-known and well-established models, there is the semi- 
empirical model of Shi et al. (1997), which is based on the single- 
scattering component of the analytical physics-based IEM, and hence 
has taken into account the surface power spectrum (related to surface 
roughness parameters) (Shi et al., 1997). The surface power spectrum 
gives “the amplitude of each Fourier component scattered by a rough 
surface” (Ogilvy and Foster, 1989), and hence describes the assumed 
surface type for the roughness correlation function (the degree of cor
relation between two RMS heights). As shown by Fluhrer et al. (2020), 
the type of assumed correlation function (Gaussian, exponential or nth 

power) determines the contribution of roughness and hence influences 
the simulation of radar backscatter. For local near-surface soil moisture 
estimation, in situ measurements along with Sentinel-1 backscatter can 
be used to build semi-empirical models. Here, the final near-surface soil 
moisture value results from the linear fit between backscatter co
efficients, near-surface soil moisture and surface roughness. This was 
accomplished by Hoskera et al. (2020) across bare rice agricultural soils 

in India, who demonstrated the advantage of using both VV and VH 
polarizations instead of single-polarization retrievals. The disadvantage 
of these linearly built and in situ informed semi-empirical equations is 
their lack of transferability to other test sites or different soil and 
vegetation types. Nevertheless, semi-empirical models prove the po
tential of near-surface soil moisture estimation from Sentinel-1 SAR 
observations.

3.2.2. Vegetated surfaces
In the case of vegetated surfaces, the vegetation contribution as well 

as the canopy and ground interactions must be modeled in addition to 
the soil contribution to capture the entire backscatter scenario within a 
SAR resolution cell. One of the most well-known semi-empirical models 
for estimating near-surface soil moisture by eliminating vegetation ef
fects on simulated backscatters is the WCM proposed by Attema and 
Ulaby (1978), and the Single Scattering Radiative Transfer (SSRT) 
model proposed by De Roo et al. (2001). The WCM is a highly param
eterized model for simulating backscatter coefficients as a function of 
soil and vegetation moisture as well as vegetation height by assuming 
the vegetation canopy as a cloud of identical and randomly distributed 
water droplets (Attema and Ulaby, 1978), which has been adapted in 
various studies to improve, for example, the vegetation description 
(Yahia et al., 2022; Kanmani et al., 2023; Nijaguna et al., 2023). SSRT is 
the semi-empirical adaptation of the physics-based Michigan microwave 
canopy scattering (MIMICS) model, proposed by Ulaby et al. (1990).

To estimate near-surface soil moisture under vegetated soils, two 
semi-empirical models can be used together to describe the combined 
bare soil and vegetation backscattering contributions. Among others, 
Yang et al. (2021) employed the Oh model (Oh, 2004) coupled with the 
WCM (Attema and Ulaby, 1978) to retrieve near-surface soil moisture 
within the Tibetan plateau using only the VV polarization of Sentinel-1 
observations (Yang et al., 2021). Weiß et al. (2024) employed the SSRT 
along with the soil scattering model of Oh et al. (1992) to retrieve large- 
scale near-surface soil moisture from Sentinel-1 SAR data at 1 km × 1 km 
spatial resolution across southern Germany. Recently, Fan et al. (2025)
employed the Oh model Oh et al. (1992) and the WCM (Attema and 
Ulaby, 1978) for simultaneous retrievals of global near-surface soil 
moisture and surface roughness from Sentinel-1 SAR data at 1 km spatial 
resolution. To solve near-surface soil moisture and surface roughness 
simultaneously, a dual-polarization algorithm (DPA) was proposed, 
which can be used to retrieve both variables in a snapshot approach 
from Sentinel-1 VV and VH polarizations.

Recently, Roy et al. (2025) also proposed a novel approach involving 
model-based decomposition that does not require in situ plant de
scriptors to reduce the volume contribution of vegetation. When applied 
to different crop fields, this method led to a root mean square error that 
was 25–52% lower than that predicted by the Oh model (Oh et al., 2002) 
and 10–17% lower than that predicted by the Chang model (Chang et al., 
2018).

3.3. Change detection methods

The change detection approach for near-surface soil moisture 
retrieval relies on the inversion of temporal variations in σ0, rather than 
a single-date backscatter measurement (see Fig. 6). This method as
sumes that changes in surface parameters that influence radar back
scatters such as soil roughness, canopy structure, and vegetation water 
content — generally occur over longer periods (weeks) compared to 
changes in near-surface soil moisture (which can happen in hours). 
Therefore, taking the ratio or difference between two or more frequent 
repeat-pass radar images can help disentangle the effects of near-surface 
soil moisture on radar response from other confounding surface vari
ables (Rignot and Van Zyl, 1993). Establishing a strong relationship 
between backscatter and near-surface soil moisture while using con
ceptual simplicity, many researchers have advocated for this method (e. 
g., Shoshany et al., 2000; Wickel et al., 2001; Thoma et al., 2006; Yang 

Fig. 5. Inversion of semi-empirical water cloud model (WCM) (adopted from 
Khellouk et al., 2021).
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et al., 2006; Zribi et al., 2008).
Due to the lack of spaceborne SAR missions with sufficiently short 

revisit time in the past, this approach has been adapted by requiring a 
rather long than temporally dense time series. The Vienna University of 
Technology (TU-Wien) change detection method (Wagner et al., 1999a) 
is a snapshot retrieval technique in which the near-surface soil moisture 
at each time step is estimated based on the backscattering value 
normalized by the minimum and maximum backscatter observed over a 
long time series. Across the entire time series of observed backscatter 
coefficients, the minimum backscatter is associated with the lowest soil 
moisture content (no liquid water present), and the maximum back
scatter is associated with the highest soil moisture content (soil is 
saturated). The TU-Wien method is currently used to operationally 
retrieve near-surface soil moisture at low spatial resolution (25 km) and 
high temporal sampling (1-2 days) from the Advanced SCATterometer 
(ASCAT) (Bartalis et al., 2007). The soil roughness is assumed to be 
stable in time while the effect of vegetation at the seasonal scale is 
accounted for by multi-angular scatterometry measurements. It is sup
posed that the relationship between σ0 and radar incidence angle is 
affected only by vegetation density and not by changes in near-surface 
soil moisture. Subsequently, the slope and curvature obtained from 
σ0 observations under different incidence angles are used to parame
terize and correct the vegetation effect. In this regard, Vreugdenhil et al. 
(2016) highlighted the importance of a dynamic correction for regions 
with high interannual variability in vegetation and proposed an 
improved estimation of the incidence angle dependency of backscatter.

Subsequently, the TU-Wien change detection method has been 
adapted to SAR data, including ENVISAT Advanced Synthetic Aperture 
Radar (ASAR) data (Pathe et al., 2009), and more recently to Sentinel-1 
observations (Bauer-Marschallinger et al., 2018). An operational soil 
water index (SWI) product derived from Sentinel-1 at 1km spatial res
olution is currently distributed through the Copernicus Land Monitoring 
Service (European Commission Directorate-General Joint Research 
Centre, 2018). The main limitations of the method are that i) it does not 
include a dynamic vegetation correction, due to Sentinel-1 lack of 
simultaneous multi-angle backscatter observations, ii) the assumptions 
of vegetation and soil roughness long term stability are limited at high 
spatial resolution, iii) the retrieved quantity is a degree of saturation, 
which can be converted to volumetric near-surface soil moisture content 

using the soil porosity. Namely, while the local backscatter fluctuations 
due to vegetation and soil roughness variability are expected to be 
suppressed by averaging at the scale of the scatterometry measurements 
(25-50 km) (Macelloni et al., 1999), at high spatial resolution (< 1 km) 
the assumption that these quantities are quasi-static in the time window 
necessary to estimate the backscatter extreme values is questionable and 
can cause underperformance in detecting localized phenomena such as 
irrigation, fire, and precipitation events (Brocca et al., 2024). Addi
tionally, inaccuracy associated with the porosity value may lead to a bias 
in the near-surface soil moisture estimates (Wagner et al., 2013).

A method, known as short-term change detection, was introduced by 
Balenzano et al. (2011) and applied to the Sentinel-1 observations 
(Balenzano et al., 2021b) to produce a near-surface soil moisture 
product at 1 km resolution (Balenzano et al., 2021a). This method uti
lizes a dense time series of SAR data to retrieve near-surface soil mois
ture based on the original principles of the change detection framework. 
Specifically, it examines variations in temporal backscatter between 
closely timed SAR observations and linking these changes to fluctuations 
in soil moisture while soil roughness and vegetation remain constant 
during the time interval between two SAR observations. Additionally, 
dynamic vegetation masking is employed using cross-polarized back
scatter as a threshold index, particularly in areas with dense and 
branched vegetation that may impede the sensitivity of Sentinel-1 data 
to near-surface soil moisture, as described in Satalino et al. (2013). This 
approximation, initially proposed by Balenzano et al. (2011) and 
referred to as the “alpha approximation”, is expected to improve as the 
time lag between the SAR acquisitions is decreased.

To address the key limitations of the method — namely the 
requirement of short time gaps between consecutive Sentinel-1 acqui
sitions, misleading effect of abrupt changes in vegetation and soil 
roughness during the observation period, and the need for external in
formation to derive absolute soil moisture values — further refinements 
have been proposed.

One strategy to reduce the time gap between Sentinel-1 acquisitions 
is to use multi-orbit time series data (Mengen et al., 2023; Wang et al., 
2023b). By using all possible overlapping orbits, the period between 
consecutive Sentinel-1 acquisitions can be reduced to 2 to 5 days, 
depending on the latitude of the respective study areas. Due to the 
alternating incidence angles in a dense Sentinel-1 time series, the 
backscatter signals need to be angle corrected in advance. Wang et al. 
(2023b) normalized the backscatter signal using a pixel-wise angle 
correction based on reference orbits while Mengen et al. (2023)
accounted for temporal change in backscatter by excluding repeat in
tervals of less than 15 days from the backscatter time series and applying 
harmonic regression.

To account for vegetation influence in periods of high plant dy
namics, the correction of backscatter signal ratios by estimating the 
vegetation attenuation using either radar-based or optical-derived esti
mators has been implemented (Bhogapurapu et al., 2022; Zhu et al., 
2022b; Graldi et al., 2023; Mengen et al., 2023). For example, Zhu et al. 
(2022b) approximated the effect of changing vegetation on the back
scatter time series as the change of vegetation attenuation, which was 
estimated using the Normalized Difference Vegetation Index (NDVI) 
from optical images as a bulk vegetation descriptor. By integrating the 
change of corresponding NDVI values from three consecutive images 
into the short-term change detection, the effect could be reduced. 
Similarly, Du et al. (2024) employed an empirical relationship between 
NDVI and backscatter differences to estimate near-surface soil moisture 
at 100 m resolution based on an adapted change-detection method using 
Sentinel-1 and Sentinel-2 data. Mengen et al. (2023) used a vegetation- 
related detrending of the corresponding backscatter ratios by regression 
with the corresponding absolute backscatter values on a pixel basis. 
Assuming that the difference between bare soil and vegetated conditions 
is directly reflected in the strength of the backscatter signal in agricul
tural land, while the changes in soil moisture are similar under both 
conditions, the linear trend between the change in backscatter and 

Fig. 6. Flowchart of change-detection algorithm (Keshk and Yin, 2020).
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absolute backscatter was removed from the time series before applying 
the short-term change detection method.

Finally, the method lies in its reliance on relative dynamics, such as 
ratios, rather than absolute signal level. This requires an absolute 
reference value to obtain absolute soil moisture levels. This is typically 
achieved through the calibration of Sentinel-1 data at low resolution 
(Balenzano et al., 2021b) or by using external sources, which may 
include field capacity data from hydrological models (Mengen et al., 
2023), soil moisture from in situ measurements (Palmisano et al., 2020) 
or the SMAP mission (Ouellette et al., 2017; Zhu et al., 2022b). Uncer
tainty in the chosen reference value, for example due to spatial 
mismatch of the external input data, can lead to under- or over- 
estimation of the soil moisture estimates.

3.4. AI-based techniques

The use of AI techniques to retrieve near-surface soil moisture from 
Sentinel-1 products dates back to almost the same era when the Sentinel- 
1 satellites were launched in 2014 and 2016 (Potin et al., 2016), as AI 
techniques had already proven to be excellent solutions to challenges 
comparable to soil moisture retrieval from Sentinel-1 products by that 
time. The strength of AI techniques lies in their ability to recognize data- 
driven relationships between different variables within the Earth system 
without the need for priori assumptions or process formulations. In other 

words: unlike the previously mentioned near-surface soil moisture 
retrieval methods, AI techniques are data-driven, i.e., they learn soil 
moisture dynamics solely from the input data as they combine various 
relevant input features, e.g., brightness temperature, SAR backscatter, 
sensor characteristics, geographic information, and meteorological 
variables (Singh and Gaurav, 2023) to map the output, namely near- 
surface soil moisture here. Fig. 7 provides an example flowchart of 
using AI technique for near-surface soil moisture mapping using back
scatter data. Initial AI applications for near-surface soil moisture 
extraction from Sentinel-1 data focus on adapting existing machine 
learning algorithms (e.g., support vector machines, SVMs, random for
ests, RFs, and artificial neural networks, ANNs) to specifics of SAR data 
(Singh and Gaurav, 2023). The ability of AI to improve retrieval accu
racy has been demonstrated through studies in complex environments 
where vegetation and surface conditions remain a challenge (Cho et al., 
2024; Rahmati and Montzka, 2024; Lakra et al., 2025; Xie et al., 2025). 
This is because AI techniques, especially deep learning and machine 
learning, have a great capacity to efficiently handle large and complex 
data sets. Among machine learning methods, ANNs, particularly multi
layer perceptrons (MLPs), stand out for their ability to model the 
nonlinear relationships among various input variables such as SAR data, 
topography, soil, and climate (El Hajj et al., 2016; Santi et al., 2016; 
Santi et al., 2020; Chung et al., 2022). These models utilize a layered 
architecture where neurons learn the weighted representation of input 

Fig. 7. An example of AI-based retrieval (e.g., ANN algorithm) for soil moisture retrieval.
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variables, thus capturing those complex interactions that may not be 
captured by conventional statistical approaches.

The most important advantage of AI techniques (e.g., ANNs) 
compared to the other methods mentioned above for retrieving near- 
surface soil moisture from space observations (e.g., Sentinel-1) is the 
substantially lower computing time required during the prediction 
phase (Paloscia et al., 2013). This is of relative importance insofar as the 
AI technique is particularly suitable for deriving near-real-time and 
operational near-surface soil moisture products, which can be obtained 
from a sufficiently robust and representative set of samples in the 
training phase, due to the lower computing time (Paloscia et al., 2013). 
The effectiveness of the AI techniques with extremely promising per
formances (Paloscia et al., 2013) was also proven in challenging oper
ating conditions such as near-surface soil moisture retrieval from remote 
sensing data in a mountainous area like in the Italian Alps (Paloscia 
et al., 2010).

Recent developments in deep learning have further expanded the 
predictive capability of AI techniques. Deep learning models are 
particularly innovative for advanced automatic feature extraction from 
raw data, handling problems related to high-dimensional data, and 
finding complex nonlinear relationships. It is already observed that, for 
example, convolutional neural networks (CNNs) are very efficient in 
predicting spatial patterns of soil moisture from Sentinel-1 data (Hegazi 
et al., 2021). Liu et al. (2021), as another example, examined the fusion 
of Sentinel-1 SAR and Sentinel-2 optical data via methods such as SVMs, 
generalized regression neural network, and CNNs and showed that 
CNNs, when optimized with suitable feature combinations, substantially 
improved the retrieval accuracy of near-surface soil moisture. Similarly, 
Wang et al. (2023a) showed that the performance of CNNs on integrated 
Sentinel-1 and Sentinel-2 data for application in agricultural soil mois
ture retrieval was highly accurate.

Long short-term memory (LSTM) neural networks, as the state-of- 
the-art of the deep learning models, have also seen great success in 
the analysis of temporal datasets. These models leverage time-series 
dependencies to capture the dynamic behavior of soil moisture as a 
function of time. For instance, Wu et al. (2024) used LSTMs to forecast 
the soil moisture at varied depths in one large-scale citrus orchard and 
demonstrated exceptional performance on various multi-temporal data. 
In another study, Celik et al. (2022) combined Sentinel-1 SAR with 
SMAP data and climate features, including soil texture and topographic 
features, to develop an LSTM-based model for daily near-surface soil 
moisture prediction, highlighting its potential application in agricultural 
and hydrological applications.

Various use cases of AI techniques on the topic of soil moisture 
retrieval from Sentinel-1 products could be demonstrated here. For 
example, several attempts have already been made to use the capabil
ities of AI techniques to convert surface reflectance into usable near- 
surface soil moisture data. As a successful showcase, Rabiei et al. 
(2021) applied three different machine learning algorithms — an MLP, a 
CNN, and linear regression — to extrapolate near-surface soil moisture 
estimates from Sentinel-1 and Sentinel-2 products. The results under
lined the superiority of CNN and attributed its superior performance to 
its skillful understanding of spatial relationships and its improved rep
resentation of two-dimensional images.

Another use case for AI techniques in this area is the inversion of 
analytical and semi-empirical forward models and the subsequent 
determination of near-surface soil moisture. As an example of this type 
of application, Paloscia et al. (2013) proposed an algorithm based on the 
inversion of an analytical electromagnetic model by an ANN — feed
forward MLP — to derive estimates of near-operational near-surface soil 
moisture at a spatial resolution of 1 km or less from the Sentinel-1 
mission. To this end, they trained the ANN using the backscatter data 
simulated by the Advanced IEM (Wu and Chen, 2004) and Oh models 
(Fung, 1994; Oh et al., 2002) at different polarizations and incidence 
angles to predict soil parameters (including near-surface soil moisture) 
as outputs. Finally, they used the trained ANN together with SAR data 

collected by the Sentinel-1 mission to map near-surface soil moisture. As 
another example, Mirsoleimani et al. (2019) used Sentinel-1 SAR data 
and the modified Dubois model in a neural network for near-surface soil 
moisture inversion across agricultural fields in Iran and found during 
analyses that the accuracy between simulated and Sentinel-1 back
scatter was highest for VV polarization (compared to VH polarization). 
Li et al. (2020) employed Sentinel-1 SAR data to evaluate the perfor
mance of the modified Dubois model, proposed by Baghdadi et al. 
(2016), and a multiple linear regression model in comparison to a neural 
network model and proved the ability of all three models to reproduce 
Sentinel-1 SAR backscatter sufficiently enough for near-surface soil 
moisture inversion. Further, Santi et al. (2018) employed Sentinel-1 SAR 
data together with passive SMAP and AMSR2 radiometer observations in 
an artificial neural network, that includes the Oh and the WCM models, 
for estimating near-surface soil moisture across the Po Valley, Italy 
(Santi et al., 2018).

To mitigate the effects of inherent model and measurement inac
curacies, the ensemble machine learning paradigm was also integrated 
into the domain of near-surface soil moisture retrieval in multi-SAR 
missions (Zhu et al., 2020). In ensemble learning, a repertoire of alter
native models is systematically developed to accomplish the same task, 
with the fusion of their outputs - consisting of classifiers and predictors - 
representing the result (Zhu et al., 2020). There are a variety of 
ensemble methods for different applications, differing primarily in the 
methods used to create diversity between models. Such diversity can be 
created by using different subsets of input data, such as bootstrap ag
gregation (Breiman, 1996), or by injecting variability into model pa
rameters or structures, such as in the random forest approach (Breiman, 
2001).

Despite their apparent success, AI-based algorithms for near-surface 
soil moisture estimation from Sentinal-1 data encounter some limita
tions. First, they typically need large, diverse, and high-quality training 
sets, which are not always available, particularly in data-sparse regions 
(Hemmati and Sahebi, 2024; Zhu et al., 2025). This may result in 
overfitting and bad generalization of models to other application do
mains, especially when applied to regions with sparse training data. 
More specifically, Zhu et al. (2025) argue that current expectations of 
SAR near-surface soil moisture estimates via machine learning, while 
promising, might be overstating the performance and so will need more 
robust approaches for scenarios where only a few ground measure
ments are available. Second, they are black boxes, making it unclear 
how retrieval results are connected to underlying physical scattering 
processes, and reducing the confidence that users can have in operation 
(Abbes et al., 2024). Third, while AI models can be computationally 
efficient in prediction, they are costly in terms of computational re
sources for training, thus limiting the application of AI models in any 
closed-loop near-real-time applications. Fourth, input data quality and 
representativeness (e.g., errors in backscatter calibration, influence of 
vegetation or ancillary data sets) can be propagated through the models, 
leading to uncertain estimates. Taken together, these issues demonstrate 
the necessity for hybrid approaches that combine physical knowledge 
with data-driven learning, relying on well-defined training and valida
tion datasets, and developments in explainable AI to simultaneously 
enhance robustness and transparency of AI-based retrieval methods. In 
this regard, most recently, To handle the data sparsity problem, Zhu 
et al. (2024) and Hemmati and Sahebi (2024) introduced the concept of 
transfer learning, pretraining the deep learning model on global datasets 
with subsequent fine-tuning using local field data. This strategy 
increased the accuracy of retrieving soil moisture on the local scale 
when comparing it to the usual methods. This is an innovative approach 
showing the power of transfer learning to expand the applications of 
deep learning in data-sparse regions, enabling further investigation into 
how to overcome data limitations without sacrificing effectiveness in 
models.

The above shows the great potential of AI-based approaches for the 
advancement of soil moisture retrieval from Sentinel-1. The present 
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review of literature shows that significant advances have already been 
made. However, continued research on algorithms, data assimilation, 
and operational implementation will further enhance the quality and 
applicability of Sentinel-1 soil moisture products. These state-of-the-art 
methodological advancements are therefore summarized as follows, and 
will be discussed further in section 10 where possible strategies for 
future research and exploration include: 

I. From shallow to deep architecture: The transition from 
shallow machine learning models to deep learning with archi
tecture such as CNNs has greatly improved the extraction of 
complex features from SAR data.

II. Development of specialized architecture: The unique charac
teristics of the data acquired by Sentinel-1 and soil moisture 
retrieval have led researchers to identify and develop various 
specialized deep learning architectures suitable for this task.

III. Integration of multi-source data: AI-based frameworks are 
mature enough to integrate data from multiple sources (e.g., 
Sentinel-1, Sentinel-2, weather data, and in situ measurements) to 
provide robust and accurate estimates of near-surface soil 
moisture.

IV. Focus on interpretability: Although deep learning methods tend 
to have high accuracy, the black-box nature of deep learning 
makes it difficult to interpret the results. Technically sophisti
cated methods to explain deep learning-driven models would be 
beneficial to better identify how SAR reflects near-surface soil 
moisture properties in terms of the underlying relationships.

V. Leveraging transfer learning: Transfer learning methods, using 
models that have already been trained on large datasets and can 
be adapted for retrieving near-surface soil moisture, are powerful 
techniques to enhance model performance, especially in regions 
where no training data is available.

3.5. Hybrid methods

Hybridization of traditional near-surface soil moisture retrieval 
methods, including physics-based, semi-empirical, change detection and 
AI approaches, is sometimes used to take advantage of their comple
mentarity. Currently, hybridization is limited to AI models trained on 
the outputs of physical or semi-empirical forward models, e.g., neural 
networks training on backscatter of simulated physical models, such as 
IEM or Dubois (Paloscia et al., 2013; Mirsoleimani et al., 2019), or data 
fusion approaches, e.g., integrating Sentinel-1 retrievals with SMAP data 
in ANN frameworks (Santi et al., 2021; Arab et al., 2024), or Sentinel-1 
with Sentinel-2 or SMAP in deep learning models (Liu et al., 2021; Singh 
and Gaurav, 2023). A promising approach is the development of a 
knowledge-guided deep learning method that integrates physical or 
semi-empirical models into data-driven models to estimate near-surface 
soil moisture using Sentinel-1 SAR data. These physics-informed, data- 
driven models (also known as knowledge-guided data-driven ap
proaches) typically modify the dual-component loss function to leverage 
the capacity of the data-driven model to capture spatiotemporal de
pendencies, while maintaining physical consistency by including an 
additional penalty component for physical- or semi-physical model error 
in the loss function (Yu et al., 2025a). Since hybridization is not a 
fundamentally novel approach, but rather a combination of existing 
methods, like those discussed above, and each form of hybridization is 
indirectly covered in other sections, this review does not delve deeper 
into this methodology for the sake of brevity. However, in short, 
although hybrid methods should enhance robustness, generalization, 
and exploitation of multi-sensor data, they are still complex in design, 
data hungry, and mostly validated on case studies, sparking questions 
about scalability and operational exploitation.

3.6. Beyond Backscattering intensity: Sentinel-1 InSAR Coherence and 
Phase Closure

Interferometric observables such as InSAR coherence and closure 
phase have recently emerged as alternative means of estimating near- 
surface soil moisture due to their high sensitivity to dielectric proper
ties influenced by water content (Brake et al., 2013; Zwieback et al., 
2015; De Zan and Gomba, 2018). Specifically, InSAR coherence is a 
measure of the similarity in the reflective ground properties between 
two SAR acquisitions, which can change due to variations in near- 
surface soil moisture (De Zan et al., 2013). Phase closure refers to the 
phase resulting from the circular combination of three multi-looked 
interferograms derived from three SAR acquisitions (e.g., the sum of 
phase triplet φ12, φ23, and φ31) (De Zan et al., 2015; Wig et al., 2024).

InSAR coherence is a similarity-metric between the amplitude and 
interferometric phase of two SAR acquisitions and describes the quality 
of the InSAR phase information. InSAR coherence can be affected by 
several factors, such as ground displacements, soil roughness changes, 
vegetation growth, permanent landscape changes and near-surface soil 
moisture variations (Zwieback et al., 2017). Numerous studies have 
demonstrated the connection between InSAR coherence from Sentinel-1 
and near-surface soil moisture in various environments including arid 
(Karamvasis and Karathanassi, 2023), hyper-arid and post-wildfire 
peatland regions (Hrysiewicz et al., 2023).

Scott et al. (2017) were able to calculate the InSAR coherence 
component due to near-surface soil moisture change by examining the 
temporal evolution of InSAR coherence before and after major rain 
events in hyper-arid regions in Chile and Argentina with little to no 
vegetation. Bürgi and Lohman (2021) compared the InSAR coherence- 
based near-surface soil moisture proxies with other soil moisture data
sets and highlighted the advantage of the higher spatial resolution that 
InSAR coherence can offer compared to other near-surface soil moisture 
products, over hyper-arid regions. Jordan et al. (2020) effectively 
distinguished the InSAR coherence component due to near-surface soil 
moisture changes from the other components (e.g. permanent coherence 
loss due to material movement) at a similar non-vegetated region in the 
Atacama Desert of Chile. Additionally, Lohman and Bürgi (2023)
demonstrated that establishing a relationship between InSAR coherence 
and near-surface soil moisture can be used to improve the performance 
of other methods that exploit interferometric observations (e.g. ground 
deformation studies).

Phase closure is also a promising interferometric observable that can 
be exploited in near-surface soil moisture estimation approaches. 
Initially, (non-zero) phase closure was identified as an error source 
causing systematic bias in multi-looked SAR interferometry for ground 
deformation estimation (De Zan et al., 2015; Ansari et al., 2020). Later, 
non-zero phase closure has been associated with physical processes such 
as near-surface soil moisture changes, vegetation growth, and vegeta
tion moisture changes (De Zan et al., 2013; De Zan et al., 2015; De Zan 
and Gomba, 2018; Zheng et al., 2022; Wig et al., 2024). The main 
advantage of using phase closure is that it is invariant to atmospheric, 
topographic effects, and ground displacements (Zwieback et al., 2017; 
De Zan and Gomba, 2018; Michaelides, 2020) and contains information 
about soil/vegetation moisture and scattering mechanism changes (e.g. 
vegetation growth).

One of the most important models that has been developed for near- 
surface soil moisture estimation from phase closure and InSAR coher
ence is the analytical scattering model introduced by (De Zan et al., 
2013). This model was designed for bare lands and assumes a uniform 
soil moisture profile and scattering density with depth. Even though this 
model was initially designed and validated for L-band SAR data (De Zan 
et al., 2013; De Zan and Gomba, 2018), there are studies that have 
applied this model to C-band Sentinel-1 data (Palmisano et al., 2022; 
Karamvasis and Karathanassi, 2023). Moreover, other more sophisti
cated models accounting for variations in the refraction angle of the 
microwave radiation (Michaelides, 2020) and for variability in near- 
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surface soil moisture across multiple discrete soil layers (Zheng and 
Fattahi, 2024) have been introduced.

Despite the promising results of near-surface soil moisture estimates 
using InSAR observables, an inherent ambiguity in estimating near- 
surface soil moisture persists due to the nature of the InSAR observ
ables (Zwieback et al., 2017; De Zan and Gomba, 2018). For instance, 
identical coherence losses can be caused by either increasing or 
decreasing near-surface soil moisture. To overcome this limitation, De 
Zan and Gomba (2018) proposed a method, using L-band SAR data, 
based on their previously introduced scattering model able to resolve 
this ambiguity and estimate relative moisture levels. They provided 
early evidence of phase closure effectiveness in improving the accuracy 
of near-surface soil moisture estimation. Karamvasis and Karathanassi 
(2023) adapted this approach for Sentinel-1 data, by incorporating 
external meteorological information and backscatter information, 
accompanied by open-source software that can help the community to 
explore the potential of InSAR observables for soil moisture studies 
(Murphy et al., 2025).

Wig et al. (2024) proposed an alternative near-surface soil moisture 
estimation model based on a detrended time series of cumulative sum of 
phase closure over time. By exploiting Sentinel-1 data, they discovered 
good anticorrelation between time series of near-surface soil moisture 
and detrended cumulative phase closure over sites in Oklahoma. Simi
larly, Zheng and Fattahi (2024) observed that positive near-surface soil 
moisture anomalies over arid regions produced positive step-changes in 
cumulative closure phase time series, and negative near-surface soil 
moisture anomalies over agricultural regions produced negative step- 
changes in cumulative closure phase time series.

Patterns of phase closure can vary over different land uses, land 
covers and soil types (Yuan et al., 2024; Zheng and Fattahi, 2024). For 
example, in vegetated regions, the contribution from vegetation may 
dominate the near-surface soil moisture contribution to the closure 
phase, especially using C-band Sentinel-1 data due to its limited pene
tration. Conversely, in regions with no or low vegetation, the near- 
surface soil moisture signal may dominate. Even though characteris
tics of phase closure vary over terrain (Zheng et al., 2022) better per
formance has been reported in highly vegetated regions (e.g. forests) 
using L-band (De Zan and Gomba, 2018) as well as C-band Sentinel-1 
data (Wig et al., 2024), compared to grasslands and agricultural fields, 
indicating a high sensitivity of closure phases to tree moisture. Given 
that vegetation moisture is correlated with soil moisture, additional L- 
band InSAR data from recent and upcoming L-band SAR missions — e.g. 
NASA-ISRO SAR (NISAR; Lal et al., 2023) (NISAR; Lal et al., 2023), 
Radar Observing System for Europe in L-band (ROSE-L; Pierdicca et al., 
2019) — will contribute to improving the understanding of a vegetation 
contribution to phase closure.

Overall, the main advantage of using InSAR coherence and phase 
closure for near-surface soil moisture estimation is the high sensitivity of 
interferometric measurements to water content variations (De Zan, 
2024). InSAR observables can contribute to near-surface soil moisture 
monitoring over dry soils where backscattering approaches may struggle 
due to anomalies caused by subsurface scattering (Ullmann et al., 2023). 
This is because dry near-surface soil conditions have high InSAR 
coherence, indicating high-quality interferometric observables (e.g. 
phase closure).

Conversely, approaches based on interferometric observables also 
have several limitations. First, temporal changes related to vegetation 
growth, vegetation moisture and varying scattering properties (due to 
material movement) significantly affect interferometric observables 
making it challenging to estimate the contribution from the near-surface 
soil moisture variations. Second, these approaches cannot provide any 
estimations in case of loss of coherence (e.g. rapid terrain changes 
caused by heavy rain/wind events or by anthropogenic activity). Lastly, 
interferometric (and backscattering) observables provide estimates 
corresponding to different soil depths, depending on the soil moisture 
level and the associated penetration ability of the SAR signal.

4. Validation strategies

Validating Sentinel-1-derived near-surface soil moisture retrievals 
remains a significant challenge due to the differences in scale between 
ground measurements and SAR footprints, and the variety of retrieval 
methods. Various strategies have been employed for this purpose thus 
far, including: 

● In situ networks and field campaigns: Dense ground-based net
works such as the International Soil Moisture Network (ISMN; Dor
igo et al., 2021) and cosmic-ray neutron probes (Zreda et al., 2012), 
as well as Integrated Carbon Observation System (ICOS; Heiskanen 
et al., 2022) yield high-quality reference data, which can be used to 
validate Sentinel 1 soil moisture estimation (e.g., Bulut et al., 2024). 
However, they often have sparse coverage, either are at point scale 
(e.g., ISMN) or have a typical footprint radius of between 150 and 
250 meters (e.g., cosmic-ray probes; Montzka et al., 2017), so 
extensive field experiments such as the Soil Moisture Active Passive 
Experiments (SMAPEx; Panciera et al., 2013) in southeastern 
Australia and the SMAP validation experiment (SMAPVEX; Col
liander et al., 2014; Chan et al., 2016) in the USA are essential for 
planned validation.

● Cross-sensor comparisons: Retrievals from Sentinel-1 have been 
often compared with those from coarse-scale passive microwave 
missions (e.g., SMAP, Entekhabi et al., 2010; and SMOS, Kerr et al., 
2010) and active missions (e.g., ASCAT, Bartalis et al., 2007; Wagner 
et al., 2013). While these comparisons provide a useful spatial 
benchmark, differences in sensor frequency, penetration depth, and 
resolution can hinder meaningful interpretation.

● Triple collocation and model-based validation: Statistical 
methods such as triple collocation (Scipal et al., 2008; Gruber et al., 
2016) allow random uncertainties to be estimated without truth data 
and have been used extensively for passive microwave data (SMAP, 
SMOS, ASCAT) assessment (Xie et al., 2022; Zhu et al., 2022a); the 
approach can also be applied for Sentinel-1 assessments. Data 
assimilation studies (e.g., Cenci et al., 2017b; Rojas-Munoz et al., 
2023) serve as an indirect validation method that assesses consis
tency with land surface models.

Despite these developments, there is currently no universally adop
ted standardized validation protocol, although good practice guidelines 
do exist (e.g., see Soil Moisture LPV Focus Area at https://lpvs.gsfc.nasa. 
gov/). Therefore, there is still a need for standardization of reference 
datasets, metrics and reporting.

5. Sources of uncertainty

Sources of uncertainty in Sentinel-1 near-surface soil moisture re
trievals are diverse and depend on the retrieval scheme and environ
mental setting, including: 

● Algorithmic uncertainties: Inverting the physical models is 
intrinsically ill-posed, particularly with single polarization Sentinel- 
1 data (Kim et al., 2012a; Benninga et al., 2022). Semi-empirical 
approaches are faced with a lack of data transferability between 
field locations (Baghdadi et al., 2016). The AI methods are accurate 
but not interpretable and can easily be overfit when data for training 
is limited (Zhu et al., 2025).

● Uncertainties in measurements: Errors are incurred from sensor 
calibration, the array of incidence angles, and speckle noise. The 
differences between ascending and descending passes also make 
consistency challenging (Kim et al., 2025).

● Environmental drivers: The dynamics in vegetation coverage, the 
freeze–thaw transition status, and the topography also affect back
scatter irrespective of near-surface soil moisture conditions (Lievens 
et al., 2017a; Liao et al., 2021). InSAR coherence and phase 
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unwrapping approaches suffer from ambiguity in identifying 
degradation of coherence due to the increase or decrease of near- 
surface soil moisture (De Zan and Gomba, 2018).

Quantifying such uncertainties and their impact on downstream 
applications (hydrological modelling, agricultural monitoring) is still an 
open area of research.

6. Combination of Sentinel-1 with other sensors

The ill-posed nature of near-surface soil moisture inversion from 
Sentinel-1 data can be addressed by integrating data from additional 
sensors to improve both the accuracy and the stability of the retrievals. 
The most straightforward method is the integration of SAR data from 
multiple missions operating at different frequencies, incidence angles, 
and polarizations (Zhu et al., 2019). The varying radar configurations 
provide more information in relation to the surface roughness and 
vegetation parameters (Zribi et al., 2014), and so the number of inde
pendent observations can be larger than that of the unknowns required 
by a scattering model or model combination (Ulaby et al., 2014), 
especially for bare soil surfaces. Near-surface soil moisture and other 
surface parameters can thus be retrieved using multi-SAR data directly 
(Bindlish and Barros, 2000; Zhu et al., 2019). However, few studies have 
used Sentinel-1 in combination with other SAR missions in real-world 
applications (Zhang et al., 2018), as it is challenging to collect near- 
coincident multi-SAR data due to the lack of historical multi- 
frequency SAR missions. For overpass data collected with time gaps, 
an assumption of time-invariant surface conditions, or at least time- 
invariant roughness and vegetation, is required to avoid having fewer 
SAR observations than unknowns. Fortunately, an increase in open- 
access SAR observations is expected soon, e.g., NISAR and ROSE-L. 
Importantly, multi-frequency SAR datasets collected from world-wide 
airborne campaigns (Ye et al., 2020; Mengen et al., 2021) have pro
vided ample data to support the development and validation of multi- 
frequency algorithms.

Another challenge for the direct inversion of multi-SAR data is the 
imbalance of scattering model uncertainty for different radar configu
rations (Mancini et al., 1999; Choker et al., 2017), along with the 
observation biases observed among different satellites of similar radar 
configurations (Pettinato et al., 2013). For example, the biases of the 
IEM measured in a laboratory experiment ranged from 1 to 5 dB 
(Mancini et al., 1999), while backscatter measured by COSMO-SkyMed 
was 2-5 dB lower than that of TerraSAR-X from similar observation 
geometries (Baghdadi et al., 2014). A global calibration of scattering 
models is thus required for all potential radar configurations to achieve 
an acceptable near-surface soil moisture estimation (Zhu et al., 2019). 
Alternatively, the effect of uncertainties can be partly removed using a 
stochastic ensemble framework, such as bootstrapping where the multi- 
SAR dataset is divided into different subsets, and corresponding multiple 
moderate retrievals are made using noisy data and poorly calibrated 
scattering models, followed by an ensemble average that is less 
vulnerable to random noise, calibration errors and individual-model 
biases (Zhu et al., 2020). A comprehensive evaluation using both local 
and global datasets has demonstrated that ensemble retrievals generally 
outperform non-ensemble approaches, with reductions in RMSE ranging 
from 0.004 to 0.014 m3/m3, and improvements in correlation co
efficients from 0.01 to 0.16 m3/m3 (Zhu et al., 2023). Compared to 
direct inversion of multi-SAR data, sequential (or stepwise) inversion 
enables more flexibility. For example, Hamze et al. (2021) estimated 
surface RMS height from L-band ALOS PALSAR-2, which was then 
combined with Sentinel-1 observations for soil moisture estimation. This 
approach enables a more flexible integration of SAR data with different 
configurations and leverages the strengths of each sensor type.

The integration of Sentinel-1 and optical/thermal data has gained 
more acceptance than the multi-SAR retrieval approach, because optical 
data provide a more direct description of vegetation and because it is 

much easier to collect coincident SAR and optical data. In most cases, 
optical and thermal data serve as auxiliary inputs to provide parameters 
for scattering models or vegetation correction, as discussed in earlier 
sections.

Machine learning, especially deep learning, provides a promising 
alternative of combining Sentinel-1 with other data sources, because of 
its capability for dealing with multimodal data without requiring a 
physical scattering model. Various multi-sensor data have been used 
together with Sentinel-1 in soil moisture retrieval (Paloscia et al., 2013; 
Santi et al., 2018; Madelon et al., 2023), such as Sentinel-2, AMSR2 and 
SMAP. Feature selection was found to be a crucial pre-step for the 
combination of multi-sensor data (Liu et al., 2020; Efremova et al., 
2021). Additionally, more recent studies have proposed cross-resolution 
(Zhu et al., 2024) and multi-resolution (Liu et al., 2022) deep learning 
methods to fully utilize the multi-sensor data from different scales and 
regions. As discussed, the main limitation of such methods is the heavy 
dependence on training data, with poor generalization capabilities over 
areas with few observations.

Downscaling of passive microwave derived soil moisture such as 
from SMAP or SMOS through the fusion with Sentinel-1 is a promising 
integration method for global soil moisture mapping with high spatial 
and temporal resolution. For example, NASA disseminates an opera
tional, 3-km resolution, global SMAP/Sentinel-1 soil moisture product 
(Das et al., 2019; Das et al., 2020). The spatial resolution of SMAP/ 
Sentinel-1 soil moisture products has been further enhanced to beyond 
1 km (Moghaddas and Tajrishy, 2025) and their performance evaluated 
under various surface conditions (Schmidt et al., 2024). Moreover, 
Azimi et al. (2020) proposed a fusion method to combine ASCAT soil 
moisture at 25 km and the 1 km Sentinel-1 soil moisture to a daily global 
product, with the spatial details being mainly from the Sentinel-1 soil 
moisture product. Refer to Sabaghy et al. (2018) and Peng et al. (2017)
for comprehensive reviews about the downscaling of SMAP and/or 
SMOS using radar and other data.

7. Sentinel-1 soil moisture data assimilation

Data assimilation techniques, such as particle or Kalman filtering, 
can fuse surface soil moisture retrievals (or microwave backscatter ob
servations) from Sentinel-1 with estimates from hydrological or land 
surface models while accounting for uncertainties in the observed and 
simulated data (Reichle, 2008; De Lannoy et al., 2022; Kumar et al., 
2022). In the assimilation system, the observations provide information 
that can correct errors in the hydrological or land surface models’ 
meteorological forcing, parameters, or parameterizations; conversely, 
the model offers a spatiotemporally continuous framework that com
plements the sparse or noisy nature of the observations. The result is a 
superior near-surface soil moisture estimate that better represents the 
true soil moisture state.

The assimilation of near-surface soil moisture retrievals at high 
spatial resolution (1 km or finer) into hydrological or land surface 
models, as provided by Sentinel-1, offers numerous potential advantages 
(Peng et al., 2021). High-resolution soil moisture estimates provide 
detailed spatial information, which is crucial for enhancing flood fore
casts in smaller catchments (Pauwels et al., 2001), weather forecasts 
through coupled land-atmosphere models at convection-permitting 
scales (Prein et al., 2015), and crop growth and irrigation modeling 
(Modanesi et al., 2022).

Like near-surface soil moisture retrievals from ASCAT or SMAP, re
trievals from Sentinel-1 are subject to systematic differences with the 
corresponding land surface model estimates, thus requiring bias 
correction techniques that align the observations with the land surface 
model space before assimilation (Reichle et al., 2004; Koster et al., 
2009). Consequently, Sentinel-1 soil moisture assimilation studies have 
employed cumulative density function (CDF) matching (Cenci et al., 
2017b), triple colocation-based matching (Azimi et al., 2020), seasonal 
matching (Lievens et al., 2017b), or calibrated observation operators 
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(Rains et al., 2021; Bechtold et al., 2023) to overcome these systematic 
differences. However, several data assimilation studies have indicated 
that bias correction becomes more complex at high spatial resolution 
because the retrieval biases exhibit greater variation over time, partic
ularly in cases such as crop rotation at the scale of individual fields 
(Modanesi et al., 2022; Bechtold et al., 2023).

Data assimilation studies using near-surface soil moisture retrievals 
derived from, or enhanced by, Sentinel-1 have highlighted notable ad
vantages over coarser-scale retrievals but also underscore significant 
challenges. For example, Azimi et al. (2020) pointed out that assimi
lating higher spatial resolution near-surface soil moisture retrievals 
obtained by merging ASCAT and Sentinel-1 observations provided 
relatively little benefit compared to only assimilating the coarser- 
resolution ASCAT retrievals. This limitation was partly attributed to 
the noise in Sentinel-1 retrievals, particularly in complex and vegetated 
terrains.

The critical role of mitigating vegetation effects in near-surface soil 
moisture retrievals and addressing biases between observations and 
models was demonstrated by Cenci et al. (2017b), who assimilated 
synthetic SAR near-surface soil moisture retrievals after CDF matching 
to the model climatology with and without vegetation correction, 
together with an ancillary vegetation descriptor from optical remote 
sensing.

Rojas-Munoz et al. (2023) showed that the assimilation of Sentinel-1 
soil moisture retrievals after seasonal bias removal into the Interactions 
between Soil, Biosphere, and Atmosphere (ISBA) land surface model 
mainly improved soil moisture estimates over croplands; additional 
improvements were obtained through additional assimilation of LAI 
observations from optical satellite data.

Removing the systematic differences between the observed and 
modeled soil moisture can inadvertently eliminate valuable signals such 
as irrigation, which may be present in the observations, when the pro
cess is not represented in the model (Kumar et al., 2015). Motivated by 
this concern, Laluet et al. (2024) opted to forgo bias correction during 
Sentinel-1 assimilation, which resulted in improved irrigation simula
tion compared to model-only simulations.

Addressing the inconsistencies between retrieved and modeled near- 
surface soil moisture in data assimilation poses significant challenges. 
Alternatively, directly assimilating Sentinel-1 backscatter observations 
via a calibrated observation operator might allow for better disen
tangling of the combined soil moisture and vegetation information, 
either by updating soil moisture alone (De Lannoy et al., 2024) or by 
simultaneously updating soil moisture and vegetation (Modanesi et al., 
2022; Bechtold et al., 2023; de Roos et al., 2024); so far, positive impacts 
have only been reported for soil moisture. In these studies, the WCM 
(section 3) was employed as the observation operator, calibrated for 
each grid cell using modeled soil moisture and vegetation data as inputs. 
However, vegetation structure violates the “water cloud” assumption of 
the WCM (Schlund and Erasmi, 2020), which prompted the exploration 
of machine learning-based observation operators such as Support Vector 
Regression (SVR). Using SVR as the observation operator achieved 
closer fits between the simulated and observed backscatter but ulti
mately did not yield more accurate soil moisture assimilation estimates 
(Rains et al., 2021; de Roos et al., 2023).

Finally, another key limitation affecting the impact of Sentinel-1 
observations in data assimilation studies is their relatively low tempo
ral resolution compared to coarse-scale alternatives like ASCAT. A po
tential solution is to jointly assimilate observations from, say, Sentinel-1, 
ASCAT, and NISAR. Such multi-sensor assimilation will allow more 
frequent updates and thus benefit applications that critically depend on 
high-frequency observations like irrigation modeling (Rabiei et al., 
2021; Jalilvand et al., 2023; Busschaert et al., 2024) and flood fore
casting for small, fast-responding basins (Azimi et al., 2020).

8. Estimating root-zone soil moisture from Sentinel-1 
observations

A key objective in many soil moisture assimilation applications, 
including most of the aforementioned Sentinel-1 assimilation studies 
(see section 7), is to improve knowledge of soil moisture in the top ~100 
cm of the soil, which is often referred to as “root-zone” soil moisture. 
Knowledge of root-zone soil moisture is critical for applications such as 
estimating evapotranspiration and irrigation, for predicting crop 
growth, and for monitoring and forecasting runoff generation and sub
sequent flooding hazards (Mao et al., 2019).

Root-zone soil moisture estimates have been obtained from Sentinel- 
1 near-surface soil moisture in different ways. Applying an exponential 
filter to near-surface soil moisture (Wagner et al., 1999b; Albergel et al., 
2008) can yield a crude estimate of root-zone soil moisture, given an 
appropriate filtering time scale. In fact, Cenci et al. (2017b) have applied 
such an exponential filter before assimilating the Sentinel-1 observa
tions into their hydrological model, whose only soil moisture prognostic 
variable is a “root-zone saturation degree”.

Several of the aforementioned Sentinel-1 near-surface soil moisture 
assimilation studies have used land surface models with multiple soil 
moisture layers, including the NASA Catchment model (Lievens et al., 
2017a), Noah-MP (e.g., Bechtold et al., 2023), the Variable Infiltration 
Capacity (VIC) model (Jalilvand et al., 2023), and ISBA (Rojas-Munoz 
et al., 2023). In these studies, an observation operator relates the 
assimilated Sentinel-1 near-surface soil moisture or backscatter to the 
simulated near-surface soil moisture for computation of the observation- 
minus-forecast differences that drive the soil moisture analysis. The 
analyzed state vector can then consist of just the model near-surface soil 
moisture variable (e.g., De Lannoy et al., 2024; de Roos et al., 2024), 
along with other variables such as vegetation. In this case, information 
from the assimilated Sentinel-1 observations gets propagated to the 
deeper soil moisture layers via the model physics in subsequent model 
time steps. More commonly, several of the soil moisture layers of the 
model are included in the analysis update (e.g., Lievens et al., 2017a; 
Modanesi et al., 2022; Bechtold et al., 2023; Rojas-Munoz et al., 2023). 
In this case, the analysis increments are proportional to diagnosed or 
prescribed error cross-correlations between the near-surface and deeper- 
layer soil moisture. In both cases, the success of propagating the 
observational information from the near-surface to deeper layers de
pends on the strength of the coupling between the near-surface and 
deeper layers in nature and in the land surface model (Kumar et al., 
2009; Chen et al., 2011).

While the assimilation of Sentinel-1 observations generally improves 
the simulated near-surface soil moisture (section 7), results for the root- 
zone soil moisture have been mixed. For instance, Lievens et al. (2017a)
and Rojas-Munoz et al. (2023) report that the assimilation of Sentinel-1 
backscatter observations alone had a mostly neutral or small impact on 
root-zone soil moisture estimates. These results stand in contrast with 
the improvements in root-zone soil moisture from the assimilation of 
SMAP brightness temperature observations (e.g., Reichle et al., 2021), 
and from the joint assimilation of Sentinel-1 observations and SMAP 
brightness temperature observations (Lievens et al., 2017a) or LAI ob
servations (Rojas-Munoz et al., 2023).

9. Sentinel-1 soil moisture in action: contribution to hydrology

Soil moisture is a key variable in the partitioning of water fluxes (e. 
g., precipitation, evaporation and infiltration) between the atmosphere 
and the land surface, making it essential for hydrological applications 
such as flood forecasting, drought monitoring and water resources 
management. The Sentinel-1 satellite mission has provided the first 
comprehensive dataset of near-surface soil moisture at high resolution in 
both time and space, enabling a wide range of new applications in hy
drology, agriculture, and disaster risk management (e.g., Brocca et al., 
2023a). Table 3 offers a summary of existing Sentinel-1-derived soil 
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moisture products and their spatial resolution, temporal extent, and 
notable references. The open-source tools provided in Table 4 also uti
lize Sentinel-1’s SAR capabilities to provide valuable soil moisture in
formation for various applications, including hydrological modeling, 
agriculture, and climate studies.

One of the potential key emerging applications of Sentinel-1 near- 
surface soil moisture data is (flash) flood forecasting for small basins 
(Cenci et al., 2017a). Although this field is still developing, early studies 
have demonstrated the potential of Sentinel-1 near-surface soil moisture 
to improve hydrological modelling and flood predictions. Azimi et al. 
(2020) found that the relatively high spatial resolution of Sentinel-1 is 
not enough on its own for improving flood forecasting in small basins, as 
the temporal resolution is even more important than spatial resolution 
to track the fast changes in precipitation and runoff for these basins. 
Bechtold et al. (2023) demonstrated that the assimilation of Sentinel-1 
near-surface soil moisture is beneficial in catchments with strong soil 
moisture–runoff coupling, as also obtained in earlier assimilation studies 
with coarse resolution soil moisture data (e.g., Brocca et al., 2010). 
Alfieri et al. (2021) used several high-resolution satellite products for 
improving flood prediction in a large river basin in Italy (Po River, 
70000 km2). The use of Sentinel-1 near-surface soil moisture was found 
to have a limited impact on the simulations with a slight reduction in the 
modelling performance— Kling Gupta Efficiency (KGE) reduction of 
6%—while precipitation was found to be the variable with the greatest 
impact on flood prediction with changes in the KGE performance of up 
to 30%. Therefore, the use of Sentinel-1 near-surface soil moisture for 
improving precipitation (e.g., Filippucci et al., 2022) may be the best 
solution to maximize the impact of such observations for flood predic
tion (see e.g., Massari et al., 2018).

Another major area of application is the detection and quantification 
of irrigation. Numerous studies have leveraged Sentinel-1 near-surface 
soil moisture data to map irrigation activities (e.g., Dari et al., 2022; 
Elwan et al., 2022) and to estimate irrigation water use (e.g., Modanesi 
et al., 2022; Dari et al., 2023a; Zappa et al., 2024), providing valuable 
insights for water resource management. For instance, Dari et al. 
(2023a) developed the first high-resolution irrigation water use dataset 
for three regions, being in Italy, Spain and Australia, by inverting the soil 

water balance equation; the dataset is available (Dari et al., 2023b) and 
is being developed for other regions. Modanesi et al. (2022) and Bus
schaert et al. (2024) developed data assimilation frameworks to assess 
the value of Sentinel-1 near-surface soil moisture for improving the land 
surface modelling capabilities to estimating irrigation water use. These 
studies have demonstrated the effectiveness of satellite-derived near- 
surface soil moisture in tracking irrigation dynamics, and the scientific 
community around this topic is growing rapidly with new results and 
applications (see McDermid et al., 2023 for a review).

Beyond these well-established applications, researchers are also 
exploring innovative uses of Sentinel-1 soil moisture data. For instance, 
recent studies have investigated its role in groundwater recharge esti
mation (Dari et al., 2025), landslide susceptibility assessment (Brocca 
et al., 2023b), and post-fire landscape analysis (Brocca et al., 2024). 
These novel applications highlight the expanding utility of Sentinel-1 
near-surface soil moisture data in environmental and geophysical 
research. As the scientific community continues to explore and refine the 
use of Sentinel-1 soil moisture data, its contributions to hydrology, 
agriculture, and disaster risk management are expected to grow, making 
it an invaluable resource for both research and operational applications.

Despite the encouraging advances mentioned above, the global 
scalability of Sentinel-1 near-surface soil moisture applications is still 
impeded for several reasons. In arid and sandy environments, the low 
dielectric contrast between dry soil and surface roughness reduces the 
sensitivity of backscattering, which complicates near-surface soil mois
ture retrieval (El Hajj et al., 2018). In dense forests or situations 

Table 3 
Sentinel-1-based near-surface soil moisture products

Product 
Name

Description Spatial 
Resolution

Temporal 
Coverage

Reference

Copernicus 
Global Soil 
Moisture

Provides global 
soil moisture data 
derived from 
Sentinel-1 SAR 
data, offering 
information on the 
relative water 
content in the soil.

1 km for 
Europe and 
12.5 km for 
globe

2007 to 
present

Copernicus 
Land 
Monitoring 
Service

SMAP/ 
Sentinel-1 
Soil 
Moisture

Combines SMAP 
radiometer 
observations with 
Sentinel-1 radar 
backscatter data to 
produce global soil 
moisture maps at 
higher spatial 
resolutions.

1 km and 3 
km

March 
2015 to 
present

(Das et al., 
2020)

Sentinel-1 
Surface 
Soil 
Moisture

Demonstrates 
Sentinel-1’s 
capability to 
support systematic 
surface soil 
moisture product 
generation at high 
resolution.

1km 2015-2018
(Balenzano 
et al., 2021b)

Table 4 
Open access tools for retrieving near-surface soil moisture from Sentinel-1 data

Tool name Description Access link

INSAR4SM

A tool leveraging InSAR 
coherence for soil moisture 
estimation using Sentinel-1 
data.

GitHub - INSAR4SM

Soil_Moisture
A Python-based tool for 
estimating soil moisture 
using Sentinel-1 data.

GitHub - Soil_Moisture

PySMM
A Python package for soil 
moisture mapping from 
Sentinel-1 data.

PySMM Documentation

ESA SNAP software

The official and freely 
available ESA SNAP 
software providing multiple 
toolboxes, one specifically 
for Sentinel, where 
processing chains for soil 
moisture estimation are 
implemented.

STEP - SCIENTIFIC 
TOOLBOX 
EXPLOITATION 
PLATFORM

SNAPISTA
A GPT wrapper for Python to 
use SNAP in Python. GitHub - Soil_Moisture

mlhrsm

An open-sourced R package, 
which can be used to 
generate Machine Learning- 
based high-resolution (30 to 
500 m, daily to monthly) soil 
moisture maps across the 
contiguous USA at 0–5 cm 
and 0–1 m using Sentinel-1 
SAR data as input

GitHub - MLHRSM

(Peng et al., 2024)

S2MP (Sentinel-1/ 
Sentinel-2-Derived 
Soil Moisture 
Product) algorithm

An algorithm to retrieve SM 
at the surface at the 
agricultural plot scale using 
the Sentinel-1 
backscattering coefficients 
and Sentinel-2 NDVI, as 
input variables of a neural 
classifier trained on 
simulations of the Water 
Cloud Model.

Available upon request 
from authors  

(Madelon et al., 2023)
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involving strong vegetation dynamics, canopy scattering typically 
dominates the SAR signal, obscuring the contribution of the soil and 
causing significant uncertainty (Lievens et al., 2017a). Variations in 
acquisition modes, incidence angles, and data gaps due to priority ac
quisitions further complicate the generation of consistent global prod
ucts. These limitations highlight the importance of regional calibration, 
assimilation of multiple sensors, and ongoing methodological develop
ment to improve the robustness of Sentinel-1 near-surface soil moisture 
retrievals in different environmental contexts.

10. Soil moisture retrieval: shortcomings and way forward

Near-surface soil moisture retrieval from Sentinel-1 data has made 
tremendous progress in the decade since the Sentinel-1 launch, but 
challenges remain that warrant further investigation and innovation. 
This section highlights some of the important limitations and suggests 
several ways to improve the accuracy, robustness, and applicability of 
near-surface soil moisture retrieval methods.

10.1. Vegetation- and surface roughness-related challenges and 
opportunities

Vegetation (biomass, moisture & structure) and surface roughness 
are the main factors that complicate near-surface soil moisture retrieval 
(Kim et al., 2012b; Kim et al., 2018; Benninga et al., 2022). While 
retrieval methods, including physically based scattering models, change 
detection, and even AI methods, attempt to compensate for this, their 
efficacy is often insufficient. Vegetation water content, canopy struc
ture, and biomass density alter the radar backscatter, making it difficult 
to decouple the near-surface soil moisture signal from these other signals 
(Kim et al., 2018). In addition, seasonal changes and intermittent growth 
cycles make it difficult to recover the soil moisture signal (Vreugdenhil 
et al., 2016), especially in agricultural areas (Rojas-Munoz et al., 2023).

Prevailing vegetation conditions play a central role in the accuracy of 
soil moisture determination (Bao et al., 2018; Benninga et al., 2019; Ma 
et al., 2020), thus requiring further exploration in future research ini
tiatives, ideally focused on single biomes. State-of-the-art research rec
ognizes the difficulties posed by the uncertainties associated with 
vegetation, particularly in the context of physically based models. 
Future research efforts should focus on fine-tuning parameterizations 
and model structures to better capture the intricate scattering in
teractions between vegetation and soil dynamics. Recent advances on 
exact modeling of scattering from vegetation will provide a guide (Jeong 
et al., 2025). More specifically, diversity in vegetation type, density, and 
structure may contribute to differences in scattering model performance 
and soil moisture retrievals. However, exploring how the variability 
across each region contributes to differences in land cover is likely to be 
beneficial in increasing model accuracy in heterogeneous areas. Other 
confounding factors, such as intercepted water on leaves (rain & dew), 
are important to understand and incorporate to avoid misinterpretation 
and spurious artifacts in the retrieval of near-surface soil moisture and 
vegetation parameters (Vermunt et al., 2022). Researching innovative 
remote sensing methods capable of deciphering the diverse influences of 
different vegetation types on soil moisture measurement is very prom
ising. Polarimetric SAR, especially compact polarimetry, can provide 
extra information about vegetation structure and water content and help 
to improve accuracy in near-surface soil moisture retrieval by differen
tiating between soil and vegetation signals more clearly. By carefully 
elucidating the subtleties of the influence of vegetation, future research 
will be able to drive the development of more refined correction 
mechanisms and thus improve the reliability of the retrieval. Moreover, 
the integration of optical, SAR and passive microwave data (e.g., SMAP, 
SMOS) may allow for a more thorough evaluation of the effect of 
vegetation versus near-surface soil moisture by allowing for better 
partitioning of the effects in heterogeneous landscapes.

Another long-standing difficulty with C-band SAR near-surface soil 

moisture retrieval is disentangling the contributions of soil moisture and 
surface roughness, since it is difficult to determine which aspect of 
surface backscatter is more sensitive. The classical monostatic radar 
observations, such as those from Sentinel-1, have a poor capacity to 
resolve this ambiguity. Previous research found that bistatic radar 
configurations, such as forward scattering observations, could weaken 
the impact of surface roughness and enhance the influence of soil 
moisture on the backscattering signal (Zeng et al., 2016; Zeng and Chen, 
2018). These results indicate that new observation modes (e.g., bistatic 
radar) could be a viable approach for improving the retrieval accuracy of 
soil moisture at C-band.

Complementary strategies are also being developed through the 
integration of multiple C- and L-band SAR orbital missions. L-band has a 
greater ability to penetrate vegetation for near-surface soil moisture 
retrieval. Consequently, future missions like ROSE-L, in combination 
with Sentinel-1, will enhance near-surface soil moisture monitoring by 
extending its coverage both temporally and spatially to vegetated 
regions.

Further research may consider complementary aspects in observa
tion geometries (e.g., mono and bistatic) and SAR frequencies to retrieve 
a suite of surface variables, such as near-surface soil moisture, roughness 
and vegetation water content products.

10.2. Multi-sensor and multi-SAR fusion and benchmarking

Near-surface soil moisture effects are also difficult to separate from 
other effects due to the limited single-frequency nature of Sentinel-1 
SAR observations (Baghdadi et al., 2011). Retrieval accuracy can be 
improved by a multi-frequency SAR data set (Zhang et al., 2018), e.g. by 
combining Sentinel-1 observations with those from recent and up
coming SAR missions such as NISAR and ROSE-L (L-band) or BIOMASS 
(P-band). In addition, existing retrieval models are based on assump
tions that do not always hold in real-world conditions, which can lead to 
false positives. Consequently, many models assume homogeneous soil 
roughness over large areas, whereas roughness is actually quite het
erogeneous in space, and varies significantly in intensity and distribu
tion, because of agricultural activity or natural surface heterogeneity. 
Such misrepresentation can lead to retrieval algorithms ascribing the 
variations in backscatter as a change in near-surface soil moisture con
tent instead of surface roughness effects (Oh et al., 1992). Furthermore, 
physics-based models rely on accurate surface parameter inputs, e.g. for 
soil roughness and vegetation amount (Zhu et al., 2020), which are not 
necessarily available at fine spatial resolutions, though they could be 
estimated (Zribi et al., 2008; Kim et al., 2018).

Despite the progress made with Sentinel-1C, the ~6-day revisit in
terval of Sentinel-1 observations is still too infrequent to capture rapid 
changes in soil moisture (McNairn et al., 2015; Benninga et al., 2022), 
especially due to highly variable processes such as irrigation or extreme 
weather events. High-resolution retrievals (~1 km or finer) are critical 
for local applications, but noise and inconsistencies also become 
apparent at these finer scales, especially over heterogeneous landscapes 
(Mengen et al., 2023). To overcome these limitations, new ideas such as 
Medium Earth Orbit SAR (MEO-SAR) missions (Matar et al., 2019), e.g. 
HydroTerra+, have been proposed. This system will allow more 
frequent observations to be made with high spatial resolution, poten
tially covering the globe on a daily basis (Fischer et al., 2024). This high 
temporal sampling can play a key role in facilitating the retrieval of 
rapid moisture dynamics and thus contribute significantly to near- 
surface soil moisture retrieval performance.

Building on the advantages of combining near-surface soil observa
tions to overcome the limitations of using a single sensor to retrieve 
near-surface soil moisture, future research should further develop pre
vious initiatives to jointly analyze Sentinel-1 data with data from other 
sensors. These include passive microwave missions (e.g., SMAP, SMOS, 
and CIMR), optical sensors (e.g., Sentinel-2, MODIS, and EnMAP), and 
thermal infrared sensors (e.g., Sentinel-3, ECOSTRESS, Constellation, 
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and the future LSTM mission) (Ojha et al., 2021; Li et al., 2023; Rahmati 
and Montzka, 2024). Multi-sensor fusion allows for vegetation correc
tion and more accurate retrieval under different environmental condi
tions (Kumar et al., 2015). For example, Cui et al. (2022) pointed out the 
challenge of retrieving near-surface soil moisture in agroforestry areas 
based on Sentinel-1 observations alone and found an increased accuracy 
by utilizing both L-band (ALOS-2) and C-band (Sentinel-1) data in 
vegetation-dense landscapes. The integration of optical vegetation 
phenology observations with information on changing vegetation type 
(e.g., due to crop rotation) should be explored as a tool to reduce errors 
in the observation predictions. This should be accompanied by research 
on alternative observation operators to optimally balance between input 
data quality and observation operator complexity. With the develop
ment of technology and increasingly mature machine learning algo
rithms, there is potential to use multi-sensor data in conjunction with 
machine learning frameworks for improved near-surface soil moisture 
estimation.

Focusing on multi-SAR missions would open important research 
avenues, including optimization of ensemble methods tailored to the 
broader context of multi-SAR missions and improved interpolation 
methods that are more precise and allow higher scalability. Multi- 
frequency SAR approaches are clearly effective for improving
retrieved near-surface soil moisture products and are beneficial for 
improving spatial resolution and vegetation characterization. In 
perspective on the future of operational SAR-based soil moisture 
monitoring, the benefits are from the Copernicus SAR strategy, which 
covers the Sentinel-1 Next Generation (S1-NG) missions and the inno
vative potential of upcoming bistatic observations (ESA Harmony mis
sions). Additionally, synergistic multi-frequency capabilities are 
becoming available through the ongoing Sentinel-1 (C-band) and future 
ROSE-L (L-band) missions that complement the past (ALOS PALSAR) 
and present (SAOCOM and ALOS-2) L-band missions.

10.3. Standardisation, uncertainty, and new missions

In the future, three paths seem particularly crucial: 1) Stand
ardisation and benchmarking: Community adoption of common refer
ence datasets (e.g., ISMN, ESA CCI Soil Moisture) to validate algorithms 
against harmonised metrics offers potential for more stringent inter- 
comparison of retrieval systems; 2) Uncertainty-aware retrievals: 
Ensemble-based methods (Zhu et al., 2022a) as well as probabilistic 
frameworks can provide uncertainty bounds rather than a single deter
ministic estimate; and 3) Integration with new missions and cloud-based 
platforms: The emergence of L-band missions such as NISAR and ROSE-L 
will allow merging multi-frequency data, while cloud-based backend 
providers (e.g., Google Earth Engine, Copernicus Data Space Ecosystem) 
provide opportunities of scalable and near-real-time validation work
flows. Together, this will improve the robustness and readiness of 
Sentinel-1 near-surface soil moisture products for ingestion into hy
drological, agricultural, and climate applications.

10.4. Retrievals and data assimilation convergence

Although data assimilation of Sentinel-1 near-surface soil moisture 
retrievals appears advantageous, bias correction and observation-model 
discrepancies are of concern (Modanesi et al., 2022; Bechtold et al., 
2023). Methods to remove bias, such as CDF matching (Cenci et al., 
2017b) or seasonal adjustment (Lievens et al., 2017a), sometimes result 
in the loss of useful information, particularly for identifying irrigation 
effects. The incorporation of Sentinel-1 backscatter rather than a derived 
near-surface soil moisture into land surface models requires a well 
calibrated observation operator, which poses challenges when modeled 
input data, such as soil moisture and vegetation properties, are erro
neous and underlying assumptions of the observation operator (e.g., 
simplified model of scattering process, no interannual variation of 
vegetation type) are violated. Moreover, with the sparse temporal 

coverage of Sentinel-1, an efficient assimilation of its data into contin
uously running (operational) models requires varying update strategies. 
Temporal smoothing strategies, like for the particle batch smoother 
(Jalilvand et al., 2023), could assist, as using a temporal window to 
optimize, rather than just assimilation through time, has been demon
strated to lower/mitigate long-term errors (Dunne and Entekhabi, 2006; 
Margulis et al., 2015) and thus improve soil moisture estimates.

At some level, multi-sensor near-surface soil moisture retrieval al
gorithms and data assimilation methods converge. Retrieval algorithms 
are generally considered as stand-alone inversion methods of scattering 
or radiative transfer model for individual satellite images, while data 
assimilation embeds a dynamic land surface or hydrological model with 
a data assimilation framework to correlate satellite observations across 
time. Both approaches benefit from the combined use of multiple sen
sors: retrieval algorithms profit from added constraints and additional 
environmental corrections, while data assimilation benefits from more 
informative and complementary observational inputs, removing uncer
tainty in near-surface soil moisture estimates over time.

In addition to multi-sensor data fusion, future investigations should 
also focus on the synergistic use of different near-surface soil moisture 
retrieval algorithms applied to identical Sentinel-1 data. A better 
approach would be to implement multi-model (e.g., combination of 
physical-based, semi-empirical, and AI-driven models) averaging or 
developing ensemble approaches that build on the strengths and 
weaknesses of different physics-based, empirical or AI-based inversion 
models that are more robust and accurate. Current developments indi
cate that machine and deep learning algorithms such as RF, SVR, and 
CNN can improve data fusion between Sentinel missions 
(Mkhwenkwana et al., 2025). Further investigation is needed to find 
optimal strategies for combining the outputs from diverse retrieval 
methods across different scenarios.

10.5. Advances in data assimilation methods

New missions (e.g., NASA–ISRO SAR, ROSE-L, RADARSAT Constel
lation Mission, SIASGE constellation, among others) with shorter revisit 
intervals (either considered individually or in combination) will provide 
a unique opportunity to improve soil moisture monitoring (Cenci et al., 
2018). New missions also provide new opportunities for comparing a 
broader range of data merging algorithms, such as improved data 
assimilation approaches, including ensemble-based filtering approaches 
or machine learning-based observational operators, which can improve 
model estimates and reduce prediction uncertainty. A recent review by 
De Lannoy et al. (2022) provides an overview of using data assimilation 
as a tool to merge observations from multiple missions, including soil 
moisture retrievals from Sentinel-1, via multi-variate and multi-sensor 
data assimilation approaches.

Direct assimilation of backscatter data, as opposed to near-surface 
soil moisture retrievals, could provide further benefits by better ac
counting for vegetation and surface roughness effects (Sun et al., 2021). 
To mitigate issues related to the high level of noise in near-surface soil 
moisture retrievals, as well as low temporal repeat, assimilation strate
gies based on data smoothing (Dunne and Entekhabi, 2006; Margulis 
et al., 2015) can be beneficial, by digesting multiple observations over a 
moving window to obtain optimal estimates. Moreover, more sophisti
cated multi-sensor data assimilation methods (e.g., multi-source Kalman 
filtering, four-dimensional variational assimilation methods, etc.) could 
be applied to improve the temporal evolution and spatial coherence of 
the soil moisture estimates. Whether these approaches are harnessed for 
retrieval or assimilation, they will be crucial for the generation of ac
curate, high-resolution soil moisture datasets for hydrological and 
environmental applications. While the Gravity Recovery and Climate 
Experiment (GRACE) satellite mission (Tapley et al., 2004) data has not 
yet been directly combined with Sentinel-1 soil moisture retrievals (to 
our knowledge), the combination of GRACE and Sentinel-1 observations 
could be beneficial for soil moisture estimation at large scales and for 
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hydrologic modelling in the future. This is because GRACE provides a 
mean estimate for total terrestrial water storage (including root-zone 
soil moisture and groundwater) over hundreds of kilometers, while 
Sentinel-1 supplies an instantaneous high-resolution near-surface soil 
moisture observation. Their integration could bridge the temporal and 
spatial scales from local near-surface processes to basin-scale storage, 
and thus increase the constraints in hydrological modelling, drought 
monitoring and groundwater monitoring by jointly observing both near- 
surface dynamics and sub-surface water storage.

10.6. Validation frameworks and operational readiness

For Sentinel-1 near-surface soil moisture retrieval to be widely 
adopted in operational hydrological, agricultural and/or climate 
models, a rigorous validation process is required. A key challenge in this 
context is the spatial scale mismatch between Sentinel-1 retrievals and 
ground-based measurements. Although SAR-derived soil moisture 
generally has a spatial resolution of tens to hundreds of meters, point- 
based ground measurements represent only a few centimeters. This 
difference can lead to large representativeness errors, most notably in 
complex landscapes. Recent investigations have revealed that land cover 
heterogeneity contributes significantly to these errors. Peng et al. (2025)
introduced a novel representativeness measurement for identifying the 
more appropriate sites for validation, thus guaranteeing robustness in 
evaluation frameworks. In parallel, Yu et al. (2025b) provided upscaling 
methods that would enable adding in situ data to footprint scales closer 
to what is used by Sentinel-1, hence lowering the mismatch and leading 
to consequent credible validation results.

The development and expansion of ground-based validation net
works, such as the Global Climate Observing System (GCOS) sites 
(Houghton et al., 2012), citizen science programs (MacPhail and Colla, 
2020), and the ISMN (Dorigo et al., 2021) for in situ data collection can 
further facilitate large-scale validation efforts following CEOS validation 
good practices (Gruber et al., 2020; Montzka et al., 2020). In addition, 
near real-time soil moisture monitoring for decision making can be 
supported by automated cloud-based processing pipelines. Prospec
tively, a set of site representativeness indicators and a reproducible 
upscaling methodology on harmonized protocols among networks 
would be pivotal to having Sentinel-1 near-surface soil moisture prod
ucts validated in a consistent and reliable way. Advances in the vali
dation of techniques are a requirement for their applicability to broader 
hydrological, agricultural and climatic applications.

10.7. Incidence angle dependence and correction methods

A usual requirement when using multi-orbit Sentinel-1 data for near- 
surface soil moisture retrieval is to address both the presence of different 
incidence angles and how they affect the backscattering signal, as a 
traditional incidence angle correction to a reference incidence angle 
(mostly at 40 degree) is not sufficient (Mengen et al., 2023). While 
several attempts have been made to overcome these issues, including 
application of Fourier Series transformation used by Mengen et al. 
(2023), application of AI would be a good compromise here. Accord
ingly, Navacchi et al. (2025) recently presented a probabilistic method 
based on machine learning to estimate the slope of the back
scatter–incidence angle relationship using multiple backscatter statis
tics, providing a promising approach to be followed in the future. 
However, this method needs radiometric terrain-corrected gamma 
nought time series and so may surpass the constraints of limited orbital 
coverage as shown from a case of the Sentinel-1 constellation.

10.8. Accounting for Radio Frequency Interference (RFI)

Radio Frequency Interference (RFI) has been well recognized as a 
critical issue for C-band microwave remote sensing (Njoku et al., 2005). 
Although passive radiometers are the most affected, even active 

missions like Sentinel-1 can be at risk of performance degradation, as 
localized interference can also affect backscatter signals. Recent studies 
have shown that operational RFI monitoring, and suppression is already 
addressed in the Sentinel-1 ground segment (Monti-Guarnieri et al., 
2017; Franceschi et al., 2021; Franceschi et al., 2022). However, the 
residual effect of RFI on near-surface soil moisture retrieval still needs to 
be quantitatively measured with methodological studies for a systematic 
evaluation in data-driven frameworks where even weak noise can 
propagate into model outputs. Integration of RFI into retrieval uncer
tainty frameworks, standardized reporting of RFI mitigation in data 
products, and the opportunity for using AI-based detection algorithms 
are part of a joint effort to further increase the reliability of future soil 
moisture products based on Sentinel-1and upcoming C-band and L-band 
mission potential.

10.9. AI-driven retrievals and hybrid modeling

While AI soil moisture estimation has some advantages, it also has 
certain drawbacks including: 

I. Interpretability: Deep learning models are "black box" models, 
making it difficult to understand how the estimates/results are 
generated compared to physics-based models (Camps-Valls et al., 
2020; Harani et al., 2025). This affects reliability, especially 
when it comes to decision-making. While the ’black box’ nature 
of deep learning models is acknowledged, recent developments in 
explainable AI (XAI), such as SHAP or LIME, may help mitigate 
this issue by interpreting the influence of input features (e.g., 
Mallik et al., 2025).

II. Data-dependence: Large high-quality training data sets are 
required. Geographical particularities and specialties can bias 
these models (Hachani et al., 2019), resulting in inaccurate pre
dictions in locations not included in the training stage. Errors in 
the training data (mismatch in resolution, time gaps, etc.) can 
also lead to errors.

III. Sensitivity: Performance is affected by the design inputs (SAR 
backscatter, vegetation indices, meteorological data). Perfor
mance can also be degraded with noise, cloud contamination, or 
inconsistencies.

IV. Computation: AI is a processor- as well as current-hungry tech
nique and so is not applicable in real-time use or resource- 
constrained environments, which requires a need for efficient 
AI and cloud solutions.

V. Generalization: AI models need to consider soil types, vegeta
tion, topography, and climate. Models are often built and estab
lished locally and do not transfer well, although significant 
progress has been made with transfer learning techniques.

Research into sophisticated machine learning algorithms that are 
precisely tuned to detect and correct vegetation-related biases could also 
prove to be a fruitful avenue. The integration of high-resolution satellite 
datasets, such as the Sentinel-2 imagery, in conjunction with advanced 
spectral indices, offers the opportunity to decipher the nuanced re
lationships between vegetation and soil moisture (Ma et al., 2020; Nega 
et al., 2022). Although traditional statistical methods work well for soil 
moisture retrieval, deep learning approaches, especially CNN and LSTM 
networks (Hegazi et al., 2021; Liu et al., 2021; Rabiei et al., 2021; Wang 
et al., 2023a; Wu et al., 2024), can better capture the complexity of the 
non-linear relationships that exist between SAR backscatter, vegetation 
dynamics, and soil properties. Machine-learning models (e.g. neural 
networks or deep learning) may be capable of disentangling non-linear 
and complex vegetation and soil interactions, whilst also utilizing large, 
multi-sensor datasets for high precision soil moisture retrievals that are 
tailored to specific regions.

The transfer learning approaches, which involve pre-training on 
large global datasets and then fine-tuning for a more regional 
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application, could mitigate the challenges of data scarcity (Hemmati and 
Sahebi, 2024). Therefore, further development of these techniques is a 
promising path forward. Conversely, retrieval errors can potentially be 
reduced by using improved scattering models that explicitly account for 
the effects of vegetation and surface roughness. Here, the combination of 
numerical solutions of Maxwell’s equations and AI-based methods can 
lead to a hybrid (physics-based AI) modeling framework that retains 
some of the computational efficiency of the latter while maintaining the 
physical interpretability of the former. Hybrid (physics-based AI) 
modeling frameworks play an important role in enhancing both the 
accuracy and interpretability of near-surface soil moisture retrieval and 
have great potential for near real-time availability. AI-based method 
possesses computational efficiency and, when merged properly with the 
complexity of physical models, could establish faster processing chains 
capable of managing the large volumes of Sentinel-1 data with a reduced 
time-lag. This development is essential for operational applications 
where timely information about soil moisture is needed, such as flood 
forecasting, agricultural monitoring, and drought assessment. This is 
because the rapid availability of data is crucial. In addition, adaptive 
semi-empirical models that are dynamically updated by AI based on 
environmental conditions can better support retrieval performance. 
Furthermore, in developing an approach for advancing near-surface soil 
moisture retrieval from Sentinel-1, exploring synergistic pathways that 
leverage the strengths of existing methods while overcoming their 
inherent limitations is imperative. The complicated nature of soil 
moisture dynamics requires a comprehensive paradigm that integrates 
the effectiveness of short-term change detection, physics-based scat
tering models, and AI-based methods. By merging these different ap
proaches, a more comprehensive understanding of soil moisture 
variability can be achieved, leading to higher precision and reliability of 
results. Additionally, linking retrieval approaches with hydrological 
modeling may offer helpful physical parameters that constrain retrievals 
to reasonable hydrological ranges, improving overall accuracy and 
robustness. However, careful consideration is required not to let model- 
based constraints overwhelm the advantages of retrievals driven entirely 
by observations, especially where processes such as irrigation or human 
management actions are absent or poorly represented in the model.

10.10. Large Language Models for soil moisture retrieval

Soil moisture retrieval using Large Language Models (LLMs) is an 
interesting approach to AI-based algorithms that should be explored; 
however, the challenges associated with training data availability and 
physics-based relationships should also be considered. Although the use 
of LLMs may improve the processing of data, interpretation and 
modeling accuracy through aggregating varied geospatial, meteoro
logical, and historical datasets to enable automated information 
extraction and model improvement (Miao et al., 2024), the most rele
vant limitation centers on the availability of suitable large language- 
based training datasets for establishing direct connections between 
soil moisture and optical-based or other remotely sensed observations or 
auxiliary variables. However, since Sentinel-1 has provided a decade of 
SAR observations, the synergy between LLMs and microwave-based 
retrieval models might be a promising pathway to better account for 
uncertainties, integrate auxiliary data sources (e.g., Sentinel-2, in situ 
sensors), and refine soil moisture predictions in diverse environmental 
conditions. Beyond their use for static data aggregation and integration 
across heterogeneous datasets, LLMs are poised to revolutionize active 
learning-based near-surface soil moisture retrieval by dynamically 
adjusting the model’s parameters based on real-time data assimilation. 
As AI-driven soil moisture inversion models evolve, integrating LLMs 
with ensemble learning, physically based inversion methods, and geo
spatial data fusion techniques will play a pivotal role in enhancing near- 
surface soil moisture retrieval accuracy, scalability, and real-world 
applicability.

11. Conclusion

A decade of Sentinel-1-based retrieval of near-surface soil moisture 
has established a solid foundation for application maturity, fostered by 
Copernicus’ open data policy. However, substantial research re
quirements remain, particularly the need to overcome challenges asso
ciated with vegetation effects, model errors, and data assimilation 
inconsistencies. Future SAR-based near-surface soil moisture retrievals 
should focus on multi-sensor integration, AI-assisted near-surface 
retrieval algorithms, and higher temporal resolution. These products 
would not only supersede current capabilities by virtue of their detail 
and resolution, but with improved retrieval methods and the evolving 
capabilities of remote sensing, would also be verified, operationally 
useful and beneficial for a variety of global applications.

Lessons from past research emphasize the importance of accounting 
for vegetation-induced retrieval errors, enhancing model parameteri
zation, and optimizing inter-sensor synergy. Vegetation also complicates 
backscatter interpretation, requiring future retrieval efforts to focus on 
dynamic correction mechanisms such as using optical indices, polari
metric SAR and AI-enhanced models which may evolve based on sea
sonal vegetative patterns. Additionally, enhancing the representation of 
soil roughness and multi-frequency SAR approaches are vital for 
improving the accuracy of the retrieval, especially in non-homogeneous 
landscapes. While SAR-based near-surface soil moisture monitoring is a 
valuable measure, to reach its full potential, development efforts must at 
least be directed towards integrative frameworks encompassing various 
environments, guarantee robust retrievals in difficult environments. 
Beyond traditional backscatter-based approaches, novel methods 
exploiting InSAR-derived coherence and phase closure offer further 
opportunities for near-surface soil moisture retrieval, especially in arid 
and semi-arid areas where those interferometric observables exhibit 
significant sensitivity to moisture changes.

New advancements in AI, specifically deep learning and LLMs, pro
vide a disruptive paradigm shift for near-surface soil moisture retrieval. 
AI-based methods, although allowing complex, non-linear relationships 
between soil properties, vegetation, and meteorological conditions to be 
captured, are also subject to interpretability, computational efficiency, 
and data dependency challenges/issues. A hybrid modeling framework 
that balances the strengths of physics-based models and AI-driven 
retrieval techniques should be explored further in future research. 
Transfer learning and self-supervised learning approaches could also 
help reduce regional biases by allowing retrieval models to generalize 
across different attributes and regions.

Besides methodological improvements, the operationalization of 
near-surface soil moisture retrieval will demand deeper investigations 
into data assimilation strategies and validation frameworks. In missions 
like NISAR, ROSE-L, or Hydroterra+, the temporal resolution of SAR 
observations will improve, allowing better tracking of rapid moisture 
dynamics due to extreme weather and agricultural practices (e.g., irri
gation). Additionally, AI-defined assimilation methods and hybrid 
retrieval methods that combine physics-based methods with deep 
learning solutions may dispense exciting potentials for propelling 
retrieval data uncertainty. This will further facilitate the integration of 
Sentinel-1-based soil moisture products into hydrological forecasting, 
agricultural management, and climate monitoring through methods 
such as standardized validation networks, citizen science approaches, 
and real-time processing pipelines. Reinforcing research with close 
cooperation among space agencies, academic researchers and industry 
stakeholders is necessary to bring SAR-based near-surface soil moisture 
retrieval as close to operational implementation as possible. The use of 
SAR interferometric techniques, in conjunction with backscatter 
methods, may improve retrievals by reducing ambiguities in near- 
surface soil moisture estimation, particularly with the growing avail
ability of L-band SAR data from future missions.
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downscaling of medium resolution soil moisture using Sentinel-1 data over 
agricultural fields. IEEE J. Select. Top. Appl. Earth Observat. Remote Sens. 17, 
15463–15479.

Wickel, A., Jackson, T., Wood, E.F., 2001. Multitemporal monitoring of soil moisture 
with RADARSAT SAR during the 1997 Southern Great Plains hydrology experiment. 
Int. J. Remote Sens. 22, 1571–1583.

Wig, E., Michaelides, R., Zebker, H., 2024. Fine-resolution measurement of soil moisture 
from cumulative InSAR closure phase. IEEE Trans. Geosci. Remote Sens. 62, 1–15.

Wu, T.-D., Chen, K.-S., 2004. A reappraisal of the validity of the IEM model for 
backscattering from rough surfaces. IEEE Trans. Geosci. Remote Sens. 42, 743–753.

Wu, S., Zhao, T., Pan, J., Xue, H., Zhao, L., Shi, J., 2022. Improvement in modeling soil 
dielectric properties during freeze-thaw transitions. IEEE Geosci. Remote Sens. Lett. 
19, 1–5.

Wu, Z., Cui, N., Zhang, W., Liu, C., Jin, X., Gong, D., Xing, L., Zhao, L., Wen, S., Yang, Y., 
2024. Estimating soil moisture content in citrus orchards using multi-temporal 
sentinel-1A data-based LSTM and PSO-LSTM models. J. Hydrol. 637, 131336.

Xie, Q., Jia, L., Menenti, M., Hu, G., 2022. Global soil moisture data fusion by Triple 
Collocation Analysis from 2011 to 2018. Sci Data 9, 687.

Xie, Y., Cui, G., Zheng, K., Tang, G., 2025. Integrating Sentinel-1 SAR and Machine 
Learning Models for Optimal Soil Moisture Sensor Placement at Catchment Scale. 
Remote Sens 17, 2330.
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