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1 Introduction

Soil moisture is a critical variable in the hydrological cycle, affecting plant growth, weather
patterns, and climate systems (Karthikeyan et al., 2017; Pauwels and De Lannoy, 2006;
Seneviratne et al., 2010). Soil moisture refers to the amount of water contained within the soil's
unsaturated zone, typically measured as a volumetric or gravimetric ratio (Al-Yaari et al., 2014).
It plays a pivotal role in determining the soil's ability to support vegetation, manage water
resources, and interact with the atmosphere. Accurate soil moisture estimation is essential for
optimizing agricultural productivity, managing water resources, and predicting climatic conditions

(Karthikeyan et al., 2020; Massari et al., 2018; Scipal et al., 2008).

Traditional in-situ methods of measuring soil moisture, while accurate at small scales, are labor-
intensive and limited in spatial coverage (Lekshmi et al., 2014). Consequently, remote sensing
technologies have emerged as powerful tools for estimating soil moisture over large areas and
varying environmental conditions. In regions like Wallonia in Belgium, where the landscape
features a complex mix of soil types with different natural drainage and vegetation cover, the need
for reliable and accurate soil moisture data is particularly acute (Wallonie Service Public SPW,
2023). Such variability poses significant challenges for both agricultural management and

environmental monitoring, highlighting the importance of advanced remote sensing techniques.

The journey of remote sensing for soil moisture estimation began with satellite missions like
National Aeronautics and Space Administration (NASA)’s Landsat in the 1970s, which primarily
relied on optical imagery. These early missions provided valuable data but were limited by their
dependence on clear skies and daylight conditions. Over the years, advancements in microwave
sensing, particularly with the launch of the Soil Moisture and Ocean Salinity (SMOS) satellite in
2009 and NASA’s Soil Moisture Active Passive (SMAP) mission in 2015, have revolutionized our
ability to measure soil moisture from space. These missions have enabled continuous, global data
collection, significantly improving the accuracy and temporal resolution of soil moisture estimates

across diverse landscapes (Entekhabi et al., 2010).

Today, a variety of remote sensing techniques have been developed to improve the accuracy and

efficiency of soil moisture estimation. These include microwave-based methods, such as Synthetic
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Aperture Radar (SAR) (Bauer-Marschallinger et al., 2018) and Ground Penetrating Radar (GPR)
(Klotzsche et al., 2018), as well as optical and thermal remote sensing approaches (Zhang and
Zhou, 2016). Each of these methods offers unique advantages and faces specific challenges,
particularly in accounting for factors like vegetation cover, surface roughness, and atmospheric
conditions (Jagdhuber et al., 2012). The integration of data from multiple sensors, including optical
and thermal, remains a critical area for improving estimation accuracy across different scales and

conditions (Zhao et al., 2021).

Despite their potential, each remote sensing method encounters unique challenges. For instance,
SAR is highly sensitive to surface roughness and vegetation cover, which can obscure the true soil
moisture signal (Tsang et al., 2022). The presence of dense vegetation can cause signal attenuation,
leading to underestimation of soil moisture levels. Optical and thermal methods, while valuable
for their ability to capture surface temperature and reflectance, are often hampered by cloud cover
and atmospheric interference, which can lead to gaps in data and reduced accuracy (Walker et al.,
2004). These challenges necessitate the development of sophisticated algorithms and the

integration of multi-sensor data to enhance soil moisture estimation accuracy.

While substantial progress has been made in developing algorithms for soil moisture estimation
using remote sensing, there remains a critical need for comprehensive studies that benchmark these
methodologies against highly accurate ground-based measurements, such as those obtained from
GPR. Previous studies have primarily focused on algorithm development for individual remote
sensing technologies, often without rigorous validation against in-situ data (Karthikeyan et al.,
2020). This has led to discrepancies in soil moisture estimates, particularly in regions with complex
terrain or varying vegetation cover. By comparing remote sensing estimates with ground-based
measurements, this research aims to address this critical gap, ensuring that soil moisture

monitoring systems can be trusted across different environmental settings (Li et al., 2019).

In this context, this master thesis aims to provide valuable insights into the strengths and
limitations of two remote sensing approaches, contributing to the development of more accurate
and integrated soil moisture monitoring systems. The findings will have practical applications in
agriculture, water management, and environmental monitoring, supporting efforts to mitigate the

impacts of climate change and enhance sustainable resource use.



2 Literature Review

This Section provides a comprehensive overview of the current state-of-the-art knowledge in soil
moisture estimation techniques using remote sensing methods. Sub-Section 2.1 describes the
fundamental aspects of soil moisture estimation. Sub-Section 2.2 delves into the estimation of soil
moisture using Ground Penetrating Radar (GPR) data, discussing both the physical principles and
practical applications. Sub-Section 2.3 examines soil moisture estimation using Synthetic Aperture
Radar (SAR) data, covering synergetic techniques, polarimetric scattering power decomposition,
data-driven approaches, and change detection methods. Additionally, Sub-Section 2.4 explores the
use of optical and thermal data in soil moisture estimation, with a specific focus on the

Temperature-Vegetation Dryness Index.

2.1 Fundamentals of Soil Moisture Estimation

Soil moisture estimation is a crucial aspect in fields such as agriculture, hydrology, and climate
science (Robinson et al., 2008). It refers to the moisture contained in the unsaturated soil zone with
a volumetric or gravimetric basis (Al-Yaari et al., 2014), which affects plant growth, soil
properties, and atmospheric conditions. Accurate estimation of soil moisture is essential for
effective water resource management, crop production, and environmental monitoring (Susha
Lekshmi et al., 2014). Soil moisture plays a critical role in several processes, including determining
irrigation requirements, influencing surface runoff, and affecting land-atmosphere interactions.
Understanding and managing soil moisture is essential for optimizing agricultural productivity,

managing water resources, and modeling weather and climate.

The increasing importance of soil moisture is highlighted in the context of climate change and
drought. As Berg and Sheftield (2018) discuss, soil moisture is a key state variable of the land
surface, reflecting complex interactions between the water, energy, and carbon cycles. They
emphasize that soil moisture deficits, indicative of drought conditions, are becoming more critical
to study due to global warming and its impact on ecosystems. According to Babaeian et al. (2019),
soil moisture information is vital for forecasting weather and climate variability, predicting and
monitoring drought conditions, managing and allocating water resources, and improving

agricultural plant production. The ability to monitor soil moisture dynamics at various spatial and



temporal scales has greatly enhanced our understanding of critical zone moisture dynamics,

promoting sustainable environmental development and food security.

Soil moisture can be estimated through various methods, broadly classified into direct and indirect
techniques (Lekshmi et al., 2014). Direct methods involve measuring soil moisture by extracting
and analyzing soil samples, having its most common as the gravimetric and the volumetric
methods. Indirect methods estimate soil moisture using sensors and remote sensing technologies,
providing continuous and non-destructive measurements (Carlson et al., 1995). Capacitance
sensors measure the dielectric constant of the soil, which changes with soil moisture (Gardner et
al., 1998). These sensors are placed in the soil and provide continuous data, though they require
calibration and can be affected by soil type and temperature variations. Another indirect method is
Time Domain Reflectometry (TDR), where sensors send an electromagnetic pulse through the soil
and measure the travel time, influenced by soil moisture (Cerny, 2009). This method is highly
accurate and suitable for various soil types, though it requires technical expertise. However, with
the availability of low-cost sensors today, it has become more accessible. Neutron probes are
another indirect method, involving a probe emitting fast neutrons into the soil (Franz et al., 2015).
The neutrons slow down when they collide with hydrogen atoms, and the probe counts the slow
neutrons, providing accurate readings. However, neutron probes are costly, require calibration, and

involve handling radioactive materials.

Remote sensing technologies, such as satellite and aerial methods, estimate soil moisture over large
areas. Optical and thermal infrared remote sensing methods measure surface reflectance and
temperature, which can be related to soil moisture through empirical models (Zhang et al., 2016).
However, these methods only provide surface moisture information and are affected by vegetation
cover and atmospheric conditions (Lekshmi et al., 2014). Microwave remote sensing, using active
(radar) and passive (radiometer) sensors, penetrates the soil surface and provides data on soil
moisture, making it suitable for all-weather, day-and-night observations. Despite their advantages,

these methods require complex processing and calibration (Das and Paul, 2015).

The significant advancements in microwave satellite soil moisture retrieval over the past four
decades, focusing on both passive and active microwave sensors, are highlighted by Karthikeyan

et al. (2017). Passive microwave sensors, such as radiometers, measure the naturally emitted

4



energy from the Earth's surface, while active sensors, like radar, transmit microwave signals and
measure the backscattered signal. These microwave measurements are sensitive to the soil's
dielectric properties, which vary with soil moisture. The development of retrieval algorithms has
facilitated the extraction of soil moisture information from these measurements, accounting for

factors such as surface roughness, vegetation cover, and atmospheric effects.

The review by Karthikeyan et al. (2017) emphasizes the importance of accurate retrieval
algorithms in enhancing the precision of soil moisture estimations. These algorithms use physical
models, semi-empirical models, and empirical models to relate the microwave signals to soil
moisture. Physical models, such as the Integral Equation Model (IEM), simulate the backscatter
coefficients based on the soil dielectric constant, surface roughness, and sensor characteristics.
Semi-empirical models simplify these physical models by calibrating roughness effects, while
empirical models derive direct relationships between backscatter coefficients and soil moisture
based on experimental data. Amongst empirical models, those based on Al e.g., using Deep Neural

Networks, are also proposed.

In recent years, remote sensing technologies have significantly advanced, enhancing the accuracy
and applicability of soil moisture estimation (L1 et al., 2021). According to Zhao et al. (2021), soil
moisture is a critical parameter for understanding interactions and feedback between the
atmosphere and the Earth's surface through energy and water cycles. The spatiotemporal
distribution of soil moisture has long been a challenge for the remote sensing community, but
advancements in electromagnetic spectrum analysis, from optical/thermal to microwave regions,
have provided numerous algorithms, models, and products for practical applications. Despite these
advancements, issues with retrieval accuracy, spatiotemporal resolution, and data consistency

remain.

Li et al. (2021) provides an extensive review of soil moisture retrieval from remote sensing
measurements, emphasizing the need for improved accuracy and consistency in soil moisture
datasets. They highlight that although significant progress has been made in using optical, thermal,
and microwave remote sensing for soil moisture retrieval, challenges such as spatiotemporal
resolution gaps and data inconsistencies persist. An identified gap is on developing robust

algorithms that can combine multi-sensor data to improve soil moisture estimation across different



scales and conditions. As corroborated by Zhao et al. (2021) future research should focus on
improving satellite-derived soil moisture products at fine spatial resolutions, while combining
passive and active microwave measurements can provide soil moisture estimates with both higher

spatial and temporal resolution.

2.2 Soil Moisture Estimation Using Ground Penetrating Radar Data

Ground Penetrating Radar (GPR) has proven to be a valuable tool for non-invasive soil moisture
estimation, offering high-resolution subsurface information (Liu et al., 2019b). GPR operates by
transmitting high-frequency radar pulses into the ground and measuring the reflected signals from
subsurface structures. The reflection of these radar waves is influenced by the soil's dielectric
properties, particularly the relative permittivity, which is closely related to soil moisture (Klotzsche
et al., 2018). As soil moisture increases, the relative permittivity of the soil also increases because
water has a much higher dielectric constant compared to dry soil components. By analyzing the
changes in the speed and attenuation of radar waves as they travel through the soil, it is possible

to estimate soil moisture (Huisman et al., 2003; Lunt et al., 2005).

There are several methodologies for estimating soil moisture using GPR. Reflection amplitude
analysis, for instance, examines the amplitude of the reflected radar waves, which increases with
soil moisture due to the higher dielectric constant of wet soil. By calibrating GPR data against
known moisture levels, soil moisture can be estimated based on the reflection amplitude (Huisman
et al., 2003). Another method is travel time analysis, which measures the time taken for radar
waves to travel through the soil. As soil moisture increases, the travel time decreases due to the
higher dielectric constant of water. By comparing travel times to calibration data, soil moisture can
be inferred (Liu et al., 2019). Inversion techniques use mathematical models to extract soil
properties, including soil moisture, from GPR data. These models consider the complex
interactions between radar waves and the soil matrix, providing more detailed moisture estimations
(Linde and Vrugt, 2013). Full-waveform inversion (FWI) uses the entire GPR waveform, rather
than just amplitude or travel time, for more accurate and detailed soil moisture profiles by
considering the complex interactions of radar waves with soil properties (Lambot et al., 2004;

Minet et al., 2012).



Significant advancements in GPR technology and data processing have improved the accuracy and
efficiency of soil moisture estimation. Lambot et al. (2004) introduced the far-field full-wave radar
equation, providing a complete full-wave modeling of the radar signal for wave propagation in
multilayered media, including antenna interactions with the medium. FWI is then used to estimate
the soil electromagnetic properties, from which soil moisture is derived. The modeling framework
can be applied to both frequency- and time-domain radar systems. The method was successfully
applied for high-resolution mapping of soil moisture at the field scale (Minet et al., 2012),
including more recently with drones (Wu et al., 2019). This accurate modeling allows for more
precise estimates of soil dielectric properties. Despite the challenges associated with the well-
posedness of the inverse problem when solving for multiple unknowns simultaneously, including
electrical conductivity, this method is optimal because it allows for the incorporation of all the

information contained in the radar data.

Lambot et al. (2006) analyzed the full-wave inverse problem by focusing the inversion on surface
reflection when using off-ground GPR. The advantage of this approach is that it reduces the inverse
problem to just two unknowns: the antenna height above the medium and the surface permittivity.
Consequently, the inverse problem is inherently well-posed, as demonstrated by plots of the
objective function under different scenarios. They also showed that the effects of electrical
conductivity are negligible for frequencies above approximately 100 MHz, allowing this variable
to be omitted from the inversion process. Additionally, the analysis quantified the sensitivity of

surface reflection with respect to depth across different frequency ranges.

Lambot and André (2014) generalized the far-field full-wave radar equation to near-field
conditions, which is in particular of high interest for on-ground GPR configurations. This method
models radar antennas as an equivalent set of infinitesimal electric dipoles, together with
frequency-dependent global reflection and transmission coefficients. This allows for accurate
characterization of the interaction between the radar signal and soil layers, even in near-field
conditions. Validation of this method showed high accuracy in estimating medium properties for
different setups, highlighting its potential for digital soil mapping and nondestructive testing of

planar materials.



Klotzsche et al. (2018) reviewed a decade of progress in GPR technology, highlighting
improvements in hardware and methodologies. They emphasized the importance of considering
factors such as soil texture, structure, and water content, which influence the electromagnetic
properties measured by GPR. New data acquisition strategies, like vertical radar profiling (VRP),
which combines surface and borehole measurements, have enabled detailed permittivity and

attenuation profiles, further enhancing soil moisture estimation.

The integration of drone-borne GPR for soil moisture mapping, as demonstrated by Wu et al.
(2019), represents a significant advancement. Their system's ability to cover large areas quickly
and accurately makes it an invaluable tool for precision agriculture, enabling detailed soil moisture
maps that align well with topographical features and aerial orthophotography. This technology
holds promise for supporting sustainable agricultural practices by optimizing irrigation and

monitoring soil health efficiently.

As demonstrated by this extensive historical evolution, GPR has evolved into a robust tool for soil
moisture estimation, with continuous advancements in radar technology, signal processing, and
modeling techniques. The integration of sophisticated algorithms and improved hardware
configurations has significantly enhanced the accuracy and reliability of soil moisture

measurements, making GPR an indispensable method in hydrology and environmental studies.

2.3 Soil Moisture Estimation Using SAR Data

It is well known that SAR data have been largely used to estimate soil moisture at high resolutions.
Various studies have demonstrated the effectiveness of synthetic aperture radar (SAR) in
monitoring soil moisture under different conditions, showcasing its ability to provide accurate and
detailed measurements (Bauer-Marschallinger et al., 2018; Hornac¢ek et al., 2012; Shi et al., 1997).
The key lies in understanding and modeling the relationship between the backscatter coefficient
and soil moisture. The radar backscatter coefficient is a measure of the fraction of the radar signal
that is scattered back to the sensor (Zribi et al., 2008), and it is influenced by soil moisture, surface

roughness, and vegetation cover.

The major challenge is to deal with these influences. These factors can alter the backscatter signal,

complicating the interpretation of soil moisture levels (Tsang et al., 2022). Multi-incidence angle



and multi-polarization SAR data can help mitigate these issues by providing additional information
to disentangle the effects of roughness and vegetation from soil moisture effects (Babaeian et al.,

2019).

Advanced algorithms and data assimilation techniques have been developed to enhance the
accuracy of SAR-based soil moisture retrievals (Karthikeyan et al., 2017), many times merging
with optical and thermal data. The following Sub-Sections bring the state-of-the-art approaches,
which can be divided into four groups: synergetic techniques, methods using polarimetric

scattering power decompositions, data-driven, and change detection.

2.3.1 Synergetic Techniques

Synergetic techniques in soil moisture estimation leverage the integration of SAR with other
remote sensing data to enhance the accuracy and reliability of soil moisture retrievals, addressing

limitations inherent in using single-source data.

One of the fundamental assumptions of synergetic techniques is that combining data from multiple
sensors can mitigate the uncertainties caused by vegetation cover and surface roughness (Zribi et
al., 2008). For example, the integration of SAR data with optical remote sensing data can improve
the estimation of soil moisture by providing complementary information that helps in
distinguishing soil moisture signals from other sources of variability. Optical sensors, such as those
on the Sentinel-2 satellites, can provide vegetation indices like Normalized Difference Vegetation
Index (NDVI), which are used to quantify vegetation cover and condition (Misra et al., 2020). This
information is crucial for correcting the attenuation and scattering effects that vegetation has on

SAR backscatter signals.

A practical application of synergetic techniques is demonstrated in the work by Ma et al. (2020),
where a combination of Sentinel-1 SAR and Sentinel-2 optical data was used to improve soil
moisture retrievals. The study employed a cost function-based algorithm that integrates backscatter
models and optical vegetation indices. This approach was validated using ground-based
measurements and showed that combining SAR with optical data significantly enhances the

accuracy of soil moisture estimates, particularly in vegetated areas.



Another example is provided by Attarzadeh et al. (2018), who developed a retrieval algorithm that
integrates single-polarization C-band SAR data with optical data at the plot scale in vegetated
areas. By using machine learning regression techniques, specifically support vector regression
(SVR), the study demonstrated that the combination of SAR and optical data could reduce the
ambiguity caused by vegetation and improve soil moisture estimation accuracy. This method was
applied across multiple sites with different vegetation covers, showing its robustness and

applicability in various contexts.

Bao et al. (2018) further explored the synergetic use of Sentinel-1 and Landsat 8 data for soil
moisture retrieval over partially vegetated areas. By modifying the Water-Cloud Model (WCM) to
include vegetation water content derived from optical data, the study achieved significant
improvements in soil moisture estimation accuracy. This approach underscores the importance of
integrating SAR with optical data to account for the effects of vegetation, which can otherwise

introduce significant errors in SAR-only soil moisture retrievals.

One major challenge for this approach is the requirement for accurate and high-resolution ancillary
data, such as vegetation indices and surface roughness measurements, which are necessary for
calibrating and validating the integrated models (Amazirh et al., 2018). Additionally, the
complexity of combining datasets from different sensors and the need for sophisticated algorithms

to process and fuse the data can be resource intensive.

2.3.2 Polarimetric Scattering Power Decomposition

Polarimetric scattering power decomposition leverages the different scattering mechanisms
inherent in natural surfaces to decompose the backscattered radar signal into its constituent
components (Touzi, 2016). Typically, these components include surface scattering, volume
scattering, and double-bounce scattering. This decomposition facilitates a more detailed
understanding of the observed scene by isolating the contributions from soil and vegetation, thus

enhancing the accuracy of soil moisture estimation (Ferguson and Gunn, 2022).

A foundational approach in polarimetric decomposition is the model-based Freeman-Durden
decomposition (Chen et al., 2014), which segregates the radar backscatter into three fundamental

scattering mechanisms: surface scattering, volume scattering, and double-bounce scattering. This
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model has been instrumental in interpreting SAR data and has been widely adopted due to its
simplicity and effectiveness in a range of environments (Touzi, 2016). Surface scattering is
generally associated with bare soils or smooth surfaces, volume scattering with vegetation or rough
surfaces, and double bounce scattering with structures such as buildings or tree trunks reflecting

off the ground (Hajnsek et al., 2009; Jagdhuber et al., 2012).

However, as stated by Jagdhuber et al. (2012), the traditional Freeman-Durden decomposition
faces limitations, especially in complex environments where mixed scattering mechanisms are
present. To address these limitations, modifications have been proposed. For instance, the
introduction of the extended Bragg (X-Bragg) model incorporates a cross-polarized component
generated by surface roughness (Chen et al., 2014). This modification enhances the model's ability
to handle more complex scattering scenarios by considering the roughness-induced depolarization
effects, thereby improving soil moisture estimation under varied surface conditions (Hajnsek et

al., 2009).

Further advancements in polarimetric decomposition involve multi-angular approaches. These
methods leverage data acquired at different incidence angles to increase the robustness of soil
moisture retrieval (Chen et al., 2014). By combining multi-angular polarimetric data, researchers
can mitigate the ambiguities arising from single-angle observations, thus enhancing the reliability
of the inversion results. This approach has been shown to improve soil moisture estimation by
providing a more comprehensive view of the scattering mechanisms, which is particularly useful

in agricultural fields where vegetation cover can vary significantly (Jagdhuber et al., 2012).

2.3.3 Data-driven

The data-driven approach for soil moisture estimation using SAR focuses on leveraging machine
learning techniques to derive soil moisture. These approaches bypass the need for explicit physical
modeling of the radar backscatter response to soil moisture, instead relying on algorithms to
identify patterns and correlations directly from the data. This method is particularly advantageous
in complex environments where traditional models may struggle to account for the numerous
variables influencing SAR backscatter, such as vegetation cover, soil texture, and surface

roughness (Singh et al., 2023).
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Machine learning algorithms, including Support Vector Regression (SVR) and Random Forest
Regression (RFR), have been increasingly applied to SAR data for soil moisture retrieval (Ali et
al., 2015). These algorithms do not require assumptions about the underlying data distribution,
making them robust in diverse and complex conditions. For instance, SVR has demonstrated high
accuracy in soil moisture estimation by effectively generalizing from limited training data and
handling noise robustly. This was highlighted in a study by Chaudhary et al. (2022), where SVR
outperformed other models in retrieving soil moisture using SAR and optical data from the

Colorado River basin, showcasing its adaptability and accuracy.

Random Forest Regression (RFR) is another prominent machine learning approach used for soil
moisture estimation (Datta et al., 2021). Known for its high computational efficiency and
robustness, RFR can handle large datasets with numerous features without overfitting, even with
relatively few variables (Mantas et al., 2019). This algorithm calculates the importance of each
variable, which helps in understanding the contributing factors to soil moisture variability. In a
study comparing SVR, RFR, and other models, Adab et al. (2020) found that RFR provided more
accurate soil moisture estimates than SVR and Artificial Neural Networks (ANN) when applied to

optical and thermal data in semi-arid regions.

The effectiveness of these machine learning models is further enhanced by the integration of multi-
temporal SAR data. By incorporating backscatter coefficients from multiple dates, the models can
mitigate noise and improve stability in their predictions. Wang et al. (2022) demonstrated that the
inclusion of average backscattering coefficients from three neighboring dates significantly
improved the accuracy of soil moisture estimation models, including SVR and RFR. This multi-
temporal approach helps in stabilizing the SAR signals, which are often affected by transient

surface conditions.

Moreover, Sentinel-1A SAR imagery, with its high temporal resolution and weather-independent
data acquisition capabilities, is particularly suitable for these data-driven approaches (Pandit et al.,
2022). Sentinel-1A’s frequent revisit times ensure a consistent data stream, which is critical for
monitoring dynamic soil moisture conditions (Filipponi, 2019). Studies have shown that using

Sentinel-1A data, SVR and RFR models can effectively map soil moisture over large areas without

12



the need for ancillary data on soil surface roughness or vegetation cover, making them practical

for operational applications (Chaudhary et al., 2022).

In practical applications, data-driven models have been implemented successfully in estimating
soil moisture for various scopes. Paloscia et al. (2013) demonstrated the use of neural networks
combined with SAR data for soil moisture retrieval in agricultural fields, showing that machine
learning techniques could effectively handle the complexity of different crop types and growth
stages, thus enhancing the reliability of soil moisture estimates. The adaptability of these models
to various environmental conditions and their ability to integrate multi-temporal data make them
highly effective for soil moisture monitoring, providing accurate and timely information essential

for agricultural and hydrological applications (Santi et al., 2019).

2.3.4 Change Detection

Change detection (CD) is a vital approach in the estimation of soil moisture using SAR data. This
technique leverages the temporal variations in radar backscatter to infer changes in soil moisture.
One of the pioneering works in this domain was introduced by Wagner et al. (1999), who utilized
scatterometer data to estimate soil moisture. Their approach relies on the assumption that surface
roughness and vegetation cover remain relatively constant over short periods, allowing for the
isolation of soil moisture changes from the overall backscatter signal. The CD algorithm developed
by Wagner et al. describes backscatter as a function of the local incidence angle, time, and soil

moisture, using empirical parameters for dry and wet soil conditions.

A significant advancement in the CD approach was achieved by Zribi et al. (2008), who
incorporated the NDVI to correct for vegetation effects on soil backscatter. This correction is
crucial for improving the accuracy of soil moisture estimates in areas with variable vegetation
cover. The method proposed by Zribi et al. was validated using high-resolution SAR data,

demonstrating its effectiveness in semi-arid regions where vegetation effects are prominent.

Following its results, Balenzano et al. (2010) further explored the CD technique by utilizing
backscatter ratios of consecutive acquisitions from dense temporal multi-frequency airborne SAR

data. This approach enhances the temporal resolution of soil moisture monitoring, making it
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particularly suitable for agricultural applications. Balenzano et al. highlighted the importance of

multi-temporal acquisitions in tracking soil moisture changes under various crop conditions.

More recently, Bauer-Marschallinger et al. (2018) adapted the CD method for Sentinel-1 SAR
data. Similarly to previous authors, their algorithm attributes changes in normalized backscatter to
variations in soil moisture, using statistical methods to estimate dry and wet reference backscatter
coefficients. This enhancement allows for more accurate soil moisture retrievals, even in areas
with limited historical data. The Sentinel-1 based approach provides high spatial and temporal

resolution, making it suitable for large-scale soil moisture mapping.

Bhogapurapu et al. (2022) introduced a modified change detection approach that utilizes dual-
polarimetric SAR data. Their method incorporates a SAR-derived vegetation index to account for
vegetation effects on soil backscatter, providing an alternative to traditional optical indices like
NDVI. This approach was validated using data from the Texas Soil Observation Network, showing
good agreement between estimated and observed soil moisture values. Bhogapurapu et al.
emphasized the potential of this method for operational soil moisture monitoring, especially in
regions with frequent cloud cover where optical data may be unreliable. This approach stands out

for strengthening the positive aspects of SAR, while dealing with its limitations.

Overall, change detection techniques have evolved significantly, incorporating various methods to
ensure correction for vegetation and surface roughness effects, thereby enhancing the accuracy of
soil moisture estimates derived from SAR data. These advancements underscore the importance
of multi-temporal SAR acquisitions and the integration of ancillary data, such as vegetation

indices, in improving soil moisture retrievals.

2.4 Soil Moisture Estimation Using Optical/thermal Data

Combining optical and thermal remote sensing data has been successfully applied to soil moisture
estimation across various fields (Zhang and Zhou, 2016). In agriculture, this approach is crucial
for monitoring soil moisture levels, optimizing irrigation schedules, and predicting soil moisture

availability for crops.

Many methods explore the relationship between TIR and optical bands to be able to estimate soil

moisture. One of the foundational methods is based on thermal inertia retrieval using thermal
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infrared remote sensing techniques, as examined by Matsushima et al. (2012). This approach
leverages the strong correlation between thermal inertia and soil water content. The method
involves retrieving thermal inertia from a surface heat budget model that uses radiative surface
temperatures, insolation, and meteorological data observed in field experiments. This model
demonstrated the potential to estimate subsurface soil moisture with precision levels of £4% of the
daily volumetric soil moisture at a significance level of 5%, using data from geostationary and

multiple polar orbiting satellites, combined with routine meteorological observations.

Further developments in the field of soil moisture retrieval have led to the use of the Thermal-
Optical Trapezoid Model (TOTRAM), which integrates both thermal and optical data. This method
interprets the relationship between LST and vegetation indices to estimate soil moisture. However,
the traditional TOTRAM model faced limitations due to the variability of LST influenced by near-
surface temperature, relative humidity, and wind speed. To overcome these challenges,
modifications were proposed, such as using shortwave infrared bands instead of thermal bands,
enhancing the model's robustness and reducing the need for constant calibration (Ambrosone et

al., 2020).

Koley and Jeganathan (2020) explored soil moisture estimation using data from Landsat-8 and
Sentinel-2A satellites. Their study area in Jharkhand, India, provided a context for applying
multispectral and thermal imagery to estimate soil moisture. The use of Landsat-8, which provides
both multispectral and thermal imagery, and Sentinel-2A, known for its high spatial and temporal
resolution, demonstrated the practical applications of combining optical and thermal data to

improve soil moisture estimation in diverse climatic conditions.

In recent years, advancements in machine learning have further enhanced soil moisture estimation
techniques. Luo et al. (2023) developed a neural network model that utilizes optical and thermal
data to estimate surface soil moisture in bare land and vegetated areas. This approach addresses
the complexity of soil moisture estimation by integrating various data inputs and leveraging the
predictive power of neural networks, providing a significant improvement over traditional models

in terms of accuracy and adaptability to different environmental conditions.

The continuous improvement and integration of these methods promise to enhance the precision

and applicability of soil moisture estimation across diverse landscapes and climatic conditions.
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One of the critical methods in this domain is the Temperature-Vegetation Dryness Index (TVDI),

which will be discussed in detail in this Sub-Section.

2.4.1 Temperature-Vegetation Dryness Index

The work of Carlson et al. (1994) laid the groundwork for TVDI by developing a method that
leveraged thermal infrared temperature and NDVI measurements to infer surface soil water content
in the presence of variable vegetation cover, specifically for agricultural lands. By coupling a Soil-
Vegetation-Atmosphere-Transfer (SVAT) model with satellite-derived surface radiant temperature
and NDVI data, Carlson and colleagues addressed the complexities introduced by vegetation
cover. Their study demonstrated how variations in vegetation and soil moisture influence surface
temperatures, providing a theoretical framework that has been fundamental for the creation of the

index.

An important study developed by Sandholt et al. (2002) introduced a simple interpretation of the
surface temperature/vegetation index space for assessing surface moisture status, stating for the
first time the TVDI, to delineate wet and dry edges. This method enabled the estimation of soil
moisture availability by positioning the LST and NDVI data points within this triangular space.
TVDI values closer to 1 indicate dry conditions, whereas values near 0 suggest wet conditions. By
comparing its results against soil moisture estimations from hydrological models over Senegal, the
authors proved that the spatial variation in TVDI reflected the variation in moisture for the area.
However, different authors reported the possibility of finding a trapezoid rather than a triangular
relationship when performing the scatterplot between temperature and a vegetation index (Carlson
et al., 1994; Han et al., 2006; Liu and Yue, 2018; Tao et al., 2020). Either way, the relationship
demonstrates the central role of evapotranspiration in the dynamics between surface temperature

and vegetation cover.

Many authors have explored TVDI’s methodology and applications. Stisen et al. (2008) enhanced
the original TVDI methodology by integrating thermal inertia to estimate regional
evapotranspiration. This approach was applied using MSG-SEVIRI data in the Senegal River
basin, demonstrating that the combination of TVDI and thermal inertia significantly improved the

accuracy of evapotranspiration estimates in heterogeneous landscapes. Their findings emphasized
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the potential of this combined method for large-scale drought monitoring, addressing some

limitations of the original TVDI by accounting for thermal properties of the land surface.

Holzman et al. (2014) explored the relationship between TVDI and crop yield, specifically
focusing on soil moisture and its impact on crop production in the Argentine Pampas. They utilized
MODIS data to calculate TVDI and examined its correlation with soybean and wheat yields across
different agro-climatic zones. Their results showed a strong correlation between TVDI and soil
moisture measurements, with R? values ranging from 0.61 to 0.83. Furthermore, they found that
TVDI could predict crop yields with significant accuracy, making it a valuable tool for pre-harvest

yield forecasting in rainfed agricultural systems.

Different authors suggested modifications to TVDI to enhance its accuracy and applicability in
various environmental contexts. Tang et al. (2010) further refined the TVDI methodology by
developing an algorithm for the precise determination of dry and wet edges within the Ts-VI
triangle method. This enhancement was crucial for accurately estimating regional
evapotranspiration from MODIS data in arid and semi-arid regions. By validating their method
with Large Aperture Scintillometer (LAS) measurements, Tang and colleagues confirmed the
reliability and accuracy of the enhanced TVDI approach, marking a significant advancement in its

applicability for large-scale environmental monitoring.

In order to improve upon the traditional TVDI, Rahimzadeh-Bajgiran et al. (2011) introduced a
modified approach that incorporate air temperature and a Digital Elevation Model (DEM) to
develop the improved TVDI (iTVDI). The results demonstrated statistically significant
relationships with recent precipitation and soil moisture across different land cover types in the
study area. The study concluded that this approach could be successfully used for vegetation and
soil water stress monitoring in semi-arid regions, offering a robust tool for environmental

monitoring and resource management.

Also addressing modifications, Przezdziecki et al. (2023) focused on the temporal variability of
TVDI to estimate soil moisture conditions in forested areas. The authors proposed a new approach
to the TVDI calculation method in which a time series of scenes is used instead of a daily approach.
By examining changes in LST and NDVI over time, their study highlighted how temporal TVDI

could effectively monitor soil moisture dynamics. This innovative approach extended TVDI's
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applicability beyond static measurements, emphasizing its potential for managing forest health and
mitigating fire risks through continuous monitoring. Nevertheless, this modification applicability

was not tested in different environments.

All this evidence demonstrates the applicability of TVDI and highlights the improvements made
to it. However, additional experiments, particularly those involving comparisons with different

estimation methods, are necessary to validate its effectiveness across various scenarios.

3 Research Objectives

Despite the significant advancements in soil moisture estimation methods, presented in Section 2,
challenges remain in achieving consistent spatiotemporal validation across diverse environmental
conditions. The literature underscores the importance of integrating multi-sensor data to mitigate
the limitations inherent in single-source approaches, particularly in the presence of variable
vegetation cover and surface roughness. However, there is still room to further explore how
different data sources perform in comparison to high accurate estimations as the ones based on

GPR data.

The overarching objective of this research is to comprehensively evaluate and compare the
effectiveness of two distinct methodologies based on—SAR and Optical/Thermal data—in
estimating soil moisture. This study aims to integrate satellite remote sensing data with GPR data

to assess the spatiotemporal trends and variability in soil moisture estimations.

Specifically, the first objective is to develop a SAR-based methodology, as well as an
optical/thermal-based methodology, to achieve reliable soil moisture estimates. The second
objective is to investigate the relationship between soil moisture estimations obtained from these
methodologies and those measured using GPR. This will include analyzing the correlation and
differences between the SAR-based and optical/thermal-based estimations with the GPR

measurements, providing insight into the comparative accuracy and reliability of these approaches.

The final objective is to evaluate the performance and limitations of the SAR and Optical/Thermal

products. This will involve assessing the ability of each methodology to capture the spatial and
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temporal variability of soil moisture accurately, thereby determining their suitability for different

application scenarios.

These objectives aim to answer the following research question: How do the spatiotemporal trends
and variability of soil moisture estimations obtained through SAR and Optical/Thermal based

methodologies qualitatively compare with those derived from GPR measurements?

4 Materials

This Section provides background information regarding the study area and the datasets used in
this research. Sub-Section 4.1 provides a comprehensive description of the study area with context.

Sub-Section 4.2 delves into the data sources utilized and outlines the various data types employed.

4.1 Study Area

This Sub-Section provides a comprehensive overview of the study area, contextualizing the
research and understanding the various factors that influence our investigation. By examining the
geographical, physical, socio-economic, and infrastructural characteristics, a solid foundation is

structured for the analysis and findings that follow.

4.1.1 Geographical Location

The study area, known as the Grand Villers field, is situated in Belgium, specifically within the
municipality of La Bruyére. La Bruyere is located in the Wallon region, as shown in Figure 1. The
center of the Grand Villers field is at coordinates 4°49°12” E and 50°32°18” N. It falls within the
delineated area shown by the red outline on the map, which provides a contextualized view of the

local landscape. The field encompasses an area of approximately 6 hectares.

Notably, this field was selected due to its ongoing monitoring by drone-borne GPR as part of the
Public Service of Wallonia (SPW) DuraTechFarm project. This project plays a crucial role in
assessing the field’s soil characteristics, contributing valuable data for sustainable agricultural

practices.
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Figure 1: Location of the Grand Villers field within La Bruyére municipality, Belgium. The image highlights the
Grand Villers field (solid red area) situated within the La Bruyere municipality (yellow boundary). The inset map

provides a broader geographical context, showing the position of La Bruyére municipality within Belgium.

Figure 1 highlights the area of interest (AOI), within the boundary of the La Bruyére municipality.
This area is part of a larger agricultural landscape characterized by a patchwork of fields and small
woodlands, typical of the Walloon countryside. Additionally, the inset map provides a broader
view, situating La Bruyére within the province of Namur, part of the Wallon Region in southern

Belgium.

Moving to a broader perspective, Namur exhibits a diverse topography that significantly impacts
its ecological and human systems. Its southern part extends into the Ardennes plateau,
characterized by dense forests, rolling hills, and deep valleys. This region's rugged terrain includes
higher elevations, contributing to varied microclimates and ecological niches. The central part of
the province is dominated by the Condroz region, marked by its undulating hills and fertile valleys.
This landscape results from the geological formation of alternating bands of limestone and

sandstone, creating a pattern of ridges and depressions (Wallonie Service Public SPW, 2023).
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Focusing specifically on La Bruyére, this municipality experiences a temperate maritime climate,
characterized by mild temperatures and consistent precipitation throughout the year. Average
temperatures range from approximately 2°C in January to 18°C in July, providing a moderate
climate conducive to a wide range of agricultural and ecological activities. Winters are typically
mild with occasional frost, while summers are warm but not excessively hot. The region receives
an average annual precipitation of about 800 to 1000 mm, with rainfall evenly distributed

throughout the year, though autumn tends to be the wettest season (SPW Agriculture, 2023).

The topography of La Bruy¢re, as is possible to see in Figure 2 (b), includes gently rolling hills
and fertile valleys, as part of the Hesbaye region. The landscape is shaped by underlying geological
formations of loess and clay, creating a series of gentle slopes and flat areas. These geological
features influence soil composition and agricultural potential, making the area highly suitable for
a variety of crops and pasturelands. Minor watercourses contribute to the area's drainage and
hydrology, playing a vital role in local agriculture and ecosystem services. The elevation in La
Bruyere is relatively moderate, with a mean value of 258 meters, which supports diverse land uses

and human settlement patterns (SPW Agriculture, 2023).
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Figure 2: Elevation maps of the study area and La Bruyére municipality. (a) Detailed elevation map of the Grand
Villers field (indicated by the red rectangle) with elevation values ranging from 174 to 186 meters. (b) Broader
elevation map of the municipality with elevation values ranging from 0 to 300 meters.Data obtained from Wallonia

Geoportal.

Moreover, Figure 2 (a) presents the detailed elevation profile of the AOI, which shows a subtle
elevation range between 174 and 186 meters, resulting in an elevation difference of 12 meters. The
gradient visible across the map suggests slight undulations in the terrain within the field, with the

elevation generally increasing from the northwest to the southeast.

4.1.2 Land Use and Land Cover

The municipality of La Bruyére is characterized by diverse land use and land cover (LULC), which
has evolved significantly over the years. The region primarily consists of agricultural land, with
arable farming being the predominant activity. This is supported by fertile loamy soils, conducive
to the cultivation of a variety of crops including cereals, potatoes, and sugar beets (Brogna et al.,

2018). In addition to agricultural land, La Bruyére also includes areas of mixed forest, pasture, and
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built-up regions, reflecting a landscape that balances agricultural productivity with residential and
commercial developments (Beckers et al., 2013). These land uses are integral to the socio-

economic framework of the municipality, supporting both local economies and lifestyles.

The soil types within La Bruyére significantly influence its land use patterns. Figure 3 presents the
soil type distribution for the municipality, and a closer examination of the AOI. Predominantly, the
soil present in the municipality, shown in the panel on the right, is loamy with varying degrees of
drainage levels. These soils are classified into several categories based on their texture and
drainage properties, which include well-drained loamy soils, moderately drained loamy soils, and
poorly drained loamy soils (Etat de I’environnement Wallon, 2018). This classification impacts the
suitability of different areas for various types of agricultural practices, such as crop cultivation,
which thrives in well-drained soils, versus pasture or forestry that may be more suitable for areas
with moderate to poor drainage. The presence of such diverse soil types supports a range of
agricultural and silvicultural activities, contributing to the multifunctional landscape of La

Bruyere.
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Figure 3: Soil maps of the study area and La Bruyére municipality. On the left there is a zoomed in soil map of the
Grand Villers field (indicated by the red rectangle) containing loamy soils with different capacity of natural
drainage. On the right there is a broader soil map of the municipality (indicated by the yellow boundary) with
different types of soil. Data obtained from Wallonia Geoportal.

The panel on the left provides a detailed view of the soil types within the AOI. Although the area
consists solely of loamy soils, two distinct types of natural drainage are present: moderate or

imperfect drainage, and fairly poor to very poor natural drainage.

4.1.3 Socio-Economic Context

Changes in LULC within the municipality are also driven by socio-economic factors and
environmental policies. Urban expansion has led to an increase in built-up areas, as is possible to
see in Figure 3 on the left panel (represented by the white areas), while agricultural practices have
adapted to technological advancements and market demands. Furthermore, environmental

conservation policies have aimed to preserve natural habitats and promote sustainable land
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management practices (SPW Agriculture, 2023). The integration of these policies helps mitigate
the impacts of land use changes on local ecosystems, ensuring the long-term sustainability of both
agricultural and natural landscapes. Consequently, La Bruyére exemplifies a dynamic interaction
between natural resources and human activities, shaping its current land use and land cover

patterns.

The importance of agriculture in La Bruyeére extends beyond economic contributions, shaping the
social fabric and cultural heritage of the community. Agricultural practices in the area are
intertwined with local traditions and community life, reflecting a long-standing history of land
stewardship and rural development. The municipality's commitment to sustainable agricultural
practices, such as crop rotation and organic farming, underscores the region's dedication to
environmental conservation and resilience against economic fluctuations. These practices not only
ensure the sustainability of local agriculture but also enhance biodiversity and soil health,

contributing to the overall well-being of the community (Wallonie Service Public SPW, 2023).

4.1.4 Agricultural practices on the field

As a last important aspect to be mentioned in the characterization of the study area, and thanks to
the Walloon Agricultural Research Center, detailed records of agricultural practices on the Grand
Villers field have been documented. The AOI has been utilized for diverse crop rotations over
recent years, reflecting a strategic approach to maintaining soil health and optimizing agricultural

productivity.

In 2023, spinach was cultivated in the field with two distinct sowing and harvesting periods. The
first sowing took place on 6th May 2023, followed by harvesting on 23rd June 2023. A second
sowing occurred on 14th August 2023, with harvesting on 23rd September 2023. This practice of
sequential planting allows for maximizing the use of the field throughout the growing season,

ensuring efficient land use and crop production.

Historical data from the previous year’s indicate a varied crop rotation strategy. In 2022, onions
were grown in the field, while in 2021, the crop was spelt, a type of wheat known for its hardiness
and nutritional benefits. In 2020, potatoes were cultivated, contributing to the crop diversity

essential for preventing soil depletion and pest cycles. Moreover, information regarding irrigation
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for two specific dates was shared. On September 12, 2023, 3.3 mm was registered and on

September 12, 2023, 11.7 mm was registered.

4.2 Data Sources

The current study utilized three different types of data including on-the-field drone borne
measurements, on-the-field sensor measurements, and satellite remote sensing. The drone-borne
GPR data was acquired by UCLouvain GPR’s team. The field sensor measurements data was
accessed from Sencrop’s database available online. The remote sensing data was taken from
Sentinel-1 of the Copernicus program and from Landsat 9, part of the Landsat program which is
managed by the United States Geological Survey (USGS) and the National Aeronautics and Space
Administration (NASA). The data description is explained below:

4.2.1 Meteorological field measurements

The data was acquired through Senscrop's - Raincrop connected rain gauge equipment, installed
in the field, with records available for 2022 and 2023. The variables measured were air temperature
and precipitation. This equipment, positioned at 2 meters height, uses a tilting bucket for precise
rainfall measurement, and a hygrometer thermometer for air temperature measurement, providing
real-time data. The company supplies information with daily time steps on these variables, with

the instrument positioned in the field to offer valuable ground truth information.

4.2.2 GPR Data

GPR measurements were conducted by the UCLouvain GPR’s team to provide high-resolution
data. The GPR system used was the gprSense?, a prototype developed by Sébastien Lambot. This
system integrates lightweight vector network analyzer technology as the radar unit with a 110-120
MHz dipole antenna. It provides soil moisture information with a characterization depth of
approximately 35-40 cm and employs full-wave inverse modeling for precise radar data
processing. The drone flights were fully automated, maintaining a terrain-following altitude of
about 2 meters. The offset between the acquisition lines was approximately 5 meters, with the

spacing between measurements along the lines ranging from 0.5 to 1 meter. The measurements

! Link to source: www.gprsense.com
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were conducted during the end of August until the end of September 2023, more specifically over

the 8 following days: August 22nd, 25th, 29th, and September Sth, 8th, 11th, 15th, and 20th.

4.2.3 Sentinel-1 Ground Range Detected Data

The data used in this study comprises radar imagery acquired from the Sentinel-1 satellite.
Sentinel-1 is part of the European Space Agency's Copernicus program, which provides critical
data for monitoring and managing Earth's surface, delivering key observations for agriculture,
forestry, land use planning, and disaster management (Filipponi, 2019). The data utilized in this
study was accessed through Google Earth Engine, which offers free and open access to Sentinel-1
products using Java Script. The data extraction was performed for the AOI within the temporal
range from January 2019 to December 2023. This period was selected to ensure the temporal

relevance and dataset robustness needed for the model (Bhogapurapu et al., 2022).

Sentinel-1 provides Synthetic Aperture Radar (SAR) imagery, which is useful for observing Earth's
surface regardless of weather conditions and daylight (Filipponi, 2019). The specific data product
used in this study is the Ground Range Detected (GRD) product. To ensure consistency and
relevance of the data, only Interferometric Wide Swath mode (IW) was selected. This mode
provides co-polarized (VV), cross-polarized (VH), and angle information. The specifications of

Sentinel-1 GRD modes are shown in Table 1.
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Table 1: Sentinel-1 GRD data specifications for Interferometric Wide Swath (IW), Extra Wide Swath (EW), and Strip
Map (SM) modes, with HH (Horizontal-Horizontal), HV (Horizontal-Vertical), VV (Vertical-Vertical), and VH
(Vertical-Horizontal) indicating radar polarization (Source: ESA, 2024)

Mode Polarization | Resolution | Resolution Pixel Pixel
Range (m) Azimuth Spacing Spacing
(m) Range (m) Azimuth
(m)
IW HH+HV, 20 22 10 10
VV+VH
EW HH+HV, 40 40 25 25
VV+VH
SM HH, VV, 9 9 4 4
HH+HV,
VV+VH

4.2.4 Landsat 9 Collection Data

The data used in this study comprises optical and thermal imagery acquired from the Landsat 9
satellite. The Landsat 9 satellite provides critical data for monitoring and managing Earth's
resources, delivering key observations for agriculture, forestry, land use planning, and water
management (Masek et al., 2020). The data utilized in this study was accessed via an Application
Programming Interface (API) connected to the USGS Earth Explorer portal, which offers free and
open access to Landsat products. The data extraction was performed for the AOI within the
temporal range from January 2022 to December 2023. This period was selected to ensure the

temporal relevance of the study. The specifications of Landsat 9 bands are shown in Table 2.
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Table 2: Spectral band specifications for Landsat-9, including band edges, center wavelengths, and spatial resolution

at nadir (Source: NASA Landsat Science, 2024)

Band Minimum Lower | Maximum Upper Center Maximum Spatial
Band Edge (nm) | Band Edge (hm) | Wavelength Resolution at Nadir
(nm) (m)
Coastal / 433 453 443 30
Aerosol
Blue 450 515 482 30
Green 525 600 562 30
Red 630 680 655 30
NIR 845 885 865 30
SWIR 1 1560 1660 1610 30
SWIR 2 2100 2300 2200 30
Panchromatic 500 680 590 15
Cirrus 1360 1390 1375 30
Thermal 1 10300 11300 10800 100
Thermal 2 11500 12500 12000 100
S Methods

This Section presents a comprehensive overview of the methodology used for soil moisture
estimation, benchmarking the SAR-based change detection approach and TVDI. Sub-Section 5.1
describes data preprocessing of all data used. In Sub-Section 5.2 the change detection methodology
is described. Then, Sub-Section 5.3 provides a detailed explanation about the TVDI. Finally, Sub-
Section 5.4 focuses on the statistical analysis implemented to evaluate and compare the

methodologies.
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5.1 Data Preprocessing

5.1.1 Meteorological Field Measurements Data Preparation

The meteorological field data, initially provided in excel CSV files, was converted into Python
data frames for easier manipulation and analysis. The subsequent figures illustrate the available

field measurements, which will be incorporated into the comprehensive analysis.
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Figure 4: AOI mean temperature over time from December 2021 to January 2024. The graph shows daily mean
temperature measurements (°C). The data points are marked in red, indicating the fluctuation in temperatures over

time. Data obtained from Senscrop.

Figure 4 shows the mean AOI temperature over time. The x-axis represents the time from January
2022 to December 2023, while the y-axis shows the mean temperature in degrees Celsius. It is
possible to observe a general seasonal pattern with higher temperatures during the summer months
and lower temperatures during the winter months. There are noticeable peaks in mid-2022 and
mid-2023, corresponding to the summer seasons, with temperatures reaching around 25°C.

Conversely, the temperature drops to around 5°C during the winter months.
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Figure 5: Precipitation over time from December 2021 to January 2024. The bar chart illustrates daily precipitation
(mm). The data points, represented as vertical blue bars, show variability in precipitation levels. Data obtained from

Senscrop.

Figure 5 presents precipitation on the field over time. The x-axis also represents the time from
January 2022 to December 2023, and the y-axis displays the daily precipitation in millimeters. The
data shows sporadic precipitation events, with some days experiencing significant rainfall
exceeding 30 mm. There are periods of higher precipitation, particularly noticeable in the spring

and autumn months, which suggests seasonal rainfall patterns.

5.1.2 GPR Data Preparation

To ensure accurate soil moisture estimation, the radar data was processed by the UCLouvain GPR’s
team using full-wave inversion techniques, as demonstrated by Wu et al. (2019). This approach is
based on the radar equation formulated by Lambot et al. (2004) together with the inversion strategy
of Lambot et al. (2006), focusing inversion on the surface reflection in the time domain. The radar
was calibrated by performing drone-radar measurements at different heights over the lake of

Grand-Leez, located a few kilometers apart from the AOI.

Following the inversion process, the data was interpolated using kriging, a geostatistical method
that generates high-resolution soil moisture maps. This technique ensures spatial continuity and

accuracy, resulting in soil moisture maps with a spatial resolution of approximately 1.3 meters.

5.1.3 Grid Definition

Given that the proposed methods are pixel-based, it was necessary to establish a common spatial

ground, represented by grids based on the GPR soil moisture estimations. With that aim, the
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original soil moisture estimation maps, created with GPR, were resampled using the bilinear
interpolation method in ArcGIS Pro software. Bilinear interpolation calculates the value of each
pixel by averaging (weighted for distance) the values of the surrounding four pixels (Kirkland,

2010).

The resampling was performed to 20 and 30 meters to meet satellite image resolutions. The
centroids of the resulting pixels were stored as a table of points, referred to as sample points in this

work, enabling point-by-point or pixel-by-pixel comparisons with the proposed methodologies.

5.1.4 Sentinel-1 Data Preparation

51 GRD

time-series
data stack

Speckle Filter o Calculating
-boxcar (5x3) " indices

—»{ Preprocessing >

Sample I
Points I

Setting date range
Selecting I'W mode
Selecting bands
Masking invalid pixels

Figure 6: Sentinel-1 Data Preparation Workflow. The figure illustrates the main steps involved in preparing Sentinel-
1 GRD time-series data for analysis. The process includes setting the date range, selecting IW mode, choosing

specific bands, masking invalid pixels, applying a speckle filter, and calculating indices.

The Google Earth Engine platform was used to process Sentinel-1 GRD data, similarly as
described by Bhogapurapu et al., (2021a). As shown in Figure 6, the sample points, as defined in
Sub-Section 5.1.3 (Grid Definition), were utilized alongside the AOI’s boundaries, covering a 5-
year period from 2019 to 2023, to enhance dataset robustness (Bhogapurapu et al., 2021b). This
period represents various field stages from bare soil to fully vegetated. An orbit selection was
performed to standardize the datetime acquisition, extracting only measurements taken during the
ascending orbit, which occurs in the late afternoon hours. This approach avoids dew effects
commonly present in morning acquisitions from the descending orbit in this part of the planet (Jeu

et al., 2005).
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Moreover, invalid pixels—characterized by noise, sensor errors, or obstructions—were masked to
ensure data quality. During preprocessing, georectification was performed to align the radar data
with accurate geographic coordinates, ensuring that subsequent analysis is spatially accurate. The
signal conversion from logarithmic to linear values was performed, when necessary,
simultaneously with the application of a speckle filter. A moving window of 5x5 was used for the
boxcar filter, which helps to reduce noise and improve the clarity of the signal. After preprocessing,
various indices and descriptors were calculated to provide insights into vegetation morphology
and soil moisture status. These include the co-pol purity parameter (mc), cross-ratio (¢), and the
Dual-pol Radar Vegetation Index (DpRVIc), which will be further explained in the following Sub-

Sections.

Finally, the processed data, including the dual-polarimetric descriptors, were exported as Excel

CSV files. This step ensured that the data could be easily accessed and analyzed in further steps.

5.1.5 Landsat 9 Data Preparation

The optical and thermal preprocessing were done in collaboration with constellr, a company
specializing in Earth observation and remote sensing technologies, aiming to improve the quality
of the thermal data used. Figure 7 describes the processes involved in applying a series of

transformations to obtain surface reflectance and temperature values, as well as cloud and quality

masks.

Sharpening
algorithm

Calculating NDVI and LST
index time-series

¥

Preprocessing

Setting date range |
Applving cloud mask
Selecting bands
Masking invalid pixels

Y

Figure 7: Landsat 8/9 Data Preparation Workflow. This figure outlines the primary steps in processing Landsat 8/9
time-series data. The process includes setting the date range, applying cloud masking, selecting bands, masking

invalid pixels, applying a sharpening algorithm, and calculating indices.
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The preprocessing pipeline comprises several key steps, which are general steps contained within
constellr in-house algorithms. First, surface reflectance is derived from the Level 2 values using
specific scaling factors provided in the Landsat 8-9 Collection 2 Level 2 Science Product Guide
documentation. This involves applying a multiplication factor to the Level 2 values to convert
them to surface reflectance based on predefined coefficients. Similarly, surface temperature is
obtained by applying another transformation that converts the Level 2 values to temperature, using
a different set of coefficients. Additionally, top of atmosphere (TOA) reflectance is calculated by
adjusting the Level 2 values with multiplicative and additive scaling factors, and further
normalizing these values by the sine of the sun elevation angle. TOA brightness temperature is
obtained by converting the radiance values to temperature using thermal constants, which involves

logarithmic transformations.

Quality assessment (QA) pixel masking involves deriving cloud and other quality masks from the
QA pixel band using specific bitwise flags. Flags for dilated cloud, cirrus, cloud, and cloud shadow
are applied to identify and mask out these conditions in the imagery. The combined cloud and
quality masks are then applied to the reflectance and temperature bands, setting masked pixels to
NaN. Images with a high proportion of masked pixels (greater than 90%) are discarded to ensure

data quality.

Due to the nominal spatial resolution of 100 meters for Landsat’s thermal bands (Niclos et al.,
2021), which results in a blur effect on the 30-meter spatial resolution optical bands, an in-house
algorithm developed by constellr was employed. This algorithm, based on the works of Gao et al.
(2012) and Guazinski et al. (2019), sharpens the thermal data to match the spatial resolution of the
optical bands. The algorithm uses an ensemble of decision-tree regressors to establish statistical
relationships between the low-resolution thermal infrared (TIR) data and the high-resolution

shortwave reflectance data, effectively enhancing the spatial detail of the thermal imagery.

This preprocessing ensures that the data used in subsequent analyses is of high quality, with
accurate surface reflectance and temperature values, and minimized cloud contamination. By
replacing the Landsat resampling methodology with a method that better conserves the

temperature signal when increasing the resolution, the preprocessing step further enhances the
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reliability of the data for analysis. As a last step, from the optical bands NDVI is calculated

following Equation 1:

NDV] — (NIR — Red) .
~ (NIR + Red) @)

After all this process, the final time-series dataset is ready to be integrated into the work’s proposed

model.

5.2 SAR-based Change Detection

The change detection approach using SAR data rests on several foundational assumptions. Firstly,
it presumes that the primary source of variation in the backscattered radar signal is the local
variation in soil moisture, and no other factors such as surface roughness or vegetation dynamics
(Zribi et al., 2008). The usage of a radar vegetation index over the traditional NDVI mitigates
issues related to cloud cover, which is a common problem in optical remote sensing. Radar sensors,
unlike optical sensors, are not affected by cloud cover, making them more reliable for continuous
monitoring. Gao et al. (2017) emphasize that the radar vegetation index provides a more robust
dataset by reducing the influence of atmospheric conditions, which enhances the accuracy of soil

moisture estimates.

Another critical assumption is the temporal stability of the radar signals' response to soil moisture
changes. Bhogapurapu et al. (2021b) illustrate that by analyzing the difference in backscatter
signals over time, the approach can effectively highlight soil moisture variations, assuming that
other factors remain constant or are accounted for. This method relies on historical data to identify
and subtract the driest signal observed for each cell, thus isolating the moisture-related changes.
This temporal analysis is validated through comparisons with ground truth measurements and
other models, demonstrating a strong correlation between the SAR-derived soil moisture estimates
and actual soil moisture conditions (Zribi et al., 2008). Figure 8 provides a holistic view of the

methodology:
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Figure 8: SAR-based Soil Moisture Estimation Workflow. The flowchart illustrates the steps used to generate soil
moisture maps, beginning with the calculation of 6°VV, 6°VH, cross-ratio, and DpRVIc. The process involves
defining dry and wet edges, applying inverse modeling, and validating DpRVIc using the cross-ratio as an auxiliary

step.

Following, a precise explanation about the radar index and the soil estimation equations is given.

5.2.1 Radar Vegetation Index

Different SAR-derived vegetation descriptors have been used to characterize vegetation
morphology, mainly based on the cross-ratio parameter (Della Vecchia et al., 2008; Homayouni et
al., 2019; Vreugdenhil et al., 2018). When working with dual cross-polarimetric GRD SAR
product, backscatter response can be obtained in (6°yy, 6°m)ds mode, considering a mono-static
antenna configuration and a natural scene, 6°vx < 6y can be assumed (Cloude, 2010). From that,
the ratio parameter g can be expressed as seen in Equation 2. As an example, for full vegetated

conditions in the field the ratio value is high.
o]

0 VH

O

g Vv

<1 2

0 <q =

Bhogapurapu et al. (2021a) propose a vegetation index that is described by first exploring g purity,
represented by m. in Equation 3. In this context, for full vegetated conditions in the field, m. is low
and increases gradually with the field transforming into bare soil conditions.

1—-g¢q
1+q

mec = ,OsmcS]. (3)
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Moreover, the normalization of the co-polarization intensity parameter fc can be expresses as

Equation 4,

e = , 05 < B <1 (4)

Considering Equation 3 and Equation 4, the overall purity is given by the multiplication of m. and
fec, and by calculating the unitary difference a quantitative measure of scattering randomness is
obtained. This randomness can be linked to the presence of vegetation structures at various stages.
From that, Equation. 5 shows the Dual-pol Radar Vegetation Index (DpRVI.) which represents a

quantification of the impurity in the co-polarization component of the scattered wave.

_q(q+3)

DpRVIc =1 — mcﬁc = (q-l——l)z'

0 < DpRVI. <1 (5)

In practice, a naturally fully vegetated pixel would return a DpRVI. value close to 1, reflecting the

high intense backscatter caused by the presence of vegetation.

After generating the filtered signals, cross-ratio, and DpRVI, all data were stored in tables to be
further analyzed. The Preliminary Results under Sub-Section 6.1 presents valuable insights on the

comparison of cross-ratio and DpRVI..

5.2.2 Soil Moisture Estimation

As stated in the beginning of Sub-Section 5.2, this change detection approach is based on the direct
radar backscattered signal difference between subsequence dates. The changes in the backscatter

signal can be defined as Equation 6:

Ao = 0°B — 0°ay = f(veg,0) (6)

Through this equation, it is possible to derive the changes values, for each cell, by a subtraction

operation between the signal being analyzed minus an estimation of the driest signal in the same
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cell, where Ao is a function of vegetation and soil moisture. This driest signal estimation is given

by an interpolation, expressed as Equation 7:

°ary () = f (6°%ary (di-1), 0%y (di)), if (d < dx)

FCary (@) = [ (0°ary (i), 0°ary (dhr1),), i (d > i) 0

If the day (d) is before the identified driest day (dk) in the month (k), the driest signal is interpolated

using a linear function (f) between the radar signal strengths of the driest day of the previous month

(0°dry (dk-1),) and the driest day of the current month (6°qry (dk)). On the other hand, If the day
(d) is after the identified driest day (dk) in the month (k), driest signal is interpolated using a linear

function (f) between the radar signal strengths of the driest day of the current month (6°qry (dk))

and the driest day of the next month (6°4ry (dk+1)).

This construction is used to reproduce a conceptual relationship, as explored by Ziribi et al. (2008)
and Bhogapurapu et al. (2021b), between the change in the backscatter signal, soil moisture and
vegetation, shown in Figure 9. It relies on the assumption that the variations in backscatter changes
in time, observed between close days, decrease according to an increase in the vegetation
development. Figure 9 shows the expected signal dynamics during the evolution of vegetation in

the field, considering the dry reference (red line), which is defined by the dry signal estimated.
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Figure 9: Relationship Between Vegetation Index and Changes in Co-Pol Backscatter. This diagram illustrates the
relationship between the vegetation index and changes in co-polarized (co-pol) backscatter (Ac®vv) for different
ground conditions. The triangle is divided into three zones: Bare Soil, Partial Cover, and Full Cover. The vertical
axis represents changes in co-pol backscatter, ranging from the wilting point to field capacity, while the horizontal
axis represents the vegetation index, from the dry reference (low vegetation index) to the wet reference (high
vegetation index). The gradient shading from brown to green indicates increasing vegetation cover, with

corresponding changes in backscatter values. Adapted from Bhogapurapu et al. (2022).

The wet reference, on the other hand, is defined by the vegetation index. Previous studies as Ziribi
et al. (2008) and Gao et al. (2017) already worked with the upper bound as a function of NDVI,
considering, respectively, quadratic and linear functions to represent it. In the present work, aligned
with the approach presented by Bhogapurapu et al. (2021b), a quadratic function of DpRVI. is

utilized.
Now, from Figure 9 the upper bound (blue dashed line) is defined as Equation 8:

Ac°max(veg) = f(veg) + Ao°(bare) (8)

where f(veg) is a function of the vegetation index (DpRVI), and Ac°(bare) is the maximum
change in backscatter for bare soil surface. Finally, the relative surface soil moisture estimation

can be expressed for each pixel (i,j) for a given time ¢ and vegetation condition as Equation 9:
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After the determination of the relative soil moisture for each pixel in different dates, the

reconstruction of the maps was performed, representing volumetric soil moisture estimations.

5.3 Temperature-Vegetation Dryness Index (TVDI)

5.3.1 Standard TVDI

The underlying concept of TVDI is based on the observation that a scatter plot of remotely sensed
surface temperature and NDVI often forms a triangular or trapezoidal shape (Carlson et al., 1994).
The observed shape arises because vegetation cover and soil moisture affect surface temperature
and reflectance differently. In general, areas with sufficient soil moisture and dense vegetation tend
to have lower surface temperatures, which is connected to high evapotranspiration rates (de Tomas
et al., 2014). In contrast, areas with low vegetation cover and low soil moisture tend to have higher

surface temperatures.

As explored by Sandholt et al. (2002), the relationship between surface temperature and NDVI can
be utilized for assessment of the soil moisture status. As indicated by Figure 10, the dry reference
represents the maximum surface temperature for each NDVI value, indicating minimal soil
moisture. Conversely, the wet reference represents the minimum surface temperature for each

NDVI value, indicating sufficient soil moisture and high evapotranspiration.

TVDI requires spatial heterogeneity in vegetation and soil moisture conditions to correctly
determine the dry and wet edges of the LST-VI scatterplot. This heterogeneity is challenging to
ensure in small areas, leading to less accurate results. Additionally, its values are influenced by the
density of vegetation. Densely vegetated areas typically exhibit lower TVDI values due to
evaporative cooling effects, which reduces the index's range and resolution in these environments

(Tang et al., 2010).
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Figure 10: Relationship Between NDVI and LST with Evaporation and Transpiration Extremes. This diagram shows
the relationship between the Normalized Difference Vegetation Index (NDVI) and Land Surface Temperature (LST)
for different vegetation covers. The triangular area is divided into three zones: Bare Soil, Partial Cover, and Full
Cover. The vertical axis represents LST, with the left side indicating evaporation (from no evaporation to maximum
evaporation), while the horizontal axis represents NDVI, indicating transpiration (from maximum transpiration to no
transpiration). The dry reference is indicated by a red dashed line, and the wet reference by a blue dashed line. The
gradient shading illustrates changes in cover and associated evapotranspiration processes. Adapted from Sandholt et

al., 2002.

Equation 10 for TVDI is defined as:

LST — LSTmin
TVDI = 10
v a+ bNDVI — LSTmin (10)

where, LST is the observed land surface temperature at a given pixel; NDVI is the normalized
difference vegetation index; a and b are the intercept and slope of the dry reference calculated; and
LST min represents the wet reference located in the bottom limit of the scatterplot. This index ranges
from 0 to 1, with values close to 0 indicating wet conditions and values close to 1 indicating dry

conditions. Moreover, according to Wang et al. (2004), this range can be divided into five levels:
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very wet (0.0 < TVDI<0.2), wet (0.2 < TVDI<0.4), water balanced (0.4 < TVDI<0.6), dry (0.6 <
TVDI<0.8) and very dry (0.8 < TVDI<1.0).

In the present work the following steps were undertaken to calculate the index:

) Wet-edge .| Extraction of
definition "l LST min value
v
NDVIand LST LST-NDVI - .
time-series || triangle — TVDI calculation — TVDImaps
7Y
Ly Dry-edge .| Extraction of a,b
definition "| parameters

Figure 11: TVDI Methodology Workflow. The workflow begins with NDVI and LST time-series data, followed by
the construction of the LST-NDVI triangle. It then defines the wet and dry edges, extracts the LST minimum value

and the a,b parameters, and culminates in the calculation of TVDI to produce TVDI maps.

Figure 11 illustrates the step-by-step process involved in the calculation and mapping of TVDI.
Both datasets, NDVI and LST, are crucial as they provide the necessary input variables for
constructing the LST-NDVI space, which will be done for every day of data (e.g., for every day
that we have NDVI and LST information, one triangle will be built). In this scatter plot, each point
represents a pixel's LST and NDVI value.

The subsequent steps involve the definition of the dry and wet edges of the LST-NDVTI triangle.
To be able to define the dry edge, the whole range of NDVI values is divided equally into different
subsets intervals of 0.01, and for each interval, the maximum value is selected, creating a cluster
of points that will serve as input for a linear regression, which will provide a + bNDVI . The wet
edge is calculated by averaging groups of points located in the lower limit of the scatterplot, taking

the mean value.

With the parameters defined, the TVDI for each pixel is calculated using the Equation 10 and the

pixels are reassembled creating the TVDI maps for each date where there is available data.

5.3.2 Temporal TVDI Modifications

Many authors suggested adaptations on the standard index to improve its results, or to extend its

applications (Bian et al., 2023; Li et al., 2022; Rahimzadeh-Bajgiran et al., 2011). For the present
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work, aiming to improve the model’s robustness and construct a temporal comparison between the

different models, modifications proposed by Przezdziecki et al. (2023) is considered.

According to the authors, instead of relying on the spatial heterogeneity required by the index to
access the variability required to define the dry and wet edges, it is proposed to use temporal
variability of soil moisture conditions. This approach involves combining data from multiple
satellite images taken at different times, representing a range vegetation stages, consequently a
range of moisture conditions over the same area. In practice, this means that instead of creating an
LST-NDVI space for each day, which wouldn’t yield sufficient variability over a single field, a
general scatterplot is generated, considering the entire time range. This temporal TVDI (tTVDI)
model captures more variability, hence allows for a more accurate assessment of moisture

conditions over time.

To accommodate the use of multiple scenes and ensure comparability across different dates, the
authors replaced the LST with the difference between LST and air temperature (DT). This
adjustment implements a specific type of normalization allowing a better comparison between
different seasons, making the index more robust and applicable on a larger scale (Przezdziecki et
al., 2023).Even though Przezdziecki et al. developed this approach specifically for forest areas, the

principle of normalization for temporal comparison can still be applied to agricultural lands

Additionally, the authors experimented with using linear regression fit also for the wet edge of the
scatterplot, in contrast to the group average suggested in the original version of the index. This

modification induces the following adaptations of the main equations.

The dry edge is now based on the maximum DT, as expressed by Equation 11:

DTmax = bmax + GmaxNDV1 (11)

The wet edge is now based on a linear regression for the minimum values of DT, as expressed by

Equation 12:

DTmin = bmin + aminNDV1 (12)
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Resulting on the temporal TVDI model, described by Equation 13:

DT — DTmin(NDVT)
tTVDI = (13)
DT max(NDVI) — DTmin(NDV )

Following the implementation of these modifications, normalized tTVDI maps were created for

the different dates.

5.4 Qualitative Analysis

In addition to the model definition presented previously, a comprehensive qualitative analysis was
conducted focusing on the behavior comparison between the different soil moisture estimations.
This qualitative analysis aimed to identify and describe the relationships among the various
estimations, providing deeper insights into their interdependencies and potential patterns. By
examining the qualitative trends and associations, the study ensured a thorough exploration of the

data, highlighting significant qualitative relationships and potential areas for further investigation.

First, the variation in soil moisture estimations over time is examined using a comprehensive time
series approach. For that, the median value for the AOI was used to analyze temporal variability,
providing a robust measure unaffected by outliers and extreme values, allowing for a clearer
understanding of typical patterns over time (Rousseeuw and Hubert, 2018). The SAR-based soil
moisture estimation, tTVDI, and GPR data are indexed and processed to align their timestamps,
allowing for accurate chronological comparison. There are two specific matching dates between
the SAR dataset and GPR acquisitions, which are August 25", 2023, and September 11, 2023.
However, there is only one matching date between the optical/thermal dataset and GPR, which is
September 11™, 2023, imposing limitations on the comparison. The field precipitation data is
integrated into the analysis and used as a proxy, producing a multi-dimensional view of soil
moisture variation. Additionally, due to the short date range for the GPR measurements, a wider
temporal analysis, comprehending two years is integrated, using the precipitation data to analyze

the models' sensitivity.

In addition to the temporal analysis, the spatial variation between TVDI and SAR-based

estimations is also examined. By selecting the matching dates where there are both results, it is
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possible to identify patterns, discrepancies, and relationships in soil moisture distribution on the
field, enhancing the overall understanding of spatial variability in soil moisture dynamics captured

by the different models.

Finally, aiming to support the qualitative approach, the correlation between the different results
were calculated. First, the Spearman correlation coefficient was selected to relate the soil moisture
estimations, as it captures both linear and non-linear monotonic relationships, and is more reliable
than other correlation methods when sample sizes are small, and data may not meet the
assumptions required by different methods (Schober and Schwarte, 2018). Additionally, a
comparison of the two models against precipitation was done, similarly as done by Zribi et al.
(2008), where the occurrence or absence of precipitation was analyzed in specific results

thresholds.

6 Results

In this Section, a comprehensive overview of the findings is presented, divided into two key parts:
preliminary and main results. Sub-Section 6.1 (Preliminary Results) focuses on the intermediate
steps of each previously described methodology, providing a detailed overview of the progress and
partial outcomes observed during the data processing and analysis phases. Examining these middle
steps allows for a better understanding of the intricacies and interim results that contribute to the

final conclusions of the study.

Sub-Section 6.2 (Main Results) delves into the final outcomes of the analyses, including both
spatiotemporal variations in soil moisture estimations. By integrating these comprehensive

analyses, Section 6 offers a thorough understanding of the dynamics and patterns in soil moisture.

6.1 Preliminary Results

6.1.1 Radar Vegetation index

To verify DpRVI. behavior throughout the date range, a time-series was plotted comparing the
original polarizations and its cross-ratio q. Figure 12 and Figure 13 display the mean plot for all

pixels within the AOI:
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Figure 12: Cross-ratio visualization in comparison to backscatter signals from 2019 to 2023, mean representation for

all pixels in the AOI.
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Figure 13: Cross-Ratio visualization in comparison to DpRVI, from 2019 to 2023, mean representation for all pixels

in the AOI.

Figure 12, illustrates the mean cross-ratio in comparison to mean backscatter signals (6°VV and
06°VH) from 2019 to 2023 for all pixels within the AOI. The x-axis represents the years, spanning
from 2019 to 2024, while the y-axis on the left measures the backscatter signal in decibels (dB),
and the y-axis on the right measures the cross-ratio value. Blue dots denote the c°VV (vertical
transmit, vertical receive) backscatter signals, and red dots represent the 6°VH (vertical transmit,
horizontal receive) backscatter signals. The orange line displays the cross-ratio over time. The
graph shows that both c°VV and 6°VH backscatter signals exhibit fluctuating patterns, indicating
varying backscatter characteristics over the period. Simultaneously, the cross-ratio also shows
significant variation, with notable peaks and troughs that may correlate with changes in the
backscatter signals. These fluctuations highlighting the dynamic nature of the radar backscatter

characteristics in the AOIL
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Figure 13, compares the mean cross-ratio with the mean DpRVI. index over the same time period,
from 2019 to 2023, for all pixels in the AOI. The x-axis covers the years 2019 to 2024, while the
y-axis measures a unitless value for the indices compared. The orange line represents the cross-
ratio, and the purple line represents the DpRVIc. Both indices exhibit fluctuating patterns over the
years, indicating temporal variability in the radar-derived metrics. The graph shows that there are
instances where peaks and troughs in DpRVI. correspond with those in the cross-ratio, suggesting
a potential relationship between these indices. The simultaneous variations in both indices imply
that the DpRVI. and the cross-ratio may respond similarly to underlying environmental or radar
signal changes within the AOI. This comparative analysis underscores the importance of
examining multiple radar-derived metrics to better understand the dynamic behaviors and

interactions in the observed data.

6.1.2 SAR-based change detection - Dry edge

The following graph shows the time series of radar backscatter signals and their estimated driest
signals, derived through an interpolation method. This approach calculates changes in the radar
signal by subtracting the estimated driest signal from the observed signal, capturing variations due
to vegetation and soil moisture dynamics. The red line represents the interpolated driest signal,

that repeats itself yearly. It constitutes a baseline to highlight significant changes in the radar data

over time.
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Figure 14: Mean representation of the dry signal from 2019 to 2023 for all pixels within the AOI.

Figure 14 presents a time series analysis of radar backscatter signals (6°VV) and their estimated

driest signals over a period from early 2019 to late 2023. The x-axis represents the date, ranging
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from March 2019 to December 2023, providing a temporal context for the radar observations. The

y-axis indicates the radar signal strength in decibels (dB), spanning from -20 dB to -2.5 dB.

The blue dots depict the actual radar backscatter signal values (6°VV) recorded at various dates.
These values fluctuate significantly over time, reflecting variations likely due to changes in
vegetation and soil moisture. The red line illustrates the estimated driest signal (c°dry), which is
derived through an interpolation method described previously. In practice, the driest signal is
estimated for each day, and for the same day in different years the value is repeated throughout the

entire date range.

6.1.3 SAR-based wet edge definition

Through the scatterplot between the changes in co-polarization backscatter (46°VV) and DpRVIc,
the conceptual relationship showed in Figure 9, is created. In the present work, as stated in the
methodology Sub-Section 5.2.2, a quadratic function is selected to define the wet reference, as

demonstrated by Bhogapurapu et al. (2021b).
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Figure 15: Relationship Between Differential Polarimetric Vegetation Index (DpRVIc) and Changes in Co-Pol
Backscatter (Ac°vv). The scatter plot shows the relationship between DpRVIc and changes in co-polarized (co-pol)
backscatter (Ac°vv). Blue dots represent the general dataset, while red dots highlight the upper 2% of the data

points. The black curve represents the quadratic regression model fitted to the red dots.

Figure 15 demonstrates how backscatter variations, observed between close days, decrease with
increasing vegetation development. The x-axis denotes the DpRVIc values, ranging from 0 to 1,
where higher values correspond to denser vegetation. The y-axis measures changes in co-

polarization backscatter (Ac°VV) in decibels (dB), spanning from 0 to 14 dB. The blue dots on the
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graph depict the observed backscatter signal changes between consecutive days. These variations
tend to decrease as DpRVIc increases, indicating more substantial vegetation cover. The red dots
highlight the upper 2% of these changes, focusing on extreme values where the backscatter signal
exhibits significant fluctuations. The black curve represents the quadratic function, presented in

Equation 14:

y = —8.78x% + 1.26x + 10.01 (14)

modeling the upper bound of the backscatter changes as a function of DpRVIc. This curve shows
how the backscatter signal's dynamics evolve through different stages of vegetation growth. As
DpRVIc increases, the quadratic model suggests a continuous decline in backscatter change,
aligning with theoretical expectations that denser vegetation reduces backscatter variations. This
detailed representation helps in understanding the interaction between soil moisture, vegetation
development, and radar backscatter signals, as its changes decrease with the increase in vegetation

density.

6.1.4 TVDI: LST-NDVI triangle space

In this Sub-Section, we present the initial findings of our analysis, focusing on the construction of
the LST-NDVI triangle space. The methodology outlined previously allows us to generate a
distinct triangle for each day, effectively capturing the relationship between LST and NDVI. This
daily construction enables a dynamic and comprehensive assessment of soil moisture conditions
across different vegetation covers. The following image exemplifies the LST-NDVI triangle space
for four different days, demonstrating the typical formation of the dry and wet edges, which are
crucial for subsequent TVDI calculations. These specific days were selected to demonstrate TVDI
behavior across sequential dates. However, it is important to note that this behavior may vary on

different days in other seasons.
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Figure 16:LST-NDVI triangle space for four different dates. Data points are represented by grey circles. The

maximum values used to create the dry edge are represented by red small triangles.

Figure 16 illustrates the LST-NDVI triangle space for four distinct dates: 06/08/2022, 07/08/2022,
23/08/2022, and 09/10/2022. The red triangles represent the values considered for the
establishment of the dry edge, where the maximum LST values for each NDVI are observed,
indicating areas of minimal soil moisture. The grey circles denote data points, and the dashed line
is created through the averaging of 15 minimum values. The LST values on the y-axis are presented

divided by a hundred in order to be scalable. The x-axis is NDVI values ranging from 0.2 to 1.0.

On 06/08/2023, the scatter plot shows a well-defined triangular shape with LST values ranging
from approximately 2.97 to 3.05. The linear regression line, defined by Equation 15:
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y = 3.03-0.06x (15)

with an intercept of 3.03 and a slope of -0.06, highlights the temperature gradient across the NDVI

values. The minimum LST value is 2.97.

The triangle space for 07/08/2023 displays a similar pattern to the previous day, with LST values
ranging from approximately 3.01 to 3.08. The regression line for this day is presented by Equation
16:

y = 3.07 - 0.05x (16)

with an intercept of 3.07 and a slope of -0.05, indicating a slightly less steep gradient compared to
06/08/2023, due to more sparse maximum values in the LST range. The minimum LST value for

this day is 3.01, suggesting a slight increase in overall moisture conditions.

On 23/08/2023, the scatter plot continues to exhibit the triangular shape, with LST values spanning
from approximately 3.06 to 3.14. The distribution of points indicates a slight shift, with the

regression line defined by Equation 17:

y = 3.14-0.09x (17)

This regression equation, with an intercept of 3.14 and a slope of -0.09, shows a steeper gradient
than the previous dates, reflecting higher temperature captured on the day, fore pixels closer to
bare soil stage. The minimum LST value is 3.06, indicating a probability of wetter conditions

compared to the earlier dates.

The scatter plot for 09/10/2023 presents a slightly different pattern, with LST values ranging from
approximately 2.89 to 2.92. The triangular shape is still evident, although the distribution of points
appears more clustered towards lower NDVI values. The regression line for this day is expressed

by Equation 18:

y = 2.92-0.03x (18)
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with an intercept of 2.92 and a slope of -0.03, lower general temperature and a concentration of

pixels indicating bare soil stage on the field.

This first analysis highlights the fact that each day is producing its own triangle space for the TVDI
calculation and reinforces the necessity of performing the tTVDI, in order to visualize the variation

in the temporal dimension.

6.1.5 Temporal TVDI: LST-NDVI triangle space

This Sub-Section focuses on the results of temporal modifications to the standard TVDI
methodology. This approach leverages the temporal variability of soil moisture conditions,
enabling a more accurate and comprehensive assessment. The following Figure 17 exemplifies the
general DT-NDVI triangle space, illustrating how the integration of multiple scenes enhances the

robustness of the model.
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Figure 17: Relationship Between NDVI and Temperature Difference (LST - Air Temperature) Over Time. This
scatter plot illustrates the relationship between the Normalized Difference Vegetation Index (NDVI) and the
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temperature difference (Land Surface Temperature (LST) minus Air Temperature) across various months from
February 2022 to September 2023. Each color represents data from a different month, as indicated in the legend. The
data points show seasonal variations, with higher NDVI values generally associated with lower temperature

differences, indicating the influence of vegetation cover on temperature regulation.

Figure 17 shows the scatter plot for all NDVI and LST pixels throughout the period analyzed,
grouping data by different month-year combinations, each represented by a distinct color. The
month-year combinations include 2022-02 (blue), 2022-03 (light turquoise), 2022-04 (orange),
2022-05 (dark green), 2022-07 (light green), 2022-08 (salmon), 2022-10 (purple), 2022-11
(brown), 2023-02 (light brown), 2023-03 (pink), 2023-04 (dark grey), 2023-05 (light grey), 2023-
06 (olive), 2023-08 (cyan), and 2023-09 (light blue). The X-axis represents the NDVI values,
which range from 0 to 1. The Y-axis shows the difference between LST and the air temperature,
measured in degrees Celsius. This difference, referred to as DT, highlights the deviation of the land

surface temperature from the surrounding air temperature.

It reveals clear seasonal patterns in the DT vs. NDVI relationship. For instance, data points from
the colder months, such as February 2022/2023 and November 2022, tend to cluster at lower DT
values, suggesting less deviation of surface temperature from air temperature. Conversely, data
from warmer months, such as June 2022/2023 and August 2022/2023, show higher DT values,

indicating greater differences between surface and air temperatures.

In general, there is a noticeable trend where higher NDVI values, indicating denser vegetation,
correspond to lower DT values. This pattern aligns with the understanding that denser vegetation
often leads to cooler surface temperatures due to higher evapotranspiration rates. The plot
demonstrates temporal consistency in the data. Despite the variability in temperature differences
across months, the overall pattern of lower DT values with higher NDVI remains consistent. This
consistency supports the robustness of the temporal TVDI model in capturing soil moisture

conditions over different periods.

The plot also reveals that months like February 2022 and November 2022 show low DT values
even at low NDVI, indicating that during colder periods, even less vegetated areas do not
experience high surface temperature deviations. On the other hand, during warmer months like
June 2022 and August 2022, even high NDVI areas can show elevated DT values, though

generally, high NDVI still moderates these values.
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Figure 17 also highlights periods of extreme temperature differences. For instance, July 2022, June
2023 exhibit some of the highest DT values, suggesting significant heating of the land surface
relative to the air temperature during these months. This could be indicative of periods of drought
or heat waves, as supported by the high air temperature values shown in Figure 4 for these periods,

which reduce soil moisture and increase surface temperatures.

This first analysis over the general scatterplot paves the way for performing the dry and wet edges

definition.
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Figure 18: Relationship Between NDVI and Temperature Difference (LST - Air Temperature) with Dry and Wet
Edges. This scatter plot depicts the relationship between the NDVI and the temperature difference in degrees
Celsius. The light blue dots represent all data points, while the red and blue dots highlight the upper 2% and lower
2% of the data, respectively. The red dashed line represents the dry edge, showing the upper boundary of the data,
and the blue dashed line represents the wet edge, showing the lower boundary. These edges illustrate the extremes of

temperature differences associated with varying levels of vegetation cover.

Figure 18 provides a detailed visualization of the relationship between NDVI and DT. This analysis
is crucial for defining the dry and wet edges necessary for the tTVDI calculations. The plot consists

of three key data groups: all NDVI-LST pixels throughout the period analyzed (light blue dots)
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representing the general relationship between NDVI and temperature difference, the upper 2% of
data points in terms of temperature difference (red dots) forming the dry edge, and the lower 2%

of data points (blue dots) forming the wet edge.

The general distribution of all data points shows a broad scatter with a noticeable trend: higher
NDVI values are generally associated with lower temperature differences. The red dots (upper 2%
values of the temperature difference) are scattered towards the higher end of the temperature
difference scale, indicating areas with minimal vegetation (low NDVI) and high temperature
differences, representing dry conditions. The red regression line fitted to these points slopes
downward, illustrating that as vegetation density increases, the maximum temperature difference
decreases. Conversely, the blue dots (lower 2% values of the temperature difference) are clustered
at the lower end of the temperature difference scale. The blue regression line slopes upward, albeit
more gently, reflecting minimal variations in temperature difference even in densely vegetated

areas. From Figure 18 is possible to derive the following linear functions:
Dry-edge, expressed by Equation 19:

y = —12.69x + 21.70 (19)

Wet-edge equation, expressed by Equation 20:

y = 3.30x — 0.35 (20)

This analysis provides the necessary parameters for performing the calculation of the tTVDI

model.

6.2 Main Results

This Sub-Section presents a comprehensive analysis of the principal findings from the study,
focusing on the spatiotemporal variability of soil moisture estimations. Therefore, the main results
are divided into two key parts: the temporal variability, which examines the changes in soil
moisture over time using the proposed methodologies, and the spatial variability, which compares

the distribution of soil moisture over the studied field.
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6.2.1 Temporal variability

The temporal variability Sub-Section explores the changes in soil moisture over time by analyzing
data from the SAR-based soil moisture estimations, optical/thermal-based tTVDI, and GPR-based
soil moisture estimations. By aligning the timestamps of these datasets and incorporating
precipitation records, we provide a detailed examination of soil moisture trends. This analysis aims
to highlight the dynamic nature of soil moisture through time, exploring how different estimation
techniques capture these variations across multiple seasons and years. Is important to emphasize
that for the temporal analyses, only tTVDI is being considered for the thermal based approach.
Moreover, median values for the field are selected as they provide a more robust representation of

the data, minimizing the impact of outliers on the analysis (Kwak and Kim, 2017).
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Figure 19: Comparative time series of precipitation, SAR-based soil moisture, and tTVDI. This multi-variable time
series graph displays field precipitation (mm) in blue, SAR-based soil moisture median estimation (m?*/m?) in green,
and the median tTVDI in orange from January 2022 to January 2024. The precipitation data shows the daily rainfall
events, while the SAR estimation indicates the field-median volumetric soil moisture, and the tTVDI values reflect
the dryness of vegetation. The interplay between these variables highlights the impact of precipitation on soil

moisture levels and vegetation dryness over time.

Figure 19 represents the integration of the results over the period of 2 years. The x-axis represents
the date spanning from January 2022 to the end of December 2023, while the y-axes on the left
and right sides correspond to precipitation in millimeters (mm) and volumetric soil
moisture/tTVDI values, respectively. The blue bars represent the daily field precipitation, with
values reaching up to 40 mm. The green indicates the SAR-based volumetric soil moisture field
median for all pixels, ranging from 0.46 to 0.54, and the orange line shows the median tTVDI

values, ranging from 0 to 1.
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Regarding the SAR-based estimations, the data reveal notable seasonal patterns, with peaks and
troughs corresponding to different times of the year. This trend shows periods of increased soil
moisture, due to precipitation. On the other hand, the lowest values are observed during the
summer months, indicating periods of reduced soil moisture. This is due to higher
evapotranspiration rates, supported by Figure 25 in the Appendix which shows the median NDVI

for the AOI, presenting high values during summer.

The SAR-based time-series also highlights the inter-annual variability in the median soil moisture
estimations. In 2023, there are more pronounced fluctuations with higher peaks and deeper troughs
compared to 2022. This variability indicates that soil moisture conditions were more extreme in
2023, reflecting the influence of differing climatic conditions (e.g. more precipitation events) and
land management practices between the two years. Moreover, the graph shows the model’s

capability to capture both short-term and long-term variations in soil moisture.

Overall, the SAR-based estimation generally exhibits a similar pattern with precipitation events.
This corresponding behavior is evident as peaks in soil moisture values often follow periods of
significant rainfall. For example, substantial increases in soil moisture are observed in early 2022,
mid-2022, and mid-2023, aligning with higher precipitation levels. For the 2 years being analyzed,
it has been computed that 75.86% of SAR-based soil moisture values higher than 0.51 m*/m?
correspond to precipitation events that occurred on the same or previous day. On the other hand,
60% of the estimations, lower than 0.49 m?*/m?, correspond to an absence of precipitation during
the previous two days. These results demonstrate a good degree of correlation between

precipitation and variations in SAR-based soil moisture estimations.

Regarding the tTVDI time-series, Figure 19 shows its values exhibit substantial fluctuations, with
noticeable peaks and troughs over the observed period. For instance, there is a sharp increase in
the index values from March to May 2022, followed by a plateau during the summer months. This
is indicative of increasing dryness conditions, due to reduced soil moisture and higher

evapotranspiration rates during the warmer season.

One of the notable aspects of this result is the irregular frequency of data points, which can be
attributed to the influence of cloud cover. This approach relies on optical and thermal satellite data,

which are susceptible to interference from clouds. Consequently, there are fewer data points
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available for it when compared to the SAR dataset, which is not affected by cloud cover. This
discrepancy in data availability results in significant gaps in the temporal coverage, particularly
evident during certain periods. For example, there is a notable gap between September 2022 and
January 2023, followed by another period with sparse data points until March 2023. These gaps
lead to large and abrupt differences in tTVDI values, highlighting the impact of limited data
availability due to cloud cover. This effect is particularly evident in the early months of 2023,
where the tTVDI values remain relatively low and stable until a sharp increase is observed in

March 2023.

Overall, the pattern of tTVDI values aligns with expected seasonal variations in soil moisture and
vegetation dryness. Higher tTVDI values during the summer months correspond to drier
conditions, while lower values in the autumn and spring reflect wetter conditions with increased
soil moisture. The tTVDI time-series shows a divergent behavior when compared to precipitation,
reflecting its role in highlighting dryness. Higher tTVDI values, indicative of drier conditions, are
typically observed during periods of low precipitation. For instance, the tTVDI peaks around mid-
2022 and mid-2023 correspond with lower precipitation periods, emphasizing increased dryness
during these times. In contrast, tTVDI values drop during wetter periods, such as early 2022 and
early 2023, indicating reduced dryness due to higher soil moisture. For the 2 years being analyzed,
it has been computed that 92.86% of tTVDI values higher than 0.6 correspond to an absence of
precipitation during the previous two days. However, only 45.45% of tTVDI values lower than 0.4
correspond to precipitation events that occurred on the same or previous two days, which reflect

the absence of proper data due to clouds in rainy periods.

The largest peak of precipitation occurs on June 22nd, 2023, with levels reaching nearly 40 mm.
This significant rainfall event provides an excellent opportunity to observe how both approaches
respond to substantial changes in moisture input. The peak follows an intense drought period from
May 16th to June 17th, during which no precipitation was detected in the field. On June 18th and
20th, minor precipitation events of 2.8 mm and 7.9 mm, respectively, precede the main rainfall
event. During this time, the SAR-based models show an increase in soil moisture from
approximately 0.48 m*/m? to 0.51 m*/m3. However, on June 21st, a day without precipitation, the
soil moisture level dropped again, indicating that the soil's water content was still low and damaged

from the drought period. Consequently, when the principal rainfall event occurs, the soil moisture
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increases, but does not exhibit, as significant increase as the event, highlighting the lingering

effects of the prolonged drought.

In convergence, the tTVDI reaches one of its highest values just before the precipitation event,
indicating extreme dryness. After the rainfall, the tTVDI decreases by 0.2, reflecting a reduction

in water stress and improved moisture conditions.

The confirmed expectations of correlation with precipitation allow us to proceed with the analysis
by incorporating GPR estimations. However, since GPR data was collected over a relatively short
period, it limits the duration of the comparison, particularly affecting the tTVDI time series, which
is already constrained by cloud cover. This limitation impacts our ability to perform a
comprehensive long-term analysis, especially for the tTVDI, as its data points are fewer and more

sporadic due to weather conditions.
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Figure 20: Comparative time series of irrigation, precipitation, SAR and GPR-based soil moisture, and tTVDI. This
multi-variable time series graph displays data from August 17, 2023, to October 2, 2023. The graph includes
irrigation events (blue crosses), precipitation (mm) shown as blue bars, field-median soil moisture estimated by GPR
for the top 40 cm of soil (m?*/m?) shown in red, field-median soil moisture estimated by SAR (m?*/m?) shown in
green, and the tTVDI shown in orange. The left y-axis represents precipitation, while the right y-axis represents soil

moisture estimations and tTVDI.

Figure 20 presents the models comparison taking GPR-based estimations as the reference. The x-
axis represents the date, covering from August 17" to October 1%, 2023. The left y-axis indicates
precipitation in millimeters (mm), while the right y-axes show field-median volumetric soil
moisture, for the top 40 cm of soil in the case of GPR-based estimation and for the top 10 cm for

the SAR-based estimations. Besides that, the y-axes on the right also show tTVDI values.
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The curve, depicted in red, shows that initially, on August 22", the soil water content is around
0.22 m*m3. Following this, there is a sharp increase observed on August 25", where the soil
moisture peaks at approximately 0.36 m*/m?. This significant rise is aligned with a big precipitation
event. After reaching its peak, the soil moisture begins to decline steadily. By September 5%, the
value drops to about 0.33 m3/m?, continuing its descent to around 0.27 m*/m?3 by September 9.
This decreasing trend indicates a reduction in soil moisture, aligned with a period without
precipitation or irrigation. Interestingly, there is a slight recovery observed on September 13,
where the soil moisture increases marginally to about 0.25 m?/m?, reflecting the occurrence of
precipitation and irrigation. However, this increase is not sustained, as the value stabilizes and
slightly decreases again towards the end of the period, reaching approximately 0.24 m*/m? on

September 20

Both the SAR-based and GPR-based soil moisture estimations demonstrate good agreement over
this short period, although SAR is sensitive to the few top cm of the soil while the used GPR is
sensitive to the top 40 cm of the soil (wavelengths approximately 50 times larger for GPR
compared to SAR). Both datasets indicate similar trends, with peaks and troughs occurring at
corresponding times. This alignment suggests that both methods are capturing the soil moisture
dynamics consistently, enhancing the reliability of the results. Supporting these findings, the
spearman correlation calculated between SAR-based and GPR-based estimations gave a
coefficient of 0.78 with a p-value of 0.02. It indicates that there is a strong positive monotonic

relationship, which is statistically significant.

Moreover, there are significant precipitation events on August 25th and 29th, which correspond to
increases in soil moisture levels in both the SAR and GPR datasets. Following these precipitation
events, the soil moisture levels show a decline as expected, reflecting drying conditions. Irrigation
events on September 6th and 12th are also critical to note. These events likely contributed to the

stabilization of soil moisture levels during periods without significant rainfall.

The tTVDI values, represented by orange dots, are sparse due to the limited availability of
optical/thermal data. This scarcity restricts the ability to perform a more robust comparison of soil

moisture conditions over the period.
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6.2.2 Spatial variability

This Sub-Section examines changes in soil moisture across the field by comparing results from
three different estimation techniques: the SAR-based method, the optical/thermal-based TVDI,
and GPR soil moisture estimations. Each method provides results with different sensitivities with
respect to depth, highlighting the dynamic nature of soil moisture within the AOI and
demonstrating how each method captures these variations differently. For this spatial comparison,
we use the standard TVDI, which better represents the daily non-scaled index value. Due to limited
matching dates between datasets, we compare SAR-based and GPR-based estimations on August
25th and September 11th, 2023. Only September 11th, 2023, serves as the common date for TVDI
and GPR-based estimation, consequently allowing a comparison between the three results. We

begin with an analysis of GPR-based soil moisture estimation.

As mentioned in Sub-Section 5.1.3 (Grid definition), to compare with the satellite data, the initial
high-resolution soil moisture maps created with GPR were aggregated to match the coarser

resolution of the models’ results. Below are the specific maps:
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Figure 21: Comparison of soil moisture estimations between (a) GPR-based results and (b) SAR-based results, at 20-
meter spatial resolution on August 25, 2023. Panel (a) shows volumetric soil moisture estimations obtained using
GPR after aggregation to a spatial resolution of 20 meters. The color scale ranges from 0.3 to 0.4. Panel (b) shows
volumetric soil moisture estimations obtained using SAR data at a spatial resolution of 20 meters. The color scale

ranges from 0 (dry) to 1 (saturated).

Figure 21 (a) shows the GPR-based estimation of soil moisture across the field on August 25th,
2023. This map, with a spatial resolution of 20 meters, uses color coding to represent varying levels
of volumetric soil moisture, ranging from 0.3 to 0.4. The map reveals a heterogeneous distribution
of soil moisture, with higher moisture levels concentrated in the northwestern and middle western
parts of the field, indicated by blue regions. In contrast, several patches near the southern edge of
the field exhibit lower moisture levels, which corresponds with the elevation information from
Figure 2 (a), showing a slope from south to north. The presence of both high and low moisture

zones underscores the variability within the field.
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In contrast, Figure 21 (b) presents the SAR-based soil moisture estimation for the same date,
capturing moisture information from a shallower soil layer, specifically between 0 to 10
centimeters. This map, also with a 20-meter resolution, uses a color gradient to represent
volumetric soil moisture levels, ranging from 0 (dry) to 1 (saturated). The image shows significant
spatial variability, with high moisture areas, depicted in blue, primarily concentrated in the central
parts of the field. Conversely, red areas indicate low moisture levels, representing dry surface
conditions, predominantly in the southeastern and northwestern corners of the field. The map
reveals distinct patterns in soil moisture distribution, with noticeable gradients transitioning from

wetter to drier regions.

Comparing these two maps highlights the stratification of soil moisture at different depths. The

second matching date is as follows:
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Figure 22: Comparison of soil moisture estimations between (a) GPR-based results and (b) SAR-based results, at 20-

meter spatial resolution on September 11, 2023. Panel (a) shows volumetric soil moisture estimations obtained using
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GPR after aggregation to a spatial resolution of 20 meters. The color scale ranges from 0.15 to 0.3. Panel (b) shows
volumetric soil moisture estimations obtained using SAR data at a spatial resolution of 20 meters, with values from

0.2t00.8.

Figure 22 (a) shows the GPR-based soil moisture estimation on September 11th, 2023. Compared
to the previous date, there is a noticeable decrease in overall moisture levels across several parts
of the field, with values now ranging from 0.15 to 0.3. Despite this decrease, spatial variability
remains prominent. For instance, the western part of the field appears to preserve less moisture
compared to the eastern part. However, the northwest section shows a high concentration of

moisture, which aligns with the elevation data from Figure 22 (a), indicating a talweg in that area

The same patterns are not as apparent in Figure 22 (b), which presents the SAR-based soil moisture
estimation for the same date. In this map, high moisture areas (blue) are visible in the central and
southern parts of the field, consistent with Figure 3’s left panel, which indicates poor natural
drainage in the center of the field. In contrast, the GPR-based map in Figure 22 (a) shows higher
moisture concentrations in the northwestern part of the field, suggesting that deeper soil layers
retain moisture differently. While Figure 22 (a) indicates low moisture in the southwestern part of
the field, Figure 22 (b) shows drier regions predominantly in the northeastern part. Comparing the
SAR-based estimations from September 11th, 2023, with those from August 25th, 2023, reveals
that the central area of the field maintained high moisture concentrations, with persistent

heterogeneity in the moisture distribution.

As detailed in Sub-Section 5.1.3, and due to satellite capabilities, only one TVDI result with a
spatial resolution of 30 meters was produced to match the GPR-based estimations. Below is their

comparison:
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Figure 23: Comparison of soil moisture estimations assessment (a) GPR-based results and (b) TVDI results, at 30-
meter spatial resolution on September 11, 2023. Panel (a) shows volumetric soil moisture estimations obtained using
GPR after aggregation to a spatial resolution of 30 meters. The color scale ranges from 0.15 to 0.3. Panel (b) shows

TVDI values obtained using optical/thermal data at a spatial resolution of 30 meters, with values from 0 to 1.

Figure 23 (a) illustrates the GPR-based soil moisture estimation across the AOI on September 11th,
2023, with a spatial resolution of 30 meters. This map depicts moisture levels in the top 40 cm of
the soil, ranging from 0.15 to 0. The map shows a concentration of moisture in the center of the
plot, similar to the 20-meter resolution map, but with less general variability due to the resampling
applied. The transformation from the map constructed with kriging (1.3 meters) to 30 meters
impacts the overall spatial distribution comparison, potentially masking small-scale variability and

smoothing out some of the spatial patterns observed in the original high-resolution data.

Figure 23 (b) presents the TVDI estimation of soil moisture across the AOI on September 11th,
2023, also with a spatial resolution of 30 meters. The TVDI values range from 0 (wet conditions)

to 1 (dry conditions). The map reveals distinct spatial variability, with higher TVDI values (red
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and orange) concentrated in the northwestern part of the field, suggesting drier conditions in this
region. Conversely, lower TVDI values (blue and green) are observed in the central and
southeastern parts, indicating wetter conditions, consistent with the poor natural drainage in the
center of the field shown in Figure 3’s left panel. This distribution pattern aligns with the moisture
concentration observed in the GPR-based estimation for the same date. Figure 23 (a) shows some
moisture concentration in the central part of the field and lower values in the northwest part, with

the exception of the highest value, which is not captured by the TVDI result.

To be able to make a comparison between TVDI and SAR-based estimation having the same spatial

resolution, the latter was resampled using a bilinear method.
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Figure 24: Comparison of soil moisture estimations assessment (a) SAR-based results and (b) TVDI results, at 30-
meter spatial resolution on September 11, 2023. Panel (a) shows volumetric soil moisture estimations obtained using
SAR data at a spatial resolution of 30 meters, with values ranging from 0 to 0.8. Panel (b) shows TVDI values

obtained using optical/thermal data at a spatial resolution of 30 meters, with values from 0 to 1.
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Figure 24 presents the results. Panel (a) displays the SAR-based estimation aggregated to a spatial
resolution of 30 meters, representing volumetric soil moisture levels. The image shows significant
spatial variability, indicating areas of both high and low soil moisture. Both Panel (a) and (b) show
the central part of the field with a higher concentration of soil moisture, which is consistent with
the poor natural drainage indicated in Figure 3’s left panel, demonstrating good agreement between
the soil moisture assessments. However, Panel (a) shows lower values at the borders, which might

be due to error propagation from the resampling technique.

7 Discussion

This Section delves into the interpretation of the results obtained from Section 5, assessing the
spatiotemporal variability observed in the field, aiming to discuss the strengths and limitations of
each method. By comparing soil moisture data across different depths and timeframes, we aim to
understand the dynamic nature of soil moisture distribution and its implications for agricultural
practices. The discussion will also address the potential factors influencing soil moisture patterns,
such as soil texture, topography, and land management. Furthermore, we explore the practical
applications of these findings in optimizing irrigation strategies, enhancing crop yield, and
ensuring sustainable water resource management. Through this comprehensive analysis, we aim
to provide actionable insights and recommendations for improving soil moisture monitoring and
management in agricultural fields. Finally, future perspectives are addressed, already drawing next

steps to this research.
7.1 Key Findings

The present work examined changes in soil moisture across the field using three different
estimation techniques: SAR-based method, optical/thermal-based method, and GPR soil moisture
estimations. Due to their signal’s nature, each technique provided insights with different
characterization depth and resolution, highlighting the dynamic and heterogeneous nature of soil
moisture within the AOI. The analysis demonstrated how these methods complement each other,
with SAR and TVDI offering surface-level estimations, while GPR provided deeper soil moisture

data.
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Examining the temporal variability revealed a strong relationship between soil moisture
assessment and precipitation events. Over a period of two years (2022 and 2023), the SAR and
tTVDI methods showed expected positive and negative correlations with precipitation of,
respectively, 75.86% and 92.86%. The combination of a precipitation peak on June 22", 2023,
following a period of drought is particularly interesting as it can reveal hidden soil dynamics such
as infiltration and retention of moisture. This aspect is further explored in the results interpretation

to understand the underlying soil processes.

Regarding direct comparison, the SAR-based and GPR-based soil moisture data, for the short
period of overlaying results, showed a good agreement through a spearman correlation coefficient
of 0.78. Particularly for the days after rainfall it is possible to see both estimations showing high
sensitivity to precipitation occurrences. For instance, following a precipitation event on August
25th, 2023, both methods captured an increase in soil moisture, though the GPR data revealed
more variability. Meanwhile, the tTVDI method, despite being affected by cloud cover and data
availability, mirrored these moisture trends, presenting opposite patterns with precipitation (e.g.
decreasing when rainfall events), but incapable of being evaluated in the temporal dimension

against GPR.

In exploring the spatial variability, the GPR estimations, with a characterization depth of about 40
cm, revealed significant differences in soil moisture across the field. Higher moisture levels were
concentrated in the northwestern and middle western parts of the field, while lower levels were
observed towards the southern edge. This variability was more pronounced in the high-resolution
(20 meters) resampled maps, underscoring localized differences in water retention, aligning with
the elevation map presented, which showed a slope from south to north in the AOI. However, the
analysis of spatial variability added only a limited value to the overall work, given the different

sensitivities with respect to depth of the different methods.

The SAR-based method effectively recreated the moisture condition for the top 10 cm layer of the
soil. It was anticipated that the change detection approach might not show a strong spatial
distribution similarity with the GPR estimation due to the different depths at which they operate.
Further analysis is needed to understand how moisture transfers from the 10 cm layer to the 40 cm

depth, specifically within the AOI. This process of moisture transfer and retention might hold the
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key to connecting SAR-based and GPR-based results. The presence of two soil types with different
drainage capabilities can be affecting the distributions seen in both results with different
characterization depths. The TVDI method, focusing on surface moisture (e.g. 0 to 5 cm), can be
more directly related to the SAR-based method, as both assess similar soil layers. However, these
two methods are affected by vegetation and roughness, while GPR was not, in this specific case,

thanks to the relatively large wavelength used.

The impact of resolution on data interpretation became evident when transforming the original
high-resolution GPR data (1.3 meters) to a coarser resolution (30 meters). In the Appendix is
possible to see the original GPR-based maps obtained with kriging. The further resampling process
led to a loss of finer details, smoothing out small-scale variability and potentially masking subtle
spatial patterns. Additionally, due to cloud cover limitations, fewer days were available for TVDI
data production, resulting in only one matching date between the three methods. This single
matching date is insufficient for significant comparison due to the many uncertainties involved.
Therefore, while the spatial variability analysis provided some insights, its contribution is
constrained by different characterization between GPR and the two other models, as well as the

limitations in TVDI data acquisition.

However, applying the TVDI method provided valuable insights into surface moisture conditions,
distinguishing between drier and wetter areas. On September 11th, 2023, the TVDI map identified
higher dryness in the northwestern part of the field and wetter conditions in the central and
southeastern parts. This pattern aligned with the observations from GPR and SAR-based
estimations, reinforcing TVDI's utility in detecting surface moisture variability. However, the
coarser resolution of TVDI limited its capacity to capture finer spatial details compared to the

high-resolution GPR data.

These findings collectively underscore the importance of integrating multiple remote sensing
techniques to achieve a comprehensive understanding of soil moisture dynamics, while also

highlighting the critical role of resolution in accurately capturing spatial variability.
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7.2 In-depth Event Analysis

The temporal variability result showed 2 years of comparison between the SAR-based model and
tTVDI, highlighting how their time-series were varying according to precipitation on the field.
Figure 19 demonstrates that soil moisture levels fluctuate seasonally, with higher values in spring
and autumn, correlating with increased precipitation and lower temperatures, and lower values in

summer, correlating with higher temperatures and evapotranspiration rates.

Significant events, such as substantial rainfall or drought periods, cause sharp changes in soil
moisture. For instance, on June 22, 2023, the AOI experienced a significant precipitation peak
following a drought period. This event offers a unique opportunity to understand the impact of
antecedent dry conditions on the soil's ability to absorb and retain moisture. The field received
nearly 40 mm of rainfall, the highest recorded precipitation in the observed period. This event
followed a dry spell from May 16 to June 17, 2023, characterized by an absence of rainfall. During
this period, as shown in Figure 4, the area experienced several days of high temperatures and
presented an increasing NDVI (see Figure 25) consequently having higher evapotranspiration

rates, leading to significantly reduced soil moisture levels.

The extended drought resulted in the depletion of soil moisture in the surface layers. The SAR-
based soil moisture estimations showed a steady decline, with volumetric soil moisture levels
dropping to around 0.47 by mid-June. In contrast, the tTVDI results indicated a continuous
increase until just before the event, with values above 0.8, suggesting that most of the field could

be under stress.

On the major event day, the tTVDI result showed immediate sensitivity, decreasing to around 0.5.
This value could also have been influenced by minor precipitation events on June 18 and 20.
Interestingly, after the event on the 22nd, there were a few days without rain, and the SAR-based

results rapidly decreased during this short interval.

A similar pattern was observed in the previous year between April and July when precipitation
events were scarce, and the surface soil moisture began to decline as indicated by both models.
During this specific period, the lack of tTVDI data points limits a deeper understanding when

merging the models. However, it provides a general indication of dryness in the field.
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As studied by Quintana et al. (2023) and Meza et al. (2020), drought events can significantly
impact soil permeability by causing structural destabilization and changes between layers.
Furthermore, while soil cracking is expected during dry periods, (Cordero et al., 2014)
demonstrated that the damage can be intensified when the soil is re-wetted after a drying period.

The sequence of events analyzed over these two years could lead to such soil damage.

The GPR acquisition, occurring only between August 22 and September 20, 2023, provided a
shortened but insightful temporal analysis. Figure 20 shows that GPR-based soil moisture
estimations present a larger range than the SAR-based model. One potential source for this
difference is the origin of the measurements. As stated in Sub-Section 4.2.2, the very high-
resolution data generated soil moisture maps with approximately 1.3 meters of spatial resolution,
presenting finer details about spatial variability within the field. The Appendix Section shows all
the GPR estimations in their original resolution. When aggregating the pixels, this variability is
smoothed in the spatial dimension. However, the general trend remains evident in the time
dimension, with the time-series presenting values from 0.22 to 0.36 (m?*m?). Despite having less
variability presented in the time-series, the SAR-based estimations for the same 1-month period
with GPR data show high sensitivity to precipitation and therefore a similar behavior to the GPR
results curve. Taking GPR results as more accurate, it appears that the SAR-based results could

present a forward time delay, raising the question of how this might occur.

An important factor to consider is the measurement depth, as there is a discrepancy between the
sensor’s penetration capabilities and what influences soil moisture dynamics at different depths.
Although different studies (Legates et al., 2010; Tromp-van Meerveld and McDonnell, 2006)
indicate a strong continuity between soil moisture concentrations across layers, many factors can
impact moisture dynamics. Horton et al. (1994) pointed out that compactive processes, often
related to agricultural practices, affect soil hydraulic properties, consequently influencing water
retention and transport in response to changes in pore space geometry. Additionally, as Liu et al.
(2019a) stated, water content concentration and plant root systems can significantly affect soil
infiltration capacity, with soil moisture being the main factor influencing initial infiltration rates
and below-ground biomass determining steady-state infiltration rates. Therefore, multiple reasons
could explain the apparent delay between estimations, and a specific study on the interaction of

soil moisture between layers in the AOI should be conducted.
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In contrast to the GPR results, the SAR-based spatial distribution exhibits a randomness on both
matching dates, which could be attributed to the sensitivity present in the C band to vegetation,
roughness and speckle noise, which leads to poor characterization at the scale of the field analyzed
in this study. These spatial discrepancies between results could be related to the models' constraints

and assumptions, which will be discussed in the next Sub-Section.

7.3 Comparison with previous studies

The results of this study are compared with previous research that performed similar analyses to
assess soil moisture status. Using a change detection method, Zribi et al. (2008) also observed a
high agreement between their estimations and precipitation events, despite using NDVI for
vegetation characterization and radar data from the ERS Scatterometer. In the present study,
75.86% of the high estimations align with precipitation events from the previous two days, which
is consistent with the 92% agreement found by Zribi et al. This similarity is notable because the
same metric was applied in both studies, enabling a direct comparison. However, a significant
difference lies in the spatial resolution: the present study used 20m resolution, whereas Zribi et al.
used 25 km. This disparity affects the comparison, as Zribi et al. analyzed a much larger area with

different LULC characteristics.

Gao et al. (2017) and Bhogapurapu et al. (2021b) also used Sentinel-1 SAR data to estimate
volumetric soil moisture with a 100m spatial resolution. While their studies showed good
alignment with precipitation events, they did not focus on qualitative time-series comparisons as
done in the present work. Instead, they compared their estimations directly with in-situ
measurements over extended periods, resulting in low RMSE values—0.087 m?*/m? for Gao et al.
and approximately 0.050 for Bhogapurapu et al. A key difference in the present study is the use of
GPR-based estimations, which allow for comparisons of spatial distributions at much higher
resolutions. Despite differences in characterization depth, GPR-based estimations demonstrated
the potential to serve as proxies for finer soil moisture satellite estimations, both temporally and

spatially.

Studies that used the TVDI to correlate surface moisture status often faced challenges related to
cloud cover and coarse spatial resolution. For example, Rawat et al. (2022) found a high negative
correlation (R? = -0.8) between in-situ soil moisture measurements and TV DI, albeit with a spatial
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resolution of 250m. While this supports the general approach capability, it is not suitable for small-
scale farming. In contrast, the present study, using GPR-based estimations as a proxy, was able to
evaluate small-scale trends in the field for the available matching dates, showing potential insights

applicable for agriculture.

Finally, when comparing the tTVDI results from Przezdziecki et al. (2023), which focused on
forested areas and showed good agreement with evapotranspiration models, to our study, we found
that our tTVDI time series also aligned well with SAR-based estimations and precipitation events
in agricultural areas. This indicates that, once the issue of heterogeneity within a given area is
resolved, the tTVDI approach can effectively capture general soil moisture trends in an agricultural

environment, even a small scale field.

7.4 Practical implications

Translating the findings from soil moisture estimations and remote sensing data into real-life, on-
farm concrete results presents several challenges. One major difficulty lies in the inherent
variability and complexity of field conditions, which can differ significantly from the controlled
environments in which models are often tested and validated (Visser et al., 2021). The AOI has
been utilized for diverse crop rotations over recent years, reflecting a farm management approach
to maintaining soil health and optimizing agricultural productivity. This variability in crop types
and farming practices adds layers of complexity when it comes to directly using remote sensing

data to inform on-the-ground decisions.

In 2023, spinach was cultivated in the field with two distinct sowing and harvesting periods. The
first sowing took place on May 6, 2023, followed by harvesting on June 23, 2023. A second sowing
occurred on August 14, 2023, with harvesting on September 23, 2023. This practice of sequential
planting allows for maximizing the use of the field throughout the growing season, ensuring
efficient land use and crop production. Figure 25 in the Appendix Section shows NDVI values
aligning with these agricultural activities, presenting an increase starting in May 2023 and peaking
in June 2023, which corresponds to the first spinach growing period. Similarly, after a dip in July
2023, the NDVI values rise again in August and September 2023, peaking before the second

harvest.
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The specific timing of these agricultural activities can greatly influence soil moisture dynamics, as
observed in the study. In Figure 26, the SAR-based soil moisture levels show a steady decline
starting in early May, just before the first sowing date, indicating pre-existing dry conditions.
During the first sowing period, soil moisture fluctuates around lower values, reflecting minor
precipitation events and irrigation. Leading up to the first harvest in late June, there is a noticeable
increase in soil moisture levels around mid-June, corresponding to the significant rainfall event on
June 22, 2023. Post-harvest, soil moisture levels drop sharply. Prior to the second sowing date in
mid-August, soil moisture levels are relatively stable but on a declining trend. Following the
second sowing, there is a slight increase in soil moisture, which could be due to irrigation or minor
rainfall events. Leading up to the second harvest in late September, soil moisture levels show

another peak in early September, followed by a decline towards the end of the month.

Figure 27 shows that the tTVDI values around early May are relatively high, indicating dry
conditions. During the first sowing period, tTVDI values peak in early June, reflecting increasing
dryness. Just before the first harvest in late June, tTVDI values decrease sharply, coinciding with
the significant rainfall event on June 22, 2023, reducing soil dryness. Around the second sowing
date in mid-August, tTVDI values drop to around 0.5, indicating some moisture in the field. During

the second growing period, tTVDI values increase, reflecting growing dryness.

Relating the remote sensing results with ground-based in-situ measurements is essential for
accurate irrigation and crop management. In-situ measurements can provide ground information
to calibrate remote sensing models, ensuring their reliability and accuracy. However, given the
inherent field variability, these sensors have limited value for validation, as they are not

representative of the moisture at a larger scale.

The impact on irrigation management is substantial. The study’s results highlight the importance
of understanding temporal and spatial variability in soil moisture for efficient water use. For the
2023 spinach crops, this means adjusting irrigation schedules based on the observed moisture
levels and anticipated weather conditions. For instance, the period following the significant rainfall
event on June 22 could benefit from reduced irrigation needs, while dry spells, such as the one

from May 16 to June 17, would necessitate increased irrigation to maintain optimal soil moisture
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levels. This targeted approach can prevent over-irrigation, conserve water, and ensure that crops

receive the right amount of moisture when they need it the most.

In terms of crop management strategies, the insights gained from the study can inform decisions
on crop rotation, planting, and harvesting schedules. Understanding soil moisture dynamics helps
in selecting the right crops for specific seasons, planning sowing and harvesting dates to align with
favorable moisture conditions, and implementing soil health practices that enhance moisture
retention (Kukal et al., 2019). For instance, the observed sensitivity of tTVDI to low temperatures
and bare soil conditions during winter suggests that cover crops or mulch might be beneficial to

maintain soil moisture and prevent erosion.

7.5 Limitations

The limitations of this study are primarily related to data constraints, methodological challenges,
and generalizability issues. Optical and thermal data constraints, particularly cloud cover, pose
significant challenges. For instance, Landsat 9 imaging is often hampered by cloud cover, which
is an important issue in regions like Belgium, where cloudiness prevails most of the year. This
limitation reduces the robustness of temporal comparisons, as having more frequent data points
would provide a more comprehensive understanding of moisture dynamics. Additionally, the
spatial resolution of 20 to 30 meters may not be fine enough to capture small-scale variations in
soil moisture for fields as small as 6 hectares. As shown in the results, this spatial resolution can
capture general trends on the AOI, but it would require a much larger area to identify clearer
patterns. Moreover, the limited number of matching dates between datasets, such as the single

TVDI result at a 30-meter resolution, further restricts detailed temporal analysis.

Methodologically, each soil moisture estimation technique has its constraints. The GPR measures
soil moisture of the top 40 cm. Conversely, the SAR-based estimations provide surface soil
moisture (0-10 cm), which can be highly variable and influenced by recent precipitation or
irrigation. This surface-level focus might not reflect deeper soil moisture conditions, crucial for
long-term water management. Additionally, TVDI, beyond capturing the surface moisture levels,
relies heavily on the vegetation-evapotranspiration relationship. As observed in the 2022-2023
winter, the index's sensitivity can be impacted by seasonal variations, proving that its usage must
be always contextualized.
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Technical challenges also played a significant role in this study. Integrating data from different
sensors and methods posed difficulties due to variations in resolution, temporal availability, and
measurement principles (as it is possible to see in Sub-Section 5.1.3). Ensuring that these datasets
are comparable required meticulous preprocessing and alignment, which is not always
straightforward. Environmental factors such as vegetation cover, natural soil drainage, and land
management practices can interfere with remote sensing measurements, leading to potential
inaccuracies. For instance, dense vegetation can obscure SAR signals, making precise soil
moisture readings challenging. Moreover, the short duration of GPR data collection, with only
eight measurements taken within less than a month, represents a significant constraint to perform

a proper validation exercise.

The scalability of the findings is another limitation. The results are specific to the study area and
its unique environmental conditions, which may limit the applicability to other regions with
different soil types, climatic conditions, and agricultural practices. Therefore, while the results
provide valuable insights for the specific study area, they might not be directly applicable to

different contexts without further validation.

7.6 Future research directions

To advance the understanding and application of soil moisture estimation methods, several future
research directions are proposed. Validating these assumptions will require a comprehensive
approach involving enhanced monitoring techniques, field experiments, and longitudinal studies.
Enhanced monitoring techniques, such as integrating data from multiple remote sensing platforms
with different spectral bands and penetration depths, can provide a more comprehensive view of
soil moisture dynamics. Field experiments and in-situ measurements are essential to verify the
accuracy of SAR, and TVDI estimations, particularly during significant events like substantial

rainfall or drought periods.

Longitudinal studies are essential for understanding the temporal dynamics of soil moisture.
Continuous monitoring over extended periods, using GPR or other technology on the field, will
help identify long-term trends and seasonal variations in soil moisture levels, revealing how soil
moisture responds to changing climatic conditions, irrigation practices, and land management
strategies. The integration of soil properties on the moisture estimation is another important
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research direction, as it can bring absolute values that can be compared with more conventional

ways of measuring soil moisture, which are closer to farmers’ reality.

Future studies should aim to quantify the other influences mentioned in the present work (e.g.
topography and pedology related factors) and incorporate them into soil moisture models to
enhance the accuracy of moisture estimations and provide more reliable data aiming to understand
water resources management and crop yields optimization, as stated by Holzman et al. (2014) and
Bhogapuruapu et al. (2022). The use of soil hydrodynamic models and data assimilation techniques

can be the bridge to connect these results to what is experienced in the field.

Given the higher number of matching dates for SAR and TVDI data over the two-year study
period, there is significant potential for a strong comparative analysis between these two methods.
Such a comparison can elucidate the strengths and weaknesses of each method in different
conditions and depths. Ideally, the usage of C-band (and L-band) drone-borne GPR measurements
would facilitate the validation, bringing more reliability to the analysis. On top of that, the
integration of different radar satellites with various bands and depth penetration capabilities can
provide a multi-layered understanding of soil moisture. Combining data from multiple satellites
can improve the temporal resolution of soil moisture monitoring, allowing for more frequent
updates and better responsiveness to changing conditions. These efforts will collectively improve
the accuracy and applicability of soil moisture estimations, supporting more effective water

resource management and agricultural practices.

8 Conclusion

This study evaluated the effectiveness of SAR and Optical/Thermal-based methodologies for soil
moisture estimation in the Grand Villers field, Belgium, by integrating these approaches with GPR
data to analyze spatiotemporal trends. The findings showed that SAR and TVDI methods
effectively captured surface moisture, while GPR provided valuable insights into root-zone
moisture, highlighting the complementary nature of these techniques. The research demonstrated
a positive correlation between SAR-based soil moisture and precipitation, as well as a strong
negative correlation between TVDI and rainfall events, though factors like cloud cover and

resolution constraints affected data robustness. Additionally, SAR-based and GPR-based
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estimations showed a Spearman correlation of 0.78 for the overlapping period. Notably, TVDI
indicated a characteristic moisture concentration in the center of the field, possibly related to
varying soil drainage capacities within the AOI. Despite the challenges, the integration of these
methodologies offered a comprehensive understanding of soil moisture dynamics, crucial for

efficient irrigation and crop management.

The study's limitations, including data constraints and methodological challenges, underscore the
need for careful contextualization and further research. Issues such as cloud cover, resolution
limits, and the brief GPR data collection period highlighted the difficulties in accurately capturing
small-scale moisture variations and validating results. Moreover, the unique environmental
conditions of the study area may limit the generalizability of the findings, necessitating further

validation in different contexts.

Future research should focus on enhancing monitoring techniques, conducting longitudinal
studies, and integrating multiple remote sensing platforms to improve soil moisture estimation
accuracy. Incorporating soil properties and understanding how influences like topography and
pedology could be translated and assimilated into the soil moisture models would bridge the gap
between remote sensing data and practical applications, ultimately supporting better water

resource management and agricultural practices.
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Figure 25: Time series of median NDVI from March 2022 to September 2023. The graph presents the median NDVI
values over time, from March 2022 to September 2023. The green line with circular markers shows the temporal
variation in NDVI, indicating changes in vegetation health and density. Peaks in the graph correspond to periods of

higher vegetation activity, while troughs indicate lower vegetation activity.
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Figure 26: Time series of SAR-based soil moisture median estimation from May 2023 to September 2023. The
graph shows the volumetric field-median soil moisture estimation obtained using SAR from May 2023 to September
2023. The green line indicates the temporal variation in soil moisture levels, highlighting fluctuations and trends
over the period. Notable peaks and troughs reflect changes in soil moisture conditions influenced by environmental

factors.
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Figure 27: Time series of median tTVDI from April 2023 to September 2023. The graph presents the median tTVDI
values over time, from April 2023 to September 2023. The orange line shows the temporal variation in tTVDI,
indicating changes in vegetation dryness. Peaks in the graph correspond to periods of higher dryness, while troughs

indicate periods of lower dryness.
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Figure 28: GPR-based soil moisture estimation obtained with kriging interpolation results and at 1.3-meter spatial

resolution on August 22, 2023. The map shows volumetric soil moisture estimations created by UCLouvain GPR

team. The color scale ranges from 0 to 0.3
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Figure 29: GPR-based soil moisture estimation obtained with kriging interpolation results and at 1.3-meter spatial
resolution on August 25, 2023. The map shows volumetric soil moisture estimations created by UCLouvain GPR

team. The color scale ranges from 0 to 0.44.
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Figure 30: GPR-based soil moisture estimation obtained with kriging interpolation results and at 1.3-meter spatial
resolution on August 29, 2023. The map shows volumetric soil moisture estimations created by UCLouvain GPR

team. The color scale ranges from 0 to 0.45.
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Figure 31: GPR-based soil moisture estimation obtained with kriging interpolation results and at 1.3-meter spatial
resolution on September 05, 2023. The map shows volumetric soil moisture estimations created by UCLouvain GPR

team. The color scale ranges from 0 to 0.44.
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Figure 32: GPR-based soil moisture estimation obtained with kriging interpolation results and at 1.3-meter spatial

resolution on September 08, 2023. The map shows volumetric soil moisture estimations created by UCLouvain GPR

team. The color scale ranges from 0 to 0.45.
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Figure 33: GPR-based soil moisture estimation obtained with kriging interpolation results and at 1.3-meter spatial

resolution on September 11, 2023. The map shows volumetric soil moisture estimations created by UCLouvain GPR

team. The color scale ranges from 0 to 0.40.
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Figure 34: GPR-based soil moisture estimation obtained with kriging interpolation results and at 1.3-meter spatial

resolution on September 15, 2023. The map shows volumetric soil moisture estimations created by UCLouvain GPR

team. The color scale ranges from 0 to 0.42.
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Figure 35: GPR-based soil moisture estimation obtained with kriging interpolation results and at 1.3-meter spatial

resolution on September 20, 2023. The map shows volumetric soil moisture estimations created by UCLouvain GPR

team. The color scale ranges from 0 to 0.44.
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Soil Moisture Estimation: A Comparative Analysis of Remote
Sensing Methods Using Ground Penetrating Radar

Yan Cesar Lima Ferro De Paoli

Accurately estimating soil moisture is essential for effective water resource management,
crop production, and environmental monitoring, especially in the context of climate
change and increasing drought conditions. This study evaluates the qualitative
performance of two approaches to access soil moisture information, using Synthetic
Aperture Radar (SAR) data and optical/thermal data sources. Specifically, a SAR-based
change detection and the Temperature-Vegetation Dryness Index (TVDI) are selected and
benchmarked against Ground Penetrating Radar (GPR)-based estimations, which are
known for their high spatial resolution. The research is conducted on the Grand Villers
field, part of the DuraTechFarm project in Wallonia, Belgium, with GPR measurements
taken between August and September 2023. Additionally, a two-year comparison (2022-
2023) between the SAR-based and TVDI methods is performed. The findings reveal a
strong correlation (75.86%) between recent precipitation events (within the last two days)
and high values estimated by the SAR-based approach. For the TVDI, 92.86% of high
values correspond to the absence of rainfall within the last two days. When comparing the
SAR-based with the GPR-based estimation, a good alignment between them is observed,
with a Spearman correlation of (.78 and a p-value of 0.02. In terms of spatial distribution,
both TVDI and GPR-based results indicate similar patterns, showing a concentration of
moisture in the center of the field on September 11th. This study highlights the challenges
of validating satellite-based soil moisture estimations and underscores the need for more
high-resolution, time-continuous measurements to bridge the gap between remote sensing

data and ground truth.
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