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ABSTRACT

Water is an indispensable resource for human activities and agriculture. Its scarcity has severe
consequences, including impacts on hygiene, sanitation, nutrition, and food security. Access to clean
drinking water is a basic human right, yet it remains a challenge in many parts of the world. This calls for
a paradigm shift in our approach to water management, which includes adopting a proactive approach that
goes beyond our present needs and aims to safeguard the resource for the well-being of the environment
and future generations.

As numerous studies have already highlighted, all solutions towards better management begin with the
same step: achieving a good quantitative knowledge, primarily through significant technological
improvement. This is fundamental as it would enable an accurate assessment of the current situation in
addition to tracking its evolution and evaluating any proposed solutions in the future. Given the
complexity of the water cycle and the large scale over which it occurs, in-situ point measurements have
been shown to be quite insufficient in addressing this issue. In contrast, the large scales provided by
radars and satellites has led researchers to regard them as sources of great potential. Given the fact that
irrigation practices are estimated to be responsible for more than 70% of global water withdrawals, using
these large-scale studies in order to estimate irrigation quantities, in particular, has proven to be of critical
importance.

In Europe, the large majority of such studies rely on the Sentinel-1 mission provided by the Copernicus
Program thanks to its open access. The loss of one of the two twin radars, Sentinel-1B, at the end of 2021,
doubled the mission’s revisit period and, thus, greatly impacted studies relying on this data.
Unfortunately, all the following efforts to make up for this loss, namely in the attempts to launch Sentinel
1-C and Sentinel 1-D, have faced either delays or failures. In this context, the first part of this study
includes an investigative analysis of radar missions that could potentially be used, as separate alternatives
or complementary sources to Sentinel-1, for radar data.

In addition to this, this study attempts to build on the latest research on the topic of obtaining irrigation
estimates based on the inversion of soil moisture data obtained from radar data by relying on adapted
versions of two main algorithms: SM2Rain and RT1. SM2Rain is an algorithm originally developed for
the retrieval of rainfall estimates from soil moisture data. RT1, on the other hand, is a new radiative-
transfer modeling framework for the retrieval of soil moisture estimates, which originally relied on
scatterometer data. Therefore, this study also presents a regional-scale, high-resolution (~1 km) irrigation
data set obtained using the above-mentioned methods.

The study area consists of 73km? of agricultural areas in Piedmont, Italy, falling within the Canavese
area, between Chivasso and Caluso. The time period considered spans over the years of 2020 to 2022.
Radar data was obtained from the Sentinel-1 mission through the Copernicus website. Meteorological
data was obtained from ARPA Piemonte, specifically from the Caluso station, which is centered within
our area of interest. The analysis also made use of other sources, such as ERA5-Land hourly data from
1950 to present for Leaf Area Index (LAI) and benchmark soil moisture data, in addition to irrigation
calendar data specific to the considered agricultural areas.
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1. INTRODUCTION

Water has been an indispensable resource throughout human history. In ancient times, human settlements
were intricately tied to the availability of water sources, such as lakes and rivers. Civilizations, cities, and
villages emerged near these water sources, forming the backbone of their social and economic activities.
Technological progress, including the development of extensive water networks, the construction of
dams, and the establishment of wells and other critical infrastructure, enabled societies to harness the
diverse water sources available to them. These innovations allowed cities and communities to expand and
flourish. As a result, urbanization, agriculture, and industries thrived, driving progress and prosperity.
However, as our reliance on these engineered water systems grew, so did the challenge of
overexploitation. Driven by population growth, industrialization, and shifting consumption patterns, the
demand on water resources has reached unprecedented levels.

Access to clean drinking water is a basic human right, yet it remains a challenge in many parts of the
world. According to the United Nations Educational, Scientific and Cultural Organization (UNESCO,
2021), nowadays, it is estimated that 50% of malnutrition is directly caused by lack of proper water,
sanitation, and hygiene. Moreover, water is a cornerstone of food security, as it is required for crop
cultivation and livestock farming. The ecological consequences of over-extraction are evident in the
depletion of aquifers, the alteration of natural flow patterns in rivers, and the degradation of aquatic
habitats. Furthermore, due to the complex nature of Earth’s environment, these alterations often lead to
positive reinforcement effects, in the sense that they weaken the resilience of water systems, making them
vulnerable and thus unable to cope with the uncertainties brought about by climate change, thus
exacerbating issues of water scarcity and quality (Nian et al., 2014, Mutiga et al., 2010). Despite the
numerous uses for water, agriculture seems to be, by far, the most influential. In fact, according to
UNESCO’s 2021 World Water Development Report, agriculture, alone, is responsible for 69% of global
freshwater use. This is further confirmed by the European Environment Agency (EEA, 2023), which
states that agriculture accounts for around 40 % of the total water used per year in Europe, making it the
top contributor to water use. In fact, irrigation practices are estimated to be responsible for more than 70%
of global water withdrawals (Foley et al., 2011; Dorigo et al., 2021). In addition to that, future projections
estimate that the issue of water scarcity is only expected to get worse. According to Wang et al. (2014),
climate change is expected to cause further increase in global water demand.

This calls for a paradigm shift in our approach to water management. To address this challenge, it is
necessary to adopt a proactive approach that not only considers present needs but also safeguards the
resource for the well-being of the environment and future generations. One of the main barriers to the
development of suitable management and adaptation actions and strategies is the lack of proper
monitoring, as highlighted by several scientific articles. Two notable examples are Kniippe et al. (2016)
that discussed the importance and urgency of adequate monitoring and Lawford et al. (2013) that
explained the essential role of integrating both in-situ and satellite data in achieving this goal. In this
context, given that good data is the foundation of analytics, improving the quantity and quality of
monitoring data is fundamental in order to perform more robust analyses, achieve more definitive results
with higher certainty, guide decision-making, and evaluate the results of previous decisions.

The role of remote sensing in achieving this goal has been huge, as demonstrated by Boori et al. (2021).
This is mainly due to the broad spatial scale offered by radars and satellites, compared to the traditional
in-situ measurement methods, which mainly rely on localized, point measurements. It offers a hefty
amount of data with consistency and reliability, two essential factors that are often lacking in irrigation



monitoring data (Alexandridis et al., 2013). Remote sensing, then, is very helpful in giving a more
comprehensive overview about environmental phenomena. The importance of this technology is only
expected to increase in magnitude as remote-sensing data becomes more accessible (Lechner et al., 2020),
as better integration of remote sensing with in-situ data is developed (Lawley et al., 2016), and as remote-
sensing instruments achieve better spatial and temporal coverage.

A significant amount of effort to develop methods and procedures that make use of remote sensing data to
tackle this issue has already been made and published in the literature. As described by Dari et el. (2022),
the issue of irrigation monitoring can be split into two main parts: identification (of irrigation events) and
quantification (of the water quantities involved in the process). The task of identification has seen notable
progress; the quantification task, on the other hand, has proven to be relatively more challenging, with the
first irrigation quantification method based on the inversion of soil moisture estimates (also known as
SM-based inversion approach) being proposed by Brocca et al. (2018). While the method’s feasibility was
demonstrated in that study using several soil moisture datasets, its reliance on coarse-resolution soil
moisture data was acknowledged as a major limitation. In another notable study, Jalilvand et al. (2019)
demonstrated the significant role of the evapotranspiration component, specifically in the case of semi-
arid regions. Dari et al. (2020) built on that by adopting the guidelines of the Food and Agriculture
Organization (FAO) to better represent the evapotranspiration component within the SM-inversion
approach and adopted downscaled soil moisture inputs to improve overall model precision. Alternatives
to the SM-approach have also been developed, namely the SM-delta (soil-moisture-delta) approach, first
proposed by Zaussinger et al. (2019). This method quantifies the water volumes involved in irrigation as
the difference between modeled soil moisture and soil moisture estimates obtained from satellite data.
Zappa et al. (2021) later suggested some improvements to the SM-delta method by introducing to it terms
that account for evapotranspiration and drainage fluxes. In addition to the above, several studies have
shown that data assimilation (DA) techniques can be applied on soil moisture estimates obtained from
remote sensing data in order to improve models in irrigation quantification studies (Ozdogan et. al., 2010;
Lawston et al., 2015; Nie et al., 2018). Some studies proposed the use of DA to integrate retrieval remote
sensing products into irrigation quantification models, such as Lawston et al. (2017), Jalilvand et al.
(2021), and Abolafia-Rosenzweig et al. (2019). Others, namely De Lannoy and Reichle (2016a, b),
Lievens et al. (2017a, b), and Modanesi et al. (2022), proposed the use of DA to directly integrate level-1
observations (such as radar-backscatter) instead of retrievals. Finally, the latest effort to mention is the
study of Dari et al. (2023). In that study, they adopted a slightly modified approach to the SM-based
inversion method, with the introduction of a first-order Radiative Transfer model (also known as RT1)
(Quast & Wagner, 2016; Quast et al., 2019) to calculate soil moisture estimates, as opposed to relying on
the downscaling of coarse soil moisture products. This allowed them to obtain, for the first time, regional-
scale and high-resolution irrigation water data sets from satellite observations. This proposed alternative
serves as a great example of the growing role of remote sensing in tackling important issues related to
climate change. Even though the RT1 approach initially relied on scatterometer, the feasibility of adapting
the approach to make use of Sentinel-1 backscatter was validated in the study of Quast et al. (2023),
which also included a thorough analysis and discussion of the limitations and implications of doing so.

Despite the potential provided by radars and satellites, however, one prominent issue that remains to be
tackled, especially with radar data, is data availability. The large majority of studies dealing with radar
data rely on the Sentinel-1 mission due to the open-access provided by the Copernicus Programme. The
loss of one of the two twin radars, Sentinel-1B, at the end of 2021, doubled the mission’s revisit period
from 6 days to 12 days and, thus, greatly impacted studies relying on it for radar data. Unfortunately, all
the following efforts to make up for this loss, namely in the attempts to launch Sentinel 1-C and Sentinel
1-D, have faced either delays or failures. In this context, the first part of this study contains a detailed



investigative analysis of alternative radar missions, and the main obstacles and opportunities currently
encountered with regards to the availability and accessibility of radar data.

This is followed by an attempt to adopt adapted versions of the RT1 algorithm (Quast et al., 2023) to
generate soil moisture estimates and the SM-based inversion algorithm (Dari et al., 2023) to obtain a
regional-scale, high-resolution (~1 km) data set of irrigation estimates.

The considered study area consists of 73 km?® of agricultural areas in Piedmont, Italy. More specifically
the areas fall within the Canavese area, between Chivasso and Caluso, as shown in Figure 1 below. The
areas are intensively irrigated, mainly in the summer period between June and September. They mostly
rely on the Caluso Canal, which spreads over several kilometers and plays a crucial role for agriculture in
the area. It has an average rainfall of around 630 mm/year.

Considering the World Geodetic System 1984 (WGS84) coordinate reference system (CRS), the area has
a bounding box that extends over 0.25° of latitude, ranging from 7.74 to 7.99 °E, and 0.19° of longitude,
ranging from 45.19 to 45.38 °N. Considering the equivalent projected coordinates onto the Universal
Transverse Mercator Zone 32 North (UTM32), it can be deduced that the area’s bounding box has an
approximate area of 378 km? (19.625 x 19.250 km).



4 ér amo
¥ Brescig{

. @ 2 L]
Milano

Verona
. o
Padova ¢ Venezia

® Bolzano

Trento ® Belluno

®Trieste

Torino ® i ‘
Alessandria Ferrara 34 -5
Parmae Mod.ena Y
oCuneo S8nova Bologna® «!\Ravenna : \w
iareggio Forlie i
Prato \Q\
, Luctas & Pesaro %
anremo Firenze -

Livorno

2

Ancana

Perugia

sGrosseto | SFOI0 | A i o T s

Mar

Elbaoﬁ Te'rm
Giglio s - L.Agulla Pescara
CIUcIlaVECChIa L Tremiti
Corsica  ROMA Campt-)bas =S
Lali"a oF0ggia .
o & ndrlaB
i e ari
Asinara ¢ o Napoli 3
schia” Potenza MAGI Brindisi
Alghero Nodro =% Salerno 4
o NUES aranlo  ethecce
QOristanp e Sarde-q (i) i
Mar Tirreno M
Cagliari osenza ar
. .
San Pietro
Sanl'An[igc Lamezia Terme.e Ionlo
Catanzaro

Lipari .°
« *Q
l%IV\E‘ ina

Mar Mediterraneo

aggsa Siracusa

Q
Pantelleria

50 100 150 km

0
0 20 40 60 mi

“, MALTA

Lampedusa *

Figure 1 - Location of considered study area

The time period considered spans from the beginning of 2020 until the end of 2022. The period of 2020-
2021 was used for model fitting. The fitted models were then used to produce irrigation estimates for the
year 2022. Soil moisture data was calculated, via a slightly modified version of the most recent RT1
algorithm proposed in the study of Quast et al., (2023), using Sentinel-1 images obtained from the website
of the European Space Agency (ESA) and Leaf Area Index (LAI) data. The LAI data, in addition to
baseline soil moisture data, namely Volumetric Soil Water Level 1 (swvll — 0-7 cm), was obtained from
the website of the Climate Change Service. Temperature and precipitation data were obtained from the
website of the Agenzia Regionale per la Protezione Ambientale (ARPA) Piemonte. Benchmark irrigation
data was obtained from Il Consorzio del Canale Demaniale di Caluso (The Consortium of the Caluso
State Canal).

The paper is organized as follows. The input data, required to run and verify the RT1 and SM-based
inversion algorithms, is described in Section 2. The adopted methodology is described in Section 3
including details concerning the theoretical background and the actual implementation of each of the two
algorithms. Results are displayed and discussed in Section 4. Finally, concluding remarks are discussed in
Section 5.



2.DATA SOURCES AND ANALYSIS

This section presents details about the main data inputs for the RT1 and the SM-based inversion
algorithms. The data used in this study can be split into two main categories: acquired data and computed
data.

Acquired data consists of the data variables that were obtained as raw data from an external source, and
possibly underwent some processing steps such as error corrections and spatial and/or temporal
resampling. This includes radar data (Section 2.1), temperature and precipitation data (Section 2.5),
benchmark irrigation data (Section 2.7), in addition to LAI and baseline soil moisture (swvll) datasets
(Section 2.6).

Computed data consists of the data variables generated, within the study and from other independent
variables, through the use of specific formulas or algorithms. This includes soil moisture (Section 2.3)
and potential evapotranspiration (Section 2.4). They are included in this section, along with the acquired
data, because they, too, were used as inputs to obtain the final output, which is irrigation estimates.

In addition to that, despite the inability to acquire alternative radar data to those from Sentinel-1, an
informative summary of the investigation done into alternative missions and the main findings from it are
included in Section 2.2.

2.1. Radar Data 1: Sentinel-1 Data
The crucial role of remote sensing, discussed in the previous section, in quantifying agricultural water
usage relies, first and foremost, on the remotely-sensed data itself. Specialized instruments like Synthetic
Aperture Radars (SARs), which are known for their ability to penetrate cloud cover and provide all-
weather, day-and-night imaging capabilities, are responsible for generating this data. The significance of
collected data, however, can be compared to Schrodinger's cat or the tree that falls in a lonely forest; it
only gains impact or significance when properly observed. In other words, the true potential of radar data
is unlocked, not when it’s collected, but when it’s made available so that it can be meticulously analyzed,
thereby yielding invaluable insights that can inform effective actions and policies in the ongoing battle
against Climate Change.

The Sentinel-1 mission, an integral component of the European Space Agency's (ESA) Copernicus
program, demonstrates the synergy between remote sensing data and its versatile applications. Sentinel-1
offers invaluable open access to a wealth of radar imaging data. While these images serve a wide array of
purposes, they are invaluable for climate-related research. Some applications are monitoring ice sheets
and glaciers, mapping floods and wetland dynamics, detecting extreme weather events, and assessing soil
moisture and vegetation dynamics, with the latter being particularly helpful for understanding agricultural
water use. As a result, this open-access promotes a collaborative, data-driven approach towards a number
of critical environmental issues.

Another beneficial feature of the Sentinel-1 mission is its relatively short revisit period. The mission
consists of two satellites, Sentinel-1A and Sentinel-1B, with each being equipped with identical C-band
SAR instruments. The two satellites, each having a revisit period of 12 days, traverse the same sun-
synchronous orbit, 180° apart. This configuration allowed the mission’s revisit time to be 6 days. Short
revisit times are crucial because they allow for frequent monitoring of ‘fast” processes like soil moisture
variations, ultimately improving the accuracy of results (Wickel et al., 2001; Balenzano et al., 2011). In



this context, the Sentinel-1 mission’s data, being open-source and suitable for agricultural applications, is
the first source of radar data considered in this study.

However, Sentinel-1B experienced an anomaly on December, 2021, and was no longer operational,;
despite many efforts from the European Space Agency (ESA) and other concerned parties, the satellite
issue could not be fixed (ESA, 2022). Since then, plans were made to launch Sentinel-1C as a
replacement of the lost Sentinel-1B. This would be followed by a launch of Sentinel-1D, as a replacement
for Sentinel-1A, which has already exceeded its expected lifetime. However, the initial launch attempt of
Sentinel-1C, on board of the Vega-C rocket, was not successful due to the failure of one of the rocket’s
components (ESA, 2023). Since then, despite some initial promises of it being launched before the end of
2023, the next launch date still hasn’t been set, with other sources claiming that the next launch is not
expected any time before late 2025 (Foust, 2023). In the meantime, this loss means that the Sentinel-1
mission, now comprising of just one operational SAR, the Sentinel-1A, has a revisit period of 12 days.
This significantly limits its effectiveness in future studies and applications, namely in this paper’s topic of
interest, which is irrigation quantification through soil moisture estimations.

This incident with Sentinel-1B only serves as a reminder of the importance of continuously searching for
alternative data sources, so as to decrease over-reliance and to be better prepared to handle any issues that
arise with a data source. It also highlights the importance of improving the existing methodologies by
taking advantage of new data sources that are being made available. In this context, investigative efforts
were made to find alternative SARs and missions whose data could potentially be used, either as a
substitute or in integration, with the Sentinel-1 data. They are described in the next section.

As for this study, it relies on 265 separate Sentinel-1 images. The images obtained contain incidence-
angle-dependent backscatter measurements, measured by the C-band sensors (CSAR) present on the two
satellites. They were acquired using the Interferometric Wide-swath (IW) mode, which is the mission’s
main operational mode over land. This mode is commonly used in large-scale applications, as the
extensive swath widths offered by these acquisitions is a very favorable attribute, which allows them to
easily cover significant portions of agricultural areas. The data used is backscatter and incidence angle
data from the Vertical-Vertical (VV) polarization of Ground-Range-Detected at High resolution (GRDH)
products. Their pixel spacing is 10 m, yielding a 20 x 22 m nominal spatial resolution; their radiometric
accuracy is 1 dB (30) (Torres et al., 2012).

The acquisition dates stretch between 2020-01-01 and 2022-12-28. For the first period (2020-2021),
images were obtained both from Sentinel-1A and Sentinel-1B. In contrast, for the second period, (2022),
due to the loss of Sentinel-B mentioned earlier, images were only acquired from Sentinell-A. The area of
interest is traversed by two different satellite orbits from Sentinel-1, whose relative orbit numbers are 66
and 88. Due to the fact that the area of interest happens to lie very close to the boundary between two
acquisition zones, there are some days in which two images were available. This enabled few retrievals to
be captured from two slightly different incidence angles.

All the images underwent several processing steps, including several corrections, noise removal, and
upscaling as necessary. These are elaborated in the discussion concerned with the implementation of the
RT1 algorithm (Section 3.1.2).

2.2.  Radar Data 2: Alternatives to Sentinel-1
The overall strategy to identify alternative SAR’s to be used for agricultural applications, namely the
modelling of soil moisture dynamics, consists of multiple steps and is described as follows. The first step
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is to come up with a preliminary list of possible alternatives to Sentinel-1 by searching the literature
online. Then, this list is filtered based on criteria that align with the project’s purpose and considering
Sentinel-1 as a reference or baseline for all criteria assessments. The criteria can be split into two groups:
technical requirements and data requirements.

Starting with the technical requirements, the first condition is for the candidate to be a SAR that is still
operating/functional. This is necessary because an obsolete SAR cannot be helpful for any monitoring
project in the future. Two other criteria are the spatial and temporal resolutions. They must be adequate to
fulfill the intended use. Regarding the temporal resolution, there are two main points to note. The first
point, already discussed in the previous section, is the small timescale at which soil moisture variations
can occur (Haiyan & Hai-Mei, 2021). The second point is the lag between the beginning of water-stress
felt by a plant, detecting the deficiency, and possibly taking the necessary corrective measures to limit the
impacts of that stress. Therefore, a high temporal resolution is a crucial factor; consequently, it’s required
to be in the order of a few days. As for the spatial resolution, a relatively fine resolution is also important
due to the inconsistent nature and accordingly the significant spatial variability of soil layers and their
properties. Low resolutions would lead to oversimplified results that merge large, heterogenous areas into
one cell and are thus not representative of reality. In this context, if the SAR mission is to be considered
as an alternative source to Sentinel-1A, the spatial resolution should preferably be in the range of 10-100
m and the temporal resolution should preferably be higher than that of Sentinel-1A, so less than 12 days.
A fourth technical criterion is the swath dimensions. The SAR image should be large enough to cover the
agricultural field(s) considered. This particular study’s area of interest is limited to approximately 73km?
of agricultural areas, which fall roughly within a bounding box of 19 x 20 km. However, generally, larger
swath widths are preferred since they allow future studies to be done at larger scales, which is one of the
main advantages of remote sensing. Other technical specifications include the polarization, which could
be single, dual, or quad-polarization, and the radar band, which is preferably C-band considering the
trade-off between wavelength and penetration depth (Singh et al., 2018). However, the polarization
modes offered and the radar bands used by a SAR are not considered as deciding factors in its inclusion
or exclusion from the final list of potential alternatives. Nonetheless, they are factors to be accounted for
when comparing the performance of the different SARs in monitoring the soil moisture dynamics. SARs
that were not operational during the period of 2020-2021 are excluded as this period, during which both
Sentinel-1A and Sentinel-1B were still operational, will be used as the baseline period for the comparison.
The list of SARs fulfilling the above criteria, categorized as “technical requirements”, is displayed in the
table below.

Table 1 - List of alternative SARs that were investigated

- Max
Mission Nation satellites Space Agenc Radar R::_’;;: Resolution | Swath Polarization Lifetime
Name P gency Band ’[)da sl [m] Width Modes
Y [km]
. . European Space Dual (VV/VH or
Sentinel-1 Europe 1 (Sentinel-1A) Agency (ESA) C 12 5-20 400 HH/HY) 2014-P
China National
GaoFen-3 | China 1(Gao Fen - 3) space c 3 1-500 650 Quad 2016-P
Administration (HH/HV/VH/VV)
(CNSA)
Canadian Space Quad
Rad t-2 Canad 1 (Rad t-2 24 1-1 2007-P
adarsa anada (Radarsat-2) Agency (CSA) c 00 500 (HH/HV/VH/WV) 00
Capella us 10 Capella Space X <1 0.5-11.5 10 | single (HH/WV) 2020-P
Corporation




German Dual (HH/HV or
TerraSAR-X | Germany 1 (TerraSAR-X) Aerospace Center 11 0.25-40 200 2007-P
VV/VH)
(DLR)
COSMO- 4 (COSMO-SkyMed Italian Space Quad
SkyMed Italy 123,4) Agency (ASI) <1 1100 200 | (Hh/Hv Vi) | 2007/2010-P
Japan Aerospace Quad
ALOS-2 Japan 1 (PALSAR-2) Exploration L 14 3-100 490 2014-P
Agency JAXA) (HH/HV/VH/VV)
. Argentine Space Quad
SAOCOM Argentina | 2 (SAOCOM 1A, 1B) Agency (CONAE) L 8/16 10-100 350 (HH/HV/VH/W) 2018/2020-pP
. ) Dual (HH/HV or
PAZ Spain 1 (PAZ) Hisdesat X 11 0.25-40 200 W/VH) 2018-P

To properly evaluate a SAR’s suitability as an alternative, having sufficient technical requirements is not
enough: it is essential to gather information about the availability of suitable images to be used as input
for the analysis. This leads to discussing the data requirements, which include aspects such as if the data
is open-access, browsable, purchasable (and some typical price ranges if so), and if there are alternative
acquisition methods/opportunities, such as use cases for educational or research purposes. Regarding the
choice of radar images, and elaborating on what is considered a “suitable” image, in order to ensure that
the comparison is viable, the images to be chosen for the comparison should be taken around the same
period or time of year (to limit effects of seasonality) and should have some spatial overlap (to have
comparable climate/crop/soil). In this context, this step also includes browsing the archives for potential
images that meet these criteria to get a more definitive idea about the feasibility and the potential scope of
the comparative analysis that could be done.

So, for each of the SAR missions listed in Table 1, the main factors to consider can then be summarized
into two criteria. The first criterion is accessibility, which can be split into the ability to browse the
catalogue of available SAR products and the ability to obtain/acquire the images of interest. The second
criterion is availability, which depends on whether the mission’s catalogue actually contains any images
that can be used in a comparative analysis. The results of this investigation into the considered SAR’s
(listed in Table 1) are summarized in the table below.

Table 2 - Results of investigation into alternative SAR's

Data accessibility Data
Mission Name S Main issue
Browsing Acquisition availability
Sentinel-1 Full access Free Good --
Gao Fen - 3 Not browsable 300€ / image -- Accessibility
Radarsai-2 Limited access: unprocessed Apphgatlon Fair Revisit period
images only required
Capella Limited access: sample only Request required | Very limited Data availability
TerraSAR-X Full access App llgatlon Limited .Sp a.njdl coverase, d"?‘a. .
required availability, and accessibility
COSMO- Full access; form request _ _ Accessibility (Registration
SkyMed required error)
Full access; email request 1500€ / image; . o
ALOS-2 required broken link Fair Accessibility
SA0COM Full access; form & email _ _ Access1b111ty (Strict
requests required requirements)
PAZ Full access; email request - - Accessibility (Broken link)
required




If suitable alternatives had been found, the next steps would have been to obtain the data necessary, in
terms of radar images, proceed with the necessary pre-processing, attempt to use the processed images to
obtain soil moisture estimations. Consequently, a comparative analysis would be done based on the
results obtained from the different SARs considering factors such as precision, accuracy, as well as the
differences in technical specifications and the procedure/methodology followed to obtain the desired
output from the images.

Unfortunately, no proper alternative was found. As can be seen from Table 2, data accessibility is the
main obstacle faced during the alternatives’ evaluation. There’s a significant difficulty in obtaining SAR
mission data, whether due to high costs, broken links, errors in registration, or long request applications.
Furthermore, in some cases, even browsing a mission’s data is not possible, making it impossible to
evaluate a-priori whether suitable images are available or not. In this regard, the study will rely only on
Sentinel-1 data. This is discussed in further details in the methodology (Section 3).

2.3.  Soil Moisture Data
This study follows the footsteps of Dari et al. (2023) in which high-resolution soil moisture data was
obtained using the RT1 approach. In this context, the soil moisture data used in the SM-inversion
algorithm is “computed”, not “acquired”. In fact, soil moisture is the main parameter of this study; it is
the main output of the RT1 algorithm and, as the name suggests, the main input for the SM2Rain
algorithm. The reasons behind this are explained in greater detail in the theoretical background section
(Section 3.2.1). Details about the methodology, including both the theory it’s based on and how it was
specifically implemented in this study to obtain the soil moisture data, are discussed in Section 3.1.

The obtained soil moisture data consists of a timeseries, gridded at 500 m sampling based on the chosen
target grid for the study. It represents a percentage; thus, its theoretical ranges are 0 to 1, with a physical
unit of m® of water per m® of soil. It extends over the years of 2020-2022, and is split into two periods: the
first period covering the years 2020-2021 and the second covering the year of 2022. The main reason
behind this split is the stark difference in availability of radar data, due to the loss of Sentinel-1B at the
end of 2021. Another reason is the use of the first period for model fitting and the second period for
estimation and validation.

2.4. Potential Evapotranspiration Data
Potential evapotranspiration (PET) data is another important input for the soil water balance represented
by the SM-based inversion algorithm. In this study, temperature and radiation data are used to obtain PET
values, using the Hargreaves formula (Equation (24)). In this context, PET is also “computed”. The
reasoning behind this choice, in addition to the procedure followed to obtain the data, is explained in
detail in Section 3.2.

The PET data used as input in the SM-based inversion algorithm is computed at the daily timescale and
measured in mm/d, covering the period of 2020-2022.

2.5. Meteorological Data
Meteorological data needed for this study consist of two main parameters: temperature and
rainfall/precipitation. Temperature data is used to calculate PET values. Rainfall data is used as input for



the SM-based inversion algorithm. Due to the fact that the fitting of most of the algorithm’s parameters is
dictated and largely influenced by rainfall (Section 3.2.2), this choice was made after very careful
consideration. Considering the study’s relatively limited spatial scale, using ARPA’s gridded dataset, was
deemed not appropriate. In contrast, the most appropriate choice, both in terms of reliability and
representativeness, was to rely on locally measured data from the Caluso meteo-station, which lies at the
heart of the study area.

In this context, both the temperature and precipitation datasets are obtained from ARPA Piemonte’s
website. The data collected is specifically that of the Caluso station, for the study period of 2020-2022.
Both datasets consist of data at the daily timescale. The precipitation data is measured in mm/d. The
temperature data, consisting of minimum, maximum, and average temperature per day, is measured in °C.

The location of the Caluso station is shown in the figure below.
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Figure 2 - Map showing location of chosen station for meteorological data (using QGIS and OpenStreetMap)

2.6. Reanalysis Data
Two datasets were obtained in the form of reanalysis data: the Leaf Area Index (LAI) and baseline soil
moisture. They were specifically obtained from “ERAS5-Land hourly data from 1950 to present” open
database (Mufioz Sabater, 2019), which was downloaded from the Copernicus Climate Change Service
(2024). The results contain modified Copernicus Climate Change Service information 2024. It must be

10



noted that neither the European Commission nor ECMWF is responsible for any use that may be made of
the Copernicus information or data it contains.

The acquired data extended over the latitude ranges from 7.7 to 8°E and longitude ranges from 45.1 to
45.4°N to ensure coverage of the whole AOIL. Moreover, their temporal range covered the complete time
period of 2020 to 2022, covered in this study.

As described by Muiioz Sabater (2019), ERAS5-Land is a reanalysis dataset generated “by replaying the
land component of the European Centre for Medium-Range Weather Forecasts (ECMWF) ERAS climate
reanalysis”. Reanalysis typically relies on physical laws to integrate measured or observed data (from
many sources over the world) with modelled data in an attempt to yield datasets that are considered
globally complete and consistent.

The two parameters obtained from the ERAS5-Land dataset are listed in the table below.

Table 3 - Reanalysis parameters obtained from C3S (2024)

Abbreviation | ID Name Unit Description (Muiioz Sabater, 2019)
lai_lv 66 Leaf area index, | m? leaves / ““This parameter is the surface area of one side of all the leaves found over an
low vegetation m? land area of land for vegetation classified as ‘low’ (e.g. crops and mixed farming,

irrigated crops, short grass, tall grass, tundra, semidesert, bogs and marshes,
evergreen shrubs, deciduous shrubs, and water and land mixtures)’’.

swvll 39 Volumetric soil | m?® water / “This parameter is the volume of water in soil layer 1 (0—7 cm, the surface is at 0
water layer 1 m? soil cm)”.

lai_lv data was used within the RT1 algorithm to account for some of the temporal variability of the
vegetation optical depth, specifically for its seasonal variations.

The swvll data was considered as the reference or baseline soil moisture data for the evaluation of the
fitting results obtained from the RT1 algorithm. It was also used as a benchmark to scale the algorithm’s
N parameter, one of the main outputs obtained from the fitting, to actual SM timeseries. These uses are
explained in detail in the section describing the implementation of the RT1 approach in this study
(Section 3.1.2).

2.7.  Benchmark Irrigation Data
Due to lack of irrigation volume data for Canale Caluso, reference irrigation data is limited to irrigation
calendars, presented in the figure below.
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Figure 3 — Map showing irrigation calendar data obtained from Consortium of Caluso Canal (using QGIS and OpenStreetMap)

As can be seen in Figure 3, the irrigation calendar covers a subsection of the considered agricultural areas,
where the areas with irrigation data are colored and the ones without this data are displayed in white. In
fact, the total area covered by the irrigation calendar data is 7.48 km?, which accounts for approximately
10 % of the total agricultural areas of interest (Table 4). The data is given in the form of the day of week
on which a certain agricultural field is irrigated. The irrigation is done between the months of May and
September, with the most significant volumes being utilized between the months of June and August.

Table 4 - Statistics for irrigation calendar data

Irrigation Day Area [km?] Percentage of Total Area [%] Percentage of Areas with Irrigation Data [%]

Monday 1.24 1.71 16.54

Tuesday 1.29 1.78 17.28

Wednesday 1.15 1.59 15.40

Thursday 0.87 1.20 11.60

Friday 0.99 1.36 13.20

Saturday 1.11 1.52 14.77

Sunday 0.84 1.15 11.20

Areas with Irrigation Data 7.48 10.31 100.00
Areas without Irrigation Data 65.10 89.69 -
Total Area 72.58 100.00 -

This data was obtained directly from “Il Consorzio del Canale Demaniale di Caluso” (The Consortium of
the Caluso State Canal), which is the authority responsible for the management of the Caluso Canal. It
was used in the analysis of soil moisture data obtained from the RT1 algorithm (Section 4.1.3).
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3.METHODOLOGY

As already mentioned, the basis for the adopted methodology are the studies of Quast et al. (2023), to
obtain SM estimates from Sentinel-1 data via the RT1 approach, and Dari et al. (2023), to obtain
irrigation estimates from SM data via the SM-based inversion approach.

The aim of the first paper, by Quast et al. (2023), was, in fact, to confirm the feasibility of using Sentinel-
1 data as input for RT1, which originally relied on scatterometer data. It thoroughly analyzes this shift in
the nature of the input radar data, discusses its impacts and limitations, and suggests very useful
modifications to deal with them.

The latter paper, which was part of the European Space Agency’s (ESA) Irrigation+ project, produced the
first high-resolution (~1 km), regional-scale irrigation water data sets via a slightly modified version of
the SM-based inversion approach. Its authors were able to do so by relying on high-resolution SM data, as
opposed to the approach’s original study (Brocca et al., 2018), which relied on coarse-resolution SM data
instead. In fact, in order to obtain the high-resolution SM data, the authors of Dari et al. 2023 adopted the
RT1 approach mentioned previously for two of the three basins considered in that study (Ebro and Po).

Consequently, the methodology for the RT1 and that for the SM-based inversion approach, also referred
to as SM2RAIN, are both discussed below.

3.1.  First-order Radiative Transfer (RT1) Model

3.1.1. Theoretical Background
The radiative transfer equation (RTE), initially published by Chandrasekhar (1960), considers three main
characteristics to describe the scattering behavior within a scattering and absorbing volume: an extinction
coefficient, a scattering coefficient, and a scattering phase function, with the first two governing the
amplitude of some radiation behavior, and the third mainly representing the direction component. As for
the behavior after hitting the boundary of a rough surface, it can be described by what is called a
Bidirectional Reflectance Distribution Function (BRDF) and a roughness coefficient.

Considering the case of radiation reaching a SAR after hitting the surface of an agricultural area, this
radiation can be split into several categories, based on the elements it interacted with throughout its path.
The different waves could have interacted with soil, vegetation, or a combination of the two. Waves that
interact with both surfaces, passing only once onto each surface, can be considered as first-order
interactions. Consequently, those that undergo a sort of back-and-forth, thus interacting with one of the
two surfaces more than once before eventually heading back to the SAR, would consist of higher-order
interactions. They are also referred to as the “bistatic” component of radiation scattering, as opposed to
the waves that interact with just one element, which represent the “monostatic” component of scattered
radiation (Quast et al., 2023). The scheme, displayed in the figure below helps visualize the different
paths discussed above.
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Figure 4 - Scheme displaying the different contributions to backscatter radiation received by a SAR (Quast et al., 2016)

Given this context, it is explained in the study of Quast et al. (2016), how, due to the complex nature of
scattering behavior induced by vegetation, most of the early studies adopted “a zero-order approximation
of the solution to the RTE”. In other words, only the radiation that’s directly reflected back after hitting
one surface was properly considered; that is, any interactions of the first-order or higher orders were
poorly accounted for. This was mainly due to two requirements needed to consider higher order
interactions. The first requirement is the intensive computational power and the second is knowing the
bistatic scattering properties of the soil and the vegetation cover being considered. This led to the
adoption of analytical functions in order to better approximate first order interactions while limiting the
computational power needed to do so.

This is explained extensively in a following study, done in 2019, which comprises a thorough application
of the suggested method. As explained in Quast et al. (2019), the first-order radiative transfer model
(RT1) is a generic, semi-empirical model that uses scatterometer measurements to obtain soil- and
vegetation-related parameters. The parametrization framework for the model can be considered as a
generalization of the water-cloud model (Attema & Ulaby, 1978); it considers that a canopy, being a mix
that is predominantly made of air (space between the leaves) and water (moisture contained in the
vegetation), can be modeled as a water-cloud.

It relies on a BRDF to describe the scattering behavior of bare soil. As for vegetation, it relies on a
scattering phase function, p. However, instead of describing extinction and absorption coefficients, it
introduces two parameters: the optical depth, 1 [-], and the single-scattering albedo, o [-]. This leads to
the equation below.

(D
0y = 4m cos(6y) | fos cos(6,) BRDF

bare soil contribution (c§)

+ (1= fps) y? cos(6,) BRDF

vegetation—covered soil contribution (y%o§)

w .
+ 7 1-y3)p + o5t

. . ~—— . .
— " v interaction contribution
vegetation contribution (og)
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where 0y [rad] is the viewing zenith angle, fi [-] is the fraction of bare-soil covering the area of interest,
and y [-] is the 2-way attenuation factor, defined as:
2T
y2 = e c0s() @)
A visual representation clarifying what each term represents is shown in the figure below.
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Figure 5 - Alternative scheme showing individual contributions to backscatter signal (Quast et al., 2019)

Having set the general foundations on which this approach is based, the following studies of Quast et al.
(2019, 2023) tackle a large number of issues regarding the practical implementation of this approach.
They are discussed separately in the subsections below.

Choice of a Surface BRDF

The possible choices for a bare soil scattering model that exist in literature are numerous. However, as
previously discussed in Section 3.1.1, most of the semi-empirical models available neglect the first-order
contributions (Quast et al., 2023). In contrast, there are more robust models, namely the Integral Equation
Model (IEM) (Alvarez-Pérez, 2001) or its derivatives, the IEM2M (Alvarez-Pérez, 2012), and AIEM
(Chen et al., 2015) that would allow a thorough description of this scattering. However, their use within
the suggested non-linear fitting procedure requires large computational power and, consequently, isn’t yet
scalable. This led to the adoption of the generalized Henyey-Greenstein (HG) phase function, described in
the equation below (Quast et al., 2019, 2023).

)

BRDF(N,t,a) = HG(t,6,)

N
RO(tr a)
where:

1 1—t?
HG(t,0) = — 3

n [1+¢%2 —2tcos(O)]z
6, = acos(8,) cos(fs) — sin(8,) sin(bs) cos(py — ¢s)

1—t2[(1+ 2 +at) — /(1 +t2+ 2at)(1 + t2)

2a*t? JA +t% + 2at)

Ry(t,a) =
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The angle pairs (0o, @o) [rad] and (0s, @s) [rad] represent the direction of the incident and scattered
radiation respectively, N [-] represents the nadir (6o = 0) hemispherical reflectance. t [-] represents a
directionality parameter (where a Lambertian surface would have t=0 and a mirror would have t=1), and a
[-] represents an anisotropy parameter (where a<0 would mean that backward-scattering is favored and
a>0 would mean that forward-scattering is more dominant). The main parameter of interest from the
above equation is the parameter N, which primarily influences the magnitude of the BRDF. As a result, it
can be directly “related to the soil-permittivity € and consequently, in the microwave-domain, to soil
moisture” (Quast et al., 2023).

Choice of Vegetation Scattering Phase Function, p

As already mentioned, the scattering behavior of vegetation is described via two main parameters, the
optical depth, 1, and the single-scattering albedo, , in addition to a phase function p. In Quast et al.
(2019), the phase function considered was a linear combination of three HG functions. This was possible
because that study relied on ASCAT scatterometer data, which has multiple acquisitions from different
incidence angles, and which, in turn, made it possible to have an unambiguous retrieval of ® and p. In
Quast et al. (2023), however, which relies on Sentinel-1 data that is typically limited to only one
incidence angle per acquisition, this unambiguous retrieval was not possible. As a result, the chosen phase
function was “Isotropic”, which is basically a HG function with t set to 0, described by the equation
below.

1 4

p(0) =~

Definition of Cost Function and Method for Fitting Procedure

The fitting procedure is done cell-by-cell. The adopted cost function is RMSE where the error is the
difference, for each observation, between the modelled and observed backscattering, as shown in the
equation below (Quast et al., 2019, 2023).

)

RMSE = \/Z(O-gbserved - Gr(r)lodeled)z

The observed backscatter is the one obtained from the Sentinel-1 data while the modeled backscatter is
calculated using Equation (1). In both Quast et al. (2019) and Quast et al. (2023), the fitting was done
based on a “Trust Region Reflective” non-linear least-squares fitting.

Connection to Biophysical Variables

Two of the procedure’s parameters, T and N, can be linked to biophysical variables.

The optical depth, 1, represents some of the temporal variability, more specifically, the seasonal
dynamics, of vegetation. N, on the other hand, as already mentioned after its introduction in Equation (3),
is strongly linked to soil moisture.

In this context, in the study of Quast et al. (2019), these model parameters were linked to biophysical
variables, by assuming a linear relationship between them, through simple empirical relations shown
below.
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T =v, X LAI (6)

N =5, XSM (7
In that study, different test types, including forward simulations and backward inversions, were done over
specific test sites for which auxiliary data for LAI and SM were available. This auxiliary data,
consequently, served as a reference based on which several numerical values, such as those of s, and va,
were then set and adjusted. In other words, the values of s, and v, were chosen and tuned such that the
obtained LAI and SM values are comparable to those of the reference datasets.

Choice of Parameter Specifications

Constraints were set for each of the model parameters, mainly regarding their temporal and spatial
variability. In summary, it was found most suitable to represent the temporal variability through two
parameters: the optical depth, t, and the BRDF’s nadir hemispherical reflectance, N.

Spatial variability, on the other hand, was limited to four parameters: the bare-soil fraction, fis, the single-
scattering albedo, o, the coefficient of asymmetry, t, and the coefficient of proportionality linking N to
SM, “SZ”~

The three parameters to be fitted are N, o, and t. As already mentioned, all three parameters vary
spatially, which is why the fitting procedure is done cell-by-cell. t is also referred to as ts, since it’s the t
parameter within the BRDF, that is, within the soil’s scattering function.

Since N is linked to SM, which is expected to vary temporally, N is also given the freedom to vary
temporally and is, hence, optimized for each observation. Furthermore, it is proposed in the study of
Quast et al. (2019) that, considering Kirchhoff's law of thermal radiation and C-band emissivity values
that were measured empirically, it is not physically plausible for N to exceed 0.1.

®, on the other hand, which represents a value for albedo, is expected to vary as a function of the angle
from which an acquisition is done. As a result, it is optimized for each Sentinel-1 orbit. Furthermore,
given that this procedure deals with agricultural areas comprising of a mix of soil and vegetation which
naturally don’t have extremely high albedo values, an upper limit of 0.5 is set for this parameter.

Considering that ts describes the directionality of soil scattering, which is considered a characteristic of
the soil itself, it is assumed that this parameter does not have any temporal variability. Consequently, one
value of ts is optimized for each considered cell in the fitting. An upper limit of 0.5 is again considered. It
should be noted, however, that this parameter largely dictates the contribution of the bistatic scattering.
To obtain proper estimates for this bistatic component of scattering, it is necessary to have bistatic
measurements (i.e., measurements taken from multiple angles) as input. Therefore, in the case of
Sentinel-1 images, which consist of monostatic measurements (i.e. measurements with a very limited
range of incidence angles), the obtained estimations for the first-order interactions can only be considered
as “best-guesses” (Quast et al., 2023).

Regarding s,, given that’s it’s a completely empirical parameter, its range is restricted with the sole
purpose of guaranteeing that N remains below its set upper limit of 0.1 (Quast et al., 2019).
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3.1.2. Implementation of RT1 Algorithm
While the studies of Quast et al. of 2016 and 2019 laid the important foundations of the theory and
implementation procedure for the RT1 procedure, one of the main takeaways was that, despite the
approach’s flexibility, a lot of the choices, such as the choice of parametrization functions and the
constraints given to the different variables in terms of temporal and spatial variability, should be done
based on the specific backscatter dataset being used. The characteristics of the available dataset, thus,
largely affect which simplifications are needed or deemed suitable in order to obtain unambiguous fitting
results. In this context, the specific implementation done in this study will mainly rely on the more recent
study of Quast et al. (2023). The purpose of that study was specifically to analyze the feasibility of using
Sentinel-1 data as input for the RT1 algorithm. Its study area was the catchment of the river Po. Thus, the
agreement with that study in terms of both the source of backscatter data adopted and the study areas
considered make it an optimal reference for the modelling and fitting choices to take within the
implementation of the RT1 procedure, the bulk of which is elaborated in Section 3.1.2.4.

The whole RT1 procedure was done using the Python language, through original code, consisting of
multiple scripts and functions, developed specifically for the purpose of this study. The processing,
presentation, and analysis of this algorithm’s results were done with the help of numerous open-source
packages, most importantly: RT1 (Quast, 2023), xarray (Hoyer et al., 2024), rioxarray (Alan et al., 2024),
pyproj (Alan et al., 2023), dask (Rocklin, 2015), numpy (Harris et al., 2020), scipy (Virtanen et al., 2020),
pandas (The pandas development team, 2024), matplotlib (Caswell et al., 2024), and geopandas (Bossche
et al., 2024).

3.1.2.1. Creation of a Target Grid:
As already discussed in Section 3.1.1, the two main inputs of the RT1 algorithm are Sentinel-1 data from
different orbits and acquisitions and having a nominal resolution of 20 x 22 m, in additional to LAI data,
obtained from a reanalysis dataset and having a nominal resolution of 9 km. Moreover, given that the
target output resolution of the study is 1 km, this justifies the need to set a fixed target grid on which all
other data can be stacked as deemed necessary. As a result, the first step of this study was to create this
target grid. Its boundaries were set such that it encompasses the whole study area, with some adjustments
to its exact borders to ensure a 500 m cell spacing, which would yield the 1 km resolution. This led to the
creation of a 40 x 39 grid. The result can be seen in the figure below.
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Figure 6 - Generated target grid, with 1 km spatial resolution, for the considered study area

Having set an appropriate target grid, the next steps are to process the two main datasets (Sentinel-1 and
LAI) as needed to fill the grid with the inputs required for the RT1 fitting procedure.

3.1.2.2. Preparation of Sentinel-1 Data
Preprocessing

The first step in the preparation of the Sentinel-1 data described in Section 2.1 is preprocessing. It consists
of five main steps: orbit correction, image border noise removal, radiometric calibration, speckle filtering,
and terrain correction. These steps comply with those done by Quast et al. (2023) and with the “standard”
preprocessing procedure described by Filipponi (2019). The output of this step is calibrated Sentinel-1
images having one backscatter and incidence angle value for each 10 m cell in the grid.

Downscaling

The second preparation step is downscaling these images to 500 m cells, so to the spatial resolution of 1
km and loading them into the target grid. The need for this downscaling is very well explained in the
paper of Bauer-Marschallinger et al. (2019), which also proposes a robust methodology for doing it. They
explain that the RT1 procedure relies on coarse-scale data to relate backscatter signals to soil and
vegetation dynamics. Consequently, very small-scale data would capture individual ground features,
leading to unwanted noise, which, in turn, would yield unsatisfactory SM estimates.
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The processed sentinel data, hence, follow a slightly modified procedure to the one suggested by Bauer-
Marschallinger et al. (2019), for the downscaling, which is explained as follows.

The procedure basically consists of several “masking” steps, where some cells are discarded based on
specific criteria. This is followed by the aggregation of backscatter and incidence angle values via the
arithmetic mean of values from whatever cells remain unmasked, and the assignment of the computed
means to the corresponding cells in the target grid.

The first masking step, referred to as dynamic filtering, involves discarding cells with extremely high (> -
5 dB) and extremely low (< -20 dB) backscatter values, since they’re not expected to carry information
about soil moisture (Bauer-Marschallinger, 2019). All cells whose backscatter values fall within these two
thresholds will be hereby referred to as “valid” cells. Next, all cells that fall outside the agricultural areas,
shown in Figure 1, are also discarded. All cells who fall within the agricultural areas will be hereby
referred to as “agricultural” cells.

To help clarify the remaining steps, one additional terminology is defined. Considering a specific 500 m
cell, with coordinates (X, Y4), in the target grid, then all the 10 m cells with coordinates (X;,Y;) where X, —
250 <X;<X;+250and Yi—250 <Y; <Y+ 250, that is, all the 10 m cells that would be contained
within its borders, represented by green dashed lines in Figure 6, are hereby referred to as “proximate
cells”.

Then, according to Quast et al. (2023), backscatter and incidence angle data is aggregated from the 10 m
cells and assigned to the 500 m target grid cells in all cases where more than 1 % of a target grid cell’s
proximate cells are “agricultural and valid”. As mentioned previously, this aggregation is done via the
arithmetic mean. That is, for each 500 m cell in the target grid, the backscatter value assigned to it is the
arithmetic mean of the backscatter values from all valid, agricultural, proximate 10 m cells. Similarly, the
incidence angle value assigned to it is computed as the arithmetic mean of incidence angle values for all
valid, agricultural, proximate cells.

However, since the data assigned to a grid cell is supposed to represent a 500 x 500 m area, one additional
condition is considered to ensure a minimal level of representativeness. The condition is that the total
number of proximate cells is greater than 250. Given that the procedure aims to shift from a 10 m cell size
to a 500 m cell size, then, theoretically, one cell in the target grid can contain up to 50 x 50 = 2500 cells
from the original grid of the Sentinel-1 image. However, the Sentinel-1 dataset consists of images from
different orbits and acquisitions, with different boundaries. Consequently, these images do not always
overlap with the entirety of the study area. This implies the possibility that an image might cut-off
somewhere in the middle of the study area, and thus the possibility that it might cut-off somewhere in the
middle of the considered target grid, as demonstrated in the figure below.
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Figure 7 - Map displaying boundaries of sample SAR images that only partially overlap AOI (using QGIS and OpenStreetMap)

This condition, thus, ensures sufficient coverage by the Sentinel-1 image; more specifically, it ensures
that the Sentinel-1 image covers at least 10% of a target cell’s 500 m x 500 m area. It, therefore, avoids
the possibility of representing a large target grid cell with data that originally covered, for instance, just
20 m x 20 m.

The final result obtained from this step is downscaled Sentinel-1 data. More specifically, the output is
saved in tabular format, where each row contains the acquisition date, the grid cell coordinates, the
relative orbit number of that acquisition, a backscatter value, and an incidence angle value. The
acquisition date and relative orbit number were extracted from the metadata of the original Sentinel-1
images. The motive for extracting the relative orbit number is explained in the “Choice of Parameter
Specifications” paragraph of Section 3.1.2.4.

3.1.2.3. Preparation of Reanalysis Data
As mentioned in Section 2.6, reanalysis data, more specifically LAI and swvll data, is initially obtained
as hourly values with a resolution of 9 km or 0.1°. Preparation of this data thus consists of modifying the
temporal and spatial scales to fit those of the RT1’s input (and output). The first preparation step is
resampling or aggregating the hourly data into daily data. The second major step is assigning the
resampled values to the corresponding cells in the target grid.

Resampling

The hourly data was aggregated into daily data by computing that arithmetic mean of the 24 hourly values
for each day. The output from this step was hourly data for both LAI and swvll1.
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Rescaling

Since the swvll data is meant to be used as baseline soil moisture data for the evaluation of the fitting
procedure’s output, no further processing was necessary. As for the LAI data, which is meant to be used
as a proxy for the optical depth, 7, in order to account for some of the temporal dynamics of vegetation,
one more step was required. The LAI data was scaled to the range of [0,0.5] and used as a direct
substitute/equivalent to the T parameter. This simplification was necessary due to the inability to provide
an unambiguous parametrization of 7, and to avoid any jumps or data gaps that would worsen the SM
retrieval (Quast et al., 2023; Dari et al., 2023). As for the choice of 0.5 as a maximum, this was based
on the assumption that “at a spatial resolution of ~1 km we always expect a fraction of the pixel to
exhibit no or only moderate vegetation cover” (Quast et al., 2023).

Value Assignment

Both the resampled swvll data and the resampled and rescaled LAI data have a lower resolution than that
of the target grid. As a result, for each cell in the target grid, the corresponding reanalysis data was
assigned based on minimum distance; that is, each grid cell was assigned the LAI and swvll values from
the closest cell in the reanalysis grid for each acquisition date. The output after this step was then the
addition of two columns: “tau”, to represent the corresponding rescaled LAI values, and “swvl1” to all
data rows obtained from the Sentinel-1 data preparation.

3.1.2.4. Retrieval Procedure / Parameter Fitting
The retrieval procedure consists of defining the functions to model soil and vegetation scattering
behavior, setting constraints for all the algorithm’s relevant parameters, defining the specific approach to
do the parameter fitting, evaluating the fitting results, and finally the derivation of SM estimates. As
already mentioned in Section 3.1.2, the retrieval procedure in this study will be largely based on the
approach of Quast et al. (2023), which relies on the backscatter data from the same mission (Sentinel-1)
and covers this study’s AOI as well. The individual steps are discussed separately in the subsections
below.

Choice of a Surface BRDF

The surface BRDF can theoretically be modeled via several phase functions such as Isotropic, Cosine
Lobe, or Henyey-Greenstein. Alternatively, it could be modeled via a linear combination of multiple
phase functions. The generalized Henyey-Greenstein phase function, defined in Equation (3), was chosen
to represent the BRDF, as was done in Quast et al. (2023), and for the reasons mentioned in Section 3.1.1.

Choice of Vegetation Scattering Phase Function, p

p can theoretically be modeled via phase functions such as Isotropic, Rayleigh, Henyey-Greenstein, or a
linear combination of multiple phase functions. However, to avoid the issue of having an “under-
determined” retrieval procedure, which is present in the case of using Sentinel-1 data, the Isotropic phase
function, defined by Equation (4), was chosen as the vegetation scattering phase function.
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Definition of Cost Function and Method for Fitting Procedure

As suggested by Quast et al. (2023), the chosen cost function is the RMSE, which is defined in Equation
(5), and the fitting procedure is done based on the “Trust Region Reflective” non-linear optimization.

Choice of Parameter Specifications

The specifications chosen for the three parameters to be fitted are summarized in the table below.

Table 5 - Summary of the model parameters' specifications

Parameter Lower Bound Upper Bound Starting Value Frequency

N 0.01 0.075 0.025 Per observation
® 0.01 0.5 0.25 Per orbit

ty 0.01 0.5 0.2 Constant

The lower bounds, upper bounds, and optimization frequency for all three parameters, in addition to the
starting values for N and ts, were chosen in accordance with Quast et al. (2023). The reasoning behind the
choice of lower and upper limits and the choice of optimization frequency is discussed in Section 3.1.1.

The choice of starting values for N and ts is expected to be minimal. In contrast, given the limitations for
the retrieval of the parameter o (also discussed in Section 3.1.1) and the influence it has on the estimated
backscatter component from vegetation, the starting value chosen for it can potentially have a significant
impact on fitting results (Quast et al., 2023). In that study, three starting values, 0.05, 0.25, and 0.4, were
tested to understand this impact. The results of that analysis showed that the starting value did have an
impact in the case of densely-vegetated areas such as forests. Nonetheless, this impact was found to be
minimal in the case of croplands, where results were highly consistent, regardless of the chosen starting
value for . As a result, since the study area consists of croplands, the starting value chosen for o, in this
case, is not expected to have any impact on fitting results. Consequently, the middle value for w, 0.25,
which also happens to be at the center between the lower and upper bounds was chosen as a starting value
in this study.

Execution of Fitting Procedure

The fitting of N, @, and ts was performed cell-by-cell, considering all the relevant cells in the target grid,
using the latest available version (v2.0) of the open-source RT1 package (Quast, 2023). The RT1 package
is a very powerful library that allows the definition of the different aspects of the fitting model, executes
the fitting through efficient code, and facilitates the generation of informative plots to visualize the
results.

In this context, the previously-prepared tabular dataset, obtained from the preparation of Sentinel-1 and
reanalysis data, along with all the modelling decisions discussed above, such as the chosen scattering
phase functions and the parameter specifications, were used as input for the RT1 module.

The output obtained from the module was fitting results for the three parameters N, o, and ts. These
results were, then, combined with the input data, in the form of additional columns, “N”, “omega” and
“ts”.
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3.1.2.5. Evaluation of Fitting Results
The evaluation of fitting results was centered around checking the correlation between the main target
parameter, N, which is assumed to be linearly related to SM, and baseline SM data (Quast et al., 2023).

The baseline SM data considered is the “swvl1” data, which was obtained from the ERA5-Land
reanalysis dataset (Mufioz Sabater, 2019) (Section 2.6), and then resampled to the daily timescale
(Section 3.1.2.3) for this purpose.

The metric used for the evaluation of fitting results is the Pearson correlation coefficient.

3.1.2.6. Derivation of Soil Moisture Estimates
As already discussed in Section 3.1.1, and as indicated in Equation (7), SM estimates are derived from N
by scaling the obtained N values via the empirical parameter s,, with the values of s, being picked such
that N and SM values remain within reasonable ranges. In fact, in the study of Quast et al. (2019), they
based their choice for values for s, on two considerations: the upper limit of their reference SM dataset
and the upper limit of N. In their study, with N being bounded at 0.1 and SM being bounded at 0.45, their
resulting range for s; was [0.1, 0.3].

Given the largely empirical nature of the scaling adopted by previous studies, four methods to scale from
N to SM were tested in this study.

The first approach consists of scaling from N to SM via s, which, in turn, is computed based on the
maxima of N and SM, in accordance with Quast et al. (2019). More specifically, one s, value was
obtained for each cell, as the ratio between the maximum N value and the maximum swvll value. Then,
SM values were obtained by dividing each observation’s N value by the computed s, value for that cell.

The second and third approaches, in turn, are very similar to the first approach, as they also compute an s,
value, with the only difference being which statistical parameter was considered to compute s.

Instead of relying on the maxima, the second method was a “minima-driven” scaling, as it computes s as
the ratio between the minimum N value and the minimum swvl1 value for each cell.

The third method is a “mean-driven” scaling, as it computes s; as the ratio between the mean N value and
the mean swvll value for each cell.

The fourth method is slightly different as it accounts for both the minima and maxima. The equation used
is presented below.

N; —

SM; = min (swoll ey — SWUli0) + swollpin (8)

Ninax = Nmin

That is, for each cell, the SM value is obtained based on the N value’s relative position within the
minimum and maximum values of N, considering the minimum and maximum values of swvll for that
cell. This allows the obtained SM values to align fully within the range of swvll values; i.e., in the range
of [sWVI1 min, SWVI1max].

3.1.2.7. Analysis of SM Estimates using Baseline Irrigation Data
A further analysis was done by relying on irrigation calendar data described in Section 2.7. As shown in
Table 4, considering the areas for which calendar data is available, irrigation is spread out evenly over the
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different days of the week, with around 11-17 % of the areas, in terms of size, being irrigated on each day.
Moreover, Figure 3 shows that there aren’t any significant clusters of adjacent fields being irrigated on
the same day. Given this spatial and temporal distribution, and considering that the SM estimates have a
spatial scale of ~1 km, a generalized analysis based on the complete dataset would lack accuracy and
representativeness. As a result, a careful selection process was followed to select appropriate cells for the
analysis.

Before moving on with the procedure for the selection process, which is mainly based on areal averages,
i.e., weighted averages done based on the area covered by each element, it’s important to identify the
different areas considered. The first area considered is the cell size, AcerL, which for the case of the
considered target grid, would be 250,000 m? (500 x 500 m). The second area, Aacrr, represents all the
agricultural fields the lie within a grid cell. The third area, Aacri,car, represents all the agricultural fields
within a grid cell that have irrigation calendar data. Consequently, Aagrinp represents all the agricultural
fields within a grid cell that do not have irrigation calendar data available; these are important to consider
as these areas were used to obtain the SM estimates and. As a result, their impact on the SM values
should be considered. Finally, Amon, Atug,...,Asun represent the agricultural areas within a grid cell that

are aggregated on Monday, Tuesday, ..., Sunday respectively. In this context,
Aucrr = AacricaL + AacriND )
Aggricar = Awon + Aryg + -+ Asun (10)

In this regard, first, the cells which didn’t contain any fields with known irrigation calendars were filtered
out. Then, the following calculations were done, cell-by-cell, for all cells that were kept after this
filtering.

Then, the percentage of agricultural areas within a cell were calculated based on the equation below.

Aggri
Aucrioe = 2 (11)
CELL
Then, this was used to calculated “weights” for each day of the week (DOW), as follows:
Apow
Wpow = 2 (12)
AGRI

Another weight was also calculated to account for the irrigated areas that lie within a cell but do not have
calendar data.

AaGRIND
Wnp = —A (13)
AGRI

The weights, then, represent the percentage of agricultural areas that are either irrigated on a specific day
of the week, or, in the case of Wnp, that do not have calendar data.

For a cell to be considered in the analysis, it has to preferably satisfy two conditions: first, a significant
part of it should be covered by agricultural areas, meaning that it should have a high Aacgri and, second,
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a significant part of that agricultural area should have irrigation calendar data, meaning that it should have
a low Wnp.

3.2.  The SM-based Inversion Approach

3.2.1. Theoretical Background
The SM-based inversion approach uses as a starting point SM2RAIN, an algorithm originally developed
to estimate rainfall amounts from soil moisture data (Brocca et al., 2015, 2016, 2017). As described by
Brocca et al. (2018), it considers the soil water balance equation, expressed by:

ds(t) .
nZ T r(t) +i(t) — g(t) —sr(t) —e(t) (14)
where n [-] is the soil porosity, Z [mm] is the soil layer depth, S(t) [-] is the relative saturation of the soil
or relative soil moisture, t [days] is the time, r(t) [mm/day] is the rainfall rate, i(t) [mm/day] is the
irrigation rate, g(t) [mm/day] is the drainage (deep percolation plus subsurface runoff) rate, sr(t) [mm/day]

is the surface runoff and e(t) [mm/day] is the actual evapotranspiration.

The equation itself is simple, relating the change in soil moisture in a given soil layer, to five parameters,
in the form of two sources (rainfall and irrigation) and three sinks (drainage, surface runoff, and actual
evapotranspiration). As can be seen above, the equation contains six terms in total: one term on the left
and five terms on the right side. With the irrigation value being the target/output variable, the remaining
four parameters, in addition to the soil moisture variations, would be needed as input. This forms the basis
upon which all further studies using this algorithm were done. In this context, the main difference
between the various studies adopting this approach is how each of the five input parameters is represented
and the sources of data used to obtain these values.

Some modifications are done to Equation (14) before proceeding with the algorithm. First, the product
between the soil porosity, n, and the soil layer depth, Z, is alternatively represented as one term, Z* [mm],
to indicate the soil layer’s water capacity. Second, the terms representing the two water sources, irrigation
and rainfall, are merged into one term that accounts for all “input” water, represented by Wi,, as shown in
the equation below.

Win(t) =r(t) +i(t) (15)
This term, which will be the algorithm’s main output, is then placed on the left side of the soil water-
balance equation, with all other terms on the right side. Consequently, Equation (14) becomes as follows:

Win(t) = Z*dfi—(tt) + g(t) +sr(t) +e(t) (16)

Surface Runoff, sr(t)

It has been shown that the portion of water that disperses as surface runoff is negligible and isn’t very
influential in the algorithm’s estimations (Brocca et al., 2015; Jalilvand et al., 2019). In this context, the
term representing surface-runoff, sr(t), is neglected and thus dropped from the equation.

Drainage, g(t)
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Famiglietti and Wood (1994) demonstrated the strong effect of soil moisture on flows of mass and energy
between the atmosphere and the ground surface. They suggested, based on this idea, to estimate the
drainage term from soil moisture using the power law. This was adopted in several studies since then
(Brocca et al., 2014; Jalilvand et al., 2019; Dari et al., 2020,2022,2023), utilizing the following equation
to link the two terms:

g = as®)’ (17)

where a [mm/d] and b [-] are drainage parameters, representing the non-linear relationship between soil
moisture and drainage.

Evapotranspiration, e(t)

Regarding the evapotranspiration term, its contribution was assumed to be negligible in the first few use
cases of SM2RAIN (Brocca et al., 2015). Since then, various relations relating it to soil moisture and the
potential evapotranspiration have been used. In Brocca et al.’s study of 2018, evapotranspiration (ET) was
estimated linearly from the potential evapotranspiration (PET), as follows:

es(t) = PET(t) X S(t) (18)
where PET was estimated using the empirical relation of Blaney and Criddle as modified by Doorenbos
and Pruitt (1977):

PETpp(t) = K, {—2 + 1.26[(0.46T,(t) + 8.13)]} (19)

Where T,(t) [°C] is the air temperature and K¢ [-] is a correction factor.

In Dari et al. (2020), ET was calculated in two different ways. For the calibration of the algorithm, which
only considers days with rainfall (when there is theoretically no water stress), Equation (18) was used to
get ET from PET. This is mainly due to the nature of the areas chosen for this step. The chosen areas for
calibration were drylands surrounding the agricultural areas of concern; in this context, given that, in
drylands, evaporation dominates over transpiration, Equation (18) was deemed appropriate. PET,
referenced in the equation below as PETpy, was obtained using the method of FAO Penman-Monteith
(1998):

900
0.408A(R,, — G) + ¥ 7573 Ua(es — €q)

A+ y(1+0.34u,)
where A [kPa/°C] is the slope of the vapor pressure curve, R, [MJ/m?day] is the net radiation at the crop
surface, G [MJ/m’day] is the soil heat flux density, T [°C] is the mean daily air temperature at 2 m height,

u, [m/s] is the wind speed at 2 m height, es [kPa] is the saturation vapor pressure, e, [kPa] is the actual
vapor pressure and y [kPa/°C] is the psychrometric constant.

(20)

Equation (20) “was obtained from the original Penman-Monteith equation and refers to a terrestrial
surface characterized by a standard grass crop of 12 cm height, a fixed surface resistance of 70 s/m, and a
fixed albedo equal to 0.23” (Dari et al., 2020). The study relied on four variables, namely the solar
radiation, wind speed, air temperature, and air’s relative humidity, to infer all the required parameters in
the equation.

For the step of irrigation estimations, however, which considers agricultural areas (rather than drylands),
using Equation (18) would undermine the contribution of transpiration to ET. As a result, the FAO’s dual
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crop coefficient approach, suggested in the study of Allen et al. (1998), was adopted. This method
comprises of getting ET as the product between PET and the crop coefficient, Kc [-], as follows:

eFAo(t) - PET(t) X KC (21)
where the crop coefficient is basically the sum of the transpiration from the crop and the evaporation from
the soil:

K. =K + K, (22)
where transpiration is represented by the basal crop coefficient, K¢, [-], and evaporation is represented by
the soil water evaporation coefficient, K. [-]. Furthermore, to account for limited water availability, the
transpiration term is multiplied by the water stress coefficient, K [-]:

K. = K,K.p + K, (23)
Dari et al. (2022) compared the performance of the SM-inversion algorithm considering different methods
to obtain the evapotranspiration, in their comprehensive study over a 10,000 km? area in Spain,
surrounding the Ebro basin. For the calculation of the potential evapotranspiration, the authors considered
three options. The first option was Penman-Monteith, represented by Equation (20). The second option
was the formula suggested by Hargreaves (Hargreaves and Samani, 1982, 1985):

PETy = 0.0023(T + 17.8)(Trnax — Trmin) *° R4 (24)
where Tiin [°C], T [°C], and Tmax [°C] are the minimum daily temperature, mean daily temperature, and
the maximum daily temperature (for a specific day, measured at 2m height) respectively, and R,
[MJ/m?day] is the extraterrestrial radiation.

One possible equation to calculate Ra, proposed by Duffie & Beckman (2013), and later presented and
summarized clearly by Machairas (2022) is presented below.

1440
Ra = TGsdr [wg sin(¢) sin(§) + sin(wg) cos(¢) cos(5)] 25)
Where
d, =1+0.033 cos (22 ]),
. 2
8§ = 0.409 sin (ﬁ] - 1.39), and

wg = arccos[— tan(¢) tan(6)]

In Equation (25) and its related formulas, Gs [0.082 MJ/m?/d] is the solar constant, d. [-] is the inverse
relative distance from the Earth to the sun, 6 [rad] is the solar declination angle, s [rad] is the sunset hour
angle, © [rad] is the geographical latitude, and J [1 to 365 or 366] is the day of year.

The third option was to directly retrieve PET values from MODIS observations, namely the MOD16A2,
which is a product that relies on the MODIS16 ET processing algorithm, which in turn is based on the
Penman-Monteith formula, presented in Equation (20).

Considering the above three options for obtaining PET, the study additionally considered two alternative
ways to relate ET to PET. The first method, named as “SM-limited” method, consisted of adopting
Equation (18), which considers the relative soil moisture to relate the two terms. The second method,
named as “FAO56” method, relied on Equation (21) which relates ET to PET via the crop coefficient K
instead.
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In this context, three methods to obtain PET (Penman-Monteith, Hargreaves, and MODIS) combined with
two methods to get ET from PET (SM-limited or FAO56) yields six test cases. It should be noted that, in
all six cases, the SM-limited method was used in the calibration step, in accordance with Dari et al.
(2020), with the reason being the use of drylands for calibration. The choice of using the SM-limited or
the FAOS56 approach to derive ET from PET only applies to the step of irrigation estimation.

Furthermore, one additional case, which directly considers the ET data derived from MODIS
observations, was also added to make it a total of seven configurations considered in the study. This direct
retrieval of ET data instead of obtaining PET and then relying on additional data to estimate ET from PET
makes the seventh configuration as one representing additional reliance on remote sensing data.

The study relied on the Budyko framework to cross-check results obtained by the algorithm and
compared the performance of the seven configurations by considering the 5-day aggregated results via
several metrics, namely The Kling-Gupta efficiency (Gupta et al., 2009), the Pearson correlation
coefficient (r), the percent bias (PBIAS), and the root mean square error (RMSE). It should be noted that,
for the former two coefficients, higher scores indicate a better result, as opposed to the latter two
coefficients, where low scores indicate a better performance.

In summary, the authors were able to draw out three main conclusions from that study (Dari et al., 2022).
First, the use of meteorological data to compute PET, combined with the adoption of the SM-limited
approach to get ET from PET, is not recommended as it largely neglects the transpiration component of
ET, and thus doesn’t account for the significant impact of vegetation on ET. Second, the use of the
Hargreaves formula within the FAO56 approach was deemed a viable alternative to the more thorough
and computationally-intensive Penmen-Monteith equation as they were shown to yield comparable results
on all the considered performance metrics. Third, the computation of irrigation estimates using only
remote sensing data was shown to have promising potential, which justifies the investment of more effort
into optimizing and improving approaches such as the seventh case considered in the study.

More recently, in the study of Dari et al. (2023), a different method to compute ET was proposed. In that
study, PET data was obtained from Global Land Evaporation Amsterdam Model (GLEAM) v3.5b
product. Due to the coarse resolution of the adopted PET data, they computed ET as the product of PET,
SM, and an adjustment factor F, leading to the formula below:

er(t) = PET xS(t) X F (26)
The adjustment factor, F [-], can range between 0.6 and 1.4 and is intended to account for uncertainties in
the ET estimates (Modanesi, 2021).

This study relies on Hargreave’s formula (Equation (24)) to calculate PET, and on Equation (26) to obtain
ET from PET.

Soil Moisture, S(t)

Given that the variation in soil moisture is the basis of the soil water balance equation, displayed in
Equation (14), and that soil moisture is needed to obtain both the drainage and the evapotranspiration
components, the reasoning behind naming the approach the “SM-inversion approach” is evident. In this
context, unlike the other parameters, soil moisture estimates are obtained independently, from remote
sensing data. Early studies, namely that of Brocca et al. (2018), relied on coarse resolution data from four
different missions/sensors: SMAP (Soil Moisture Active Passive), SMOS (Soil Moisture and Ocean
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Salinity), ASCAT (Advanced SCATterometer), and AMSR2 (Advanced Microwave Scanning
Radiometer 2). Some relevant information about the missions is displayed in the table below.

Table 6 - Coarse-resolution radar sensors/missions for soil moisture estimation (evaluated by Brocca et al., 2018)
Instrument Spatial Revisit
Mission Name Acronym Launch Date - Resolution Period Source
Description
[km] [days]

. . Active and passive .
SD’I.MO’Stur.e SMAP 2015 L-band microwave 36 3 Entekhabi etal.,
Active Passive 1 2010

sensors
Soil Moisture SMos 2009 L-band microwave 40 3 Kerr et al., 2001
Ocean Salinity radiometer
Advanced C-band Wagner et al.,
SCATterometer ASCAT 2006/2012 scatterometer 2 1 2013
Advanced
Microwave AMSR2 2012 Multi-frequency 25 2 Owe et al., 2008
Scanning radiometer
Radiometer 2

Ithe active sensor experienced failure, causing studies to rely on data solely from the passive sensor

Given the limitations faced due to the coarse resolution of the soil moisture data, the next attempt at
improving the method comprised of downscaling the soil moisture data to a spatial resolution of 1 km,
most commonly via the DISaggregation based on Physical And Theoretical scale Change (DISPATCH)
method, initially proposed by Merlin et al. (2013) (Dari et al., 2020, 2022).

This study, however, relies on an alternative approach to get soil moisture, presented more recently by
Dari et al. (2023). In that study, soil moisture data was obtained from Sentinel-1 images via the RT1
model (Section 3.1).

SM Noise Reduction Through Exponential Filter

Albergel et al. (2008) proposed the use of an exponential filter, originally published by Wagner et al.
(1999), to diminish noise from soil moisture data. Their method considers that the soil moisture obtained
from radar observations is the surface soil moisture, and, consequently, relies on a simplified two-layer
water-balance approach in an attempt to estimate root-zone soil moisture from remotely-sensed soil
moisture values. The corrected soil moisture measures, which are referred to as Soil Water Index (SWI),
can be computed using the iterative formulas shown below (Stroud, 1999).

SWhnmy = SWinm-1) + Kn(S(62) = SWlnm-1) (27)
Where SWlnm [-] is the corrected soil moisture measure for a radar acquisition n, taken at a time, t,, S(tn)
[-] is the initial, uncorrected SM estimate for the same acquisition n, K, [-] is the “gain” factor, also at
time t,, and SWln@-1y [-] is the corrected soil moisture measure for the preceding radar acquisition, n-1.

The iterative formula to calculate the gain factor is presented below.

Kn—1 (28)

_tn_tn—l

K, 1+e T
Where K,.; is the gain factor of the preceding radar acquisition, n-1, taken at a time, t,.1, and T [days] is
the characteristic time length. Considering the expected timescale of gaps between consecutive radar
acquisitions, the difference from subtracting the two acquisition times is also expressed in days.

K, =
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T, being the only parameter on which this approach is based, is intended be a proxy for all the factors that
influence the temporal dynamics of SM, such as run-off, evaporation, soil thickness, and relevant soil
characteristics, such as density or hydraulic conductivity.

The study analyzed the impact of some of these influential factors. It was shown that T gives an idea
about a soil’s response time, as it increases with increasing soil depth/thickness considered for SM
measurements; additionally, larger T values are obtained for areas with high temperature and wind
(Albergel et al., 2008). On the other hand, T appeared to be insensitive to soil characteristics.

Using this exponential filter to reduce noise in SM estimates seems to be common practice as it’s been
adopted in several studies (Brocca et al., 2014, 2016, 2017, 2018; Bauer-Marschallinger, 2019). Although
it was initially intended to reduce noise from low-resolution SM datasets such as SMAP, SMOS, and
ASCAT, it was more recently used by Dari et al. (2023) who dealt with higher-resolution SM data, and,
therefore, an attempt to consider it was also included in this study. Moreover, since the choice of its
parameter T is not elaborated in the mentioned studies, the inclusion of this filter assumes an approach
similar to a previous study done by Brocca et al. (2016), where the parameter T was fitted along with the
rest of the model parameters.

Definition of Cost Function and Method for Fitting Procedure

Since the algorithm was first proposed by Brocca et al. (2014), the fitting procedure adopted to calibrate
the unknown parameters has varied and developed across studies. This difference can be attributed to
several factors, such as the availability of reference irrigation data, the characteristics of soil moisture data
used as input, and the diverse methods used to represent and correct evapotranspiration.

However, despite their differences, the adopted cost function for all methods was RMSE where the error
is the difference, for each row of data, between the modelled and observed water input, as shown in the
equation below.

2 (29)
RMSE = \/Z(Win,measured - I/Vin,modeled)

Brocca et al. (2018)’s method had four unknown parameters to be calibrated. They relied on Equation
(19) to estimate ET from PET. They relied on scatterometer data, which allowed them to work at a daily
timescale. Their approach consisted of calibrating all the unknown parameters simultaneously to directly
obtain irrigation estimates. Since the irrigation volumes are unknown, they considered only days with
rainfall for the calibration, based on the assumption that irrigation on these days would be zero. The
parameters were, then, calibrated, considering only this subset of data, to minimize the RMSE. The
obtained daily estimates of irrigation were then aggregated to the monthly timescale. The monthly
amounts that were less than 1.5 times the monthly irrigation were considered insignificant and
consequently masked out. Finally, negative irrigation values and all irrigation during the winter periods
were also masked out. A summary of this procedure, taken directly from Brocca et al. (2018), is presented
below.
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Figure 8 - Summary of fitting procedure adopted in Brocca et al., 2018 (source: Brocca et al., 2018)

1. Monthly aggregation
2. Filtering (i(t)/r(t)>1.5)
3. Masking frozen/non-irrigation periods

Dari et al. (2020), as previously mentioned, chose to do the calibration over drylands close to their
agricultural area of interest. This meant that they wouldn’t have to worry neither about irrigation nor
transpiration, which allowed them to do the calibration for just 3 parameters, and without the need for
reference irrigation data. They, then, used the median values as fixed parameters to estimate the total
water input, Win. They were also able to obtain results at a daily timescale due to their reliance on
scatterometer data. After that, they subtracted rainfall rates from the Wi, estimates to get irrigation

estimates, masked out negative irrigation values, and aggregated the daily results to a 5-day interval. A
summary of this procedure, taken directly from their study, is presented below.
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Figure 9 - Summary of fitting procedure adopted in Dari et al., 2020 (source: Dari et al., 2020)

As previously mentioned, the more recent study of Dari et al. (2023), adopted an alternative approach
proposed by Modanesi (2021) (Equation (26)) to obtained ET from PET. This approach introduced an
additional parameter, F, to the fitting, which led them to rely on an iterative fitting procedure instead. A
summary of this procedure, taken directly from their study, is presented below.

F=F
Spatially distributed calibration Spatially aggregated calibration X YES
of a, b, Z* against rainfall. Days —— of F against rainfall plus —| ISF 2F ? |—r
with no rainfall during irrigation irrigation over test sites
seasons are masked out.

l | NO

Spatially distributed
a', b, 2" values

F=F"
Seconditeration
and update of a’, b', Z*'

PROCESSING

Figure 10 - Summary of iterative fitting procedure adopted in Dari et al., 2023 (source: Dari et al., 2023)

The parameters to be fitted, in their study, were a, b, Z*, and F. Consequently, each fitting iteration
consisted of two steps.
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In the first step, the value of F was fixed, and only days with rainfall and within the irrigation period were
considered to calibrate a, b, and Z*. This was done over the whole area of interest, cell-by-cell, meaning
that each cell had its own values of a, b, and Z*. For the first iteration, F was set to 1. For the subsequent
iterations, F was set to the weighted average calculated in the second step of the previous iteration.

In the second step, the obtained values of a, b, and Z* from the first part were fixed, and only days with
known irrigation volumes were considered to calibrate the value of F. This was done only over regions
having baseline irrigation data, region-by-region, meaning that each region had one value for F. Then, the
weighted average of F, based on each region’s area, was calculated and assumed to represent the whole
area of interest.

The fitting ended when the value of F obtained from the second step aligned with the value of F that was
used in the first step. Consequently, the values of a, b, Z*, and F, obtained from the fitting, were used to
produce estimates of total water entering the soil, Wi,. Rainfall was subtracted from these Wi, estimates to
obtain irrigation estimates. Then, negative values of irrigation were disregarded. Finally, the weekly
irrigation amounts that were less than 20% of the weekly rainfall volume were considered negligible and
also disregarded. It should be noted that their outputs were at the weekly timescale since they relied on
Sentinel-1 data for SM, as opposed to previous studies that relied on coarse-resolution data available at
the daily timescale.

3.2.2. Implementation of SM2Rain Algorithm
Based on the discussion in Section 3.2.1, considering the algorithm’s main soil-water balance equation
(Equation (16)), then neglecting the surface runoff, sr(t), linking drainage, g(t), to SM (Equation (17)),
and considering the approach of Modanesi (2021), which was also adopted by Dari et al. (2023), to obtain
the evapotranspiration, e(t), as a product of PET, SM, and a correction factor F (Equation (26)), Equation
(16) then becomes as follows.

Win(t) = Z* L +aS(t)? + PET x S(t) X F (30)

Four of the parameters in Equation (30), namely a, b, Z*, and F, are estimated through an iterative fitting
procedure. Also, for the cases where the exponential filter is considered, a fifth parameter, T, is also
included in the fitting procedure (Brocca et al., 2016). This, however, requires the preparation of soil
moisture, S(t), PET, and rainfall, r(t), which is a component of Win(t), data to be used as inputs for the
fitting. This is explained in the subsections below.

Similar to the implementation of the RT1 algorithm, all the processing and analysis for the SM-based
inversion approach was done using the Python language, through original code, consisting of multiple
scripts and functions, developed specifically for the purpose of this study. The processing, presentation,
and analysis of this algorithm’s results were done with the help of numerous open-source packages, most
importantly: xarray (Hoyer et al., 2024), rioxarray (Alan et al., 2024), pyproj (Alan et al., 2023), dask
(Rocklin, 2015), numpy (Harris et al., 2020), scipy (Virtanen et al., 2020), pandas (The pandas
development team, 2024), matplotlib (Caswell et al., 2024), and geopandas (Bossche et al., 2024).

3.2.2.1. Input Data
Soil Moisture, S(t)

The soil moisture data is obtained via the RT1 approach (Section 3.1).
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Two alternative datasets, the one obtained with the maxima-driven scaling and the one obtained with
Equation (8) are considered. Apart from the different SM values contained in each dataset, all their other
characteristics, including their temporal and spatial resolution and their temporal and spatial coverage are
identical. The two scaling methods are explained in detail in Section 3.1.2.4. The differences between the
obtained datasets are analyzed in Section 4.1.2.

The SM data initially consists of a timeseries, with irregular time intervals, covering a period of three
years, from 2020 to 2022. This time period covered is split into two periods: 2020-2021, when both
Sentinel-1 SARs were still operation, and 2022. The first period, of 2020-2021, is used to perform the
fitting procedure. On the other hand, the fitting results are applied to produce estimates for the second
period, of 2022. Spatially, the data is already filled on the generated target grid with a ~1 km resolution
and covering the whole study area of agricultural fields.

In terms of data preparation, two alternatives are considered: keeping the series with irregular time
intervals and resampling it into a regular time interval. The interval was chosen based on the largest time
gap between consecutive Sentinel-1 observations. Consequently, the smallest interval that could be
considered was 12 days, which coincides with Sentinel-1’s revisit period over the study’s area of interest.
The temporal resampling is done by averaging all SM values contained within each 12-day interval. No
modifications are needed concerning the spatial aspect since the data is already loaded on the target grid,
having the target spatial resolution of the study (~1 km).

This leads to four alternative SM datasets, summarized in the table below, to be used as input for the SM-
based inversion algorithm.

Table 7 - Summary of alternative SM datasets considered in the SM-inversion approach

SM Dataset Scaling method Temporal Resampling Time Interval Spatial Resolution [km]
SM1 Maxima
. - No Irregular
SM2 Minima and maxima
~1
SM3 Maxima
Yes 12 days
SM4 Minima and maxima

Potential Evapotranspiration, PET

As already mentioned in Section 2.4, PET is calculated using the Hargreaves formula (Equation (24)).
The equation relies on temperature data, obtained from ARPA Piemonte’s Caluso station, as described in
Section 2.5, and extraterrestrial radiation, calculated using Equation (25), based on the latitude and the
day of year. The obtained PET data is then in the form of a daily timeseries, displayed in the Figure 11.

Rainfall, r(t)

Daily timeseries of rainfall data, obtained from ARPA Piemonte’s Caluso station and presented in mm/d,
are displayed, along with the calculated PET data, in the figure below.
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Figure 11 - PET (obtained using Hargreaves) and Precipitation (obtained from Caluso meteo-station) timeseries

3.2.2.2. Temporal Aggregation of P and E Data
The rainfall and evapotranspiration are both available at a daily timescale, while the SM data, whether for
the irregular or the resampled timeseries, is not available daily. As a result, it is necessary to aggregate the
P and E data based on the entries available for SM. A data template is used to explain how this
aggregation is done. All values present in the template below are fabricated for illustrative purposes only.

Table 8 - Data template before aggregation

Row number Date E [mm] SM [-] P [mm]
1 1/1/2024 1 0.2 101
2 1/2/2024 2 - 102
3 1/3/2024 3 - 103
4 1/4/2024 4 - 0
5 1/5/2024 5 - 105
6 1/6/2024 6 0.5 106
7 1/7/2024 7 0.3 107
8 1/8/2024 8 -

9 1/9/2024 9 0.4 0
10 1/10/2024 10 0.35 0

In accordance with Dari et al. (2023), the aggregation is done by summing E and P values from all rows
within in a gap of SM data and assigning them to the subsequent date with an SM value. In the case of an
irregular timeseries, such as the one displayed in Table 8, the aggregated dataset would look as follows.

Table 9 - Data template after aggregation

Row number Date E [mm] S [-] P [mm]
1 1/1/2024 1 0.2 101
6 1/6/2024 20 0.5 416
7 1/7/2024 7 0.3 107
9 1/9/2024 17 0.4 0
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Two gaps were present in the data from Table 8, a gap from row 2 to row 5 and another at row 8.
Consequently, as shown by the aggregated results in Table 9, row 6 was assigned the total E and P for
rows 2 to 6, while row 9 was assigned the total E and P for rows 8 to 9. In contrast, rows 1, 7, and 10 kept
only their respective data since they were not preceded by any gaps.

It should be noted that the aggregated dataset, in the case of the template given, consists of just five rows;
the old row numbers (1, 6, 7, 9, 10) were kept only as a reference to the initial template.

In the case of resampled data, this aggregation would mean that in all rows after the first one, the E and P
values represent the total E and P that took place within the 12-day period leading up to that row’s date.

3.2.2.3. Incorporation of dS, dt, I, and W into Input Dataset
After obtaining the required input data of rainfall, evapotranspiration, and soil moisture, the calculation of
some additional variables present in Equation (30) is done as a final step before proceeding with the
fitting attempts. Considering the same template described above, the dataset becomes as follows.

Table 10 - Aggregated data template prior to fitting

Row number Date E [mm] S [-] P [mm] I [mm] Win_measured [mm] ds [-] dt [days]
1 1/1/2024 1 0.2 101 0 101 0 1
6 1/6/2024 20 0.5 416 0 416 0.3 5
7 1/7/2024 7 0.3 107 0 107 -0.2 1
9 1/9/2024 17 0.4 0 0 0 0.1 2
10 1/20/2024 10 0.35 0 0 0 -0.05 1

I, representing irrigation, is initialized to O for the time being. This is explained in the following
subsections discussing the fitting procedure.

Winmeasured 18 the sum of rainfall and irrigation measurements (Equation (15)).

For the first row, dS is set to 0. For subsequent rows, it is calculated as the difference in soil moisture, S,
between each row and the row preceding it.

For the first row, dt is set to 1. For subsequent rows, it is calculated as the time difference, in days,
between each row and the row preceding it.

3.2.2.4. Fitting/Calibration of Model Parameters
The approach considered in this study for the calibration of model parameters is mostly similar to that
adopted by the most recent study of Dari et al., 2023; it has notable differences, nonetheless, which are
elaborated below.
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Figure 12 - Summary of iterative fitting procedure adopted in this study

Two alternative fitting procedures were tested. In the first alternative, the parameter T, required to apply
the exponential filter, is calibrated in the first step, along with a, b, and Z*, in accordance with Brocca et
al., 2016. In the second alternative, the exponential filter was not applied; as a result, the fitting was done
just for a, b, Z*, and F. Consequently, both fitting alternatives were repeated for each of the four SM
datasets considered (Table 7), using only the data from the period of 2020-2021.

For the procedure without the exponential filter, the SM values for each dataset were directly used as
input for Equation (30) to calculate the modeled Wi,. In contrast, for the case where the exponential filter
is considered, the “corrected” soil moisture results, obtained from applying Equation (27), were placed in
Equation (30) instead. The remainder of the fitting procedure is the same for both alternatives.

As suggested by Dari et al. (2023), each iteration is split into two steps: the first step where F is fixed and
the remaining parameters are fitted cell-by-cell, and a second step where the other parameters are fixed
and F is calibrated.

For the first step, only periods with rainfall are considered. With regards to the template dataset presented
in Table 10, this would be the equivalent to considering only rows 1, 6, and 7. In these periods, it is
assumed that there would be no need for irrigation, so irrigation values are set to 0 and consequently
Winmeasured WoUld be equal to the rainfall. For the first iteration, F was set to a starting value of 1; this is
represented by F’ in Figure 12. This step would, then, by produce, for each cell, values for a, b, Z*, and,
optionally, T, that would minimize the RMSE. Considering the relatively small spatial scale over which
the study’s area of interest extend, these parameters were assumed to not vary significantly throughout the
area. As a result, the median values were set as fixed parameters and considered to be representative of
the whole AOL

In the second step, due to lack of baseline irrigation volumes to base the fitting of F on, an alternative
consideration was made. The periods that didn’t have rainfall, but happened to be preceded by a period
with rainfall, were used for the calibration of F. With regards to the template dataset presented in Table
10, this would be the equivalent to considering row 9. This was done considering that, out of all the
encountered period without rain, these periods would be the least likely to require irrigation since they
directly follow a rainy period. In this step, one value of F is calibrated for the whole AOI. The calibrated
value of F obtained from this second step, represented as F* in Figure 12, is then compared to F’, which
was used in the first step of the iteration. If the difference between the F value used in the first step of an
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iteration, F’, and the F value obtained from that iteration’s second step, F*, is less than 0.01, the values
were considered to converge.

As aresult, if F* and F* do not converge, another iteration is done, with the F’ in the new iteration being
set to F* computed in the iteration preceding it. When convergence is reached, the ultimate iteration’s
parameters are then considered as final and are fixed, thus ending the calibration procedure. It should be
noted that fitted parameters can only take on positive values. As a result, all parameters were bounded by
a lower limit of 0, except for T, which was limited by 0.01 since it’s present in the denominator, to avoid
a division-by-zero error.

Since four SM datasets were considered, and two alternative fitting procedures were tested for each SM
dataset, the outputs from this step are eight sets of model parameters in total. Expanding on Table 7, the
calibration attempts can be summarized as follows.

Table 11 - Summary of model calibration attempts done in SM-based inversion algorithm

Fitting Fitting Procedure SM Scaling Method Temporal Time Ressl::;tlti;})n
Attempt g u Dataset Used to Obtain SM | Resampling Interval [k;]
FAl SM1 Maxima
: No Trregular
FA2 Wlthput . SM2 Minima and maxima &
Exponential Filter
FA3 (fitted parameters SM3 Maxima
are a, b, Z*, and F) Yes 12 days
FA4 SM4 Minima and maxima
~1
FAS SM1 Maxima
; ; No Irregular
FA6 Wlth Exponential SM2 Minima and maxima ¢
Filter (fitted
FA7 parameters are a, SM3 Maxima
b, Z*, T, and F) Yes 12 days
FAS8 SM4 Minima and maxima
3.2.2.5. Calculation of Irrigation Estimates

Each set of calibrated parameters was then analyzed, and when deemed suitable, was used to produce
irrigation estimates for the period of 2022. It should be noted that irrigation estimates were produced
using the same SM dataset that was adopted to obtain the model parameters. That is, in all cases, the 2022
SM data to produce irrigation estimates would be obtained from the same SM dataset whose 2020-2021
data was used to fit the model.

The estimation was done by replacing the obtained values for a, b, Z*, F, and, optionally, T, in Equation
(30), along with the input data of S and E, to calculate Wi, values. Then, rainfall would be subtracted
from the Wi, values (Equation (15)), to derive irrigation estimates. Similar to previous studies, the
negative irrigation estimates were disregarded. At this point, if the dataset isn’t already resampled to a 12-
day time interval, the irrigation estimates would be aggregated to this regular timescale. Finally, for each
12-day period where the ratio between the irrigation estimates and that period’s rainfall was less than 0.2,
the irrigation estimates would also be disregarded. This was done, in accordance with Dari et al. (2023),
“to remove negligible irrigation amounts attributable to random errors”.
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4. RESULTS AND DISCUSSION

4.1. RTI1

4.1.1. Correlation Between N and Baseline Soil Moisture
In accordance with Quast et al. (2023), the Pearson correlation metric was used to determine the
agreement between the RT1 results and the baseline soil moisture reanalysis data. More specifically, the
correlation was found, for each cell in the target grid, between the obtained parameter, N (before scaling
to SM values), and the baseline soil moisture data, swvll, obtained from Mufioz Sabater (2019). The
results of this analysis are displayed in the form of a map to get an idea about the spatial distribution of
the Pearson correlation coefficients, and an empirical probability density function (PDF), to get a better
idea about the numerical distribution of these results.

Distribution of Pearson correlation coefficient
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Figure 13 - Density plot of Pearson correlation for RT1 results — per period

It can be seen that the correlation results, when the whole 2020-2023 period is considered, aren’t very
satisfactory, with a mean of 0.28 and a standard deviation of 0.18.
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Figure 14 - Spatial distribution of Pearson correlation for RTI results

The map shows that correlation seems of poorer quality near the center of the figure, with better results

overall near the top and the bottom of the AOI. Given that 2022 had approximately half the acquisitions
per year compared to 2020-2021, when Sentinel-1B was still operational, the analysis was repeated for

each these two periods separately.

Distribution of Pearson correlation coefficient per period
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Figure 15 - Density plot of Pearson correlation for RTI results — per period

This temporal split gives a very different idea, as it shows improved results for the period 2020-2021,
with a mean of 0.37 and standard deviation of 0.18. On the other hand, the performance for 2022 is
significantly worse, with a mean of 0.0 and a standard deviation of 0.22. Considering that the same data
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sources and methodology were used to obtain the N parameter for both periods, in addition to the short
time scale at which soil moisture variations occur, this stark difference can be largely attributed to the

lower frequency of radar data in the latter period.
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Figure 16 - Spatial distribution of Pearson correlation for RTI results - per period
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The slight difference in correlation results between the center and the bottom and top areas can still be
seen, even after the period split. Knowing that several SAR images do not cover the whole AOI (Figure
7), one explanation for this could be the possibility that some areas are covered by more images than
others, thus allowing for better retrieval. As a result, a deeper investigation to check the number of images

covering each area was done.
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Figure 17 — Map showing the number of SAR images intersecting the agricultural areas (using QGIS and OpenStreetMap)

As the figure above shows, all the agricultural fields in the AOI are covered by approximately the same
number of images, with only a small portion at the top being covered by a few extra images. Nonetheless,
this difference is not significant and does not justify why some areas at the bottom of the AOI would have
slightly better results.

In addition to that, despite this difference being less prominent for the period of 2020-2021, its presence
for both periods suggests that the reason behind it is not necessarily time-dependent. One possible
explanation could be inaccuracies in the shapefiles chosen to represent the agricultural areas; in other
words, some areas near the center might be mistakenly represented as agricultural areas.

Finally, since one option for the SM-based inversion approach was to consider SM results resampled to a
12-day regular time interval, the correlation results obtained after resampling were also considered. The
analysis showed that resampling had very little impact on correlation with the baseline SM data. This is
shown in Figure 22 and Figure 23 in Appendix A.

4.1.2. Comparison of Scaling Methods from N to SM
As discussed in Section 3.1.2.4, four alternatives were considered to scale from the parameter, N,
calibrated through model fitting, to SM. A summary of the four datasets is presented below.

Table 12 - Summary statistics for swvll and the four SM datasets

Dataset Minimum Value Maximum Value
Smax 0.05 0.51
Smin 0.20 2.19
Smean 0.09 1.17
Sminmax 0.20 0.51
swvll 0.20 0.51
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The scaling attempts done based on the minima and the mean yield excessively high values, which, in
some cases, even surpass the upper limit of 1. For this reason, these datasets are excluded from the
remainder of the analysis.

It should be noted that, for the scaling done based on maxima, the resulting values for s; fell in the range
of [0.1, 0.19] with a mean of 0.15, which happens to be the center of the s, range considered in the study
of Quast et al. (2019). This also ensured that resulting SM estimates remain within reasonable ranges and
adhere to the plausible upper limit of 0.5, with the maximum SM estimate and the maximum swvll
measurement for each cell being well-aligned.

Comparison of Target Grid's Average SM Values
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Figure 18 - Timeseries of average SM values for two SM estimate alternatives and baseline SM

Several things can be noted from the figure above, showing SM values averaged over all target grid cells.
First, as expected, the maxima from both scaling alternatives align with the baseline data.

Second, the SM timeseries scaled just based on the maxima seems to reach much lower minima than the
baseline data, going below 0.1 in comparison with the baseline values whose floor is around 0.2.

Third, the higher correlation for the period of 2020-2021 can be seen visually as the SM estimates seem to
follow more closely the variations in the baseline data on the left side of the figure, with this agreement
visibly diminishing on the right side.

Fourth, the SM timeseries obtained using Equation (8), despite being bounded by both the minimum and
maximum of the baseline data, still follows an independent trend from the baseline, and consequently
doesn’t appear to suffer from overfitting. Nonetheless, in order to better understand the downstream
effects of each scaling method, both SM datasets, referred to as Smax and Sminmax in the figure and
table above, were considered as SM input alternatives for the SM-based inversion approach.

The timeseries plot for the resampled SM data (Figure 24 in Appendix A) is quite similar, with the only
difference being that it’s slightly smoother due to the resampling. As a result, it doesn’t offer any
additional insights.
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4.1.3. Analysis of SM Estimates using Baseline Irrigation Data
A summary of the results obtained by following the procedure described in Section 3.1.2.7, is presented
below.

Table 13 - Summary of weights and areas obtained from irrigation calendars

Cell Weights Agriculturzal Total Celzl Agricultural Area

Mon | Tue | Wed | Thu | Fri Sat | Sun | Unknown i [t i [t (%]
1 0.00 | 0.04 | 0.25 | 0.43 | 0.00 | 0.05 | 0.07 0.16 0.20 0.25 78
2 0.00 | 0.00 | 0.00 | 0.00 | 0.46 | 0.31 | 0.10 0.13 0.17 0.25 69
3 0.01 | 0.03 | 0.35 | 0.39 | 0.15 | 0.00 | 0.00 0.07 0.19 0.25 76
4 0.00 | 0.00 | 0.00 | 0.00 | 0.06 | 0.31 | 0.46 0.16 0.16 0.25 62
5 0.00 | 0.83 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 0.17 0.03 0.25 11
6 0.61 | 0.32 | 0.00 | 0.00 | 0.00 | 0.03 | 0.00 0.04 0.03 0.25 11

A threshold of 20% was used to filter out any cells that do not have sufficient irrigation calendar data; that
is, only cells that have irrigation data for more than 80% of their agricultural fields were considered. Out
of these grid cells, Cells 1 and 2 were deemed appropriate for the analysis, as they are mostly covered by
agriculture. Moreover, both cells’ irrigation schedule falls within two consecutive days of the week. This
would make the comparison with SM data, which have an irregular time interval, more feasible.

As a result, plots comparing daily precipitation to each cell’s SM estimates (obtained using Equation (8)),
the baseline SM data, and their irrigation dates are presented below. The time year considered was the
irrigation months (May to September) of 2021. The year of 2021 was chosen due to the presence of a long
dry period in this particular year, which allows for the evaluation of the SM estimates’ dynamics to
irrigation, without the interference from precipitation. The weights for days of week that were less than or
equal to 0.1 were disregarded to focus on the influence of the two consecutive days in which each cell
was irrigated.
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Figure 19 - Plots of SM, P, and p(I) - Cell 1
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SM, P, and p(l) for Cell 2
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Figure 20 - Plots of SM, P, and p(l) - Cell 2

The figures above allow for several observations. First, the SM dataset appears to be quite reactive with
precipitation, with most SM measurements following precipitation events showing an increase compared
to the preceding measurement. Second, looking at the dry period in August in Figure 20, we can see
increases in SM estimates, despite the lack of precipitation, indicating the occurrence of irrigation. The
same is not, reflected, however, in Figure 19.

Regarding the irrigation data, there are several instances where SM is shown to increase, specifically
when the measurement happens to directly follow a potential irrigation date, such as in mid-July for cell
2. On the other hand, there are other instances, such as between August and September for Cell 1, where
this is not the case.

In general, the correlation between the SM and the irrigation calendars, while being adequate overall, has
to be put into context. The intensive selection process allowed the selection of cells that were quite
representative, and consequently, limited the effect of having different spatial scales and the effect of
having a very mixed and even distribution of irrigation days throughout the areas. However, the reliance
on just a few cells of data, in addition to the uncertainty present in the baseline data itself, and its
qualitative natures, heavily limit the interpretations that can be made from the analysis.

4.2. SM-Based Inversion

4.2.1. Fitting Results
Detailed statistics for a, b, Z*, and T parameters are found from Table 15 to Table 22 in Appendix A. The
first thing to note from the results is the large parameter values for some cells, indicated by the maxima in
the relevant tables, which consequently had a great influence on the mean values as well. This justifies the
choice to rely on the median values, instead of the mean, to represent the AOIL. With that in mind, a
summary of the final parameters obtained is presented below.

Table 14 - Fitting results for SM-based inversion algorithm

Fitting Attempt SM Dataset a [mm/d] b [-] Z* [mm] T [days] F[-]
FAl SM1 40.01 0.84 0 0.6
FA2 SM2 82.19 1.81 0 i 0.6
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FA3 SM3 30.22 0.3 986 0.6
FA4 SM4 87.1 1.63 1737 0.6
FA5 SM1 46.72 0.96 0 1.37 0.6
FA6 SM2 96.67 2 0 1.39 0.6
FA7 SM3 31.47 0.29 862 0.01 0.6
FAS SM4 87.06 1.6 1434 0.01 0.6

For the SM datasets with irregular time intervals (SM1 and SM2), the median value for Z* was always 0.
In fact, based on Table 15 and Table 16, even more than 75% of cells got a 0 value for Z* in the attempts
without the exponential filter (FA1 and FA2).

This issue of getting a 0 value for Z was avoided with the resampled SM datasets with a regular 12-day
time interval (SM3 and SM4), as evident in the Z values obtained for FA3, FA4, FA7, and FAS. This
seems to indicate that the switch to a regular time interval led to an improvement in fitting results.

The last two attempts (FA7 and FAS), which consisted of applying the exponential filter to resampled
results, however, were not successful. The obtained value of 0.01 was an imposed boundary for the
parameter T to avoid a division-by-zero error, since T is placed in the denominator in Equation (28). In
fact, based on that equation, a very small value of T would result in a K,, value of 1, which, in turn, would
result in SWI=S(t) for Equation (27). In other words, very small values of T mean that the corrected value
would be exactly equal to the uncorrected SM value, which would be equivalent to not using the
exponential filter. This is validated by the similarity in results between FA3 and FA7, and between FA4
and FAS.

In this context, only the model parameters from FA3 and FA4 were considered to produce irrigation
estimates. This is justified by the fact that these two attempts were the only attempts where the values of
model parameters obtained were not forced by the imposed lower limits.

It should be noted, however, that the obtained median values of a (30.22 and 87.1 mm/d) are higher than
expected (5-40 mm/d) while those of b (0.3 and 1.63) are lower than expected (1-4). The fitted values for
these two parameters is still acceptable, nonetheless, as those from FA3 fall within the expected ranges,
and those from FA4 are still within the same order of magnitude.

On the other hand, the values obtained for Z*, which represents the soil layer depth in mm, are much
higher than the expected ranges for this parameter. Given that the soil moisture estimates were obtained
from radar data, they are expected to reflect soil moisture near the surface, and not at large depths. In this
context, expected median values for Z*, based on previous studies (Brocca et al., 2014, 2016; Dari et al.,
2023)), are expected to range between 10 and 100 mm.

While these deviations can be attributed to many factors, they are expected to be mainly caused by the
possible errors in the SM estimations since, as shown in previous studies, it is the most influential
variable on the approach’s result.

4.2.2. Irrigation Estimates
The irrigation estimates, obtained from fitting attempts FA3, based on resampled SM data that was scaled
based on the maxima of N and swvll, and FA4, , based on resampled SM data that was scaled based on
the minima and maxima of N and swvl1, are plotted below, along with the daily and the resampled
precipitation timeseries for reference.
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Figure 21 - Timeseries for irrigation and precipitation, averaged across all cells in the target grid

The plot shows little difference in the two irrigation datasets produced. This, however, does not
necessarily mean that the method used to scale from the N parameter of the RT1 algorithm to SM values
has a relatively low impact on final irrigation results. Considering that both approaches aligned the
maxima of the SM estimates to the maxima from the baseline reanalysis SM dataset, the results show that
this impact is minimal as long as the SM values are bounded by a reasonable upper limit.

Another observation can be made by comparing the trends from the resampled data to the daily
precipitation timeseries. While the temporal resampling may have improved fitting results for the model
parameters, it causes the algorithm to fail to capture some of the short-term variations that occur within
the adopted time interval. One occurrence of this sort occurs in September, where the resampled data
show a huge peak for precipitation, driving irrigation estimates to near-zero values. The daily
precipitation data shows, however, that this precipitation peak is indeed the result of strong precipitation
events separated by a significant gap (~ 10 days), which, in reality would have warranted irrigation.

4.3. Limitations
Each of the two algorithms considered in this study relies on its own set of assumptions, simplifications,
and (empirical or semi-empirical) approximations as its attempts to remain representative of the physical
reality while reducing some of the complexity involved to avoid ambiguous fitting. As a result, there’s a
lot of uncertainty involved, with some of it being inherent to the data used as inputs and another
significant part being introduced by the algorithms themselves. This uncertainty is compounded given the
fact that the output of one algorithm (RT1) is a largely influential input for the other (SM-based inversion
approach). Furthermore, both algorithms are relatively new and still under development, with most of the
referenced studies, including this one as well, introducing slight modifications, either for the purpose of
exploration or based on a need due to gaps in data availability or quality, and attempting to verify their
feasibility.
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While this explains the presence of numerous limitations, it is important to shed some light on what the
limitations are for two main reasons: first, to put into context the reliability and potential uses of the
generated outputs, and, second, to help identify the weaknesses and major areas for improvement which
should serve as a starting point for future efforts. This is necessary if we are to unlock their full,
promising potential. In this context, the most notable limitations of this study are discussed below.

-Lack of data for baseline irrigation volumes. This has two effects. The first is the inability to do the
fitting for the F parameter of the SM-based inversion approach as suggested by Dari et al., 2023. Relying
on dry periods preceded by rainy periods, on the assumption that no irrigation is expected to take place
directly after a rainy period, adds uncertainty and thus decreases the reliability of obtained results. The
second effect is the inability to get quantitative estimates of the error in the produced irrigation dataset
due to the lack of reference irrigation data to compare to and the limited analysis possible in the
comparison with SM estimates.

-Reliance on reanalysis data with a spatial resolution of 9 km. Given that the study’s target spatial
resolution is 1km, then the resolution of the reanalysis data considered is 9 times worse. The LAI
reanalysis data used in the RT1 fitting is not expected to have a significant impact on fitting results. The
swvll reanalysis data, on the other hand, is more impactful since it’s used for two purposes: to evaluate
the accuracy of the RT1 fitting and to scale the N values to SM estimates, which are the main input for the
SM2Rain.

-The use of isotropic phase function to represent the scattering behavior of vegetation. This was
necessary due to the monostatic nature of Sentinel-1 measurements. However, as already mentioned in
Section 3.1.1, this leads a possibly poor estimation for the bistatic component of scattering, which is an
important aspect of the RT1 approach, compared to previous approaches that neglected the first-order
contributions.

-The inability to apply the exponential filter for SM estimates. While the filter is expected to reduce
the noise in the SM signal, which could potentially improve the fitting obtained from the RT1 approach,
the inclusion of an additional parameter, T, to be fitted where the Sentinel-1 data already has the
possibility of leading to underdetermined fitting results prevented its use.

-Precipitation and temperature data were obtained from one meteo-station. While temperature has a
relatively high spatial correlation, at least in the case of the study areas considered where there isn’t a
large difference in elevation, the same cannot be said about precipitation. While the station is more or less
centered around the study area, considering that one station’s measurement of precipitation is
representative of an area of 73 km? is a limitation. Furthermore, the fact that temperature data is used to
calculate PET means that both PET and P, which constitute two of the three main inputs for the SM-based
inversion approach, are assumed to be equal for the whole study area.

-Reliance on the simplified Hargreaves formula to calculate PET. Had the FAO approach been
considered to get ET from PET, this would not be expected to have a major impact on results (as shown
by Dari et al., 2022). The study, however, relied on the more recent approach of relying on the parameter
F as a correction factor to derive ET from PET, meaning that this simplification could have a slightly
higher impact.
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5. CONCLUSIONS

The study provided a thorough overview on the current state of water management through the use of
satellite data.

It highlighted the major limitations of radar data, starting with the most important one, data availability.
Two main conclusions can be made from the research done into the alternative radar missions. The first is
the issue of data accessibility. This is emphasized by the fact that, after months of communication with
the relevant authorities, only four out of the eight alternative radar missions were accessed for browsing.
The study quantitatively showcased the importance of having alternatives by measuring, through the
Pearson correlation coefficient, how the quality of soil moisture estimates obtained from RT1 deteriorated
after the loss of Sentinel-1B. The second conclusion derived from that research is the great potential of
radar data. This is demonstrated by the number of alternatives identified, the fact the many of them are
recent, with half of the alternatives being launched after 2016, and the plans made to launch more SARs
in the future. This, together with the continuous improvement in the spatial and temporal resolutions
offered by the new satellites, and the increasing algorithms being developed to make use of this data is
definitely a reason for optimism.

The study, then, proceeded to apply two prominent algorithms that make use of radar data over 73 km? of
agricultural areas in Caluso, Piemonte. The first algorithm, RT1, allowed the retrieval of soil moisture
estimates at a resolution of ~ 1 km. The major limitations faced were the reliance on reanalysis data and
the simplified representation of vegetation scattering through the isotropic phase function. The first
disadvantage of using reanalysis data is its relatively lower spatial scale of 9 km, which adds uncertainty
to the modeled results. The second disadvantage is for the LAI data, which doesn’t have any inter-annual
variability because, unlike other reanalysis parameters, it is modeled via a more simplistic approach. This
is not expected to have a significant impact on results, however, due to its limited use as a proxy for the
optical depth parameter, which isn’t very influential on the result outputs. Regarding the isotropic
function, this is, until now, a necessary simplification due to the monostatic nature of Sentinel-1
observations, in order to avoid ambiguous parameter results.

The second algorithm, the SM-based inversion approach, provided one example of the utility of soil
moisture data, as it adopted the data obtained from RT1 to produce irrigation estimates. The first
limitation faced in this approach was the inability to use the exponential filter, as demonstrated by the
unsuccessful fitting attempts that were made while trying to consider it. Its use in further studies, in case
auxiliary data allowed for the determination of the T parameter would provide a valuable removal of
noise from the SM estimates. Another limitation, despite its expectedly low impact, as demonstrated in
previous studies, was the reliance on the simplified Hargreaves formula due to lack of additional data
needed for the more thorough PM equation. The third limitation was the adoption of the same P and E
timeseries for all cells in the area of interest. This also allows for room for improvement if better
alternatives for this data are made available. The last limitation to note is the lack of baseline irrigation
volumes. This prevents the most influential limitation of this study. In addition to the limited
interpretations obtained from the analysis with irrigation calendars, this prevented the quantitative
analysis of the performance of the SM-based inversion algorithm by direct comparison to baseline
volumes. Moreover, it necessitated the reliance on an alternative method to fit the F parameter, adding
further uncertainty to the algorithm’s outputs. This highlights the importance of having better availability
and sharing of irrigation volume data. The availability of such data in the future would open up a huge
range of possibilities to improve upon the results obtained in this study. Moreover, it would help
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accelerate the development of algorithms, such as this one, and thus bring us closer to a better state of
water monitoring and management.

Despite the limitations presented above, this study showed the great potential of these algorithms. It also
showed, despite the fact that they’re still quite recent and still heavily under development, with lots of
room for improvement, that they can play a major role in better in water management, which is a much
needed first step towards better handling of this invaluable resource, to increase our resilience to the ever-
growing issue of climate change.
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APPENDIX A
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Figure 22 - Comparison of Pearson correlation density plots for RTI results before and afier resampling — 2020-2021
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Figure 23 - Comparison of Pearson correlation density plots for RTI results before and after resampling — 2022
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Comparison of Target Grid's Average Resampled SM Values
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Figure 24 - Timeseries of average resampled SM values for two SM estimate alternatives and baseline SM

SM-Based Inversion Approach

Table 15 - Statistics for a, b, and Z* - fitting attempt 1

Fitting Attempt 1
Metric a [mm/d] b [-] Z* [mm]
count 505 505 505
mean 242.89 1.06 2.99
std 2248.45 1.05 9.00
min 12.09 0.00 0.00
25% 28.33 0.54 0.00
50% 40.01 0.84 0.00
75% 65.73 1.27 0.00
max 45430.23 10.30 80.68

Table 16 - Statistics for a, b, and Z* - fitting attempt 2

Fitting Attempt 2

Metric a [mm/d] b [-] Z* [mm]
count 505 505 505
mean 1279.86 2.09 4.03
std 12783.13 1.53 12.27
min 11.51 0.00 0.00
25% 47.87 1.28 0.00
50% 82.19 1.81 0.00
75% 161.06 2.49 0.00
max 256187.17 13.28 115.30
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Table 17 - Statistics for a, b, and Z* - fitting attempt 3

Fitting Attempt 3

Metric a [mm/d] b [-] Z* [mm]
count 505 505 505
mean 44.62 0.45 934.06
std 50.86 0.52 459.25
min 16.31 0.00 0.00
25% 21.16 0.06 652.46
50% 30.22 0.30 986.99
75% 41.90 0.58 1218.14
max 394.49 3.03 2467.67

Table 18 - Statistics for a, b, and Z* - fitting attempt 4

Fitting Attempt 4
Metric a [mm/d] b [] Z* [mm]
count 505 505 505
mean 6919.01 2.18 1694.19
std 37277.99 2.29 844.58
min 14.92 0.00 0.00
25% 40.31 0.84 1214.70
50% 87.10 1.63 1737.10
75% 198.65 2.67 2220.80
max 354060.70 11.98 4271.19

Table 19 - Statistics for a, b, Z*, and T - fitting attempt 5

Fitting Attempt 5

Metric a [mm/d] b [] Z* [mm] T [days]
count 505 505 505 505
mean 1417.47 1.21 16.86 37.95
std 21757.40 1.20 54.50 775.76
min 12.18 0.00 0.00 0.01
25% 30.54 0.60 0.00 1.25
50% 46.72 0.96 0.00 1.37
75% 84.26 1.47 16.60 1.56
max 445626.77 13.09 639.23 17425.84

Table 20 - Statistics for a, b, Z*, and T - fitting attempt 6

Fitting Attempt 6

Metric a [mm/d] b [] Z* [mm] T [days]
count 505 505 505 505
mean 1271.45 2.32 19.14 14.92
std 8318.94 1.63 54.80 292.66
min 11.37 0.00 0.00 0.01
25% 57.06 1.41 0.00 1.04
50% 96.67 2.00 0.00 1.39
75% 239.87 2.90 2243 1.58
max 125173.91 11.94 750.04 6577.19
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Table 21 - Statistics for a, b, Z*, and T - fitting attempt 7

Fitting Attempt 7

Metric a [mm/d] b [-] Z* [mm] T [days]
count 505 505 505 505
mean 48.16 0.43 907.52 87.98
std 77.62 0.53 982.11 1040.70
min 18.18 0.00 0.00 0.01
25% 21.72 0.04 582.22 0.01
50% 31.47 0.29 862.44 0.01
75% 43.27 0.57 1097.57 0.01
max 1309.48 342 19190.03 20036.91

Table 22 - Statistics for a, b, Z*, and T - fitting attempt 8§

Fitting Attempt 8

Metric a [mm/d] b [] Z* [mm] T [days]
count 505 505 505 505
mean 3707.65 2.07 1383.05 20.29
std 27698.93 2.07 776.38 272.30
min 16.39 0.00 0.00 0.01
25% 42.70 0.83 897.75 0.01
50% 87.06 1.60 1434.38 0.01
75% 202.65 2.55 1869.66 0.01
max 433502.27 12.43 4673.37 4643.56
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