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SOIL MOISTURE ESTIMATION OF EUCALYPTUS FORESTS IN
PORTUGAL WITH L-BAND SAR USING POLARIMETRIC
DECOMPOSITIONS AND MACHINE LEARNING

ABSTRACT

Soil moisture is a critical ecological parameter because it is a primary input for all processes
that involve the complex interaction between land surface and the atmosphere. Remote
sensing, especially using microwaves, has shown great promise in measuring soil moisture-
with several operating satellites focused on its continuous estimation and monitoring on a
global scale. Portugal is predominantly characterized by Mediterranean and semi-arid
climates that feature low and sporadic precipitation. Over 10% of Portugal’s land area has
been planted with Eucalyptus globulus- a non-native, fast-growing tree primarily planted for
industrial use. Some studies have demonstrated that eucalyptus plantations adversely affect
water availability, but overall results have been inconclusive as there are numerous other
confounding variables. The goals of this study were to determine, using fully polarimetric
L-band SAR and machine learning, if soil moisture could be accurately predicted in
eucalyptus forests, and if there is a significant difference in soil moisture inside eucalyptus
forests relative to other forests. Vegetated surfaces complicate the estimation of soil moisture
because their structure and water content contribute significantly to backscatter of the radar
signal. Thus, four polarimetric decompositions were compared to separate vegetative versus
surface backscatter. The inputs from those decompositions, as well as several additional radar
indices and polarizations from the microwave images, were used as feature inputs into two
different machine learning models. After a feature selection process, the soil moisture
estimations were retrieved and compared using cross-validation. The best overall soil
moisture retrieval for Eucalyptus forests came from Random Forest with a RMSE of 0.021, a
MAE 0f 0.017, and a MBE of 0.001. Through a statistical #-test, predicted soil moisture
values in eucalyptus forests did not differ significantly as compared to other forest types in the

study area.
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1. Introduction

This project was conducted at Universidade Nova de Lisboa, at the Information
Management School (NOVA IMS), in Lisbon, Portugal. The development of this
project was made possible under the Master of Science in Geospatial Technologies,
supported by the European Union’s ERASMUS program, and the two other member
schools of the Master’s degree- Universitat Jaume I (UJI) in Castellon, Spain, and

Westfdlische Wilhelms Universitat (WWU) in Miinster, Germany.

1.1 Motivation

Soil moisture is a key physical variable that varies greatly both in time and space. It
can and has been defined in many ways, but a simple definition is that it represents the
amount of water stored in the unsaturated soil zone [1]. It both affects and is affected
by a range of environmental processes in a nonlinear fashion [2]. Soil moisture is an
important indicator for both drought and flood risk, and can also be a useful predictor
for these hazards [3]. Soil moisture connects land surface and atmospheric
phenomena, including the water, carbon, and energy cycles [4]. As a result, it is an
important indicator for hydrological, meteorological, climatological, geological, and
ecological studies. With the increasing global threat of climate change, its utility has
greatly increased, for both monitoring and predictive purposes. Soil moisture directly
affects runoff generation, groundwater recharge, and the rate of evaporation, which
are crucial inputs for plant growth, water availability, and risk of soil erosion and
flooding [5]. Land ecosystems, including forests and agricultural areas, heavily
depend on soil moisture- in the form of soil water content and surface soil moisture-
to sustain all forms of life. Studies have shown that Mediterranean countries in
Europe are already prone to droughts and forest fires and that it is likely that they will
experience a significant decline in overall water availability due to warming
temperatures, decreased precipitation, and changes in evapotranspiration [6]. Already,
rainfall is becoming more unreliable and temperature averages are trending higher.
Droughts and heatwaves are becoming more common, and they are increasing in both
duration and intensity. Reservoirs in recent years have been operating at increasingly

lower
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levels. This diminishing amount of water resources, in concert with the relatively
large human populations of Portugal and Spain, has put a huge strain on availability of

freshwater for both human and ecological use [7].

Forests cover just under a third of the Earth’s land surface [8]. Therefore, for global
monitoring of soil moisture, it is essential to develop inversion approaches to estimate
soil moisture in areas under forest tree canopies. One recent study showed that
satellite-based sensors are able to determine soil moisture levels in a temperate forest
using L-band Synthetic Aperture Radar (SAR), and in high agreement with ground
measurements [9]. In one recent study, ALOS-2 and Sentinel-1 was shown to provide

good results in estimating soil moisture in agroforestry areas [10].

Portugal is the Southern European country with the most wildfire events and the
second-most total burned land area [11]. Portugal has a propensity to be affected by
heat waves and droughts- which is likely to accelerate due to the warming global
climate. In addition, Portugal has been identified as a “climate hotspot”, with
particular vulnerabilities identified such as an increase in extreme rainfall events, a
lower overall yearly rainfall amount, higher temperatures, and longer dry spells [12].
This worrying mix of factors leads to a potentially bleak climatic outlook for Portugal
and highlights the need for continuous monitoring of soil moisture. Regardless,
Portugal is already hotter and drier than anytime in recorded history, and that trend is
likely to continue [13]. Precipitation has decreased on average by 90mm every

decade, as of 2017 [7].

The study area in Central Portugal is dominated by Eucalyptus (Eucalyptus globulus)
and Maritime Pine (Pinus pinaster) forests [11]. Approximately 75% of the forests in
Portugal are represented by just 3 species: eucalyptus, maritime pine, and cork oak
[14]. Eucalyptus plantations are typically planted as monocultures and used primarily
for paper pulp production. They are harvested every 7-12 years. Understory
vegetation is sparse in these forests and populated by a narrow range of species [15].
Approximately 3% of Portugal’s forests burn every year, and lower soil moisture as a

result of warming temperatures and decreased precipitation is a significant risk factor
[7].

Reforestation in the Western Iberian Peninsula by fast-growing, commercially-planted

tree species - especially eucalyptus, but also pine- has been one of the most significant
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land-use changes in the region’s history [14]. Replacing traditional pastures and native
trees with exotic trees has been identified in previous research as having the potential
to change soil characteristics. These soil characteristics with regard to eucalyptus
include, but are not limited to: water repellency, porosity, and infiltration rate and
hydrological variables include evapotranspiration, water table depth, and streamflow
rate [16]. Eucalyptus plantations represent approximately 26% of the total forested
area and about 10% of the total land area of Portugal [17]. This conversion of land use
has important hydrological and environmental implications. A range of
environmentally deleterious effects have been theorized for ecosystems in which
eucalyptus is introduced; these effects include being especially susceptible to soil
depletion and erosion, decreased biodiversity levels, and contributing to
hard-to-control and increasingly frequent wildfires [14]. In particular, eucalyptus
plantations may have higher water use and lower overall water use efficiency
compared to pine plantations, pasture, or native forests [18]. However, forest
plantations in general potentially provide important ecological services by acting as a
net carbon-store, cleaning the air, protecting soils from erosion, and providing wood,
paper, and pulp products. In Portugal, this wood-products industry is a significant
contributor to the economy. Eucalyptus has been widely planted in Portugal because it
is fast-growing, comparatively productive, and well-adapted to the climate. Most
remote sensing studies on eucalyptus have focused on carbon sequestration, biomass,
and productivity. Little focus has been placed on the hydrological effects of
eucalyptus species when introduced into non-native areas [19]. Some studies have
shown that eucalyptus has negative effects on water resources and can affect
hydrological processes in other ways; for example, some studies have investigated
whether eucalyptus affects soil water repellency, groundwater, or streamflow [20].
Generalizations about eucalyptus water use are hard to make because of varying local
conditions and results remain inconclusive [16]. Nevertheless, this warrants

investigation- especially because in Portugal water availability is a major concern.

Microwave electromagnetic waves are sensitive to the dielectric constant of soils, and
thus their water content [21]. /n situ measurements are the traditional method to
measure soil moisture, but they can be costly, laborious to set up and maintain, and
even ecologically destructive. Remote sensing allows soil moisture to be estimated on

a much larger scale and on a continual basis as compared to point measurements [2].
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Additionally, hard-to-reach, isolated, or ecologically sensitive areas can be served by
remote sensing data, which may not be possible with in sifu measurements. However,
in situ measurements will likely remain useful well into the future because they
complement and validate remote sensing products. For example, typically satellites
only will take an image of the same area on a weekly or biweekly basis. Nevertheless,
new satellite systems, in which a constellation of identical satellites can cover the
entire earth’s land surface in a matter of hours is a fast approaching new reality. Even
though, validating and calibrating these remote observations using in situ

measurements will be beneficial- at least in the areas where it is feasible.

Soil moisture measurements are usually indirect and only apply to a specific
definition of soil moisture. Soil moisture estimation usually depends on the volume of
soil measured, but may take other forms. This must be taken into account when
comparing methods of soil moisture estimation [1]. Most areas of Portugal have been
altered and cultivated by humans for centuries and even millenia, so forests typically
exist in patches. Because of this, a high spatial resolution is important to retrieve an
accurate characterization of soil moisture in forested areas on small scales. L-band
images around 1.26 GHz are considered ideal for estimating soil moisture in forested
areas because trade-offs are minimized between the ability to penetrate vegetation,
spatial resolution, and scattering effects [22]. A majority of previous studies have
largely been concerned with estimating soil moisture on large scales [3]. SAR’s
viability has been proven to be effective for a wide variety of applications;
nevertheless, downscaling the imagery for analysis, or upscaling point data for
validation, has been a major focus [23]. On smaller scales, agriculture is a primary
application of remote sensing for this purpose, but limited progress has been made in
estimating soil moisture in forests and other heavily-vegetated areas [24].
Drone-based SAR is a relatively new direction of the field; in one recent study, P and
C-band drone-borne SAR approach was shown to provide good results in estimating
several biophysical parameters of the forest floor [25]. One study compared L-band
emission data from a passive microwave sensor to both a theoretical model and a
regression model and found that they were able to determine soil moisture with good

accuracy in a moderately-dense Eucalyptus forest [26].

Several parameters of the earth’s surface in the study area need to be taken into

account in order to accurately estimate soil moisture from microwave images; these
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include surface roughness, vegetation cover, and topography. Machine learning has
been demonstrated to be useful in this regard because of the complexity of the
geophysical processes and because estimating soil moisture involves an "inverse
problem" (indirect measures are taken); for passive sensors, brightness values are used

as inputs, and for active sensors, backscatter coefficients are used [27].

As of yet, data from L-Band sensors is less available; data from C-band and X-band
sensors are much more common- but that is likely to change in the near future with
the launch of new satellite systems. Most studies before recently used dual-polarized
images for polarimetric studies; as fully-polarimetric satellite data has become more
available, polarimetric studies have become more common [28]. Point measurements
of soil moisture in forested areas are sparse to non-existent (unless placed on a one-off
basis for a particular study). Whereas bare surface areas and, increasingly, agricultural
areas, have been extensively studied with SAR images to estimate soil moisture,
studies are lacking for using SAR to estimate soil moisture in forested areas [22].
When they have taken place, it has been of tropical or boreal forests, and not of
temperate forests in the mid-latitudes. More studies are needed for L-band emissions
in a wider variety of forests and environmental conditions. Some have argued that soil
emissions are masked in forests where vegetation is dense, but the degree to which
this is the case, and whether ground litter or canopy structure may cause it, is disputed
[26]. In Portugal, most forest types are relatively sparse and more needs to be
understood about the behavior of long-wavelength radars in areas such as these. Many
studies of soil moisture have been conducted using C-band data (such as Sentinel-1,
which is freely-available), but very few with L-band sensors [10]. C-band microwaves
are not appropriate for forested areas, as it is a shorter wavelength with limited ability
to penetrate vegetation cover and reach the soil. X-band sensors have shown some
preliminary ability to detect soil moisture, but they are not ideal for soil moisture
retrieval in general for the same reason as with C-band sensors [29]. Using
microwave-based vegetation descriptors such as the Radar Vegetation Index (RVI) (as
opposed to ground measurements or indices extracted from optical imagery) to use in
backscattering models is a relatively unexplored method in the field, and warrants

investigation- especially in densely-vegetated areas such as a forest.
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1.2 Objectives

The aim of this project is to estimate surface soil moisture in a region of central
Portugal with a high proportion of land use characterized by eucalyptus plantations.
Eucalyptus has been theorized to negatively affect water availability in areas that it is
introduced to. Eucalyptus is not native to Portugal, and a significant proportion of the
total land area has been converted to this land use. Moreover, water resources are a
major concern because the predominant Mediterranean climate is typified by sporadic
and unreliable precipitation patterns. Thus, a secondary but no less important aim is to
discern whether surface soil moisture varies significantly between eucalyptus
plantations and other forests in the study area. L-band SAR satellite images will be
used because of their promising balance of trade-offs; they are comparatively
high-resolution, can penetrate vegetation cover in forested areas, and have a proven
track record of accurately estimating soil moisture in a wide variety of areas. In order
to separate backscatter into different components, several polarimetric decompositions
will be used. In this study, four incoherent target decompositions will be evaluated to
determine their effectiveness: the Freeman-Durden decomposition, which is a
model-based decomposition approach, and three eigenvector-eigenvalue
decomposition methods- which are the Van Zyl, H/A/a, and the Model-Free Three
Component decompositions. In addition, a Digital Elevation Model (DEM) is
necessary for terrain correction and for georeferencing the SAR imagery. In a
following step, two machine learning algorithms, Generalized Regression Neural
Network (GRNN) and Random Forest (RF), will be used for feature selection, to see
if the algorithms can produce better results with fewer variables. The algorithms will
then be used again to estimate soil moisture values and a cross validation will be
conducted to assess model performance. An accuracy assessment for the predicted
soil moisture values will be conducted by using the reference data to compare. Finally,
forest inventory data will be used together with a statistical z-test to see if there is a
statistically significant difference between soil moisture values in Eucalyptus forests

versus other forests in the study area.

1.3 Research Questions

This study seeks to answer the following questions:

1. Can L-band SAR be used to accurately measure soil moisture in eucalyptus



forests?

2. Can features extracted from polarimetric decompositions be used with
machine learning to minimize vegetation effects effectively in
densely-vegetated environments?

3. Are predicted mean soil moisture values in areas populated by Eucalyptus
globulus significantly different than predicted mean soil moisture values in the

other forested areas in the study area?

1.4 Study Area and Timeframe

Figure 1. Study area location.
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Figure 2. Sentinel-2 True Color satellite image of the study area taken on July 23, 2022

for reference.

The study area consists of 1000 km? and lies in Central mainland Portugal, as seen in
Figures 1 and 2. It is roughly bounded by the towns of Pombal in the south and
Cantanhede in the north, respectively. To the west lies the Atlantic Ocean and the city
of Figueira da Foz, and to the East lies the Coimbra urban area. It is a rectangle
measuring approximately 24 kilometers wide and 42 kilometers long that was chosen
because of the high proportion of Eucalyptus forests as seen in Figures 3 and 4, and
also to ensure that all SAR images used in the study overlapped. The first SAOCOM
image used in the study was taken on June 21, 2022, and two following images were

taken on September 1, 2022 and on October 11, 2022.
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Figure 3. Sample points in the study area divided into three categories for the purpose of

the study: Eucalyptus Forests, Other Forests, and All Other Land Uses.
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Figure 4. Pie chart showing the percentages of the sample points by the three categories

of LULC used in the study.

The climate of the area is Mediterranean, with warm, dry summers and mild and
moderately rainy winters. The dominant vegetation types are eucalyptus, pine, rice,
olives, grapes, and maize [30], as seen in Figure 5. The Mondego River roughly
divides the study area in half, and along its banks lie a large agricultural area [29].
Topographically, the area is mainly flat along the river, but hilly beyond it, with
variation between sea level to 400m in elevation. In general, there is heterogeneous
land use in the study area, with forests and agriculture being the primary LULC, and
urban development (buildings, roadways etc.) representing a significant minority

LULC [31].
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Figure 5. LULC by sample point within the study area using all categories of the ICNF

6th National Forest Inventory for primary land use.

2. Background

Microwave remote sensing exploits the antipodean dielectric constant of water-
whether it is located in solid objects or air. This dielectric signature can be interpreted
based on the emissivity and backscattering of the microwave signal as it interacts with
the Earth’s surface, along with other parameters [32]. Passive microwave sensors
record the brightness temperature or intensity of land surface electromagnetic
emissivity. Passive microwave satellite-based sensors have been used for soil moisture
retrieval since 1978 [33].They are characterized by a coarse spatial resolution and are
therefore primarily used for soil moisture estimation on regional and global scales.
SAR sensors capture a much higher resolution image and instead function by using an
active signal that is transmitted by the sensor itself. They work by using “backscatter”
values that are reflected by the earth’s surface [32]. Backscatter coefficients are
defined as the difference in energy of emitted and reflected radiation from the Earth’s
surface [34]. Mathematically, these backscatter coefficients (o) are given by the Radar
Cross Section (RCS), also called the Radar Signature, which is defined as the ratio of

received versus incident radar signal intensities, as shown in Figure 6 [35].

Ireceived 2 2
0 =7 —4mr [m ]

incident
Figure 6. Radar Cross Section equation, where backscatter coefficients are o, I is signal

intensity, 47tr? is the surface of a sphere, and m” is the surface area of the target surface.
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These backscatter coefficients are functions of both the physical and electrical
properties of the soil surface, as well as characteristics of the radar sensor itself [32].
The dielectric constant of the surface, the electrical property, is used as a proxy for
soil moisture. The other primary physical characteristics are vegetation and terrain
roughness- measured either as correlation length (L), root-mean-square height (rms),
or autocorrelation functions [36]. Characteristics of the radar sensor are wavelength,
polarization, and incidence angle. Soil moisture retrieval algorithms, or “models” as
they are often referred to as, attempt to compute the dielectric constant of the soil
surface using backscatter coefficients as inputs [37]. One popular model that accounts
for a vegetated surface is called the “Water Cloud Model” or WCM. The WCM is
simple to implement and requires few input parameters, so it has been widely used for
soil moisture retrieval in vegetated areas [10]. It assumes that the vegetation canopy
can be represented by a uniform cloud layer of water droplets and ignores the
contribution of higher-order scatterers [38]. Selecting vegetation descriptors that
accurately characterize the vegetation canopy in a given study area is a critical step to
use the WCM. In the past, most of these descriptors have come from either hand
measurements on the ground- which are time-consuming to collect, costly, and
laborious- or from indices from optical imagery

such as the Leaf Area Index (LAI) or Normalized Difference Vegetation Index
(NDVI). In practice, however, it is unclear how spatially accurate these hand
measurements can be, and for optical imagery, it can be difficult to get images at the
same resolution and same time as the radar images used. Therefore, a relatively newer
technique that has shown promising results is to use microwave-based vegetation
descriptors instead such as the Radar Vegetation Index (RVI), or other polarization

ratios.

In the beginning years of using microwave remote sensing for soil moisture
estimation, the signal was typically analyzed in study areas characterized by bare
soils. Moreover, the sensors in use during that time typically only had a single
polarization. This led to poor results for soil moisture estimation, however, because
with this method, both terrain roughness and soil moisture are contained in one signal
[39]. With the arrival of dual-polarized sensors and fully polarimetric ones, these

factors could now be separated for a much more accurate soil moisture retrieval using
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an inversion approach [40]. These inversion models can be grouped into four broad
categories: empirical, semi-empirical, physical/theoretical, and change detection
methods [3]. In practice, most models are either semi-empirical or physical, however,
because a purely empirical model is very difficult to construct, is only narrowly
applicable, and requires very precise data on a number of parameters in order to be
accurate. For physical models, the Integral Equation Model (IEM) is perhaps the
best-known. In this model, backscattering coefficients are produced as a function of
sensor configuration, frequency, polarization, Root Mean Square Height, Correlation
Length, autocorrelation, and, of course, the dielectric constant, from which soil
moisture can be derived [41]. Two well-known semi-empirical models are the Dubois
and Oh models. The Dubois model generates co-polarized backscatter coefficients by
using radar sensor parameters, RMS, and the dielectric constant. The Oh model
simulates backscatter coefficients by using the ratio of co-polarized to cross-polarized
backscatter, along with RMS and the incidence angle of the sensor [34]. Notably
however, IEM, as well as the Dubois and Oh models, are only effective in bare soil
conditions. Another popular semi-empirical model was developed in response to this,
known as the Water Cloud Model, which was mentioned previously. The Change
Detection method also deserves mention because, although it cannot be used to
absolute soil moisture values, it can be used to estimate the relative change over a
period of time [34]. The TU-Wien change detection algorithm is one popular example,
which uses observations from the wettest and driest days of the year. Because surface
roughness and vegetation structure are assumed to remain the same under this method,
no auxiliary information about them is required, which of course can be very helpful

in varied use cases.

The microwave signal mainly responds to three factors: soil surface roughness,
vegetation canopy, and the dielectric constant- which is primarily related to the
surface soil moisture [42]. Backscattering coefficients are affected to a large degree by
surface roughness and vegetation. Soil moisture affects them as well, but to a lesser
degree [43]. Vegetation has a large effect on the scattering of microwave radiation
both because of the water present inside of it as well its structure. SAR microwaves
do have the ability, however, to penetrate through vegetation, especially with a longer
wavelength- as with L-band. The longer the wavelength of the microwave signal, the

greater its ability to penetrate through vegetation [44], as shown in Figure 7. L-band is
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used in this study because it can both penetrate vegetation and the soil to a few
centimeters to ascertain soil moisture. P-band, an ever longer wavelength band, has
even more penetrative ability, which may be useful for determining root-zone soil
moisture. However, it also has a higher signal-to-noise ratio and is thus more prone to
ionospheric effects and radar frequency interference [45]. Moreover, no P-band

satellite sensors are currently in orbit.

PN ¥\¥

X-BAND 3 cm C-BAND 6 cm L-BAND 24 (m P-BAND 65 cm

Figure 7. Penetration of vegetation by microwave band wavelength [35].

The presence of vegetation on a study surface greatly complicates estimating soil
moisture because both the structure of the vegetation as well as the water present
inside of it acts as a scatterer as well as an attenuator of the active microwave signal
[46]. There are two primary ways to account for vegetation backscatter: polarization
decompositions and vegetation backscattering models, such as the WCM [47].
Polarimetric decompositions are not possible with single-polarized data, and only

partially feasible with dual-polarized data [48].

Target decompositions use several different matrices derived from the SAR imagery,
such as the scattering matrix [S], the second-order coherency matrix [T], and the
covariance matrix [C]. These matrices can be in turn used to derive polarimetric
features. These matrices provide scattering descriptors that can be interpreted in
relation to the target features on the surface of the Earth [49]. Most natural features
are considered partially polarized because they backscatter the transmitted SAR signal
in various directions. Based on the way the signal scatters, it can be characterized one
of three ways: it may hit the target and bounce once which is called single or surface
scattering, it may be reflected twice and is called a dihedral or double-bounce
scatterer, or it may reflect more than this and is called a multiple or volume scatterer
(all displayed in Figure 8). The elements of these scattering events, both intensity and

phase, compose the information in the scattering matrices [37]. Model-based
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decompositions, such as the Freeman-Durden decomposition, use these three types of
scattering events and their respective magnitudes to single out vegetation scattering.
On the other hand, eigenvalue-eigenvector decompositions are solely based on
mathematical theory and do not rely on normal statistical assumptions or physical

models [50]. The other decompositions used in this study fall under this latter

category.
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Figure 8. Scattering mechanisms by type and their relationship to scattering strength by

polarization [52].

Single-look, non-filtered radar images, such as the ones in this study, have a
salt-and-pepper effect, referred to as “speckle” arising from the coherence image
formation [45]. Removing speckle does not remove any useful information, as it is
simply an image artifact of microwave images; therefore, it should be removed before
any polarimetric analysis is conducted. As a result, multi-looking or speckle filters

should be used, which reduce speckle.

Polarimetry is the science of acquiring, processing, and analyzing the polarization
state of an electromagnetic field [51]. Fully polarimetric SAR refers to both the
transmitted waves and received waves as two orthogonal wave polarizations. These
polarized electromagnetic waves have two components- a horizontal one and a
vertical one, as shown in Figure 9- and are associated together by a well-defined
mathematical relationship. When the electric field of a wave is unpredictable, it is
considered to be “non-polarized” and random. Conversely, when a wave is considered
to be “polarized,” its electric field (voltage or strength) is predictable [52]. Radar
systems are usually designed to transmit both horizontally and vertically-polarized

microwave radiation, which results in wave backscatter being received in a wide
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variety of polarizations. The analysis and measurement of these transmitted and
received waves is what defines polarimetry and it is useful because of the other
information it can reveal about the target surface [53]. A fully polarimetric sensor
transmits alternating horizontal and vertical waveforms and records the intensity of
both these horizontal and vertical polarizations as well as the phase difference
between them [54]. These Quad polarized SAR sensors can therefore capture a
complete picture of the scattering behavior of their target and can discriminate

between surface features of that target [37].

HH Horizontal transmit, horizontal receive
'L} Vertical transmit, vertical receive
HV Horizontal transmit, vertical receive
VH Vertical transmit, horizontal receive

Figure 9. Plane of polarizations for transmitted and received radar signals [35].

Polarimetric target decomposition techniques developed from Dr. J.R. Huynen’s
research in the 70’s. These methods use polarimetric matrices which are
“decomposed” into an aggregate of scattering patterns. Using this technique, the
dominant scattering form can be determined and, importantly, physical parameters can
also be retrieved. Since the scattering matrix is affected by speckle, incoherent
analysis using second-order functions from the coherency and covariance matrices are

used [55].
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Machine learning is highly beneficial for estimating soil moisture based on
polarimetric decompositions of SAR imagery for three reasons: (1) theoretical
backscatter models are exceedingly complex because they have a large number of
inputs that relate to each other in ways that are difficult to discern; (2) they are not
able to be applied in widely-varying conditions, because decompositions only prove
useful with the specific biological and geological parameters of an individual study
area; and (3) there exists a non-linear relationship between SAR image features and
natural targets such as soil and vegetation. Machine learning is a useful approach
when inputs and outputs relate in a non-linear fashion in complex and varying ways
[49]. In the context of environmental remote sensing, data is primarily used to retrieve
ecological parameters based on the output of physical models [56]. Machine learning
models have demonstrated an ability to accurately approximate the complex,
non-linear relationships between ecological parameters due to multilayer learning
[57]. Machine learning has been shown to be effective for establishing statistical
relationships between in situ ecological parameters and remotely sensed data because
of its ability to determine complicated and interwoven relationships between many
variables [26]. Studies that have used machine learning to retrieve soil moisture can
be grouped into three categories based on the type of data that they use to train their
models: model-generated training data (from physical or semi-empirical algorithms),
in situ point measurements, or land surface model simulations. Studies have shown
some benefit for comparing satellite products for validation purposes in soil moisture

research because it may lead to more accurate results [58].

3. Methodology

In this section, the data used will first be presented and described, followed by a

sub-section describing the methods used in the study.

3.1 Data

The SAR images were produced by the Argentinean Microwave Observation Satellite
(SAOCOM, Satélite Argentino de Observacion Con Microondas) twin satellite
constellation referred to as SAOCOM-1A (launched on 8 October 2018) and
SAOCOM-1B (launched 30 August 2020) [57]. They are managed by the

Argentinean space agency, the National Commission for Space Activities (CONAE,
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Comision Nacional de Actividades Espaciales) and jointly operated with the Italian
Space Agency’s (ASI, Agenzia Spaziale Italiana) COSMO-SkyMed’s satellites. All
together, they form the Italian-Argentinian Satellite System for Emergency
Management (SIASGE, Sistema Italo-Argentino de Satélites para la Gestion de
Emergencias). One of the primary objectives of the SAOCOM satellites is to
“generate operative soil moisture maps.” The SAOCOM images used in this project
are fully polarimetric (also called Quad-Polarized) “Stripmap” images, with a swath
width of between 13km and 30km, a spatial resolution of 10m (ground range) by 6m
(azimuth), and incidence angles between 18° and 35 ° [56]. They feature the lowest
level of processing available, called “L1A” Single Look Complex (SLC) which are
“complex data in slant range, radiometrically calibrated with no geometric
corrections” [58]. These satellites carry identical active sensors that are 1.275 GHz
L-Band SAR sensors. When only one satellite was operating, it covered a given spot
on the Earth’s surface every 16 days; now that there are two, that has been cut in half
to every 8 days. Although the data is not open-access, ASI (which operates jointly
with ESA- the European Space Agency), accepts data requests from the global
scientific community for non-commercial, research purposes in study areas that fall
within the ASI’s “Zone of Exclusivity” under international agreements- which

roughly corresponds to the European continent [59].

The ALOS World 3D DEM produced by the Japanese Space Agency (JAXA) was
used for terrain correction and georeferencing of the SAR images, as displayed in
Figure 10. The data is collected by the Panchromatic Remote-sensing Instrument for
Stereo Mapping sensor (PRISM) aboard the Advanced Land Observing Satellite
(ALOS) which captures panchromatic images at a Ground Sample Distance (GSD) of
roughly 1 arc-second (which corresponds roughly to 30m) [60].
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Figure 10. DEM of study area.

The 6th National Forest Inventory of Portugal created by The Institute for Nature
Conservation and Forests (ICNF) was used for Land Use/Land Cover (LULC) data
about the study area, with a focus on forest types and distributions. The inventory
covers all of mainland Portugal using a grid of sample points spaced evenly every
500m and is derived from both aerial images and field evaluations of vegetation [61].
Importantly for this study, forests are characterized by the species of trees that make
up the majority of individuals and the inventory includes major species such as
eucalyptus and pine. In the study area, the subset of the inventory dataset included

3.999 points.

The soil moisture information originates from two different rasters, as seen in Figure

11. The first is the Soil Moisture Index (SMI) in a raster format at 5-km spatial
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resolution and a temporal frequency of 10 days. It is produced by the European Centre
for Medium-Range Weather Forecast (ECMWF), and is a component of both the
European Flood Awareness System (EFAS) and the European and Global Drought
Observatories (EDO)[62]. It is derived from the LISFLOOD hydrological land surface
model projections which are produced every 6 hours, and which can determine soil
moisture in the top two soil layers. LISFLOOD has been in use since 1996 and is

managed by the Joint Research Centre of the European Commission (JRC) [63].

The Soil Water Index (SWI) is also in raster format at a 1km spatial resolution and a
temporal frequency of 1 day. It is produced by Copernicus Global Land Service and is
based on data fusion of surface soil moisture observations from both Sentinel-1 and
Advanced Scatterometer (ASCAT) satellite sensors, as well as a hydrological land
surface model. It estimates soil moisture at 8 soil depths and has been disseminated

since 2015 [64].

Sample Points
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Figure 11. Sample point grid laid from ICNF over the SMI soil moisture reference raster

(on the left) and the SWI soil moisture reference raster (on the right) from June 21.

3.2 Methods

The open-source SNAP (Sentinel Application Platform) software, developed by the
European Space Agency (ESA), was used for all pre-processing of the
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fully-polarimetric SAR images. First, the environment was set in the software and the
images were then subsetted; the subset corresponded to the area where the three
images overlapped. Because the images were already pre-calibrated, no radiometric
calibration was applied. Radar indices (which use band ratios) were extracted directly
from the subset to be used as features for inputs; these included RVI, the Generalized
Radar Vegetation Index (GRVI), the Volume Scattering Index (VSI), and the Canopy
Structure Index (CSI). Then, the scattering matrix [S] was also processed based on the
subset. Using the scattering matrix, the coherence [T] and covariance [C] matrices
were extracted. To reduce speckle, the coherence and covariance matrices were passed
through a speckle filter, called the Lee Refined Filter- using a 5 by 5 moving window
(based on the number of pixels). From the covariance matrix, the diagonal elements
were also taken as features; they are C11, C22, and C33 (which correspond to HH,
HYV, and VV polarizations). These elements were also converted from a linear to a
decibel (dB) scale. Next, the coherence matrix was used for the polarimetric
decompositions, also using a 5 by 5 pixel window; these decompositions were the
Freeman-Durden, H/A/a, Van Zyl, and Model Free Three Component
decompositions. Altogether, there were 23 features used to predict soil moisture

values, as shown in Table 2.

In the following step, the DEM was used for orthoreferencing and range doppler
terrain correction using bilinear interpolation. This orthorectified and terrain corrected
image was then exported to ArcGIS Pro, created by ESRI, along with the other two
datasets used in this study- the forest inventory and soil moisture raster- so that all
layers could be overlaid. The point features of the forest inventory were used to
extract the information present in the rasters (using bilinear interpolation), which now
included soil moisture reference data, along with all of the features used in a later step
for the predicted soil moisture values. Thus, several datasets were produced from each
of the three dates: the points located in Eucalyptus forests, the points located in other
forests, and the points located in all non-forest land use classes. Subsequently, the
point data was exported as Comma Separated Value (CSV) tables to Jupyter
Notebooks, an open-source software, using Anaconda, for further analysis using
Python. Because the data were using several different ranges, all fields were then
normalized to be between 0 and 1. Next, to clean up the data, rows with missing

values were removed from the datasets, as shown in Table 1. Additionally, outliers
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were removed from all features using the metric of interquartile range (IQR); the IQR
is multiplied by 1.5 and the resultant product is both subtracted from the 1st quartile
and added to the 3rd quartile. Any sample value outside of this resultant range was
considered a statistical outlier and thus removed, as seen in Figure 12. Correlation
matrices were produced for all of the features using the pandas [65] library for
Python, as shown in Figure 13. The features were subsequently fed into a feature
selection process using two different machine learning methods- Random Forest and

GRNN.

In both processes, several levels of feature selection were used: one set included only
a few features, another less-restrictive level included several more features, and a final
set ignored feature selection altogether by using all features. With the Random Forest
algorithm, this feature selection process consists of the mean impurity decrease within
each tree- specifically, on each node [66]. The features for internal nodes are selected
by variance reduction. For each feature, average decrease in impurity for all trees in
the forest is the measure of the feature importance. Some results of this process are
shown in Figure 14. For GRNN, the same criteria of mean impurity decrease was
used- except using the GRNN algorithm to determine it instead of Random Forest.
The three methods of feature selection for Random Forest were Top 3 features (by
mean feature importance), all features greater or equal to 0.5 (resulting in around 10
features), and no feature selection. The three methods of feature selection for GRNN
were backward, forward, and no feature selection. Backward feature selection starts
with all features and removes features one at a time, whereas forward selection starts
with no features and then adds features one at a time [67]. Typically, backward feature
selection ends with the selection of a greater number of features than forward feature

selection.

Then, all three levels were tested in the aforementioned machine learning algorithms
to retrieve the predicted soil moisture values using the scikit-learn [68] and pygrnn
[67] libraries for Python. The algorithms then underwent a cross-validation process to
tune the parameters and assess accuracy, before all models were given a general
accuracy assessment with the best predictions achieved from each of the algorithms.
The accuracy of retrieved soil moisture estimations was tested by comparing the best

predicted values to the soil moisture reference values using Root Mean Square Error
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(RMSE), the Coefficient of Determination (R?), Mean Absolute Error (MAE), and
Mean Bias Error (MBE).

Finally, a statistical assessment using a #-test and the scipy [69] library for Python was
conducted to see if there was a statistically meaningful difference between the

predicted soil moisture values in Eucalyptus forests as compared to other forest types.

For an overall picture of the methodology used in this study, see the flowchart in

Figure 15.
Original Number After Missing After Outliers
Values Removed Removed
June 21 3999 3957 2589
September 1 3999 3951 2740
October 11 3999 3961 2761

Table 1. Size of the datasets by date after removal of missing values and outliers.
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Figure 12. Box plots showing the June 21 Eucalyptus Forest dataset before outlier
removal (on the left) and after (on the right). The x-axis are the features and the y-axis
are the values of each feature.

Two different machine learning algorithms were used- GRNN and Random Forest
(RF). In this way, their capacity to predict soil moisture values could be compared.
GRNN is an improved technique for radial basis neural networks that has been shown
to be able to work with sparse data, is relatively computationally quick as compared to
other neural network models, and functions well when the assumption of linearity
cannot be justified (i.e. a non-linear regression problems) [70]. GRNN is a
forward-propagation network that executes non-parametric estimation and forms

network output by the principle of maximum probability [71]. It contains four layers:
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input, pattern, summation, and output. Random Forest, like GRNN, is a machine
learning algorithm well-suited to non-parametric estimation, is relatively quick, and
works effectively in cases in which the relationships between independent and
dependent variables are non-linear [72]. RF uses a technique referred to as bootstrap
aggregation to take a sample from the original data to train an individual tree and this
procedure is repeated many successive times on other trees (the “forest”) until a
“bagging” prediction can be formulated from the average of all of the individual
predictions of each tree [73]. Thus, it is classified as an ensemble method. It can be

used for both classification or regression.

Four different polarimetric decomposition techniques were used in this study:
Freeman-Durden, H/A/a (or Cloude-Pottier), Van Zyl, and the Model-Free Three
component decomposition. Freeman-Durden is a model-based decomposition that
expands the coherency matrix into three sub-matrices each based on non-correlated
scattering behaviors of the electromagnetic radiation. First, surface scattering is
related to the dielectric constant of the soil, the incidence angle of the sensor itself,
and terrain roughness. Second, dihedral, or double-bounce scattering, is a function of
the dielectric constant in both vegetation and the soil, and also the incidence angle of
the sensor relative to the ground. Third, volume scattering is based on the vegetation
canopy which is modeled as a cloud of randomly scattered dipoles [74]. H/A/a also
categorizes the backscatter into three different components, but unlike the
Freeman-Durden method, H/A/a is a decomposition based on eigenvectors and
eigenvalues. First, entropy is related to the probability of effective scattering and
ranges between 0 and 1; with 0 representing completely predictable scattering and 1
representing completely random scattering. Second, anisotropy is related to the noise
level of a scatterer and is derived from secondary and tertiary eigenvalues. It also
ranges between 0 and 1, and needs to be interpreted together with entropy. When it is
below 0.7, it largely measures noise, but when it approaches or exceeds 0.7, it can be
used to distinguish object scattering type. Third, alpha contains information about the
type of scattering that occurs. When it is close or equal to 0, it represents surface, or
odd scattering; when it is near /2, it represents dihedral scattering; finally, when it
approaches 1 /4, it represents volume scattering [75]. Van Zyl, like H/A/a, is an

eigenvector and eigenvalue approach that was designed for naturally distributed
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targets in which the radar cross section would have non-negative values. The radar
cross section is the ratio of intensity of backscattered energy to the sensor as
compared to the intensity of energy absorbed or otherwise scattered by the target [49].
Like Freeman-Durden, the decomposition is organized into the same three
components: surface, dihedral, and volume scattering. The Model-Free Three
component decomposition uses three scattering types- odd bounce, even bounce, and
volume scattering- and is equivalent to the a (alpha) parameter in the Cloude-Pottier
decomposition. Each power component is non-negative (as in the eigenvalue and
eigenvector approaches), but it is independent of the antenna receiver configuration
allowing total power to be conserved. This technique incorporates other data present
in the total power of the signal that cannot be derived from the individual elements of
the coherency matrix, hopefully allowing more useful information about the scattering

targets to be extracted [76].

The three diagonal elements- C11, C22, and C33- from the 3 by 3 covariance matrix
were used to provide information about the target scatterers. C11 represents the HH
co-polarization, C22 represents the HV cross-polarization, and C33 represents the VV
co-polarization [81]. These single polarimetric intensities can also provide
information about target objects. HH is a horizontal polarization that is sensitive to
returns from the surface. The cross-polarized HV is sensitive to volume scattering in
vegetated areas. V'V is a vertical polarization that is sensitive to dihedral scattering.
Span, or the sum of the diagonal elements of the covariance matrix, was also included
as an input feature. It represents the total power [77]. In addition, band ratios were
used as input features; these include the co-polarization ratio of HH/V'V, and the

cross-polarization ratios of HH/HV and VV/VH.

Four different radar band indices were used as feature inputs for the machine learning
algorithms: RVI, GRVI, VSI , and CSI. These are useful for the analysis in this study
because they can identify varying vegetation characteristics in forested areas using the
backscatter signature of the radar signal. RVI attempts to measure the effects of
random scattering from vegetation [78]. It uses scattering intensities in a ratio from
cross-polarization to the total power from all polarization bands (span). It varies from
between 0 and 1, with a 0 representing a bare surface, and a 1 representing a very

dense forest. GRVI is a modified version of the RVI, which incorporates the
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horizontal scatterers.

generalized volume scattering model [79]. It is based on the geodesic distances
between Kennaugh scattering matrices. VSI primarily measures the thickness or
density of the tree canopy [80]. It is a ratio of the cross-polarized backscatter to the
like-polarized average backscatter. It ranges from 0 to 1, in a similar manner to the
RVI and GRVI. CSI primarily measures the relative importance of horizontal versus
vertical vegetation structure(e.g. trunks and branches) [80]. It is the normalized ratio
difference of co-polarization powers. It ranges from -1 to 1, with a -1 representing

completely vertical vegetation scatters only, and a 1 representing completely

Polarimetric Decomposition Features | Bands and Band Ratios

1. Entropy - H/A/a 13. HH

2. Anisotropy - H/A/a 14. HV

3. Alpha-H/A/a 15. VV

4. Surface Scattering - 16. Span
Freeman-Durden

5. Dihedral Scattering - 17. HH/VV
Freeman-Durden

6. Volume Scattering - 18. VV/VH
Freeman-Durden

7. Surface Scattering - Van Zyl 19. HH/HV

8. Dihedral Scattering - Van Zyl 20. RVI

9. Volume Scattering - Van Zyl 21. GRVI

10. Odd-Bounce Scattering - 22. VSI
Model-Free Three Component

11. Even-Bounce Scattering - 23. CSI
Model-Free Three Component

12. Volume Scattering - Model-Free
Three Component

Table 2. All features used in the study; on the left side, the features that were produced

from polarimetric decompositions, and on the right, features from single bands and

band indices.
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Figure 13. Correlation matrices from the Eucalyptus Forest datasets on all three dates
using the SMI raster: June 21, September 1, and October 11 (from left to right).

From the correlation matrices, it is difficult to discern any global patterns. This may
reinforce the results of feature selection, in which it was determined that, overall,
there are not any variables that have higher predictive ability than the rest. Moreover,
it highlights the value of machine learning; with so many features combined with
large datasets, it becomes arduous, or even impossible, to find useful patterns and

make accurate predictions without the help of algorithms.
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Figure 14. Bar charts showing relative importances of all features using the scikit-learn
Python library and how effective each feature is individually at predicting the target
variable; these are produced from the Eucalyptus forest datasets on all three dates
(sequentially from left to right) using the SMI raster..

From the variable importances, as a result of feature selection using GRNN, we see
that the band ratios (HHHV, HHVV) are relatively more important during all three
dates. In addition, two single bands (HH for June, VV for October) are also among the
most important variables. Interestingly for September, we see that the Van Zyl surface
scattering is rated much higher than all of the rest. Nevertheless, all features fall

within a small range of importance.
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Figure 15. Flowchart of methodology used in this study.

4. Results

In this section, the soil moisture estimations from both machine learning algorithms,
GRNN and Random Forest, as well as from both reference rasters, SMI and SWI, are
presented. These results are divided by the three dates the SAR images were taken-
June 21, September 1, and October 11- and also by LULC type- primarily focusing on
eucalyptus forests. The feature selection process is evaluated to see if it led to more
accurate estimations and whether it varied by date or LULC. The results of an
accuracy assessment are presented to determine how precise soil moisture estimations
were in forested areas and if eucalyptus forest, as a LULC, has soil moisture values

that are statistically different from soil moisture values in other forest types.
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Figure 16. Soil moisture distribution by sample point and by date with descriptive

statistics using SMI raster.

Several relevant factors can be interpreted for the soil moisture distribution of all
samples in the study area by date, as displayed in Figure 16. When the first SAR
image was taken, soil moisture values had a comparatively wider range (from 0.32 to
0.46) and higher average (0.38) than those of the following two images. This makes
sense from a climactic perspective because the dry season had not yet taken full
effect, and the soils still retained moisture from precipitation earlier in the year. By
September 1, the height of the dry season, the range had narrowed and fell
substantially (from 0.14 to 0.29) and the average also reflects that (0.21). By October
11, soil moisture had recovered to a small degree, but the distribution is still
comparatively much more narrow than in June (from 0.25 to 0.38), and the average is

still much lower (0.29). Because the mean is greater than the median in all three
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instances, all three distributions are positively skewed, with most samples falling

toward the lower values.

Distribution of Soil Moisture by LULC - June 21
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Figure 17. From left to right, decreasing medians of soil moisture by LULC within the
study area using all categories of the ICNF 6th National Forest Inventory for primary

land use and by date using SMI raster.

From the distributions of soil moisture by LULC (as seen in Figure 17), it is
noticeable that Eucalyptus and Pine forests represent the LULC’s with some of the
highest soil moisture values in June, while they fall toward the bottom of all
categories in September and October. This likely means that forests act as moisture
sinks- holding onto greater amounts of water when there is more of it available in the

wetter months, and gradually shedding it when the weather turns drier.
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Distribution of Soil Moisture for Eucalyptus - June 21
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Figure 18. Box plots of soil moisture distributions of only the sample points classified as

Eucalyptus Forest by date using SMI raster.

From the distributions of soil moisture for just Eucalyptus forests by date (as shown in

Figure 18), we can see the same general trend as the overall distributions of soil

moisture by sample point. In June, the distribution is heavily positively skewed; most

of the soil moisture values fall toward the lower end, but the range is quite wide and

the median is higher than in the following months. In June, the highest value is around

0.52 and the lowest is around 0.34; by September, the highest value is only 0.28 and

the lowest value is 0.16- virtually half of the June values.

R? RMSE MAE MBE

No Feature | June 21 -0.01 (-0.01) | 0.023 (0.021) | 0.019 (0.017) | -0.002
Selection (0.001)

September | -0.07 (-0.23) | 0.028 (0.029) | 0.024 (0.024) | 0.003 (0.004)

1

October 11 | -0.09 (-0.07) | 0.023 (0.023) | 0.020 (0.020) | 0.002 (0.001)
Top 3 June 21 -0.11 0.024 0.020 -0.001

September | -0.13 0.029 0.024 0.002

1

October 11 | -0.24 0.025 0.021 0.003
Threshold June 21 -0.05 0.024 0.019 -0.002

September | -0.07 0.028 0.023 0.002

1

October 11 | -0.16 0.024 0.020 0.002
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Table 3. Soil Moisture Retrieval Accuracies in Eucalyptus forests using Random Forest
for SMI soil moisture reference raster (results with 5-fold cross-validation in

parentheses)
R? RMSE MAE MBE
No Feature | June 21 -0.10 (-0.08) | 0.165 (0.164) | 0.132 (0.131) | -0.013
Selection (0.001)
September -0.11 (-0.07) | 0.069 (0.065) | 0.055 (0.052) | -0.003
1 (0.001)
October 11 -0.11 (-0.05) | 0.158 (0.159) | 0.133 (0.132) | -0.007
(-0.007)
Top 3 June 21 -0.15 0.169 0.138 -0.016
September -0.19 0.072 0.058 -0.003
1
October 11 -0.12 0.159 0.133 -0.003
Threshold June 21 -0.14 0.168 0.132 -0.014
September -0.22 0.073 0.059 -0.002
1
October 11 -0.07 0.156 0.130 -0.004

Table 4. Soil Moisture Retrieval Accuracies in Eucalyptus forests using Random Forest
for SWI soil moisture reference raster (results with 5-fold cross-validation in

parentheses)
R? RMSE MAE MBE
No Feature | June 21 -0.01 0.023 0.019 -0.002
Selection
September | 0.00 0.027 0.023 0.001
1
October 11 | -0.03 0.023 0.019 0.000
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Forward June 21 -0.02 0.023 0.019 -0.003
September | 0.00 0.027 0.023 0.001
1
October 11 | 0.02 0.022 0.019 0.001
Backward June 21 -0.01 0.023 0.019 -0.002
September | 0.00 0.027 0.023 0.001
1
October 11 | -0.03 0.023 0.019 0.000

Table 5. Soil Moisture Retrieval Accuracies in Eucalyptus forests using GRNN for SMI

soil moisture reference raster

R? RMSE MAE MBE
No Feature | June 21 0.00 0.158 0.127 -0.004
Selection
September -0.11 0.070 0.056 -0.005
1
October 11 -0.07 0.155 0.133 -0.015
Forward June 21 0.00 0.158 0.128 -0.006
September | -0.02 0.067 0.053 -0.004
1
October 11 0.00 0.150 0.129 -0.010
Backward June 21 0.00 0.158 0.127 -0.004
September | -0.11 0.070 0.056 -0.005
1
October 11 -0.06 0.155 0.133 -0.015
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Table 6. Soil Moisture Retrieval Accuracies in Eucalyptus forests using GRNN for SWI
soil moisture reference raster

Overall, both Random Forest and GRNN performed similarly well, as shown in
Figures 3-6. Neither outperformed the other significantly, and somewhat surprisingly,
feature selection did not notably improve results, as was expected. For both reference
rasters, and for both machine learning algorithms, feature selection did not result in

higher accuracies.

For the SWI raster, accuracies were noticeably lower than those from the SMI raster.
Still, the accuracies were fairly high, and the same patterns were evident in the

regression plots as with the SMI raster.

A noticeable pattern emerged for prediction accuracies: both algorithms predicted
marginally better in June and October than it did in September for the SMI raster,
while the opposite was true for the SWI raster. This is likely a result of the SWI raster
being more detailed. For Random Forest, feature selection actually decreased
accuracy (although not significantly), while for GRNN, feature selection helped to a
similarly very small degree. Another significant finding was that predictive accuracies
were actually higher in forested areas (at least Eucalyptus forests) than for
non-forested areas or for other land uses, in most cases. This is surprising because the
sample points in forests were smaller in number compared to the other land uses, and
one would also expect soil moisture retrievals to be more difficult in areas with dense

vegetation.
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Figure 19. Regression plots of soil moisture reference values (on the x-axis) versus
predicted values (on the y-axis) for eucalyptus forests and all three dates (sequentially
from left to right) using Random Forest and 5-fold cross-validation for the SMI raster

(on top) and the SWI raster (below).

Some interesting patterns emerge for the plots of predicted versus actual soil moisture
values, as displayed in Figure 19. In general, the regression line seems to align
moderately well with the overall trend. For June and October, generally the
predictions are clustered on both sides of the regression line, with a slight tendency to
over-predict. In September, however, there is a very apparent break in the values, with
the majority of predictions clustered around the lower end of the range, while a

separate cluster is apparent on the very top of the range (for the SMI raster).
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Figure 20. Residual plots of the soil moisture predicted values with fitted values (on the
x-axis) and residuals (on the y-axis) for eucalyptus forests and all three dates
(sequentially from left to right) for the SMI raster (on top) and the SWI raster (below).

The residual plots look robust overall (as shown in Figure 20), but the same general
trends that can be noticed in the regression plots are even more noticeable here. In

general, it seems there is a slight tendency to over-predict.
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Figure 21. Regression plots of soil moisture reference values (on the x-axis) versus
predicted values (on the y-axis) for Eucalyptus forests and all three dates (sequentially
from left to right) using GRNN and an 80/20 training/test split for the SMI raster (on
top) and the SWI raster (below).

The prediction plots for Eucalyptus from GRNN are also displayed for comparison
(Figure 21). Prediction accuracies are comparable to those from Random Forest, and
in general, we see the same regression patterns as with Random Forest. Notably, there
is a wider error interval (95% confidence interval is shown by the orange shading
surrounding the regression line) for the GRNN algorithm, because there are fewer

sample points to create the regression as compared to the 5-folds used with Random

Forest.
June 21 September 1 October 11
Minimum 0.33 (0.36) 0.16 (0.19) 0.25(0.27)
Maximum 0.44 (0.40) 0.28 (0.25) 0.35(0.31)
Standard Deviation | 0.02 (0.01) 0.03 (0.01) 0.02 (0.01)
Mean 0.38 (0.38) 0.21 (0.21) 0.29 (0.29)
Median 0.38 (0.38) 0.20 (0.21) 0.29 (0.29)

Table 7. Comparative descriptive statistics of reference soil moisture values versus
predicted values (in parentheses) using the SMI raster (Skm) for eucalyptus forest

datasets by date.
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June 21 September 1 October 11
Minimum 0.40 (0.50) 0.05 (0.15) 0.01 (0.23)
Maximum 0.68 (0.74) 0.37 (0.28) 0.73 (0.47)
Standard Deviation | 0.05 (0.04) 0.06 (0.02) 0.15 (0.04)
Mean 0.58 (0.63) 0.20 (0.20) 0.34 (0.33)
Median 0.59 (0.63) 0.20 (0.20) 0.32 (0.32)

Table 8. Comparative descriptive statistics of reference soil moisture values versus
predicted values (in parentheses) using the SWI raster (1km) for eucalyptus forest
datasets by date.

As was mentioned before, studying the distributions of soil moisture for the reference
sample points in Eucalyptus forests can help us possibly understand the patterns in the
predictions. Although there is not as much variance in values present for the points
with eucalyptus as compared to all of the sample points in the area shown at the
beginning of this section, September can certainly be seen to be the driest month in
comparison to the other two, which may have made predictions in that month more
difficult. In general, the predicted values exhibit a smaller range than the reference
values for both reference rasters; they have lower minimums, maximums, and
standard deviations, while the mean and median values align closely with the

reference values (as seen in Tables 7 and 8).

June 21 September 1 October 11
p-value for SMI 2.64 3.87 2.63
p-value for SWI 1.57 4.26 1.86

Table 9. Statistical #test showing p-values for both soil moisture reference rasters using
Random Forest with 5 folds and comparing predicted soil moisture values in eucalyptus
forests versus other forests.

The statistical 7-test for eucalyptus forests on all three dates, and using both reference
rasters, did not show a statistically significant difference between predicted soil
moisture values in eucalyptus forests versus predicted values in other forest types

(Table 9). A p-value equal to or lower than 0.05 would be required to show statistical
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significance at a 95% confidence interval- which is not the case for any of the

predicted mean values in this study for eucalyptus versus other forests.

5. Discussion

The results differed based on the reference soil moisture values used. In this study,
two reference rasters were used, one at a Skm spatial resolution (SMI) and one with a
1km spatial resolution (SWI). Unsurprisingly, the accuracies were higher for the SMI
raster because it is less detailed. Nevertheless, the higher resolution raster provided
important context for the accuracies of the predicted soil moisture values. Even more
granular soil moisture reference data than was used in this study would certainly lead
to lower accuracies as well, but in the end would provide more robust results, as it
would better reflect reality. As was mentioned before, because the forests in the study
area are fragmented, it would have been much preferred if the spatial resolution of
the reference data was higher to discern soil moisture differences in more detail. This
is important because soil moisture is known to vary spatially to a high degree and it is
difficult to evaluate differences between forested and non-forested areas at Skm and
1km resolutions. It is unclear whether these are sufficient resolutions to discern
differences between soil moisture in different LULC’s in the study area. Incorporating
some in situ reference values in future studies could possibly alleviate some of these

concerns, if they were available.

Also, although the terrain of the study area is not mountainous, rocky, or characterized
by drastic variations, surface roughness is known to distort backscatter information,
which makes it more difficult to estimate soil moisture. Therefore, including that
information, if it were available or could be easily gathered, would be beneficial.
Unfortunately, surface roughness measurements suffer from the same drawbacks as in
situ soil moisture measurements- which is why they are usually gathered
simultaneously. In particular, increasing incidence angles are known to exacerbate
distortion from surface variation, as well as imagery that is taken at a very high spatial
resolution. On the other hand, increasing incidence angles have been shown to
provide more information about the surface in general (because less backscatter

comes from vegetation structure). Balancing these tradeoffs is an important
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consideration for this type of study. Because there was only one set of images
available from SAOCOM in this particular study area, the effect of different incidence
angles could not be evaluated; this will certainly change in the future as more L and
P-band SAR data become available. Correlation length, root mean square height, and
Gaussian or Exponential autocorrelation function are three metrics that are frequently
cited in the literature as being most used for surface roughness reference
measurements [36]. It may be useful to incorporate varied sensor incidence angles as
well as ground surface roughness measurements in the future to bolster the quality of

results.

Data availability was another major concern in this study. The LULC survey data for
forests in Portugal only occurs every 10 years. Consequently, the data used in this
study was from 2015. To be fair, in the Environmental Remote Sensing field in
general, it can be quite difficult to ensure that satellite imagery exactly matches
validation observations temporally on the Earth’s surface. Nonetheless, it was a source
of frustration that in situ soil moisture measurements on the ground did not coincide
with the L-band imagery that was available. Moreover, those in situ measurements
were not located in forested areas which, unfortunately for this type of research, is a
common occurrence- not just in Portugal, but globally. As a consequence, a soil
moisture raster was used instead; this is not necessarily problematic, as point
measurements often need to be upscaled regardless using interpolation techniques in
order to match the scales of satellite images. However, it is unclear whether the Skm
and 1km spatial resolution of the validation data was ideal for the analysis at hand,
given that forests in the study area are spatially fragmented. In addition, for
polarimetric decomposition techniques to work effectively, quad-polarimetric imagery
is required- but in Portugal only one set of these images were available through
SAOCOM. ALOS and perhaps other providers will likely make more open data
available in the future, but as of yet, there is very limited L-band data available in
general. Luckily, this set of SAOCOM images that were available covered roughly the
same area over a timespan of a half a year at regular intervals; but this essentially
dictated the timeframe for this study, as there were no other options. To add to the
limited nature of the data, one of the soil moisture rasters was corrupted by algorithm
anomalies in the first month of the availability of the microwave imagery.

Subsequently, the study could only cover a very limited time of the year- from
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summer to early fall. Undoubtedly, it would have been far more preferable to have
data from other times of the year, because in Portugal the summers are rather
uniformly dry and there is much more variation in precipitation levels, and thus soil
moisture, in the winter months. To sum up this concern, it certainly would have added

to the robustness of the analysis if more high-quality data were available.

Speckle filtering is another concern in this study that could possibly be improved. A
Lee Refined filter was used, which has been shown to lead to good results in other
similar studies. Nevertheless, it may have been worthwhile to test using different
parameters, or with other filters in comparison, to see if there was a measurable effect
on the results. Specifically, speckle filters using a global mean or median for the study
area have been shown to generally perform poorly. Testing other adaptive local filters

using a moving kernel to maximize parameter retrieval is worth investigating [82].

The parameters of the machine learning algorithms could be tweaked further to
possibly yield better results, and it may be additionally worthwhile to compare the
results from more types of machine learning algorithms. Artificial Neural Networks
(ANN), of which the GRNN is a variation, have successfully been used for over 30
years to retrieve soil moisture values using remotely sensed imagery [83]. Ensemble
methods, such as Random Forest used in this study, are a relatively more recent
machine learning technique for soil moisture retrieval. Several other methods gaining
in popularity deserve mention, which have also been showing increasing promise,
such as Deep Learning methods, like Convolutional Neural Networks (CNN), Support
Vector methods like Support Vector Machines (SVM), and Gradient Boosting
methods like Extreme Gradient Boosting (XGBoost). Incorporating more of these
algorithms, and also using varied types of algorithms, to be used for comparative
predictive ability in a similar use-case (i.e. soil moisture from a densely-vegetated
area using SAR) would almost certainly be useful. It should be noted that some
models are much more computationally demanding, so processing time and resources
need to be additional considerations. Furthermore, machine learning models largely
depend on clean datasets in order to function optimally; statistical outliers, missing or
erroneous values, and zeroes (if not warranted) can and will distort predictions. In this
study, as in many others, many sample points had to be removed because of this;

unfortunately, this comes at the cost of fewer samples overall to train the models, and
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marginally lower accuracies than what could theoretically be achieved with a larger

dataset (of identical quality) covering the same study area.

6. Conclusion

The primary objectives of this study were: (1) to assess how effective L-band SAR is
to estimate soil moisture in forested areas populated by Eucalyptus globulus, (2) if
features derived from polarimetric decompositions and band indices, in concert with
machine learning, could provide accurate predictions, and (3), if there is any
statistically meaningful difference in the soil moisture values of areas with eucalyptus
forests relative to other forested areas. To be successful, the predicted values,
especially in forested areas, needed to be in close agreement with the reference values.
A machine learning approach was proposed, using two popular algorithms- Random
Forest and GRNN- along with feature selection and removal of extreme values. In
total, 23 features- coming both from four polarimetric decompositions and band
indices- were fed into the algorithms. Several feature selection methods were tried to
train the machine learning models with the features with the best predictive ability and
several different training-test split methods were experimented with to get the lowest
predictive error. In the end, feature selection did not noticeably improve results, and
both algorithms performed similarly. The best overall soil moisture retrieval for
Eucalyptus forests with the SMI raster used Random Forest and the June 21 dataset,
using 5-fold cross-validation and no feature selection with a RMSE of 0.021, a MAE
0f 0.017, and a MBE of 0.001. Additionally, with p-values of 2.64 and 1.57 for June
21, 3.87 and 4.26 for September 1, and 2.63 and 1.86 for October 11, there was no
statistically significant difference found between predicted soil moisture values in
eucalyptus forests versus other forest types. Nevertheless, it was shown that L-band
SAR, combined with features extracted from polarimetric decompositions and
machine learning algorithms, could provide good soil moisture predictions in a

forested area populated with eucalyptus.
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7. Future Studies

Using microwave signals to accurately retrieve soil moisture from vegetated areas,
using passive and active sensors, and ground-based, airborne, and satellite platforms,
has been a scientific goal for decades; and to a large degree, it has been successful.
Using satellite-borne SAR for this purpose, a comparatively newer technology than
passive systems, is a less well-developed niche in the research. Many more satellite
sensors are coming online soon, and SAR has been one of the technologies with the
highest investment, as its utility for diverse monitoring and research purposes has
been universally acknowledged. Development of robust and reproducible algorithms
for retrieving soil moisture will become even more essential in the future, especially
as climate change inevitably causes unpredictable and widely varying effects.
Specifically, how the increasing frequency and severity of heat waves, droughts, and
conversely, extreme rainfall events, may be related to feedback loops with soil
moisture is of special concern. In particular, P-band sensors hold unique promise for
estimating soil moisture in densely vegetated areas, and several are to be launched in
the upcoming years. The utility of SAR for estimating soil moisture, especially in
agricultural areas, is at this point well established and proven to work effectively; it
remains an important research gap to explore how SAR can be used to estimate soil
moisture and other variables in other densely vegetated areas- especially forests.
Moreover, fully polarimetric data will become more available with the new sensors
and, importantly, much of it will now be free and openly-available; the
most-discussed missions in the near future are NISAR (a joint project between NASA
and the Indian space agency, ISRO), Tandem-L (funded by the German space agency,
DLR), and BIOMASS (from ESA) [35]. Thus, comparing different polarimetric
decompositions using varying study areas and sensors is a worthwhile subject for
future inquiry. Likewise, deforestation (and land degradation, more broadly) is a
major global concern, and as more land is converted from forests to other land uses,
using remote sensing to study how soil moisture and other hydrological variables are
affected will be of growing importance. For semi-empirical models, a large amount
of experimental data is required to assess the importance of parameters and for

calibration; as a result, they are often site-specific and therefore poorly reproducible,
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and thus only valid under a narrow set of conditions. The extremely complex,
interwoven relationships between parameters that can affect soil moisture are very
difficult to accurately model, even by experts. Therefore, machine learning will
undoubtedly play an important role in future studies, which can produce great results
by identifying patterns in non-linear, dynamic, and complex data. More work needs to
be done in this area, possibly with the assistance of experts, to avoid the “black box”
problem- whereby the user has limited to no control over algorithms except to provide
input data. Validation is a crucial consideration in this research area, as soil moisture
can be defined in multiple ways and is only measured indirectly in the vast majority of
cases. Having access to more in situ data points would clearly be preferable; however,
it remains to be seen whether this is feasible or even advisable considering the high
maintenance costs, difficulty in access, and possibly environmentally destructive
nature of it in practice. Scaling soil moisture also remains a concern, as in situ point
measurements are extremely sparse in most areas of the world, and validation
becomes nebulous when trying to compare data on vastly different scales. The
growing number of soil moisture “networks” and citizen/volunteer collected data
projects will address this dearth of data to some degree, but there is no doubt that
remote sensing will play an increasingly large role in estimating soil moisture on both

global and local scales.
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APPENDIX

R? RMSE MAE MBE
Entire Area | -0.01 (-0.10) | 0.028 (0.028) | 0.023 (0.023) | 0.000 (0.004)
June 21 Eucalyptus | -0.01 (-0.01) | 0.023 (0.021) | 0.019 (0.017) | -0.002
Forest (0.001)
Other -0.04 (-0.03) | 0.031 (0.033) | 0.024 (0.026) | 0.003 (0.002)
Forest
All Other -0.02 (-0.04) | 0.028 (0.027) | 0.022 (0.022) | -0.002
Land Uses (0.003)
Entire Area | -0.06 (-0.04) | 0.028 (0.028) | 0.024 (0.023) | 0.003 (0.001)
September Eucalyptus | -0.07 (-0.23) | 0.028 (0.029) | 0.024 (0.024) | 0.003 (0.004)
1 Forest
Other -0.12 (-0.08) | 0.029 (0.029) | 0.024 (0.024) | 0.000 (0.002)
Forest
All Other -0.09 (-0.05) | 0.027 (0.027) | 0.023 (0.023) | 0.001 (0.001)
Land Uses
Entire Area | -0.03 (-0.01) | 0.026 (0.026) | 0.022 (0.022) [ -0.001
(0.001)
October 11 Eucalyptus | -0.09 (-0.07) | 0.023 (0.023) | 0.020 (0.020) | 0.002 (0.001)
Forest
Other -0.12 (-0.11) | 0.028 (0.027) | 0.022 (0.023) | 0.000 (0.002)
Forest
All Other -0.04 (-0.02) | 0.026 (0.025) | 0.022 (0.021) | -0.003
Land Uses (-0.001)

Soil Moisture Retrieval Accuracies Without Feature Selection using Random Forest

(results with 5-fold cross-validation in parentheses) - SMI Raster
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R? RMSE MAE MBE

Entire Area | 0.01 0.027 0.022 -0.001
June 21 Eucalyptus | -0.01 0.023 0.019 -0.002

Forest

Other -0.10 0.032 0.025 0.001

Forest

All Other -0.04 0.028 0.022 -0.004

Land Uses

Entire Area | -0.01 0.027 0.023 0.002
September Eucalyptus | 0.00 0.027 0.023 0.001
1 Forest

Other 0.00 0.027 0.023 0.000

Forest

All Other -0.03 0.026 0.022 0.000

Land Uses

Entire Area | 0.02 0.025 0.021 -0.001
October 11 | Eucalyptus | -0.03 0.023 0.019 0.000

Forest

Other 0.00 0.026 0.021 -0.002

Forest

All Other -0.01 0.025 0.022 -0.003

Land Uses

Soil Moisture Retrieval Accuracies Without Feature Selection using GRNN - SMI Raster
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R? RMSE MAE MBE

Entire Area | -0.09 0.029 0.023 -0.001
June 21 Eucalyptus | -0.11 0.024 0.020 -0.001

Forest

Other -0.19 0.033 0.026 0.002

Forest

All Other -0.04 0.028 0.022 -0.002

Land Uses

Entire Area | -0.11 0.029 0.024 0.001
September | Eucalyptus | -0.13 0.029 0.024 0.002
1 Forest

Other -0.24 0.031 0.025 0.002

Forest

All Other -0.20 0.028 0.024 0.001

Land Uses

Entire Area | -0.17 0.027 0.023 0.000
October 11 Eucalyptus | -0.24 0.025 0.021 0.003

Forest

Other -0.17 0.000

Forest 0.028 0.023

All Other -0.18 0.027

Land Uses 0.023 -0.004

Random Forest: Soil Moisture Retrieval Accuracies With Top 3 Feature Selection - SMI

Raster
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R? RMSE MAE MBE

Entire Area | -0.04 0.028 0.023 -0.001
June 21 Eucalyptus | -0.05 0.024 0.019 -0.002

Forest

Other -0.05 0.031 0.024 0.002

Forest

All Other -0.04 0.028 0.022 -0.003

Land Uses

Entire Area | -0.06 0.028 0.024 0.002
September Eucalyptus | -0.07 0.028 0.023 0.002
1 Forest

Other 0.023 0.002

Forest -0.10 0.029

All Other -0.10 0.027 0.023 0.001

Land Uses

Entire Area | -0.04 0.026 0.022 -0.001
October 11 Eucalyptus | -0.16 0.024 0.020 0.002

Forest

Other 0.027 0.022 0.000

Forest -0.12

All Other -0.07 0.026 0.022 -0.003

Land Uses

Random Forest: Soil Moisture Retrieval Accuracies With Threshold (= 0.5) Feature

Selection - SMI Raster
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R? RMSE MAE MBE

Entire Area | 0.01 0.027 0.022 -0.001
June 21 Eucalyptus | -0.02 0.023 0.019 -0.003

Forest

Other -0.03 0.031 0.023 -0.001

Forest

All Other -0.02 0.028 0.022 -0.004

Land Uses

Entire Area | 0.00 0.027 0.023 0.001
September Eucalyptus | 0.00 0.027 0.023 0.001
1 Forest

Other 0.00 0.028 0.023 0.000

Forest

All Other -0.04 0.026 0.022 0.001

Land Uses

Entire Area | 0.02 0.025 0.021 -0.001
October 11 Eucalyptus | 0.02 0.022 0.019 0.001

Forest

Other 0.00 0.026 0.021 -0.002

Forest

All Other 0.00 0.025 0.022 -0.003

Land Uses

GRNN: Soil Moisture Retrieval Accuracies With Forward Feature Selection - SMI

Raster
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R? RMSE MAE MBE

Entire Area | 0.01 0.027 0.022 -0.001
June 21 Eucalyptus | -0.01 0.023 0.019 -0.002

Forest

Other -0.10 0.032 0.025 0.001

Forest

All Other -0.04 0.028 0.022 -0.004

Land Uses

Entire Area | -0.01 0.027 0.023 0.002
September Eucalyptus | 0.00 0.027 0.023 0.001
1 Forest

Other 0.00 0.027 0.023 0.000

Forest

All Other -0.03 0.026 0.022 0.000

Land Uses

Entire Area | 0.02 0.025 0.021 -0.001
October 11 | Eucalyptus | -0.03 0.023 0.019 0.000

Forest

Other 0.00 0.026 0.021 -0.002

Forest

All Other -0.01 0.025 0.022 -0.003

Land Uses

GRNN: Soil Moisture Retrieval Accuracies With Backward Feature Selection - SMI

Raster
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R? RMSE MAE MBE
Entire Area 0.01 (-0.05) 0.179 (0.183) | 0.148 (0.151) | -0.003
(-0.012)
June 21 Eucalyptus -0.10 (-0.08) 0.165 0.132 (0.131) | -0.013
Forest (0.164) (0.001)
Other Forest | 0.08 0.186 0.153 0.004
(-0.05) (0.202) (0.168) (-0.013)
All Other -0.01(-0.09) 0.175(0.184) 0.151(0.155) -0.034
Land Uses (-0.008)
Entire Area -0.02 0.092 0.071 0.006
(-0.01) (0.093) (0.072) (0.002)
September 1 | Eucalyptus -0.11 (-0.07) 0.069 (0.065) | 0.055(0.052) | -0.003 (0.001)
Forest
Other Forest | -0.14 0.074 0.059 0.010
(-0.08) (0.078) (0.060) (0.003)
All Other 0.07 0.120 0.095 0.003
Land Uses (0.01) (0.119) (0.096) (0.013)
Entire Area -0.03 0.184 (0.184) | 0.146 -0.001
(-0.02) (0.150) (0.012)
October 11 Eucalyptus -0.11 (-0.05) 0.158 (0.159) | 0.133(0.132) | -0.007
Forest (-0.007)
Other Forest | -0.04 0.157 0.129 -0.012
(-0.07) (0.156) (0.127) (0.005)
All Other 0.04 0.229 0.189 -0.028
Land Uses (-0.06) (0.221) (0.185) (0.028)

Random Forest: Soil Moisture Retrieval Accuracies Without Feature Selection - SWI

Raster

(Results with 5-fold cross-validation in parentheses) - SWI
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R? RMSE MAE MBE

Entire Area | -0.18 0.195 0.160 -0.005
June 21 Eucalyptus | -0.15 0.169 0.138 -0.016

Forest

Other -0.07 0.201 0.152 0.019

Forest

All Other -0.02 0.177 0.154 -0.030

Land Uses

Entire Area | -0.08 0.095 0.073 0.005
September | Eucalyptus | -0.19 0.072 0.058 -0.003
1 Forest

Other -0.27 0.079 0.061 0.006

Forest

All Other -0.09 0.130 0.102 -0.001

Land Uses

Entire Area | -0.11 0.191 0.153 -0.008
October 11 | Eucalyptus | -0.12 0.159 0.133 -0.003

Forest

Other -0.25 0.173 0.145 -0.006

Forest

All Other 0.00 0.233 0.190 -0.030

Land Uses

Random Forest: Soil Moisture Retrieval Accuracies With Top 3 Feature Selection - SWI

Raster

57



R? RMSE MAE MBE

Entire Area | 0.01 0.179 0.148 0.000
June 21 Eucalyptus | -0.14 0.168 0.132 -0.014

Forest

Other 0.09 0.185 0.150 0.009

Forest

All Other 0.03 0.172 0.150 -0.030

Land Uses

Entire Area | -0.04 0.093 0.072 0.005
September | Eucalyptus | -0.22 0.073 0.059 -0.002
1 Forest

Other -0.16 0.075 0.060 0.010

Forest

All Other -0.01 0.125 0.099 -0.001

Land Uses

Entire Area | -0.05 0.185 0.147 -0.004
October 11 | Eucalyptus | -0.07 0.156 0.130 -0.004

Forest

Other -0.06 0.159 0.130 -0.008

Forest

All Other 0.01 0.232 0.192 -0.026

Land Uses

Random Forest: Soil Moisture Retrieval Accuracies With Threshold (= 0.5) Feature

Selection - SWI Raster
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R? RMSE MAE MBE

Entire Area | -7.00 0.180 0.149 0.002
June 21 Eucalyptus | 0.00 0.158 0.127 -0.004

Forest

Other -0.01 0.195 0.155 0.016

Forest

All Other -0.02 0.176 0.154 -0.032

Land Uses

Entire Area | 0.01 0.090 0.069 0.002
September | Eucalyptus | -0.11 0.070 0.056 -0.005
1 Forest

Other 0.00 0.070 0.054 0.002

Forest

All Other 0.06 0.121 0.095 -0.006

Land Uses

Entire Area | 0.01 0.180 0.143 -0.010
October 11 | Eucalyptus | -0.07 0.155 0.133 -0.015

Forest

Other -0.01 0.155 0.127 -0.012

Forest

All Other 0.00 0.234 0.191 -0.036

Land Uses

GRNN: Soil Moisture Retrieval Accuracies Without Feature Selection - SWI Raster
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R? RMSE MAE MBE

Entire Area | 0.00 0.180 0.149 0.002
June 21 Eucalyptus | 0.00 0.158 0.128 -0.006

Forest

Other 0.01 0.195 0.155 0.015

Forest

All Other -0.02 0.176 0.154 -0.031

Land Uses

Entire Area | 0.00 0.091 0.070 0.004
September | Eucalyptus | -0.02 0.067 0.053 -0.004
1 Forest

Other 0.01 0.069 0.053 0.004

Forest

All Other 0.07 0.120 0.093 -0.008

Land Uses

Entire Area | 0.00 0.181 0.144 -0.008
October 11 | Eucalyptus | 0.00 0.150 0.129 -0.010

Forest

Other -0.02 0.155 0.126 -0.016

Forest

All Other 0.00 0.233 0.192 -0.035

Land Uses

GRNN: Soil Moisture Retrieval Accuracies With Forward Feature Selection - SWI

Raster
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R? RMSE MAE MBE

Entire Area | -7.00 0.180 0.149 0.002
June 21 Eucalyptus | 0.00 0.158 0.127 -0.004

Forest

Other -0.01 0.195 0.155 0.016

Forest

All Other -0.02 0.176 0.154 -0.032

Land Uses

Entire Area | 0.01 0.090 0.069 0.002
September | Eucalyptus | -0.11 0.070 0.056 -0.005
1 Forest

Other 0.00 0.070 0.053 0.002

Forest

All Other 0.06 0.121 0.095 -0.006

Land Uses

Entire Area | 0.01 0.180 0.143 -0.010
October 11 Eucalyptus | -0.06 0.155 0.133 -0.015

Forest

Other -0.01 0.155 0.127 -0.012

Forest

All Other 0.00 0.234 0.191 -0.036

Land Uses

GRNN: Soil Moisture Retrieval Accuracies With Backward Feature Selection - SWI
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