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Kurzfassung

Diese Arbeit widmet sich der Analyse langfristiger Trends im ASCAT-Rückstreusignal
(Backscatter) und deren potenziellen Ursachen. Angesichts der engen Kopplung von
Radar-Backscatter an oberflächennahe Bodenfeuchte liefert ein verbessertes Verständnis
seiner zeitlichen Dynamiken wertvolle Beiträge zur Umweltüberwachung – insbesondere in
den Bereichen Landwirtschaft, Wasserressourcenmanagement und Ökosystemforschung.

Zur Modellierung des Backscatter-Signals wurden drei Regressionsansätze – Elastic Net,
Random Forest und Support Vector Regression – systematisch verglichen. Das Elastic
Net-Modell zeigte die überzeugendste Kombination aus Prognosegüte und Effizienz und
wurde anschließend auf ERA5-Land-Bodenfeuchte und MODIS-LAI für Südostaustralien
im Zeitraum 2007–2022 angewendet. Darauf aufbauend erfolgte eine Driftanalyse mittels
Mann-Kendall-Tests, die auf Zielvariable, Modellvorhersagen, Residuen und Eingangsda-
ten angewendet wurden. Die identifizierten Trends wurden kategorisiert und hinsichtlich
ihrer Stärke und Verlaufsmuster segmentiert. Eine umfassende visuelle Analyse durch
Zeitreihen und räumliche Karten ergänzte die Ergebnisse.

Die Resultate belegen einen signifikanten Einfluss der Landbedeckung auf das Rückstreu-
verhalten und die Modellgüte. Während an vielen Orten statistisch signifikante Trends
festgestellt wurden, traten starke und kontinuierliche Entwicklungen vergleichsweise selten
auf. Einzelne abrupte Veränderungen lassen sich häufig auf Extremereignisse zurückführen.
Insgesamt zeigt die Studie, dass die kombinierte Anwendung datengetriebener Model-
lierung und statistischer Trendanalyse ein wirkungsvolles Instrument zur Identifikation
und Interpretation längerfristiger Veränderungen in radarfernerkundeten Umweltgrößen
darstellt.
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Abstract

This thesis investigates long-term trends in ASCAT radar backscatter and their potential
causes. Given the strong relationship between backscatter and surface soil moisture,
understanding the temporal dynamics of the radar signal provides valuable insights for
environmental monitoring, with relevance to agriculture, water resource management,
and ecosystem analysis.

Three regression models — Elastic Net, Random Forest, and Support Vector Regression
— were systematically evaluated for their ability to estimate backscatter based on ERA5-
Land soil moisture and MODIS LAI. The Elastic Net model offered the best balance of
predictive accuracy and computational efficiency and was applied to time series data
for southeastern Australia from 2007 to 2022. A subsequent drift analysis employed
Mann-Kendall trend tests on the target variable, model predictions, residuals, and input
features. The resulting trends were categorized and segmented according to magnitude
and pattern, supported by a visual exploration through time series plots and spatial
heatmaps.

The results reveal a substantial influence of land cover on both backscatter behavior and
model performance. While many grid points exhibited statistically significant trends,
strong and continuous developments were relatively rare. In contrast, abrupt changes
could often be attributed to extreme events. Overall, the study demonstrates that the
combined use of data-driven modeling and trend analysis represents a robust framework
for detecting and interpreting long-term changes in radar-derived environmental signals.
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CHAPTER 1
Introduction

The first chapter of the thesis introduces the motivation behind the topic and defines the
problem to be addressed. It states the purpose of the thesis and explains the research
questions, followed by a summary of the thesis outline.

1.1 Motivation
Climate change is leading to increasingly extreme and unpredictable weather conditions.
Events such as droughts and floods occur more frequently and pose serious threats
to human life, health, and agricultural productivity. Crop failures caused by such
events endanger global food security in the long term. To effectively respond to these
challenges, the early prediction of extreme events is essential. Reliable information on
soil moisture is crucial in this context, as it enables targeted measures such as irrigation
and supports informed agricultural and environmental decision-making. Therefore, the
accurate analysis and use of vegetation and soil moisture data are key components in
anticipating and managing the impacts of a changing climate.

Soil moisture is a key hydrological variable with far-reaching implications for agriculture,
ecology, and public health. On global and regional scales, it plays a critical role in
regulating surface-atmosphere interactions and influencing weather patterns and climate
systems. Accurate and timely soil moisture information is increasingly important to meet
global demands for food, water, and fiber, while protecting groundwater resources and
ensuring sustainable agricultural productivity [DMK+24].

Monitoring soil moisture at large scales requires robust and consistent observational tools.
Satellite-based microwave remote sensing offers a powerful solution in this context. Unlike
optical or infrared techniques, microwave sensors can penetrate cloud cover, vegetation,
and even the upper soil layers, providing valuable data regardless of atmospheric conditions
[WLM+22]. These methods can capture changes in plant water content and soil moisture
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1. Introduction

using active and passive microwave signals, making them particularly useful for monitoring
land surface dynamics over time and across large areas [SSDH+22].

Soil moisture also serves as a critical regulator in the exchange of water, energy, and
carbon between the land surface and the atmosphere. It influences processes such as
evapotranspiration, surface albedo, and soil respiration — factors central to hydrological
cycles, energy balance, and carbon fluxes. Understanding these dynamics is key to
improving predictive models and managing natural resources sustainably in the face
of ongoing climate change. While satellite-based microwave remote sensing primarily
captures moisture in the upper few centimeters of the soil, numerous studies have shown
strong correlations with deeper soil moisture levels, confirming its relevance for larger-scale
hydrological applications [DDJC+12].

1.2 Problem Statement & Aim of the Thesis
Recent analyses of ASCAT backscatter time series have revealed unexpected trend
behavior in various regions. In some areas, the signal shows a clear increase or decrease
over time — either gradually or abruptly — that cannot be adequately explained by known
environmental processes. These trends are problematic from a physical standpoint, as
such directional changes in backscatter are not expected under stable surface conditions.

This discrepancy becomes even more apparent when comparing ASCAT data with
independent sources such as soil moisture and vegetation indices. While backscatter is
assumed to be mainly influenced by vegetation water content and surface soil moisture,
other surface characteristics — such as land cover, structure, or roughness — also affect
the radar signal. If a predictive model is constructed using vegetation and soil moisture
as input variables, it can explain the backscatter signal well in many cases. However, in
some locations the model either fails to produce accurate estimates or fails to replicate
the trend direction observed in the backscatter time series. This suggests the presence
of additional unaccounted for influences on the radar signal that go beyond the input
variables typically considered.

The study of long-term changes in backscatter and their potential links to land cover
change is still underexplored. The ASCAT research community remains relatively small,
and only limited work has addressed signal drift or unexplained trends in a spatially
and temporally resolved manner. This thesis aims to contribute to filling this gap
by systematically analyzing trends in backscatter and comparing them to trends in
vegetation, soil moisture, and model predictions.

The core objective is to identify gradual or sudden changes in the backscatter signal and
assess whether these can be attributed to changes in the known input variables. Grid
points are analyzed individually and grouped based on their trend behavior, enabling
both spatial and temporal interpretation. A secondary goal is to evaluate how well
vegetation and soil moisture can explain backscatter variations across space and time.
It is expected that most locations will be well-explained by the selected input variables
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and show little or no trend. However, for locations exhibiting clear trends or prediction
mismatches, additional influences — possibly related to long-term land cover changes —
may be hypothesized.

1.3 Research Questions
This work can be thematically divided into two main areas. Firstly, it involves identifying
a machine learning model that is well-suited to the given research framework and
delivers strong performance based on various evaluation metrics. Specifically, the ASCAT
backscatter signal is estimated using different regression models, and their performance
is assessed based on relative root mean squared error (rRMSE), relative mean absolute
error (rMAE), Pearson correlation coefficient, and computational runtime. The goal is
to determine to what extent the signal can be reliably predicted from selected input
variables and to identify a model that balances accuracy and efficiency.

Secondly, the focus shifts to the analysis of long-term trends in both the observed and
modeled data. Using the Mann-Kendall test, monotonic trends are detected in the
ASCAT backscatter signal, model predictions, and residuals. These trends are then used
to classify spatial patterns and identify potential drift effects. The underlying assumption
is that systematic trends in the residuals or inconsistencies between observations and
predictions may indicate shifts in environmental conditions, such as land cover change,
that are not fully captured by the input variables. This part of the analysis aims to
explore whether such trend patterns can provide meaningful insight into spatial and
temporal drift phenomena. The following research questions are addressed:

RQ 1: To what extent can ASCAT backscatter signal be estimated with a ML approach,
evaluated based on Relative Root Mean Squared Error (rRMSE), Relative Mean
Absolute Error (rMAE), Pearson Correlation Coefficient and Runtime?

RQ 2: To what extent can Mann-Kendall Test results for ASCAT backscatter, model
predictions, and residuals be used to identify spatial and temporal drift patterns
that may reflect long-term land cover change?

1.4 Thesis Outline
This thesis is structured into seven chapters. Chapter 1 provides an introduction to the
topic, including the motivation behind the study, the problem statement, and the main
research questions. It also outlines the structure of the thesis. Chapter 2 presents the
relevant background and theoretical foundations, covering key concepts related to soil
moisture, remote sensing, and an overview of related work in the field.

Chapter 3 describes the data used in the study. It introduces the ASCAT backscatter
measurements, ERA5-Land soil moisture data, and MODIS LAI products, and specifies
the spatial and temporal scope of the analysis. Chapter 4 details the methodology

3



1. Introduction

employed in this work. It includes the preprocessing steps, the process of model selection
and evaluation, the description of the machine learning models used, and the approach
for detecting drift patterns using the Mann-Kendall test.

Chapter 5 presents the results of the analysis. It begins with a comparison of model
performance, followed by an in-depth investigation of temporal trends in both the observed
and predicted data. A trend-based classification and segmentation of the grid points
is carried out to better understand model behavior and the nature of changes in the
backscatter signal.

Chapter 6 provides a summary and discussion of the main findings. It reflects on
the implications of the results, outlines limitations of the current study, and suggests
directions for future work. Finally, Chapter 7 contains the appendix, which includes
additional figures, maps, and extended tables that support the analyses presented in the
main chapters.
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CHAPTER 2
Background

Currently, ground-based, airborne, and spaceborne remote sensing (RS) methods offer
highly effective tools for assessing and tracking large-scale near-surface soil properties
and processes with practical temporal and spatial resolutions [BSJ+19].

Numerous physical, chemical, and biological processes occurring at the land surface are
heavily impacted by the amount of water stored in the upper soil layers. As a result,
various scientific fields rely on soil moisture data to develop, test, and refine their models.
Meteorology is one such field, as soil moisture plays a key role in regulating the exchange
of heat and moisture between the ground and the lower atmosphere. Accurate soil
moisture measurements can, therefore, enhance forecasts of air temperature, humidity,
and precipitation [WHK+13].

2.1 Soil Moisture
Soil moisture (SM) is a crucial hydrologic variable with major significance for various
Earth and environmental science applications that influence both the global environment
and human well-being. Its applications include weather and climate forecasting, drought
prediction and monitoring, water resource management, enhancing agricultural produc-
tivity and mitigating famine, preventing natural disasters like wildfires, landslides, floods,
and dust storms, and tracking ecosystems’ responses to climate change [BSJ+19].

Effective monitoring of large-scale soil moisture (SM) is crucial for managing agricultural
water resources, as it enhances understanding of plant water availability, water use
efficiency, and overall water productivity while helping to mitigate the risks of harmful
human-induced environmental impacts. SM also serves as a key indicator for drought
and flood risks — two significant meteorological hazards — by contributing to their
early prediction. For instance, during droughts, anomalies in soil moisture often precede
changes in vegetation indices [BSJ+19].
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2. Background

Soil moisture (SM) has been recognized as one of the 50 most critical climate variables
[DGD+15] to assist international organizations in evaluating the impacts of climate
change. In 2010, the Global Climate Observing System initiative officially designated
SM as a fundamental climate variable [Sec10]. As a result, the European Space Agency
(ESA) has integrated soil moisture (SM) into its climate change initiative [HMS+13].

Measuring soil moisture at scales relevant to hydrological studies is challenging. Ground-
based measurements are typically taken from individual soil profiles at several locations
within a catchment. However, logistical limitations make it difficult to deploy sensors
over large areas, and each measurement generally represents only a few centimeters of
soil. As a result, deriving accurate spatial averages for entire catchments using in-situ
measurements is problematic. Remote sensing offers an effective alternative to overcome
these limitations and monitor soil moisture over broader areas [WHK+13].

2.2 Remote Sensing
In recent decades, remote sensing has advanced significantly, with geophysical products
expanding beyond traditional land cover maps. Hyperspectral sensors on aircraft and
satellites now capture large areas with high spectral, spatial, and temporal detail, enabling
the extraction of detailed information from Earth’s surface [BDPCV+13].

The term "remote sensing" was introduced in the early 1960s to refer to tools used
for observing Earth from space, initially involving traditional aerial photography, with
cameras serving as the first sensors. Nowadays, there are thousands of satellites that
have been launched into orbit around Earth, although a large part of them are no
longer active. Satellites mainly follow two types of orbits: communication and Earth
observation. Communication satellites enable global connections for navigation, TV,
GPS, radio, and more. Observatory satellites are designed to monitor Earth’s surface by
capturing observations and images of both marine and terrestrial environments. This
process relies on the interaction of energy between the surface objects and the sensor.
Remote sensing involves two main types of sensors: passive and active. Passive sensors,
such as cameras and electro-optical devices, detect natural electromagnetic radiation
emitted by Earth’s surface. Active sensors, like radar and lasers, emit energy toward a
target and capture the radiation reflected back. Satellite remote sensors do not capture
all electromagnetic radiation traveling from Earth. Mainly due to technological and
economic constraints, they focus on specific bands of the spectrum [Sha22].

As a result, the potential applications of a remote sensor depend on the number of bands
it can detect and their location within the electromagnetic spectrum. Remote sensing
supports a wide range of applications, including assessment, monitoring, and exploration.
Its uses extend to areas such as water resources, agriculture, natural hazards, marine
environments, pollution monitoring, and change detection, among others [Sha22].

Spaceborne sensors offer the advantage of providing integrated soil moisture measurements
over large areas, with data often available on a global scale. Unlike ground-based
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measurements, they capture broader spatial averages rather than point-specific values
[WHK+13].

Microwave Remote Sensing (MRS) offers key advantages over other signal types, such as
optical sensors. Microwave signals in the lower microwave frequency range, particularly
the L-band (1–2 GHz) and C-band (4–8 GHz), are less affected by precipitation or
clouds because their longer wavelengths are less prone to scattering and absorption,
allowing sensors to “see through” adverse weather conditions. This capability is especially
beneficial for monitoring variables closely linked to rainfall, like soil moisture and floods.
Unlike optical sensors, microwave sensors do not rely on sunlight, enabling observations
both day and night. They can also penetrate vegetation canopies to a certain extent,
further enhancing their usefulness.

However, they come with certain limitations, including relatively large pixel sizes compared
to the scale of hydrological processes, low revisit frequencies (typically every few days),
and limited penetration depths of microwave signals, usually only a few centimeters or
less [WHK+13].

Vegetation significantly affects the radar backscatter coefficient, not only by attenuating
the signal but also through various scattering mechanisms. As illustrated in Figure 2.1,
the total backscatter from vegetated areas is composed of multiple contributions: (a)
surface backscatter from the ground (subject to attenuation), (b) volume scattering
within the canopy and (c) interactions between canopy and ground [WHK+13].

Figure 2.1: Schematic illustration of radar signal interaction with vegetation-covered
land surfaces. Source: Wagner, 2013 [WHK+13]

The strength of the radar backscatter signal (σ0) is strongly influenced by whether the
microwave energy is reflected specularly (like a mirror) or diffusely (scattered in many
directions) at the Earth’s surface. This scattering behavior is primarily determined by
the surface roughness relative to the radar wavelength. A commonly used approximation
for this relationship is the Rayleigh criterion, which defines a surface as "smooth" if its
root-mean-square (RMS) height deviation is smaller than a fraction of the wavelength,
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adjusted for the incidence angle:
h <

λ

8 cos θ
(2.1)

Here, h is the RMS surface roughness, λ is the wavelength of the radar signal (e.g.,
approximately 5.6 cm for C-band systems like ASCAT), and θ is the incidence angle, i.e.,
the angle between the incoming radar beam and the surface normal.

If this condition is met, the radar signal is reflected specularly, mostly away from the
sensor. As a result, the backscatter signal received by the satellite is very low (σ0 close
to zero). This behavior is typical for calm water bodies or homogeneous, smooth surfaces
such as dry crusts or ice sheets. In contrast, when the surface has roughness on the order
of or greater than the radar wavelength — for example, due to vegetation, soil structure,
or urban infrastructure — the scattering becomes diffuse (Figure 2.2). In such cases, a
larger portion of the energy is returned to the sensor, resulting in higher backscatter
values [LKC04].

Understanding this physical relationship is crucial for interpreting active microwave data
correctly. A low backscatter value does not necessarily indicate dry conditions, but may
instead result from specular reflection on a smooth surface. Conversely, high backscatter
values are typically associated with rougher or more complex surfaces, which may also
correlate with higher soil moisture content or vegetation density.

Figure 2.2: Specular versus diffuse reflectance. Source: Lillesand, Kiefer, Chipman, 2004
[LKC04]

2.3 State of the Art / Related Work
The ASCAT research community is not very big and especially the field of analyzing
long-term land cover changes effects on ASCAT backscatter observations is relatively
new.

ASCAT backscatter has already been investigated with multiple machine leaning al-
gorithms. In 2022, Xu Shan et al. [SSDH+22] investigated the relationships between
ASCAT soil moisture retrievals and the land surface variables (LSVs) using a Deep
Neural Network. A specified ”Normalised Senstivity Coefficient” indicates the sensitivity
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of ASCAT observables to changes in LSVs. In this work it was found that there is a
sensitivity between ASCAT backscatter/slope and specific LSVs respectively. These
sensitivities vary strongly with time and are massively dependent on the land cover type.

Based on only semi-arid regions, Xulong Duan et al. [DMK+24] applied several machine
leaning algorithms to estimate ASCAT backscatter: Random Forest, Support Vector
Machine, Artificial Neural Network and Elastic Net Regression. Among other findings,
land-use was found to be a highly influential variable and essential to explain regional
variations in soil moisture content. The estimated forecasts and the measured soil
moisture values show a high degree of agreement in all 4 models, with RF delivering the
best results in the testing scenario. Nevertheless, it is explicitly mentioned that surface
soil moisture is influenced by other spatial factors and that these are essential for a
complete understanding of surface soil moisture.

One spatial factor with a high influence is subsurface scattering. Until now, it was
assumed that the soil backscatter increases monotonically with increasing soil moisture
content. In fact, however, it has now been found that under certain soil conditions (dry
soil and near-surface rocks/stones) the exact opposite happens. Wagner et al. [WLM+22]
have investigated this phenomenon. In addition to other experiments, a subsurface
scattering term was integrated into the model and then both models (with and without
the additional term) were compared. This made it possible to determine which spatial
conditions favour the occurrence of subsurface scattering and in which regions of the
study area these anomalous signals occur.

Wagner et al. [WLH+23] extended the mapping of subsurface scattering effects to a global
scale. Furthermore, the influence on ASCAT soil moisture retrievals was investigated and
the correlation with land surface characteristics was examined. The regional differences
in the occurrence of subsurface scattering and the most driving factors were identified.
Subsurface scattering represents the most significant of the unconsidered errors in the
existing version of the ASCAT soil moisture data and a lack of knowledge in the past led
to far-reaching misinterpretations.
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CHAPTER 3
Data

This chapter provides an overview of the datasets used in the analysis. It introduces the
data sources for the target and input variables, including ASCAT backscatter, ERA5-
Land soil moisture, and MODIS LAI. In addition, the spatial and temporal scope of the
study is defined by describing the selected study area and the observation period.

3.1 ASCAT backscatter
The Advanced Scatterometer (ASCAT) is a real-aperture radar system that operates in
the C-band with VV polarization, offering both day and night measurement capabilities
while remaining largely unaffected by cloud cover. It measures the Normalized Radar
Cross Section (NRCS), commonly known as the backscatter coefficient σ0 , expressed in
either m2m−2 or decibels (dB), from the Earth’s surface. The instrument’s design and
performance specifications are based on the experience gained from the scatterometers
aboard the ERS-1 (1991-2000) and ERS-2 (1995-2011) satellites [GSW00].

ASCAT is hosted on a series of three polar-orbiting Meteorological Operational (MetOp)
satellites operated by EUMETSAT. The first satellite, MetOp-A, was launched in October
2006 and retired in November 2021 after more than 15 years of service. MetOp-B, launched
in September 2012, continues to operate as a backup platform. MetOp-C, launched
in November 2018, currently serves as the primary operational satellite, ensuring the
continuous delivery of ASCAT backscatter data. Together, these satellites have provided
long-term, consistent measurements that are critical for numerical weather prediction,
ocean monitoring, and climate research [WLH+23]. METOP operates in a near-polar,
sun-synchronous orbit at an altitude of approximately 817 km, with a 29-day repeat
cycle. In this orbit, the satellite circles the Earth in about 100 minutes, completing 14
orbits per day. The equator crossing occurs at 9:30 during the descending pass and at
21:30 during the ascending pass [WHK+13].
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ASCAT’s advanced measurement geometry provides twice the coverage compared to
its predecessors on ERS-1 and ERS-2, increasing daily global coverage from 41% to
82%. Additionally, the spatial resolution was enhanced from 50 km to 25-34 km, all
while maintaining the same level of radiometric accuracy as the ERS-1/2 scatterometers.
ASCAT achieves improved global coverage with two sets of three fan-beam antennas,
compared to one set on the ERS satellites. Positioned broadside and at ±45 degrees, the
antennas provide observations in three azimuthal directions within two 550 km swaths,
separated by about 360 km. The multi-angle viewing capability, with incidence angles
ranging from 25◦ to 64.5◦, is crucial for accurately retrieving geophysical variables like
ocean wind speed and land vegetation conditions [FSWA+02].

The Advanced Scatterometer (ASCAT) was originally designed to measure wind speed
and direction over oceans, with no initial intention of monitoring soil moisture on land.
However, its key features — such as its 5.7 cm wavelength, high radiometric accuracy,
and multi-angle observation capabilities — make it a valuable sensor for soil moisture
measurement [WHK+13].

In 2008, soil moisture data from Metop ASCAT became the first operational soil moisture
product. The European Organisation for the Exploitation of Meteorological Satellites
(EUMETSAT) manages the ASCAT soil moisture data service. EUMETSAT provides a
range of soil moisture products, all based on the same physical principles but varying in
aspects such as spatio-temporal resolution, data latency (the time between data acquisition
and public availability), data format, and consistency [WHK+13] [ESDS21]. Many of
these products are developed and distributed through the Satellite Application Facility
on Support to Operational Hydrology and Water Management (H SAF), a specialized
program within EUMETSAT focused on satellite-derived hydrological parameters such
as precipitation, snow cover, and soil moisture [noa].

Challenges faced by the ASCAT soil moisture data service include quality flagging,
instrument calibration, algorithmic improvements and application development.

The irregular spatial coverage of the ASCAT constellation results in highly variable
temporal coverage. In some cases, two or more acquisitions may be recorded over a region
in a single day, especially near the poles, while on other days, no data may be collected.
This poses a significant challenge for using ASCAT soil moisture data, as applications
must either handle the irregular coverage or rely on interpolated measurements, which
come with increased uncertainty [WHK+13].

The strong link between backscatter intensity and soil moisture allows ASCAT σ0

measurements to serve as a reliable indicator of soil moisture in bare soil areas. However,
when vegetation is present, this relationship weakens, as vegetation reduces the sensitivity
of σ0 to moisture changes. Properly accounting for the impact of vegetation is essential
for accurate soil moisture estimation [WHK+13].

In this study, the ASCAT backscatter at 40 ◦ incidence angle was used, as this is the
standard reference angle employed in the EUMETSAT H SAF processing chain to retrieve
surface soil moisture from ASCAT data [WHK+13]. Throughout this work, the term
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backscatter refers exclusively to the backscatter at 40 ◦, which is labeled as backscatter40
in the original dataset.
Details on the temporal coverage of the dataset are provided in the Study Area &
Period chapter. Data preprocessing procedures are described in the Methodology chapter,
preceding their use in the subsequent analysis.

3.2 ERA5-Land soil moisture
ERA5-Land is a global dataset focused on the land component of the fifth-generation
European ReAnalysis (ERA5), produced by the European Centre for Medium-Range
Weather Forecasts (ECMWF). ERA5-Land consistently tracks the evolution of water and
energy cycles over land throughout its production period, making it useful for analyzing
trends and anomalies [MSDAP+21].
It integrates model data with observations to track the evolution of water and energy
cycles over land, using meteorological inputs from the ERA5 climate reanalysis and the
Carbon Hydrology-Tiled ECMWF Scheme for Surface Exchanges over Land (CHTESSEL)
model. ERA5-Land offers a significant advantage with its enhanced global horizontal
resolution of 9 km, compared to 31 km in ERA5 and 80 km in ERA-Interim, while
keeping the same hourly temporal resolution as ERA5 [WLH+23].
Another important distinction is that, unlike ERA5, ERA5-Land does not assimilate
ASCAT soil moisture data or other land surface observations. This ensures that ERA5-
Land soil moisture data and ASCAT backscatter measurements can be considered
independent variables [MSDAP+21].
The modeled soil moisture data from ERA5-Land’s volumetric soil water layer 1 (0–7
cm) were resampled to match ASCAT’s 12.5 km global grid and temporally aligned with
ASCAT measurement timestamps, using hourly data from 2007 to 2021.
Throughout this work, soil moisture is frequently abbreviated as SM. This refers specifi-
cally to the previously described modeled surface soil moisture variable provided by the
ERA5-Land dataset, where it is labeled as swvl1_era5land in the original data. Unless
stated otherwise, all mentions of SM in the following sections refer to this variable.

3.3 Modis LAI
Large parts of the world are covered by vegetation, such as forests, grasslands, shrublands,
and agricultural areas, with plant growth and decay cycles. All of that is influenced by
factors like temperature, precipitation, wildfires, and human activity. The Leaf Area
Index (LAI) is a key dataset used to monitor vegetation status globally. Alongside related
datasets — such as vegetation indices, seasonal growth and productivity parameters

— the vegetation property index LAI helps assess plant responses to disturbances like
droughts, storms, and wildfires, supporting applications ranging from agricultural policy
reporting to climate change mitigation.
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This thesis utilizes the MOD15A2H Version 6.1 Moderate Resolution Imaging Spec-
troradiometer (MODIS) which is combining Leaf Area Index (LAI) and Fraction of
Photosynthetically Active Radiation (FPAR) product. It is an 8-day composite dataset
with 500 meter (m) pixel size. Several adjustments of calibration leads to the improved
Version 6.1 Level-1B product. In concrete terms, LAI can be described as the green
leaf area per unit ground area in broadleaf canopies, whereas only one side of the leaf is
counted [MKP21].

MODIS delivers key data for vegetation monitoring and analyzing climate change. How-
ever, global LAI/FPAR products have drawbacks, such as spatial and temporal inconsis-
tencies and accuracy issues [PYR+24].

3.4 Study Area and Period
The study was conducted in southeastern Australia, covering parts of the states of
Victoria, South Australia, and New South Wales. The spatial domain is defined by the
latitude range from 39 ◦ S to 30 ◦ S and the longitude range from 138 ◦ E to 155 ◦ E. This
region is characterized by diverse land surface conditions, including forests, croplands,
grasslands, urban areas, and both dry and humid zones. Such heterogeneity makes it
particularly suitable for analyzing backscatter behavior under varying environmental
conditions.

Figure 3.1 illustrates both the geographic extent of the study area and the spatial
sampling. The left panel shows the location of the study region within southeastern
Australia, while the right panel visualizes the randomly selected grid points used for
analysis. From all available grid points within the defined boundaries, a random sample
of 33% was selected to ensure computational feasibility, resulting in a total of 2283 grid
points.

The selection of this area was further motivated by the availability of high-quality auxiliary
data from national and regional authorities. Publicly accessible datasets provide detailed
information on surface properties, weather events, and land use, which support a more
comprehensive interpretation of remote sensing signals.

The observation period extends from January 2007 to December 2022, allowing for the
analysis of long-term developments and potential drift effects over a span of 16 years.

Figure 3.2 shows the land cover types in the study area, and Figure 3.3 provides the
full classification legend. Not all categories are present in the selected region. The area
includes a wide variety of surface conditions, such as forested, agricultural, and urban
zones, which are relevant for interpreting spatial variation in backscatter behavior.

The study area primarily consists of shrubland, cropland, regions with tree cover, and
areas of sparse vegetation. Additionally, there are some urban areas in and around major
cities such as Sydney, Melbourne, Canberra, Newcastle, and Adelaide. The dataset also
includes regions classified as grassland, irrigated cropland or post-flooded areas, and
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(a) Location of the study area in south-
eastern Australia. (b) Selected grid points for analysis.

Figure 3.1: Overview of the study area and spatial sampling.

areas where scrub or herbaceous land has been subject to flooding. These are the main
types observed, although there may be additional land cover types present in the study
area.

Land cover is known to strongly influence microwave backscatter through its impact
on surface roughness, vegetation structure, and soil moisture retention. Therefore, the
spatial distribution of land cover classes provides valuable context for later analyses of
model performance and trend behavior.
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3. Data

Figure 3.2: Land cover types in the study area.
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Figure 3.3: Legend for the land cover classification shown in Figure 3.2.
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CHAPTER 4
Methodology

This chapter presents the methodological framework of the study, which follows a mixed
research approach that combines model development with the investigation of temporal
drift in model performance and data. The methodology is structured into two main
components: the first focuses on model selection and evaluation, while the second addresses
drift detection. The overall approach combines quantitative and qualitative methods.
In the Model Selection part, machine learning models are trained and evaluated using
established performance metrics. In the Drift Detection part, statistical tests are used to
identify temporal trends, while a wide range of visual analyses supports the qualitative
interpretation of spatial and temporal model behavior. This combination allows for
a comprehensive understanding of how model performance varies across locations and
changes over time.

4.1 Model Selection
This chapter outlines the methodological approach taken to develop and evaluate machine
learning models to predict ASCAT backscatter. It consists of three main sections: The
first section (Workflow) provides an overview of the entire modeling pipeline, including
data gathering, preprocessing, model selection, hyperparameter tuning, train-test splitting,
evaluation procedures, and the tools and libraries used. The second section (ML Models)
presents a detailed description of the individual machine learning models employed in
this study. The third section (Evaluation Metrics) explains the performance metrics used
to assess model quality. Together, these sections form the basis for the spatially explicit
modeling approach applied in this work.

4.1.1 Workflow
Data gathering The analysis is based on three primary datasets: ASCAT backscatter,
surface soil moisture (SM) from ERA5-Land, and Leaf Area Index (LAI) from MODIS.
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All datasets were provided by the Department of Geodesy and Geoinformation (GEO) at
TU Wien.

Data preprocessing Entries containing missing values were entirely removed from the
dataset, as the data coverage was sufficiently high to justify this approach. Additionally,
all observations over snow-covered areas or where soil temperatures were below freezing
were excluded, since soil moisture values are considered unreliable under such conditions.
To apply this filtering, snow depth and soil temperature at level 1 (0–7 cm) from ERA5
were used. Snow depth represents the depth of water that would result if the snow in
a grid cell were melted and uniformly distributed; it is expressed in meters of water
equivalent.

ML model The candidate models considered for this study include Random Forest
(RF), Elastic Net (EN), and Support Vector Regression (SVR). A detailed description of
these machine learning models is provided in chapter 4.1.2 "Machine Learning Models".
A separate model was trained for each grid point rather than applying a single model
across the entire study area. The primary reason for this approach lies in the spatially
explicit nature of the analysis: the goal is not only to generate accurate estimates of
backscatter but also to assess where reliable predictions are possible and where they are
not. Capturing this spatial variability requires localized models. Additionally, substantial
heterogeneity exists between grid points with respect to the statistical properties of the
target variable. Although ASCAT backscatter typically ranges between approximately
–22 and –4 dB, the mean backscatter varies notably across locations, ranging from –18 to
–7 dB, depending on land cover, topography, and other local conditions. Furthermore,
the relationship between the input variables and the target variable differs significantly
across space. The correlation with Leaf Area Index (LAI) is generally moderate, while
soil moisture (SM) tends to show medium to high correlation with backscatter. However,
the strength of these correlations varies markedly from one grid point to another, as
indicated by spatially heterogeneous Pearson correlation coefficients. Taken together,
these factors justify the use of individual models per grid point, both to account for local
differences in data relationships and to fulfill the overarching goal of spatially explicit
model evaluation.

Hyperparameter tuning Hyperparameter tuning and selection were performed on
a representative subset of 20 grid points. For each model, relevant hyperparameters
(e.g., alpha, l1_ratio, n_estimators, etc.) were optimized individually using Random-
izedSearchCV. A detailed description of the hyperparameters is provided in the ML
Models chapter. To ensure consistency and reduce overfitting to individual locations,
the final hyperparameter values used for all grid points were set to the median of the
best-performing values across the 20 selected locations.

Table 4.1 summarizes the final hyperparameter values used in the evaluation. The specific
meaning and function of each parameter are explained in the corresponding sections of
the ML Models chapter.
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Table 4.1: Final hyperparameter values used for each regression model.

Model Hyperparameter Value

Random Forest

n_estimators 129
max_depth 12
min_samples_split 4
min_samples_leaf 2

Elastic Net alpha 0.069621
l1_ratio 0.510747

Support Vector Regression

C 1.793158
epsilon 0.231559
kernel linear
gamma scale

Train-test split For model training and evaluation, the dataset was split chronologically.
Data from the years 2007 to 2014 were used for training, while the period from 2015
to 2022 was reserved for testing. This temporal split was chosen to reflect a realistic
forecasting scenario, ensuring that model performance is assessed on future, previously
unseen data. It also allows for evaluating the models’ ability to generalize over longer
time periods and under potentially changing environmental conditions.

Evaluation Model evaluation was conducted based on a subset of 100 grid points,
selected to represent the spatial and temporal variability of the dataset. For each
model, performance was assessed using several metrics: relative root mean squared error
(rRMSE), relative mean absolute error (rMAE), Pearson correlation coefficient (PCC),
and runtime. Relative metrics were used in particular due to the substantial differences
in scale across locations, ensuring a fair comparison of model performance. The final
model selection was based on the average performance across all grid points, considering
all metrics. A detailed description and interpretation of each metric is provided in the
dedicated Evaluation Metrics chapter.

Tools and Libraries All analyses were conducted in Python 3.11.10 [VRD09] using
JupyterLab version 4.2.5 [jup] as the working environment. A wide range of pack-
ages supported data handling, visualization, statistical analysis, and machine learning.
Data processing and manipulation were primarily performed using Pandas [M+10] and
NumPy [HMvdW+20]. Visualization and mapping relied on Matplotlib [Hun07], Seaborn
[WBO+17], eomaps [Qua25], and cartopy [noa25]. Statistical computations were con-
ducted using SciPy [VGO+20] and statsmodels [SP10]. The implemented machine
learning models included Elastic Net, Random Forest, and Support Vector Regression
(SVR), all built using scikit-learn [PVG+11]. Associated tools from scikit-learn were used
for preprocessing (e.g., scaling), performance evaluation, and hyperparameter tuning
(e.g., RandomizedSearchCV). The overall workflow was supported by standard Python
libraries such as os [pyt], datetime [pyt], and math [VR20].
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4.1.2 Machine Learning Models
This section introduces the three machine learning models used in this study: Random
Forest, Elastic Net, and Support Vector Regression. Each of these models offers specific
advantages and challenges, making them valuable for analyzing the ASCAT backscatter
data in different ways.

Random Forest (RF)

If you were to ask a complex question to a large, randomly selected group of people and
then combine their responses, the overall answer would often be more accurate than
that of a single expert [Gé17]. Similarly, in machine learning, combining the predictions
of multiple models — such as classifiers or regressors — typically leads to improved
accuracy compared to relying on just one model. A collection of multiple predictors
is referred to as an ensemble, and this approach is known as Ensemble Learning. For
instance, one can train multiple Decision Tree classifiers on different randomly selected
subsets of the training data. This collection of Decision Trees forms what is known as
a Random Forest. Despite its straightforward design, it is considered one of the most
effective machine learning algorithms available today [Gé17].

The core concept of Random Forests is to enhance the variance reduction achieved by
bagging while minimizing the correlation between individual trees, without significantly
increasing variance. This is accomplished during the tree-building process by randomly
selecting a subset of input variables at each split [HTF09a].

In recent years, "ensemble learning" has gained significant attention. This approach
involves generating multiple classifiers and combining their predictions to improve overall
performance. Two widely recognized ensemble methods are boosting ([BFLS98]) and
bagging ([Bre96]), both applied to classification and regression trees. Boosting adjusts
the weighting of data points, giving more emphasis to those that were misclassified by
previous models, and final predictions are made through a weighted voting process. In
contrast, bagging constructs trees independently, without relying on the performance of
earlier models [LW01].

Bagging, or bootstrap aggregation, is a method used to reduce the variance of a predictive
model. This technique is particularly effective for high-variance, low-bias models, such as
decision trees. In regression tasks, multiple regression trees are trained on different boot-
strap samples of the training data, and their predictions are averaged. For classification,
multiple trees are trained in the same manner, and the final prediction is determined by
majority voting. The key idea behind bagging is to combine several noisy but mostly
unbiased models, thereby lowering overall variance. Decision trees are well-suited for
this approach because they can capture complex interactions within the data. When
grown deep enough, they tend to have low bias but high variance, making them highly
responsive to averaging, which significantly improves stability and performance [HTF09a].

Breimann (2001) [Bre01] introduced Random Forests, which build upon the bagging
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technique by introducing an additional layer of randomness. While bagging constructs
each tree using a different bootstrap sample of the data, Random Forests also modify
the way trees are built. Unlike traditional decision trees, where each node is split using
the best possible feature across all variables, Random Forests select a random subset
of predictors at each split and choose the best split from that subset. Although this
approach may seem counterintuitive, it has been shown to enhance performance and
often outperforms other classifiers, such as discriminant analysis and neural networks
[Bre01] [LW01].

Algorithm 4.1: Random Forest algorithm for regression or classification
(adapted from Hastie et al. (2009))

Data: Training data with N observations and p variables
Result: Ensemble of random forest trees {Tb}B

1
1 for b = 1 to B do

1. Draw a bootstrap sample Z∗ of size N from the training data.

2. Grow a random forest tree Tb to the bootstrapped data by recursively repeating the
following steps for each terminal node, until a minimum node size nmin is reached:

a) Select m variables at random from the p variables.
b) Pick the best variable/split-point among the m.
c) Split the node into two daughter nodes.

2 end
3 Output the ensemble of trees {Tb}B

1 .
4 To make a prediction at a new point x:

• Regression:

f̂
B
rf (x) = 1

B

B∑︂
b=1

Tb(x).

• Classification: Let Ĉb(x) be the class prediction of the bth random-forest tree.
Then

Ĉ
B
rf (x) = majority vote

{︂
Ĉb(x)

}︂B

1
.

The algorithm for Random Forest for regression and classification in Algorithm 4.1 is
defined and written by Hastie et al. ([HTF09a]).

For many tasks, Random Forests achieve performance comparable to boosting while
being easier to train and optimize. This simplicity makes them highly popular, and they
are widely available in numerous machine learning libraries [HTF09a].

In this thesis, I am using Python and the scikit-learn package [PVG+11] to implement
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and analyze Random Forest models.

Random Forests in Python rely on three key user-defined parameters: the number of trees
in the forest (n_estimators), the minimum number of data points required in each terminal
node (min_samples_leaf), and the number of features randomly selected for consideration
at each split (max_features). In scikit-learn, the default values for these parameters are
n_estimators=100, min_samples_leaf=1, and max_features="n_features". Additionally,
another important parameter is min_samples_split, which controls the minimum number
of samples required to split an internal node and has a default value of 2.

[HTF09a] state that, for regression, the default value for max_features is p/3 (where
p is the total number of features), and the default min_samples_leaf is 5. In practice,
the optimal values for these parameters depend on the specific problem and should be
considered as hyperparameter to be tuned.

The importance of a variable can be assessed by calculating the difference in misclas-
sification rates between the modified and original out-of-bag data. This difference is
then divided by the standard error, providing a standardized measure of the variable’s
contribution to the model’s performance [CEB+07].

Random Forests are highly effective for prediction and naturally resist overfitting due
to the Law of Large Numbers. Each tree is trained on a different bootstrap sample of
the data ([GBME08]). Introducing controlled randomness improves their accuracy as
both classifiers and regressors. Moreover, the balance between the strength of individual
predictors and their correlation helps explain the model’s predictive performance. The
use of out-of-bag (OOB) estimation provides a practical way to measure these theoretical
properties [Bre01].

The ability to model high-dimensional non-linear relationships, the inclusion of an
unbiased error rate estimation, built-in measures of variable importance, and the need for
only a few user-defined parameters make Random Forests a robust and practical machine
learning method [GBME08].

Random Forests offer several advantages over other statistical modeling approaches
[Bre01] [LW01]. Unlike models such as linear regression or support vector machines,
they can handle both continuous and categorical variables. Additionally, they are highly
robust to noise in predictor variables, eliminating the need for extensive pre-selection of
features [DUADA06]. Since only a randomly selected subset of predictors is considered at
each split, the diversity among trees increases (reducing correlation) while also lowering
computational cost.

Pruning is unnecessary, as deep trees naturally result in low bias and high variance while
maintaining computational efficiency. By averaging a large number of trees, Random
Forests achieve both low bias and low variance [DUADA06]. The algorithm’s resistant
to overfitting is particularly important in this study case since the model is applied to all
individual grid points separately. Additionally, Random Forests require only a few user-
defined parameters to achieve strong performance and are well-suited for large datasets.
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They are also effective when the number of variables exceeds the number of observations
and can naturally capture interactions among predictor variables [DUADA06] [Gé17].

Random Forest provides reliable error estimates through Out-Of-Bag (OOB) data, which
consists of the portion of the dataset not included in the bootstrap samples — typically
about one-third of the data. Since these excluded samples serve as an internal validation
set, Random Forest eliminates the need for a separate validation dataset.

A key drawback of Random Forest and ensemble methods, in general, is their limited
interpretability. Unlike linear models or single decision trees, where relationships between
predictors and the response variable are easy to analyze, Random Forest is often considered
a "black box" approach [Gé17]. However, compared to deep learning models, it is not
entirely intransparent, as individual trees and feature importance measures can still be
examined to gain insights into the model’s behavior.

Elastic Net (EN)

The problem of overfitting is quite common when working with machine learning models.
The model performs very well, sometimes surprisingly well on the training data but
behaves poorly when it comes to build actual predictions using unseen data. A good
way to reduce overfitting and therefore improve the prediction result is to use regularize
the model. Regularization is a commonly used approach to improve the generalization
ability of a machine learning model by adding a penalty term to the loss function
[Gé17]. Improved generalization is not the only reason for the development of different
regularization methods such as Elastic net which works as a combination of Ridge or
Lasso regression. In order to understand Elastic Net and its development, it is important
to first look at Ridge and Lasso.

Ridge regression Ridge regression, introduced by Hoerl and Kennard (1970) [Ha70]
[HK70], is a regularization method that improves prediction accuracy by applying
continuous shrinkage to the regression coefficients. This is achieved through an L2
penalty term added to the loss function, which constrains the overall magnitude of the
coefficients and reduces their variance. The degree of penalization is controlled by a
tuning parameter, which balances model fit and complexity. Although ridge regression
leads to improved generalization via the bias-variance trade-off, it does not yield a sparse
or parsimonious model, as it retains all predictors [Bre96].

β̂
R = arg min

β

{︂
(y − Xβ)⊤(y − Xβ)

}︂
, subject to

p∑︂
j=1

β2
j ≤ t. (4.1)

The ridge uses the ℓ2 norm which is defined as ∥β∥2 =
√︂∑︁p

j=1 β2
j [JWHT13].

Ridge regression was created to deal with multicollinearity, which happens when predictor
variables are highly correlated. In such cases, ordinary least squares (OLS) can give
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unstable and overly large coefficient estimates, which can hurt prediction accuracy [BG09].
Ridge regression solves this by shrinking the coefficients. It also has a "grouping effect,"
meaning that strongly related predictors get similar coefficients. However, it does not
remove any variables from the model — all predictors stay in [ZH05].

Lasso Tibshirani (1996) [Tib96] introduced a method known as the lasso (Least absolute
shrinkage and selection operator) which enhances least squares regression by applying
an L1 penalty to the coefficients. This penalty not only shrinks the coefficients but also
performs variable selection by setting some of them exactly to zero. Later studies by
Tibshirani (1996) [Tib96] and Fu (1998) [Fu98] compared the predictive abilities of the
lasso and ridge regression, showing that neither method consistently outperforms the
other. Nonetheless, because it produces simpler models by excluding irrelevant variables,
the lasso has become particularly attractive in modern data analysis where variable
selection plays a key role [ZH05].
The lasso minimizes the residual sum of squares under the constraint of ℓ1 penalization.
The ℓ1 norm is defined as ∥β∥1 = ∑︁p

j=1 |βj [JWHT13].

β̂
L = arg min

β

{︂
(y − Xβ)⊤(y − Xβ)

}︂
, subject to

p∑︂
j=1

|βj | ≤ t. (4.2)

If the penalization parameter is well chosen, the predictive accuracy of the estimator
improves in comparison to the least squares estimator, just as with ridge regression.
Like ridge regression, the lasso reduces the size of the coefficient estimates, pulling them
toward zero. However, due to the ℓ1 penalty, the lasso can shrink some coefficients all
the way to zero when the regularization parameter λ is large enough. This means it
effectively selects variables, similar to best subset selection. As a result, lasso models are
typically easier to interpret than those from ridge regression, since they include only a
portion of the original predictors. Such models are referred to as sparse, meaning they
rely on a limited number of variables [JWHT13].
Although the lasso offers many benefits, its limitations should also be acknowledged.
When the number of predictors exceeds the number of observations (p > n), it can select
at most n variables, which restricts its ability to perform variable selection. Additionally,
when predictors are grouped or highly correlated, the lasso often picks just one variable
from the group and ignores the rest [ZH05]. Unlike ridge regression, it does not exhibit a
grouping effect. While this can lead to sparse models — as previously noted — it may
also result in arbitrary choices among correlated predictors.

Naive Elastic Net A combination of the ridge and lasso method is the Naive Elastic
Net, proposed by Zou and Hastie (2005) [ZH05]. It combines the advantages of ridge
and lasso. This estimation method accomplishes unrestricted variable selection and has
the grouping effect. Simulation studies and real data examples show that the elastic net
often outperforms the lasso in terms of prediction accuracy.

26



4.1. Model Selection

The Naive Elastic Net uses both the ℓ1 penalization of the lasso and the ℓ2 penalization
of the ridge. Zou & Hastie [ZH05] describe the Naive Elastic Net as follows:

Let the response be y = (y1, ..., yn)T , X = [x1]...[xp] is the model matrix with xj =
(x1j , ..., xnj)T and j = 1, ..., p are the predictions.

For any fixed non-negative λ1 and λ2, we define the naive elastic net criterion

L(λ1, λ2, β) = ∥y − Xβ∥2 + λ2∥β∥2 + λ1∥β∥1 (4.3)

where
∥β∥2 =

p∑︂
j=1

β2
j and ∥β∥1 =

p∑︂
j=1

|βj |. (4.4)

The naive elastic net estimator β̂ is the minimizer of the naive elastic net criterion (4.1):

β̂ = arg min
β

∥y − Xβ∥2, subject to (1 − α)∥β∥1 + α∥β∥2
2 ≤ t for some t. (4.5)

The elastic net penalty can be expressed as:

(1 − α)∥β∥1 + α∥β∥2
2 (4.6)

where α = λ2
λ1+λ2

When α = 1, the naive elastic net estimator is equivalent to ridge estimator and when α
= 0, its equivalent to the lasso estimator.

Elastic Net Although this naive elastic net criterion (4.3) is a natural combination of
lasso and ridge regression, it has certain disadvantages: in particular, double shrinkage.

The naive elastic net estimator is a two-stage procedure: for each fixed λ2 we first find
the ridge regression coefficients, and then we do the lasso type shrinkage along the lasso
coefficient solution paths.

By simultaneously penalizing with L1 and L2 norms, the coefficients are reduced more
than necessary, which can lead to a loss of prediction accuracy. By addressing this double
shrinkage, the predictive performance of the naive elastic net can be enhanced.

Zou and Hastie [ZH05] show that the naive elastic net problem can be transformed to an
equivalent lasso problem on augmented data. However, the details of this transformation
are not further discussed in this thesis, as the main focus lies on the final formulation of
the elastic net estimator.

There is one important property: The reformulations of the naive elastic net can po-
tentially select all p predictors in all situations (because of dim(X∗) = (n + p)xp), in
contrast to lasso. It can also perform an automatic variable selection in a fashion similar
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Figure 4.1: Contour plot of ridge, lasso and elastic net penalty where α = 0.5 (Zou und
Hastie, 2005) [ZH05]

to the lasso. Furthermore the naive elastic net has the ability of selecting “grouped”
variables, a property not shared by the lasso.

The elastic net estimator can be expressed in terms of the naive elastic net estimator as:

β̂elastic net = (1 + λ2)β̂naive elastic net (4.7)

The elastic net penalty introducted by Zou and Hastie (2005) [ZH05]:

λ
p∑︂

j=1

(︂
αβ2

j + (1 − α)|βj |
)︂

, (4.8)

β̂ = arg min
β

{︂
∥y − Xβ∥2

2 + λ
(︂
(1 − α)∥β∥1 + α∥β∥2

2
)︂}︂

(4.9)

This method combines the advantages of Lasso (sparsity) and Ridge (group effect
with correlated predictors) without completely adopting their respective disadvantages.
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4.1. Model Selection

Figure 4.2: Ridge, lasso und elastic net solution with λ1= 2, λ2 = 1 (Zou und Hastie,
2005) [ZH05]

According to empirical results by Zou and Hastie [ZH05], the elastic net performs strongly
in comparison to both the lasso and ridge regression.

Figure 4.1 shows the Ridge’s penalization function is a circle, strictly convex and smooth,
whereas Lasso’s is only convex and non-differentiable at the intersections of the axes. The
naive elastic net lies between the two: It is strictly convex, but also non-differentiable at
the axis intersections.

The strict convexity of ridge and elastic net leads to the grouping effect, i.e. similar
coefficients for strongly correlated variables. The non-differentiability of Lasso and Elastic
Net enables variable selection.

Figure 4.2 illustrates how the three penalization methods behave in an orthogonal design.
In this setting, the two-stage approach of the naive elastic net is visible.

The Elastic Net model includes two important tuning parameters: λ and α. The
parameter λ determines the overall strength of the regularization, controlling how strongly
the regression coefficients are penalized. Larger values of λ produce more significant
shrinkage, while smaller values allow for more flexibility in the model. The parameter α
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determines the balance between the L1 (lasso) and L2 (ridge) penalties. When α = 1,
Elastic Net reduces to ridge regression; when α = 0, it reduces to lasso regression.
Intermediate values of α combine the strengths of both methods, producing sparse models
with some grouping effect. In this work, the implementation of the Elastic Net uses
the ElasticNet() function from scikit-learn [PVG+11]. In this implementation, the
parameter alpha corresponds to the overall regularization strength λ, while l1_ratio
represents the balance between L1 and L2 penalties (equivalent to α in the original
theoretical formulation). These tuning parameters were optimized using cross-validation
on a representative subset of grid points to ensure consistent model behavior and robust
trend detection across the study area.

Support Vector Regression (SVR)

Support Vector Machines (SVM) were originally introduced for classification tasks [Vap95],
but have since been extended to regression problems under the framework of Support
Vector Regression (SVR). Instead of minimizing the squared error as in ordinary least
squares regression, SVR focuses on finding a function that deviates from the true target
values by no more than a specified margin, denoted by ε. The goal is to balance
model complexity and predictive accuracy while maintaining robustness to outliers and
overfitting [SS04].

The core idea behind SVR is the so-called ε-insensitive loss function. It defines a margin
of tolerance around the predicted values. Errors within this ε-tube are not penalized,
and only deviations beyond this margin contribute to the optimization objective. The
model searches for a function f(x) = ⟨w, x⟩ + b that is as flat as possible, meaning that
the norm of the weight vector ∥w∥ is minimized.

This leads to the following convex optimization problem:

min
w,b,ξ,ξ∗

1
2∥w∥2 + C

n∑︂
i=1

(ξi + ξ∗
i )

subject to:

yi − ⟨w, xi⟩ − b ≤ ε + ξi

⟨w, xi⟩ + b − yi ≤ ε + ξ∗
i

ξi, ξ∗
i ≥ 0

Here, C is a regularization parameter, which controls the trade-off between the flatness
of the function and the extent to which deviations larger than ε are tolerated. (Slack
variables ξi and ξ∗

i allow the model to handle data points outside the ε-margin.) A large
value of C implies strong penalization of errors outside the margin, potentially leading to
a model that closely fits the training data, whereas a smaller value allows more flexibility
and smoother predictions [HTF09b].
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While linear SVR can capture linear relationships between input and output, real-world
data often exhibit non-linear behavior. To address this, SVR can be extended through the
use of kernel functions that implicitly map the input features into a higher-dimensional
feature space where linear relationships may exist. Common kernels include:

• Linear kernel: K(xi, xj) = x⊤
i xj

• Polynomial kernel: K(xi, xj) = (γx⊤
i xj + r)d

• Radial Basis Function (RBF): K(xi, xj) = exp(−γ∥xi − xj∥2)

The RBF kernel is particularly popular due to its ability to model complex non-linear
relationships with relatively few hyperparameters. It is often the default choice in practice,
especially when no prior knowledge of the data’s structure is available [SS02].

In these formulations, γ is a parameter that controls the influence of individual training
samples: low values of γ lead to smoother models with broader generalization, while high
values allow the model to fit the training data more tightly, potentially at the cost of
overfitting. In the polynomial kernel, the parameter r serves as a constant term that
shifts the inner product before applying the polynomial transformation, and d defines the
degree of the polynomial, which directly impacts the complexity of the resulting model.
These kernel-specific parameters, particularly γ and d, are typically tuned as part of the
model selection process, as they play a crucial role in determining the flexibility and
behavior of the SVR model.

In this thesis, SVR was implemented using the scikit-learn library in Python
[PVG+11]. Prior to model training, all features were standardized to zero mean and unit
variance, as SVR is sensitive to feature scales.

To determine the final model configuration, a randomized hyperparameter search was
conducted. The parameters considered included the regularization strength C, sampled
from a uniform distribution between 0.1 and 10, and the tolerance parameter ε, drawn
from a uniform range between 0.01 and 0.5. Additionally, two kernel types were tested —
linear and rbf — while the gamma parameter was fixed to scale throughout (not
relevant for the linear kernel selected in the final model).

Support Vector Regression offers several advantages. It is robust to outliers (due to the
ε-insensitive loss), requires relatively few hyperparameters, and performs well even with
smaller datasets. Its kernel-based formulation allows it to flexibly model both linear and
non-linear patterns.

However, SVR also comes with certain drawbacks. It lacks interpretability compared to
models like linear regression or decision trees and does not provide native measures of
feature importance. Additionally, model training can be computationally expensive for
large datasets, especially when using non-linear kernels.
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4.2 Evaluation Metrics
To evaluate the performance of the predictive models in this study, four key metrics were
used: the relative Root Mean Squared Error (rRMSE), the relative Mean Absolute Error
(rMAE), the Pearson correlation coefficient, and the computational runtime. Each metric
captures different aspects of model accuracy and reliability, providing a comprehensive
assessment of the results.

RMSE and MAE are both frequently used and widely discussed, as each brings its own
advantages and disadvantages to the evaluation of model performance.

The RMSE have historically been widely used, in large part because of their close
connection to statistical theory and their desirable mathematical properties in many
modeling contexts. However, one notable limitation is their higher sensitivity to outliers,
as squaring the errors gives disproportionate weight to large deviations. In contrast, the
MAE is less affected by such extreme values and therefore often provides a more balanced
view of typical prediction errors [HK06].

It cannot be said that one of these metrics is inherently better than the other. It is
suggest to use a combination of different metrics, including but not limited to RMSEs
and MAEs, in order to comprehensively assess model performance [CD14].

In this study, I consistently used a normalized version of the error metrics, which I refer
to as “relative.” Specifically, the RMSE and MAE were each divided by the mean of the
observed data and multiplied by 100. This approach addresses the substantial variability
in scale across different grid points. By expressing the errors relative to the mean, the
resulting measure becomes independent of the absolute scale of the grid point, allowing
for a more meaningful comparison of prediction accuracy across regions.

The relative Root Mean Squared Error (rRMSE) measures the square root of the average
squared differences between the predicted and observed values, normalized by the mean
of the observed data. It is given by:

rRMSE =

√︂
1
n

∑︁n
i=1(yi − ŷi)2

ȳ
× 100% (4.10)

where yi and ŷi are the observed and predicted values, and ȳ is the mean of the observed
values. The relative Root Mean Squared Error (rRMSE) is particularly sensitive to larger
errors and highlights how well the model captures the overall variability of the data in
relation to its mean.

The relative Mean Absolute Error (rMAE) quantifies the average absolute difference
between observed and predicted values, again relative to the mean of the observations:

rMAE =
1
n

∑︁n
i=1 |yi − ŷi|

ȳ
× 100% (4.11)
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In contrast to rRMSE, the relative Mean Absolute Error (rMAE) is less influenced by
outliers and provides a more balanced view of the typical prediction error across different
scales [HK06].

The Pearson correlation coefficient measures the linear relationship between predicted
and observed values:

r =
∑︁n

i=1(yi − ȳ)(ŷi − ŷ)√︁∑︁n
i=1(yi − ȳ)2

√︂∑︁n
i=1(ŷi − ŷ)2

(4.12)

This coefficient ranges from -1 (perfect negative correlation) to 1 (perfect positive
correlation), with 0 indicating no linear relationship. In this work, it is especially useful
for assessing how well the models reproduce temporal patterns and trends, even when
absolute error values might vary due to differences in data scales.

Finally, the computational runtime provides a measure of the practical feasibility of the
models, particularly in large-scale Earth observation applications where thousands of grid
points need to be analyzed. In this study, runtime was an important factor for comparing
model efficiency and generalizability across the entire study area, despite differences in
data scale or resolution.

Together, these four metrics ensure a balanced evaluation of both model accuracy and
practical considerations, such as the ability to reproduce long-term trends and to scale
the analysis to different regions.

4.3 Drift Detection
This section introduces the approach taken to detect and analyze drift in the study area.
It first explains the conceptual background and different types of drift, followed by a
description of the specific detection method applied in this work. The Mann-Kendall
test, a widely used non-parametric trend detection tool, is then presented as the main
analytical approach for identifying temporal changes in backscatter and model residuals.

4.3.1 Understanding Drift
Concept drift describes the phenomenon where the statistical properties of data change
over time, causing predictive models to become less accurate if they do not adapt. Such
shifts can reduce the accuracy and reliability of models trained on earlier data, as the
assumptions on which they were built no longer fully hold [LLD+18].

Gama et al. ([GZB+14]) typically distinguish between four main types of drift:

• Sudden drift involves an abrupt change in data distribution within a very short
period of time, such as when a sensor is replaced and suddenly produces different
readings.
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Figure 4.3: Types of Concept drift [LLD+18]

• Gradual drift occurs when a new concept slowly replaces the old one, with a
period of overlap where both data patterns are present.

• Incremental drift describes a continuous and steady transition from one concept
to another, often with intermediate states that blend characteristics of both.

• Reoccurring concepts refer to situations where a previously seen concept returns
after a period of absence, creating cycles in the data that can challenge model
stability.

These four types of concept drift are summarized in Figure 4.3.

Understanding drift requires answering questions about when it occurs, how severe it is,
and where in the data domain it manifests. This information guides the development
of algorithms to detect and adapt to drift, ensuring that models remain accurate and
relevant over time. However, one of the challenges in drift detection is to distinguish
genuine concept drift from random noise or isolated outliers, which do not require adaptive
changes [GZB+14].

In this work, the focus is on detecting such drift effects in the ASCAT backscatter time
series and associated residuals. Identifying gradual or incremental changes can help
reveal long-term environmental shifts not fully captured by the input variables, providing
a deeper understanding of surface dynamics in the study region.
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4.3.2 Drift Detection Approach
To identify and interpret temporal changes in the target variable, model predictions, and
residuals, a combined approach involving statistical testing, trend-based classification,
and exploratory visualization was applied. The objective was to systematically detect
different types of drift — specifically target drift, prediction drift, and residual drift —
and to assess their spatial and temporal characteristics.

The first step involved applying Mann-Kendall trend tests to all grid points, separately
for the target variable (backscatter), the model predictions, the residuals, and the input
variables (leaf area index, soil moisture). Tau and slope values derived from these tests
were used to identify spatial patterns and quantify the strength and direction of trends.

Based on the presence or absence of significant trends in the target, prediction, and
residuals, all grid points were assigned to one of eight groups in a trend-based classification.
These were visualized on a spatial map to highlight regional patterns and identify
representative points for deeper investigation.

In addition, a trend strength segmentation was performed, grouping grid points according
to the magnitude of their Tau and slope values derived from the Mann-Kendall test on
the target variable. Four segments were defined: (i) high slope & high Tau, (ii) high slope
& low Tau, (iii) low slope & high Tau, and (iv) low slope & low Tau. This segmentation
helps distinguish between continuous trends and abrupt, event-driven changes.

From each category and segment, one to two representative grid points were selected for
detailed visual analysis. The following visualizations were produced:

• Time series of the target variable, model predictions, and residuals

• Absolute residuals and rolling mean of residuals

• Rolling signal plots of the backscatter variable

• Histogram comparison of observed vs. predicted values

• Yearly change maps for selected points

To complement the trend analysis, the autocorrelation of residuals was also assessed,
with the goal of identifying systematic temporal error structures or periodic effects in
the model behavior.

Technical implementation All analyses were conducted in Python 3.11.10 [VRD09]
using JupyterLab version 4.2.5 [jup] environment. Data processing relied primarily
on Pandas [M+10] and NumPy [HMvdW+20]. Visualization was performed using
Matplotlib [Hun07], Seaborn [WBO+17], eomaps [Qua25], and cartopy [noa25].
Statistical analyses were implemented with SciPy [VGO+20] and pymannkendall
[Sho25]. Random elements (e.g., point sampling) were controlled via the standard
random [VR20] module.
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4.3.3 Mann-Kendall Test
The Mann-Kendall test is a non-parametric method widely used to detect monotonic
trends in time series data. Originally developed by Mann (1945) and refined by Kendall
(1975), the test has become a standard approach in environmental and hydrological
studies due to its robustness and simplicity [YPC02].

The hypotheses tested by the Mann-Kendall method are:

• Null hypothesis (H0): No monotonic trend exists in the data (the data are
randomly ordered in time).

• Alternative hypothesis (H1): A monotonic trend (increasing or decreasing)
exists in the data over time.

The Mann-Kendall statistic S is computed by evaluating the sign of the difference between
all possible pairs of data values xi and xj (with j > i):

S =
n−1∑︂
i=1

n∑︂
j=i+1

sgn(xj − xi)

where the sign function is defined as:

sgn(θ) =

����
1 if θ > 0
0 if θ = 0
−1 if θ < 0

Here, xi and xj represent the data values in the time series, while θ in the sign function
denotes the pairwise differences.

For large sample sizes (n > 10), the test statistic S can be approximated by a normal
distribution, which allows the calculation of a Z-score to determine statistical significance.

A key aspect of the Mann-Kendall test is the calculation of the Kendall’s Tau (τ)
coefficient, which quantifies the strength and direction of the monotonic trend. Positive
values of Tau indicate an increasing trend, negative values indicate a decreasing trend,
and values near zero suggest no significant trend. Additionally, the Sen’s slope estimator
is often used to quantify the magnitude of the trend by calculating the median of all
pairwise slopes in the data series, providing a robust estimate of the overall rate of change
[UAY+20].

The Mann-Kendall test has several advantages. It is non-parametric, meaning it does not
rely on assumptions about the data’s distribution. It is robust to outliers and non-linear
trends, making it particularly suitable for environmental data with high variability, and
it requires only ordinal data while handling missing values effectively. However, the test
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assumes that the data points are independent and identically distributed. If significant
autocorrelation is present in the time series, it can inflate the test’s significance and lead
to incorrect inferences [YPC02].

In this study, the Mann-Kendall test is applied to ASCAT backscatter time series, model
predictions, and residuals to identify and classify temporal trends. This approach is
well-suited for long-term trend analysis in environmental datasets, as it does not require
the assumption of linearity or stationarity.
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CHAPTER 5
Results and Discussion

This chapter presents the results of the modeling and trend analysis introduced in the
previous chapter as well as a comprehensive discussion including limitations and critical
reflection. First, the performance of the selected regression models is evaluated, both in
terms of accuracy and computational efficiency. Based on this comparison, the Elastic Net
model is applied across the full study area. Subsequently, the focus shifts to the detection
of temporal drift patterns, including a spatial analysis of trends, a categorization based
on the alignment between predictions and observations, and a segmentation according to
the strength and consistency of observed trends.

Figure 5.1 shows the spatial distribution of Pearson correlation coefficients between
ASCAT backscatter and the two input variables: LAI and soil moisture. Moderate
to high positive correlations are observed in areas dominated by cropland, grassland,
shrubland, and sparse vegetation. In contrast, low or even negative correlations appear in
arid regions, particularly between Lake Torrens and Lake Frome. Regions with evergreen
tree cover also exhibit weak correlations. These spatial patterns differ between the
two input variables, reflecting the varying influence of vegetation and soil moisture on
backscatter across land cover types. Notable regional differences in the correlation are
discussed in more detail in Chapter 6.1.

5.1 Model Selection
To evaluate the performance of the three selected regression models (Random Forest,
Elastic Net, Support Vector Regression), a fixed set of hyperparameters was defined for
each model based on the median values derived from 20 representative grid points.

Subsequently, all three models were applied to a sample of 100 randomly selected grid
points using the fixed parameter settings. The evaluation was based on the metrics
relative Root Mean Squared Error (rRMSE), relative Mean Absolute Error (rMAE),
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(a) Correlation of backscatter and LAI

(b) Correlation of backscatter and soil moisture

Figure 5.1: Spatial distribution of Pearson correlation coefficients between ASCAT
backscatter and the two input variables: LAI (left) and soil moisture (right).
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Pearson Correlation Coefficient (PCC) and runtime per grid point. The averaged results
across all grid points are summarized in the following table:

Model rRMSE rMAE PCC Runtime
Random Forest 4.895 3.658 0.771 0.529
Elastic Net 5.188 3.951 0.752 0.001
SVR 4.805 3.487 0.780 0.833

Table 5.1: Comparison of average model performance over 100 grid points.

Although Support Vector Regression achieved the best scores in rRMSE, rMAE and
PCC, it showed the highest computational cost. Random Forest achieved consistent
results across all metrics but was still significantly slower than Elastic Net. Elastic Net
showed the lowest runtime by far, while maintaining reasonable prediction accuracy. The
differences between the models in terms of rRMSE, rMAE, and PCC are relatively small,
indicating that all three models perform similarly in terms of predictive accuracy. However,
the differences in runtime are substantial. While prediction quality is comparable, the
runtime varies by orders of magnitude, making it a decisive factor in model selection.
Consequently, Elastic Net was selected as the final model for application across all grid
points.

Spatial Evaluation

To further assess the spatial performance of the selected model (Elastic Net), evaluation
metrics were computed and visualized for the entire study area (Figure 5.2). The
spatial distribution and histograms of rRMSE, rMAE and PCC reveal substantial spatial
variability in model performance.

The Pearson Correlation shows moderate to high values in most regions, with a few
isolated areas of low or even negative correlation. The rRMSE and rMAE values are
generally low but vary depending on location, indicating that model accuracy is strongly
grid-point dependent.

5.2 Drift Detection

5.2.1 Overview of Trend Patterns

To gain an initial understanding of the magnitude and spatial distribution of temporal
trends, Mann-Kendall tests were conducted at all available grid points. The analysis
was applied to (i) the observed backscatter values, (ii) the model predictions, (iii) the
residuals, and (iv) the input variables. The resulting Kendall’s Tau values indicate both
the direction (positive/negative) and strength of monotonic trends over the observation
period. Figure 5.3 and Figure 5.4 presents the spatial distribution of Kendall’s Tau
values, allowing a direct comparison of temporal trend strength and direction across the
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(a) rRMSE

(b) rMAE

(c) PCC

Figure 5.2: Model evaluation of rRMSE, rMAE and PCC.
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study area. Clear regional patterns can be visually identified, highlighting areas with
particularly strong or weak trends.

In addition, Sen’s slope estimates were calculated to quantify the absolute magnitude of
change. While slope values are presented in the appendix (7.1), key findings are briefly
described in the following sections.

(a) Tau – Prediction

(b) Tau – Residuals

Figure 5.3: Kendall’s Tau for each prediction and residuals across the study area.

Target variable The Kendall’s Tau values for observed backscatter reveal a clear
spatial pattern. While positive trends dominate across large parts of the study area,
negative trends are concentrated in the northwest and western regions. Overall, 74% of
all grid points show positive trends, 18% negative trends, and 8% no significant trend.
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(a) Tau – LAI

(b) Tau – SM

(c) Tau – backscatter

Figure 5.4: Kendall’s Tau for each input variable across the study area.44
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Very strong positive trends are found in areas surrounding major cities such as Sydney
and Melbourne. Small clusters of weakly negative trends also appear along the east coast
and in the northern central part of the region. Despite the generally negative trend in
the northwest, some grid points show positive trends as well.

An examination of the Sen’s slope values highlights two distinct clusters with strong
trends: one negative cluster in the west with decreases ranging from 0.164 to 0.274 dB
per year, and one positive cluster in the northeast with increases of approximately 0.329
dB per year for the period 2015–2022. Across the entire study area, the average trend
amounts to +0.054 dB per year.

Predictions The Kendall’s Tau values for the model predictions show a similar overall
pattern to the observed backscatter trends. However, the positive trends are generally
less pronounced, particularly in urban regions where strong trends were observed in the
backscatter. Across all grid points, 80% show positive trends, 14% negative trends, and
7% no significant trend.

In contrast to the backscatter results, the Sen’s slope values for the predictions exhibit a
narrower range of variation. The model outputs display no sharply localized clusters of
strong increase or decrease. Instead, the slope values are more evenly distributed across
space. The estimated slopes range between –0.149 and +0.201 dB per year, with a mean
value of +0.041 dB per year.

Residuals The residuals show a distinct pattern compared to the observed and predicted
values. The Kendall’s Tau values indicate a dominance of negative trends across the study
area: 63% of grid points exhibit negative trends, 25% positive trends, and 12% show no
significant trend. Urban areas, which already stood out in the backscatter results, are
again clearly visible.

The corresponding Sen’s slope values (Appendix) reveal several localized clusters with
stronger trend magnitudes — similar in location to those found in the backscatter data,
but not captured to the same extent by the model predictions. These areas stand out
more clearly in the residual slope map than in the prediction slopes.

In most regions, residual trends show an opposite direction compared to the trends in
observed values, resulting in markedly contrasting spatial patterns.

Input Variables The Kendall’s Tau values for LAI indicate a mixed but spatially
structured trend pattern. 60% of grid points show positive trends, 28% negative, and
12% no significant trend. Strong negative trends are particularly concentrated in the
western part of the study area, with additional areas of weak negative trends along the
east coast.

The corresponding MK test results Sen’s slope confirm these patterns, showing clearly
distinguishable regions with both increasing and decreasing LAI over time. The mean
slope is 0.00876 per year, with especially strong negative slopes along the east cost and
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also in the west, while the area of southeastern Murray-Darling Basin exhibit consistent
positive changes throughout the period 2015–2022.

The Kendall’s Tau results for SM show a clear dominance of increasing trends: 90% of
grid points exhibit positive trends, 2% negative, and 8% no significant trend. No strong
negative clusters are visible.

The Sen’s slope values support this observation, indicating a general increase in soil
moisture across most of the study area. The area of southeastern Murray-Darling Basin
with elevated slope values suggests locally stronger daily increases over the test period.

5.2.2 Trend-Based Classification
In order to better understand the interaction of trends in the target variable, the model
predictions and the residuals, the grid points were classified. Points were assigned to
specific categories depending on the presence of significant trends in (1) the observed
backscatter, (2) the model predictions and (3) the residuals. The aim of this categorization
is to identify patterns in which the model either “drifts” with the target variable, remains
stable or develops systematic errors.

A total of 8 categories were defined, which represent different combinations of trend
constellations (e.g. positive trend in target and prediction, but stable residuals).

Category Backscatter Prediction Residuals
A No trend No trend No trend
B Trend Trend No trend
C Trend No trend Trend
D Trend Trend Trend
E No trend Trend Trend
F No trend Trend No trend
G No trend No trend Trend
H Trend No trend No trend

Table 5.2: Definition of trend-based categories based on the presence of significant trends
in the target variable (Backscatter), model predictions, and residuals.

The interpretation of each category helps to better understand how the model responds
to different trend constellations. Category A is of little relevance in this context, as
no significant trend is observed in any of the three time series (backscatter, prediction,
residuals). In contrast, category B shows matching trends in the target variable and model
predictions, while the residuals remain stable. This suggests that the input variables
explain the trend well and the model captures it correctly.

Category C shows a trend in the backscatter that is not reflected in the predictions, while
the residuals exhibit a significant trend. In this case, the model fails to represent the
observed development, indicating that relevant information is either missing from the
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input data or not captured by the model. The cause of the trend likely lies outside the
scope of the model.

The majority of grid points fall into category D. Here, both the target variable and the
model predictions show a trend, but the residuals also exhibit a systematic pattern. This
may indicate that the model captures the general direction of change but not its full
dynamics – for example, it may respond too slowly or with the wrong magnitude. The
model appears to "drift along" with the target, but not in perfect alignment.

Category E includes points with no trend in the backscatter, yet both predictions
and residuals show trends. This suggests that the model systematically forecasts a
development that does not occur in reality, possibly due to misleading patterns in the
input variables. This may point to overfitting to irrelevant input trends.

In category F, predictions show a trend despite no trend in the target variable, but the
residuals remain stable. This could indicate a slight model bias that does not substantially
affect the prediction error. It might reflect a minor misinterpretation of input patterns
by the model.

Category G exhibits no trend in the target or predictions, yet the residuals show a
systematic development. This might indicate that subtle shifts in the target variable
are not fully captured by the model, even though the predictions appear stable. It may
reflect non-linear effects or slow changes that accumulate in the residuals.

Finally, category H shows a trend in the backscatter, while both predictions and residuals
remain constant. This may imply that the model does not react to the ongoing change,
either because the trend is too weak to be detected or because the model lacks sensitivity
to gradual developments. It is also possible that small errors cancel each other out over
time, masking a systematic drift.

Spatial Distribution of Categories Figure 5.5 illustrates the spatial distribution of
the trend-based categories across the study area. Category D is by far the most prevalent,
occurring throughout the entire region and dominating the classification. It is widespread
and appears in all parts of the study area.

Category C is primarily concentrated in the western part of the region, with additional
occurrences along the northeastern coastline. Similarly, category A is mostly found in
the west but also appears sporadically along the eastern coast.

Category B is scattered across the study area without clear spatial clustering. While
points often occur in small groups, there are no larger accumulations or dominant zones
associated with this category.

Detailed Analysis of Categories In order to better understand the model behav-
ior within the defined categories, exemplary grid points were selected and their time
series analyzed. The visualizations include the target variable (backscatter), the model
predictions and the residuals.
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Figure 5.5: Trend categories in study area

Category Number of gridpoints
D 1751
B 219
A 193
C 112
H 8

Table 5.3: Number of grid points assigned to each trend category.

The initial focus is on categories B and C, as a direct comparison can be made here
between a well-functioning model (category B) and clearly faulty model performance
(category C).

The time series presented for category B (Figure 5.6a) demonstrate that the model
captures the observed patterns very well. The trends in the target variable – even if only
weakly pronounced in some cases – are reliably reflected in the model predictions. There
is strong agreement between backscatter and prediction, both in terms of overall trend
and seasonal dynamics.

The rolling mean of the residuals (Figure 5.6b) supports this observation: the residuals
remain stable throughout the entire period and do not show any systematic drift over
time. This indicates robust model performance without evidence of temporal bias.
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5.2. Drift Detection

(a) Timeseries of backscatter-signal (b) Rolling Mean of residuals

(c) Location of gridpoint

Figure 5.6: Timeseries (a), rolling mean (b) and location (c) of analyzed gridpoint
2278197 at 38.45 ◦ S, 143.34 ◦ E from category B.

The time series for category C (Figure 5.7a) show that the model is unable to produce
reliable predictions based on the available input data. While the backscatter exhibits a
change over a specific time period, the model predictions remain largely constant and do
not capture this development.

This poor model performance can be explained by the weak correlation between the
input variables and the target. At this grid point, the correlation between backscatter
and soil moisture is –0.016, and with LAI it is –0.028. These values indicate that neither
variable is suitable for explaining backscatter in this part of the study area. As a result,
the model relies entirely on the day-of-year as input – a variable that, on its own, is
insufficient to represent the observed changes.

The time series for category D (Figure 5.8a) show that both the target variable (backscat-
ter) and the model predictions exhibit a clear trend. Overall, the model depicts the
overarching development well and reacts appropriately to the observed changes. Never-
theless, the residuals show a systematic pattern, which indicates minor deviations in the
strength of the trend or over time - for example, when the backscatter increases faster
than the prediction.

Such deviations can be explained by differences in the slope or a temporal shift between
input and target variable. Overall, however, the model demonstrates a solid ability to
capture the underlying processes, even if individual aspects of the trend are not fully
represented.

In one example from category D (Figure 5.9), the model’s behavior varies notably over
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(a) Timeseries of backscatter-signal (b) Location of gridpoint

(c) Timeseries of input variables

Figure 5.7: Timeseries (a,c) and location (b) of analyzed gridpoint 2463868 at 30.62
◦ S, 139.28 ◦ E from category C.

time. During certain periods, the prediction closely follows the observed deviations in
the backscatter, indicating a strong alignment between input-driven dynamics and target
response. However, in other time intervals, the model fails to capture emerging trends,
resulting in a growing mismatch.

To illustrate these patterns more clearly, Figure 5.10 shows the time series of soil moisture,
LAI, and backscatter for the representative grid point.

A closer look at the period from 2010 to 2012 in Figure 5.10 reveals that soil moisture
and the Leaf Area Index (LAI) increase almost simultaneously, albeit with a slight time
lag. The rise in soil moisture promotes plant growth, which is reflected in the increasing
LAI. In parallel, the backscatter signal also increases during the first part of this period,
capturing the rising water content in the soil.

Notably, the backscatter signal decreases much more slowly than both soil moisture and
LAI: while soil moisture drops significantly and LAI declines as well, the backscatter
remains elevated for a longer time and only gradually decreases. A similar pattern can
be observed during the 2016–2018 period.
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(a) Timeseries of backscatter-signal (b) Rolling Mean of residuals

(c) Location of gridpoint

Figure 5.8: Timeseries (a), rolling mean (b) and location (c) of analyzed gridpoint
2294777 at 37.72 ◦ S, 144.61 ◦ E from category D.

(a) Timeseries of backscatter-signal (b) Rolling mean of residuals

(c) Location of gridpoint

Figure 5.9: Timeseries (a), rolling mean (b) and location (c) of analyzed gridpoint 2420728
at 32.37 ◦ S, 144.22 ◦ E from category D.
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Figure 5.10: Time Series of input variables for gridpoint 2420728 at 32.37 ◦ S, 144.22 ◦

E.

The period from 2020 to 2023 is particularly interesting. Unlike the previous intervals,
soil moisture does not exhibit longer phases of steadily increasing and consistently high
values, but rather a series of short-term peaks. This pattern suggests a general trend
towards increasing soil saturation, albeit without sustained plateaus. The backscatter
signal captures this increase in soil moisture accordingly. In contrast, the LAI follows a
clear seasonal pattern, with annual peaks during the middle of the year.

This example is particularly interesting as it does not show a continuous long-term trend
but rather distinct episodes of sharp change, likely related to extreme events. These
abrupt shifts appear to drive the overall trend signal detected in the Mann-Kendall test.
Such cases highlight the limitations of the current trend-based classification, which does
not distinguish between continuous developments and event-driven changes – a gap that
is addressed in the following segmentation based on trend strength.

5.2.3 Trend Strength Segmentation

While the category-based classification provides valuable insights into the relationship
between target variable, prediction, and residuals, it does not specify the nature of the
trend in the target variable itself. In particular, it does not distinguish whether the
observed trend is continuous or confined to specific time periods, such as during extreme
events. Moreover, the strength of the trend remains unaddressed within the categorical
framework.

The following section therefore introduces a segmentation based on the strength of the
trend in the target variable. This segmentation is derived from the absolute value of
Sen’s slope and the Kendall’s Tau coefficient. The aim is to identify and characterize
different types of trend behavior in the backscatter time series – whether gradual or
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abrupt, weak or strong – and to better understand their role in overall trend formation.

To operationalize this differentiation, four distinct trend segments were defined based
on the combination of Sen’s slope and Kendall’s Tau. As described in the chapter 4.2.3
Mann-Kendall Test: While Sen’s slope captures the magnitude of change, Tau reflects
the consistency and directionality of the trend over time. This dual criterion allows for a
more nuanced description of trend dynamics.

The segmentation distinguishes between low and high slope values, as well as weak and
strong monotonicity, resulting in the following groups:

• Segment 1 – No or weak trend: Tau close to 0, low slope

• Segment 2 – Continuous but weak trend: High Tau, but low slope

• Segment 3 – Strong but irregular trend: Low Tau, but high slope

• Segment 4 – Strong and continuous trend: High Tau and high slope

This classification makes it possible to take into account both the intensity and the
consistency of the trend - for example, to distinguish whether a strong increase is caused
by a few “jumps” (e.g. extreme events) or by a consistent development.

The segmentation is based on threshold values of 0.15 for Kendall’s Tau and 0.0002 for
the absolute value of Sen’s slope. The same thresholds are applied symmetrically for
negative trends, allowing for a consistent classification across all directions of change.

Figure 5.11b shows the spatial distribution of the four trend segments (S1–S4), with each
grid point color-coded according to its assigned group.

The majority of points (87 %) fall into Segment 1, while the remaining segments are
distributed as follows: S2 – 7 %, S3 – 3 %, S4 – 3 %.”

This indicates little to no discernible trend in the backscatter time series across most of
the study area. Notably, this is the case despite the relatively low threshold chosen for
Kendall’s Tau (±0.15), which was already intended to capture weak monotonic signals.
This suggests that large parts of the region exhibit highly stable or noisy backscatter
dynamics. Adjusting this threshold could be an avenue for future sensitivity analysis.

The remaining segments (S2–S4), which reflect stronger or more consistent trends, are
primarily located in the interior of the study area. Segment 4, representing strong and
continuous trends, is mostly concentrated in central inland regions, with a few points
near urban centers such as Melbourne and Sydney. Segment 3, capturing strong but
irregular changes, is also predominantly found inland. Segment 2, which corresponds
to weak but consistent trends, is more widely dispersed, including along the eastern
coastline and at several scattered locations throughout the study area.

To better illustrate the characteristics of the defined trend segments, representative grid
points from segments S2 to S4 were selected for visual inspection. For each point, time
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(a) Sen’s Slope vs. Kendall’s Tau with segment-based color coding

(b) Spatial distribution of the classified grid points

Figure 5.11: Trend segmentation and spatial distribution of grid points

series of the target variable (backscatter), model predictions, and residuals are shown,
along with the input variables. The examples highlight typical dynamics within each
segment and allow for a qualitative interpretation of trend type and model behavior.

A representative grid point from Segment 4 is located in the urban region of Melbourne.
The time series (Figure 5.12a) reveals a clear and continuous upward trend in backscatter
across the entire period, which is reflected in the consistently increasing annual means.
This point shows the highest Kendall’s Tau (0.556) and Sen’s slope (0.000389) of the
entire dataset, making it the upper-right outlier in the Tau–Slope scatterplot. In the
previous trend-based classification, this grid point was assigned to Category D.

While the model predictions generally follow the seasonal dynamics, they fail to keep
up with the steadily rising backscatter values. As a result, the residuals increase
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5.2. Drift Detection

(a) Timeseries of backscatter-signal (b) Location of gridpoints

(c) Annual percentage change of backscatter in Seg-
ment 4

Figure 5.12: (a) Time series and (b) location of a representative grid point from
Segment 4. (c) Annual percentage changes in backscatter for all grid points in
Segment 4.

systematically over time – a sign of underestimation in the presence of a strong trend.

Figure 5.12b provides spatial context by showing the location of the selected grid point
within the study area. Figure 5.12c presents a heatmap of the annual percentage change
in backscatter for all grid points in Segment 4. Most points, particularly those in the
upper part of the heatmap (including Melbourne), show small but consistent year-to-year
increases. In contrast, a few points in the lower section of the plot display opposing
trend behavior. These will be revisited in the discussion. Overall, the heatmap suggests
that some years are drier (positive annual changes), while others are wetter (negative
changes), even within a segment defined by overall strong and continuous trends.

The selected point for segment 2 is in the region around Sydney (Figure 5.13c). The time
series of the backscatter signal (Figure 5.13c) shows a positive, steady trend. With a tau
value of 0.376891, this point is one of the stronger trend points within the entire study
region, whereas Sen’s Slope only has a moderate slope of 0.000124.

In the classification from section 5.2.2, this point falls into category D, which means that
both the target and the residuals show a positive trend.
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(a) Timeseries of backscatter-signal (b) Location of gridpoints

(c) Annual percentage change of backscatter in Seg-
ment 2

Figure 5.13: (a) Time series and (b) location of a representative grid point from
Segment 2. (c) Annual percentage changes in backscatter for all grid points in
Segment 2.

The associated heat map (Figure 5.13c) of the annual percentage changes confirms the
impression of continuous change: extreme events such as abrupt jumps or breaks do not
occur. Nevertheless, certain large-scale trends can be identified, such as years with drier
or wetter conditions overall.

The point selected for segment 3 is located inland, near Hillston in New South Wales
(Figure 5.14b). The time series (Figure 5.14a) shows large differences between years, with
phases in which trends intensify over several years before reversing. The point belongs to
category D from the classification described in section 5.2.2.

The tau value is 0.148599, the Sen’s slope is 0.000205. This means that the trend is
weaker than in segment 2, but still clearly pronounced. It is striking that this segment
also includes some points where large seasonal fluctuations - without the occurrence of
extreme events - provide a classification.

The associated heat map (Figure 5.14c) clearly shows the patterns: strongly positive and
strongly negative years are clearly recognizable. All points in this segment follow these
overarching trends very consistently.
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(a) Timeseries of backscatter-signal (b) Location of gridpoints

(c) Annual percentage change of backscatter in Seg-
ment 3

Figure 5.14: (a) Time series and (b) location of a representative grid point from
Segment 3. (c) Annual percentage changes in backscatter for all grid points in
Segment3.

5.3 Discussion

At certain grid points or in specific regions, the model does not perform satisfactorily,
while at the same time, there are regions where we achieved very good results. Evidently,
a crucial feature is missing that would sufficiently explain the variability of the backscatter
signal in these cases. While it is not yet clear which specific feature is responsible, it
is evident that the currently considered explanatory variables — vegetation and soil
moisture + a time component — are not sufficient to fully model the observed backscatter
in the whole study area. This issue will be addressed in more detail in the chapter “Future
Work”. If a trend in backscatter is indeed present at these locations, this suggests that
the missing factor is dynamic over time. It is certainly something that is not captured by
the current soil moisture and vegetation datasets. Although it could still be related to
soil moisture or vegetation in principle, this relationship is not adequately represented in
the available data. This issue will also be discussed in greater detail in the chapter on
limitations.
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Model errors Notably high model errors (rRMSE, rMAE) were observed at grid points
located in urban regions such as Sydney and Melbourne. This is likely due to the complex
surface characteristics in cities, where built structures cause irregular radar backscatter
that cannot be captured by vegetation and soil moisture inputs alone.

Correlations The observed spatial differences in correlation (Figure 5.1) can be ex-
plained by the nature of land surface conditions and their interaction with radar signals.
In areas dominated by sparse vegetation, cropland, shrubland, or grassland, the moderate
to good correlation between LAI and backscatter likely results from seasonal vegetation
changes that affect canopy structure and surface roughness — factors to which radar is
sensitive. In contrast, weak or even negative correlations in the arid region between Lake
Torrens and Lake Frome may be caused by dry, rocky soils and subsurface scattering
effects that distort the relationship between vegetation and radar response.

Evergreen forest areas show consistently low or negative correlation between LAI and
backscatter, which can be attributed to signal saturation in dense canopies. In such
conditions, increases in leaf area no longer lead to measurable changes in backscatter.
Moreover, volume scattering and complex structural interactions dominate the radar
signal, making LAI a poor predictor.

The correlation between backscatter and soil moisture is strongest in agricultural areas,
where well-defined moisture cycles and relatively sparse vegetation allow the radar to
respond clearly to surface wetness. In contrast, the same arid region between the salt lakes
again shows weak or negative correlation values, highlighting the difficulty of capturing
meaningful soil moisture dynamics under such conditions.

5.3.1 Environmental Characteristics of Key Locations
In the following, three selected locations are examined in more detail to highlight their
specific characteristics and how these may influence the interpretation of input variables
and backscatter observations.

In and around Salt Lakes In the region between Lake Torrens and Lake Frome
(this area is shown in Figure 5.7), the vegetation cover is extremely sparse and consists
primarily of salt-tolerant species such as samphire. Due to their small or absent leaf
surfaces, these plants contribute only minimally to the Leaf Area Index (LAI). Combined
with the extreme soil conditions — characterized by a thin salt crust overlying soft,
water-impermeable clay — this results in overall very low and weakly dynamic LAI time
series, which are of limited value for modelling or interpreting soil moisture dynamics.

Similarly, in salt lakes such as Lake Torrens and Lake Frome, the C-band backscatter
signal recorded by the ASCAT sensor is almost entirely reflected at the surface, especially
when dry salt crusts are present. As a result, the signal provides little to no information
about subsurface moisture or hydrological changes, which severely limits its usefulness
for soil moisture estimation in these environments.
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As outlined in the background chapter on remote sensing, specularly reflecting surfaces
such as dry salt crusts or calm open water bodies tend to deflect most of the microwave
energy away from the sensor. This leads to very low backscatter values (σ0) that do not
correlate with either soil moisture or vegetation conditions.

Taken together, neither the input variables — soil moisture and leaf area index, nor the
target variable backscatter provide valid or interpretable measurements in this region.

Urban regions In the areas shown in Figure 5.12 and Figure 5.8, a clear temporal trend
in the backscatter signal can be observed: it increases continuously and, in some cases,
quite markedly over the study period. The model predictions are only able to partially
reproduce this trend — while there is a slight increase in some locations, in others the
predictions remain stable over time. This suggests that the input data, particularly soil
moisture and Leaf Area Index, reflect the actual surface changes, but only to a limited
extent (or in some cases hardly at all).

During the study period, Melbourne experienced substantial urban growth. The metropoli-
tan population increased from approximately 3.6 million in 2007 to over 4.9 million by
2020, with reaching around 5.3 million by 2024 [Aus21] [Mac24]. In response to this de-
mographic development, the Victorian state government implemented significant changes
to the Urban Growth Boundary (UGB) in 2010 and again in 2012, adding approximately
6,000 hectares of land to accommodate residential and commercial expansion [Vic17].

To investigate this situation, optical satellite imagery from 2007 and 2020 (Figure 5.15)
was examined for the Melbourne region. The comparison reveals urban expansion,
including new residential and industrial areas, a denser road network, and increased
surface sealing. These developments result in greater surface roughness and the emergence
of radar-relevant structures (e.g., building corners) that enhance C-band radar backscatter.
However, these structural changes are not explicitly captured by standard input variables
such as soil moisture or LAI, which explains why the model predictions only partially
reflect the observed backscatter trends.

The hypothesis, therefore, is that the observed increase in backscatter in that case is
primarily driven by ongoing urbanization and the sealing of surfaces in and around
Melbourne.

Responsive open landscape The investigated grid point at 32.37 ◦ S / 144.22 ◦ E
(Figure 5.10) is located in western New South Wales (Australia), between the towns
of Ivanhoe and Wilcannia. It comprises a mixture of four land cover types: mosaic of
trees and shrubs with herbaceous vegetation, grassland, sparse vegetation, and pure
herbaceous cover. These types share the characteristic of open to semi-open vegetation
structures with a high proportion of herbaceous plants. As a result, they are particularly
sensitive to climatic variability such as rainfall events or drought periods.

The low to moderate vegetation height allows for direct observation of the soil surface
by radar, facilitating a strong coupling between soil moisture and backscatter. At the

59



5. Results and Discussion

(a) Melbourne 31.12.2007 (b) Melbourne 31.12.2020

Figure 5.15: Optical imagery of urban Expansion in and around Melbourne 2007 vs 2020
(Source: Google Earth Pro [Goo24])

same time, the open structure supports pronounced seasonal dynamics in vegetation
development, as reflected in the LAI. This combination of factors makes the site par-
ticularly suitable for analyzing the relationships between soil moisture, vegetation, and
radar backscatter. In the following, the time series shown in Figure 5.10 is analyzed more
closely.

The years 2010–2012 and 2016 show a consistent pattern in the interaction between soil
moisture, vegetation, and radar backscatter: In both periods, above-average rainfall led
to a marked increase in soil moisture, accompanied by vegetation growth (as reflected
in the LAI) and a corresponding rise in the backscatter signal. While soil moisture
and LAI declined relatively quickly after the end of the wet phases, the backscatter
signal decreased much more slowly. This delayed response can likely be explained by the
radar’s sensitivity to near-surface moisture residues, increased surface roughness due to
vegetation remains, or structural changes in the soil surface. Such effects can sustain
elevated backscatter levels even after soil moisture and LAI have already returned to
lower values.

In contrast, the period from 2020 to 2023 exhibits a different pattern: although soil
moisture increased in the form of numerous short-term peaks without reaching a sustained
high level, the backscatter signal shows a continuous upward trend throughout this period.
At the same time, LAI follows a clear seasonal cycle but reaches increasingly higher peak
values over the years, particularly in 2023. A possible explanation for this behavior lies
in the cumulative impact of repeated rainfall events during consecutive La Niña years
(a climatic phase characterized by above-average rainfall in parts of Australia due to
changes in Pacific Ocean and atmospheric circulation). Even if the soil periodically dries
out, near-surface moisture residues, an increasing cover of organic material, or structural
changes to the soil surface — such as erosion, surface crusting, or increased roughness —
may contribute to a steadily rising backscatter signal. The combination of these factors
could explain the observed continuous increase in backscatter, even though a similar
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trend is not visible in the soil moisture data.

Overall, this development highlights the complex interactions between rainfall patterns,
vegetation dynamics, soil surface structure, and radar backscatter over longer time scales.

5.4 Limitations and Critical Reflection
Despite the careful design and implementation of this study, certain limitations should
be acknowledged when interpreting the results.

First, all input data used, such as ASCAT backscatter and ERA5-Land soil moisture,
are based on remote sensing systems or model simulations. These data sets are highly
valuable but subject to measurement errors, modeling assumptions, and system-specific
constraints. For example, the soil moisture product of ERA5-Land is bounded by a
minimum threshold, which can result in under-representation of extreme dry conditions
in arid environments.

From a methodological perspective, the selection of models was intentionally limited to
three established regression approaches, and hyperparameter values were fixed globally.
More complex or locally adapted models could not be tested due to computational and
time constraints. Similarly, only one third of the available grid points within the defined
spatial domain were included in the analysis to maintain feasible runtime. However, the
selected sample was spatially balanced and representative of the overall region.

The interdisciplinary nature of this research also presents challenges. As a data scientist,
I do not have in-depth expertise in geoscience or remote sensing. However, a solid under-
standing of the physical processes involved — as well as of satellite sensor characteristics

— is essential for correctly interpreting and modeling environmental variables. Ongoing
collaboration and exchange between disciplines is therefore crucial to ensure the validity
and robustness of scientific conclusions.

Lastly, caution is needed when interpreting local results. Individual grid points may
exhibit striking or unusual patterns, but these cannot be readily generalized to other
areas. The high spatial heterogeneity of land surface characteristics — such as land cover,
climate, and land use — makes direct extrapolation difficult. It is therefore essential to
keep the generalizability of interpretations in mind when analyzing localized phenomena
and to always consider them within a broader spatial context.

The results presented in this study apply exclusively to the selected study area and
observation period. Generalization to other regions or time frames should be approached
with caution.
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CHAPTER 6
Conclusion

The aim of this study was to model the ASCAT backscatter signal using a machine
learning approach and to investigate how trends in observations, model predictions, and
residuals can reveal spatial and temporal drift patterns. The two research questions
guided the analytical framework and are answered below.

Research Question 1: To what extent can the ASCAT backscatter signal be estimated
with a machine learning model, evaluated based on rRMSE, rMAE, Pearson correlation
coefficient, and runtime?

The results show that the selected machine learning model is capable of approximating
the backscatter signal with satisfactory accuracy. The average error metrics (rRMSE and
rMAE) fall within an acceptable range, and there is a clear correlation between predicted
and observed values. Moreover, the computational performance remains practical, even
for larger datasets, supporting the scalability of the approach to broader regional analyses.

Research Question 2: To what extent can Mann-Kendall test results for ASCAT
backscatter, model predictions, and residuals be used to identify spatial and temporal
drift patterns that may reflect long-term land cover change?

The findings demonstrate that combining Mann-Kendall trend tests across observations,
predictions, and residuals is an effective method for distinguishing different types of drift.
While trends in the backscatter signal alone often reflect environmental change, only the
inclusion of residual trends allows for an assessment of model stability over time. The
resulting trend categories and segmentation enable a spatially explicit identification of
areas potentially affected by long-term shifts in vegetation structure, land cover, or soil
conditions. Analyses of selected example time series confirm that the method can capture
both gradual changes and abrupt events and help in interpreting their potential causes.

In conclusion, this study shows that the integration of machine learning and trend
analysis provides a robust framework for both modeling radar backscatter and detecting
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longer-term environmental dynamics. The proposed approach was successfully applied
across diverse landscapes ranging from open grasslands and shrublands to forested
areas, agricultural land, and urban regions, and offers valuable potential for systematic
monitoring of environmental change using remote sensing time series.

6.1 Future Work
While this study provides valuable insights into long-term trends in the backscatter
signal and its relationship with soil moisture and LAI, several avenues for future research
remain.

One important aspect concerns the seasonal dynamics, which were clearly present in the
data but not the primary focus of this work. Future studies could apply models such
as SARIMAX or other approaches capable of explicitly capturing seasonal components
to better reflect seasonal variability. Due to computational constraints and limited
time, such models were not explored in this study. Moreover, alternative resampling or
aggregation strategies for input data or residuals could help to reveal additional seasonal
structures and assess their impact on trend detection.

Another promising direction involves the analysis of outliers. Outliers are common
in environmental datasets but were not systematically addressed here. A dedicated
examination of outliers – or their exclusion in certain contexts – could improve model
accuracy and reduce potential distortions in trend estimations.

Additionally, the thresholds used for trend classification in this study were manually
selected. Although sensitivity analyses suggest that moderate changes in thresholds have
only minor effects on overall results, automated or dynamic thresholding techniques could
enhance the robustness and reproducibility of future classifications.

This analysis was conducted on a selected study area in Australia, chosen primarily for
computational feasibility. A global-scale analysis would be a highly interesting extension.
Preliminary explorations prior to defining the study area indicated that some regions
– such as parts of France – show almost no long-term backscatter trends, while other
regions may exhibit even stronger changes than those observed in the selected area.

Finally, deeper feature selection and expansion could further improve the prediction of
backscatter. Incorporating additional explanatory variables may lead to better model
performance, particularly at grid points where current predictions are weak or where
strong trends in the observations are not adequately captured by the model. This could
support a more precise understanding of the underlying drivers and improve model
generalizability.
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Appendix
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(a) Slope – LAI (b) Slope – SM

(c) Slope – Prediction (d) Slope – Residuals

(e) Slope – backscatter

Figure 7.1: Sen’s slope for each variable across the study area.
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Overview of Generative AI Tools
Used

In the course of this work, AI-based tools were used to support the writing and editing
process. For translation tasks, the web-based tool DeepL Translator (accessed July 2025)
was employed due to its high accuracy and fluency [Dee25]. Furthermore, ChatGPT-4o
by OpenAI (May 2024 release) was used via the platform chat.openai.com to assist
with rephrasing statements, ensuring grammatical correctness, and eliminating spelling
mistakes [Ope24]. These tools served as support and did not replace critical human
judgment.
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