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INTRODUCTION

Day and night, a plethora of sensors keep a watchful eye on our planet. Satel-
lite instruments measure everything from global greenhouse gas concentra-
tions to forest composition and urban growth (Asner et al., 2017; Frankenberg
et al., 2016; Macarringue et al., 2022). On the ground, measurement stations
provide localized information on, e.g., soil moisture, air quality, and carbon
fluxes (Karagulian et al., 2019; Miller et al., 2007; Richardson et al., 2006).
Meanwhile, continental-scale weather radar networks not only detect pre-
cipitation but also capture the aerial movements of birds, bats and insects
(Bauer et al., 2017; Saltikoff et al., 2019). The extensive geospatial datasets
collected over the past decades offer unprecedented opportunities to monitor,
understand, and predict complex Earth system processes across scales. In the
face of pressing environmental challenges, ranging from climate change to
biodiversity loss, leveraging this wealth of data effectively has never been
more critical (Gonzalez et al., 2023; Guo et al., 2015; Mastrdngelo et al., 2019).

Translating raw Earth observation data into meaningful insights into the past,
present, and future of our planet is challenging. Sensors provide only incom-
plete and noisy snapshots of reality and are prone to measurement biases and
noise. The collected data must therefore be supplemented with additional
information. This information typically comes in the form of prior knowledge
or assumptions about the underlying processes. In the geosciences, it is com-
mon to encode prior knowledge into numerical models® that simulate the
spatio-temporal dynamics of natural processes based on physical principles
and mathematical descriptions of known mechanisms (Gerya, 2019; Kalnay,
2003; Solomon et al., 2007). These models are then fused with data, a process
called data assimilation, to obtain the best possible estimate of the true state
of, for example, the atmosphere. This can be used to correct noisy measure-
ments and to fill data gaps in space and time (Reichle, 2008). The resulting
state estimates can then serve as initial conditions for the numerical model
to make well-informed predictions about the future. The synergy of these
two complementary components, numerical models and data assimilation
methods, has revolutionized the field of weather forecasting (Bauer et al.,

1 Also called mechanistic, theory-driven, or process-based models.
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2015) and presents the foundation of modern Earth system science (Carrassi
et al., 2018). Yet, the success of these techniques relies heavily on our ability
to mathematically formulate the underlying processes — a requirement that
becomes challenging when dealing with systems where mechanisms are only
poorly understood or too complex to capture accurately at relevant scales.

Many ecological processes fall into this category. While physical processes,
such as the flow of water or wind patterns, are typically governed by well-
defined physical laws that operate consistently across time and space, eco-
logical processes are shaped by living organisms. Each organism may behave
slightly differently depending on various internal and external factors. This
variability combined with feedback loops and interactions across multiple
scales, from cells to individuals and entire communities, can give rise to
complex and seemingly stochastic patterns, making it extremely difficult to
understand and model ecosystems in their full complexity (Conrad, 2012).
Therefore, only incomplete or highly simplified theoretical models may be
available. In such cases, classical numerical forecasting and data assimilation
methods are either not applicable at all or would lead to unreliable outputs.

This thesis explores alternative solutions to facilitate accurate spatio-temporal
forecasts and inferences in cases where only incomplete prior knowledge
about the underlying process is available. Throughout the thesis, we will
place a particular focus on bird migration, which is a prime example of a
complex, partially understood process that defies the use of classical numerical
forecasting and data assimilation.

1.1 UNDERSTANDING AND PREDICTING BIRD MIGRATION

The seasonal movements of migratory birds represent one of nature’s most
spectacular phenomena, with billions of animals flying across continents each
year (Dokter et al., 2018; Nussbaumer et al., 2021). Through these movements,
migrants couple distant ecological communities with each other and thus
critically contribute to the functioning and biodiversity of ecosystems (Bauer
and Hoye, 2014). However, migrating birds face increasing challenges as
humans continue to transform both landscapes and airspaces: light pollution
affects their navigation at night (Burt et al., 2023; La Sorte et al., 2017; McLaren
et al., 2018), human infrastructure like buildings, wind turbines and aircraft
create collision risks along migration routes (Hiippop et al., 2006; Loss et
al., 2015; van Gasteren et al., 2019), and climate change disrupts the finely
tuned timing of their journeys relative to resource availability (Crick, 2004).
In the long term, these conflicts may pose a significant threat to migratory
bird populations and thus to ecosystem stability worldwide. Ecologists are
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therefore striving to better understand the behaviors of migratory birds and
translate these insights into forecasts that can be used to effectively mitigate
human-wildlife conflicts in practice.

To achieve this, migration patterns need to be quantified over long time
periods and large spatial extents. Operational weather radar networks have
emerged as a powerful tool in this regard (Bauer et al., 2017). Although
originally designed for meteorological purposes, these radars also detect large
numbers of birds flying through the observed airspace and have therefore
become a key data source for quantifying the mass movements of nocturnally
migrating passerines. During the past few decades, considerable efforts have
been made to separate biological radar echoes from meteorological echoes
and translate them into biologically meaningful quantities (Dokter et al., 2011;
Lin et al., 2019; Nebuloni et al., 2008; Schmaljohann et al., 2008). This has
enabled researchers, for example, to map migratory flyways and quantify the
associated biomass flows at the continental-scale (Dokter et al., 2018; Nilsson
et al., 2019).

Despite these advances, several methodological challenges persist. First, the
range in which radars can detect biological targets is limited, leaving large
areas between radars unobserved. This makes it difficult to obtain a com-
prehensive picture of past, current, and future migratory movements across
entire radar networks. Second, it remains challenging to automatically trans-
late low-level radar scans into high-resolution movement patterns. On the one
hand, this is due to biological echoes being much weaker than meteorological
ones, resulting in high noise levels and occlusion by rain and other artifacts.
On the other hand, weather radars can only measure radial velocities, i.e.
the component of the movement vector pointing towards the radar antenna.
That means that only incomplete information on the speed and direction of
migratory movements is available.

Given an accurate mechanistic description of migratory movements, these
challenges could be addressed using classical data assimilation techniques.
However, there remain substantial gaps in our understanding of bird migra-
tion. While the key drivers, such as wind, rain, temperature, time constraints,
and individual energy reserves, are well known, the precise relationships
between these factors and migratory behaviors are complex and can vary
across environments (van Belle et al., 2007), species (Jenni and Schaub, 2003),
or even between individuals with distinct physiology and life history (Brown
et al., 2021). Existing mechanistic models attempt to tackle this complexity
by simulating the movements of individual birds with diverse properties
and strategies (Aurbach et al., 2020; Liechti et al., 2013; McLaren et al., 2012;
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Vrugt et al., 2007). These models have contributed considerably to our current
knowledge and theories about bird migration. Nevertheless, they struggle to
adequately capture the population-level dynamics of bird migration with the
accuracy required for practical forecasting and data assimilation.

1.2 THE POTENTIAL AND LIMITATIONS OF MACHINE LEARNING

Meanwhile, recent years have seen a revolution in how we process and learn
from Earth observation data, driven by advances in machine learning (Lary
et al., 2016; Rolnick et al., 2022). In a nutshell, machine learning algorithms
leverage statistical patterns in large datasets to learn a mapping from inputs
to corresponding outputs. Unlike data assimilation approaches, these algo-
rithms are purely data-driven and do not rely on any prior knowledge about
the underlying processes that generated this data. They therefore present
a promising alternative approach to leverage weather radar data for bird
migration forecasts and ecological inferences.

Several studies have successfully applied such data-driven techniques in prac-
tice. For example, tree-based regression models have been used to identify
relationships between bird migration intensities and associated environmental
conditions (Bradari¢ et al., 2024; van Doren and Horton, 2018). The predictor
variables, including winds, rain and temperature, typically come from tradi-
tional forecasts or reanalyses® and are therefore available at high spatial and
temporal resolutions. A regression model that has been trained on spatially
sparse radar measurements can thus easily be applied to unobserved locations
and future time points to obtain high-resolution estimates and forecasts of
bird migration intensities (van Doren and Horton, 2018).

While this local regression approach has led to major advances in bird mi-
gration forecasting, modern machine learning has more to offer. Deep neural
networks, in particular, excel at processing and generating highly structured
data, such as time series, graphs, images, and videos. This makes them a
promising candidate for processing Earth system observations that exhibit
very similar spatial and temporal structures. For numerical weather predic-
tion, recent deep learning models have already matched or even exceeded the
performance of established numerical simulation models (Bi et al., 2023; Lam
et al., 2023; Nguyen et al., 2023; Pathak et al., 2022). However, these achieve-
ments rely on the availability of extremely large, high-quality datasets, which
are based on comprehensive historical records that have been processed with
traditional data assimilation methods. In other cases, such as bird migration,
where data quality and coverage are limited and traditional data assimilation

2 Atmospheric data produced by a data assimilation procedure.
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is not feasible, the application of deep learning remains challenging. Naively
applying large neural network models in such settings may result in unre-
liable, scientifically inconsistent predictions (Hernanz et al., 2024; Safonova
et al., 2023).

1.3 TOWARDS PROCESS-GUIDED DEEP LEARNING

One promising solution is to blend deep neural networks with prior pro-
cess knowledge, similar to how data assimilation methods use mechanistic
models to constrain the state estimation problem. Ideally, the resulting process-
guided3 models are more transparent, generate more robust predictions when
faced with unseen scenarios, and require less training data than purely data-
driven models (Karniadakis et al., 2021; Kashinath et al., 2021; Willard et al.,
2022).

Crucially, thanks to the flexibility of neural networks, process-guided deep
learning is not limited to cases where highly accurate mechanistic models
are available. Instead, even minimal process knowledge may be leveraged to
complement the implicit information captured by the data. This versatility
makes process-guided deep learning particularly promising for modeling bird
migration and other partially understood processes.

The symbiosis between process knowledge and deep learning can take several
forms, creating a spectrum of methods with different trade-offs between
flexibility, data requirements, interpretability and scientific consistency. At
one end of this spectrum, process knowledge may be used implicitly to equip
neural networks with inductive biases — assumptions that guide learning
algorithms toward more plausible solutions. For example, knowledge about
the dependency structure or symmetries of a system can inform network
architecture design (De Bézenac et al., 2019; Wang, 2021), and known physical
laws or constraints can be embedded into the optimization objective (Beucler et
al.,, 2021; Kashinath et al., 2021; Raissi et al., 2019). These approaches retain the
flexibility and computational efficiency of traditional neural networks while
encouraging compatibility with known physical or biological principles. At the
other end, neural networks can be integrated directly with mechanistic models
to learn correction terms, unknown parameters, functional relationships, or
entire model components from data (Irrgang et al., 2021; Takeishi and Kalousis,
2021; Xu and Valocchi, 2015; Yin et al., 2021). These so-called hybrid or gray-
box models inherit the physical consistency and interpretability of mechanistic
approaches while remaining flexible enough to learn complex patterns from
data. Throughout this thesis, we will explore different approaches across this

3 In the literature also called theory-guided, knowledge-guided, physics-informed, or physics-aware.
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spectrum and examine how they can be tailored to the specific challenges of
bird migration.

1.4 THESIS SCOPE AND OUTLINE

The overarching aim of this thesis is to investigate how partial knowledge
about the spatio-temporal dynamics of nocturnal bird migration can be inte-
grated with flexible machine learning approaches to advance the field of radar
aeroecology. We pursue this objective along two complementary directions:
Part I focuses on forecasting and interpreting continental-scale movements,
leveraging data from operational weather radar networks to uncover patterns
and drivers of migration dynamics. In Part II, we shift focus towards fine-scale
local movements and address key methodological challenges in inferring
high-resolution movement patterns from low-level radar scans.

1.4.1 Forecasting and interpreting continental-scale movements

Similar to the flow of water through river networks, nocturnal bird migration
is characterized by directed movements of large quantities of birds along
major flyways connecting breeding and wintering grounds. More or less the
same birds are observed again and again by radars along these flyways. This
means that migration patterns observed by one radar may provide invalu-
able information about the timing and intensity of movements observed by
downstream radars in the near future. Established bird migration forecast
models, however, do not account for these spatio-temporal dependencies. In
Chapter 3, we therefore investigate how spatially sparse radar measurements
can be integrated into a joint forecast model that leverages the spatio-temporal
nature and resulting dependencies of the migration process. To this end, we
propose FluxRGNN, a hybrid forecast model that combines a mechanistic
movement model inspired by fluid dynamics with recurrent neural networks
that capture unknown decision-making processes of migrating birds. In exper-
iments on simulated and real weather radar data, we evaluate the predictive
performance of this approach and investigate if it can generate more accurate
predictions than local regression models.

While FIluxRGNN allows for comprehensive predictions of the entire migra-
tion process, including take-off, flight, and landing, across space and time, its
spatial resolution remains constrained by the sparse observations obtained
from weather radars. In addition, the learned components lack explicit incen-
tives to adequately predict take-off and landing events, which are not observed
by weather radars. To address this, Chapter 4 introduces two major modifi-
cations to the FluxRGNN framework. First, we decouple the computational
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grid from the radar network to allow for detailed predictions on any desired
tessellation. And second, we introduce an alternative flux parameterization,
which facilitates additional velocity-based supervision and thus improves the
interpretability of take-off and landing predictions. Based on this advanced
hybrid model, we investigate the value of the underlying movement model
for reliable extrapolation to unobserved locations and explore the trade-off
between prediction accuracy and interpretability.

The hybrid models developed in Chapter 3 and Chapter 4 use deep neural
networks to capture how migrating birds respond to a variety of external influ-
ences during the different stages of migration. This raises the question: can we
interpret these learned model components ecologically and thereby gain novel
insights into the underlying migratory behaviors? We address this question in
Chapter 5, where we explore the value of the improved FluxRGNN frame-
work for scientific discovery using explainable machine learning techniques.
Specifically, we analyze the short-term effects of local weather conditions
on take-off decisions and how these depend on the particular spatial and
temporal context.

1.4.2 Inferring fine-scale local movement patterns

Part I of this thesis builds on widely-used vertical profile data that aggre-
gates the output of weather radars into point estimates of bird densities and
velocities. Although this data provides reliable information on movements
directly above a radar, more detailed information on fine-scale local movement
patterns is lost. To study, for example, how birds interact with local landscape
features such as coastlines or small forest patches, different data products
are needed. In the second part of this thesis, we therefore explore novel ap-
proaches to infer detailed movement patterns directly from high-resolution
measurements of one or a few close-by radar stations.

Similar to Part I, this work builds on the similarities between nocturnal bird
migration and fluid dynamics. Consider the murmuration of starlings. As
these birds fly, turn, and swirl in unison across the sky, the flock changes
location, shape, and density. From these observations alone, one can draw
conclusions about the speed and directions of birds in different parts of the
flock. Chapter 6 leverages this inherent link between the spatio-temporal
distribution of birds and the associated velocities to translate incomplete
and noisy radial velocity measurements into estimates of the full underlying
velocity field. Based on simulated radar data, for which the true underlying
movements are known, we explore the potential of combining process-guided
deep learning directly with classical data assimilation to overcome challenges
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related to unknown bird behaviors, lack of ground-truth data, and limited
training data.

Finally, in Chapter 7, we abstract away from the specifics of bird migration and
consider a more general challenge that arises when analyzing spatio-temporal
Earth observation data: the high dimensionality of both measurements and
underlying system states, which quickly renders classical statistical inference
methods computationally infeasible. Chapter 6 tackles this issue by mapping
raw measurements into an abstract lower-dimensional space using neural
networks. However, this approach cannot account explicitly for known spatio-
temporal (in-)dependencies between state variables and instead learns them
implicitly from data. Chapter 7 explores an alternative approach combining
deep learning with probabilistic graphical models, which provide a pow-
erful tool to encode conditional independence assumptions into statistical
models. In experiments on both simulated and real-world air pollution data,
we investigate the capability of this approach to learn (partially) unknown
system dynamics and to estimate high-dimensional system states from limited
historical data. Special emphasis is placed on the computational scalability
with regard to the dimensionality of the system.

Before presenting these works in detail, Chapter 2 provides the relevant back-
ground to readers unfamiliar with radar aerocology or machine learning.
Finally, Chapter 8 reflects on the contributions and key findings of Chap-
ters 3-7, discusses limitations of the presented work and highlights future
perspectives for both radar aeroecology and process-guided machine learning.
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