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DISCUSSION AND OUTLOOK

This thesis set out to investigate how partial knowledge about the spatio-
temporal dynamics of nocturnal bird migration can be integrated with ma-
chine learning to better exploit the wealth of information contained in weather
radar observations. Through five interconnected chapters, we have pursued
this aim by developing, evaluating, and applying new methods at the in-
tersection of computational modeling, machine learning, and probabilistic
inference.

The following sections summarize the contributions and key findings of each
chapter, discuss open challenges and opportunities for future research, and
place our work in a broader context.

8.1 CONTRIBUTIONS AND KEY FINDINGS

Central to this thesis is the idea that the population-level movements of
migrating birds can be described in terms of fluxes that, similar to fluid
dynamics, obey mass conservation constraints and give rise to characteristic
dependency structures across space and time. We have explored different
ways to integrate these insights with flexible deep neural networks - ranging
from explicit neural-numerical hybrid modeling and architectural inductive
biases, to physics-informed loss terms, to graphical models encoding spatio-
temporal dependency structures - with the aim to overcome key challenges in
bird migration forecasting and inference.

8.1.1 Forecasting and interpreting continental-scale movements

Although weather radar networks provide unprecedented opportunities to
monitor migration, it remains challenging to translate these observations into
comprehensive continental-scale forecasts. This can be attributed to three main
issues: the spatial sparsity of radar observations, the complex and poorly un-
derstood relationships between environmental conditions and bird behavior,
and the demand for ecological interpretability. Chapter 3 lays the foundation
for tackling these challenges by introducing a hybrid modeling framework
called FluxRGNN. The framework combines a mechanistic movement model
inspired by fluid dynamics with deep neural networks that learn unknown
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DISCUSSION AND OUTLOOK

influences of external and internal drivers from data. The resulting model
manifests itself in two equivalent ways: as a mechanistic model parameterized
by neural networks, and as a specialized recurrent graph neural network
architecture where message passing operations naturally encode mass con-
servation constraints. This duality underscores the close connection between
graph neural networks and numerical solvers that has already been leveraged,
for example, to design neural PDE solvers (Brandstetter et al., 2022).

The evaluation of predicted bird densities revealed an interesting discrepancy
between simulated and real-world performance. While experiments with sim-
ulated data demonstrated that incorporating spatio-temporal dependencies
significantly improved prediction accuracy, this benefit did not clearly trans-
late to real data from the European weather radar work. We hypothesized that
this is related to the limited number of radar stations included in this dataset,
which makes it difficult for the model to effectively leverage spatial depen-
dencies. Despite this limited improvement in prediction accuracy, FluxRGNN
presents a significant step forward compared to local regression models. Its
ability to predict previously unobservable aspects of migration - from biomass
fluxes between radars to local take-off and landing dynamics - offers valuable
insights for both ecological research and conservation planning.

Building on this foundation, Chapter 4 addresses a key limitation of the
initial FluxRGNN framework: its spatial resolution being restricted to the
Voronoi tessellation of radar locations. To allow for more detailed predictions
on any desired tessellation, we modified FIuxRGNN to explicitly decou-
ple the computational grid from the observation network. This brings the
FluxRGNN framework closer to the state space model formulation introduced
in Chapter 2.3: the cell-to-radar mapping can be interpreted as a deterministic
observation model, while the radar-to-cell mapping resembles the initial state
estimation step in classical numerical forecasting. In addition, we improved
the integration of velocity measurements to ensure reliable predictions of
unobserved take-off and landing events and prevent neural networks from
bypassing the mechanistic parts of the model. Experiments on data from the
extensive NEXRAD network covering the contiguous United States reveal that
the enhanced model not only maintains the prediction accuracy of the original
FluxRGNN model at radar locations but also provides more reliable extrapo-
lation to unobserved locations compared to purely data-driven approaches.
The improvement over local regression models confirms our hypothesis from
Chapter 3 that only with sufficient spatial coverage spatio-temporal depen-
dencies in migration patterns can be leveraged effectively.
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8.1 CONTRIBUTIONS AND KEY FINDINGS

Chapter 5 demonstrates how these methodological advances can unlock new
ecological insights. By analyzing the model’s learned relationships between
environmental conditions and mass take-offs, we reveal how migrants adjust
their behaviors across different spatial and temporal contexts. Our results
show that wind, followed by temperature and humidity, are the most impor-
tant environmental factors influencing take-off decisions of North American
migrants at short time scales. Yet, we observe distinct seasonal and regional ef-
fects. In spring, wind tends to suppress take-off rather than enhancing it. Only
after periods with unfavorable winds and in regions where supportive winds
are rare we find a clear increase in spring take-offs in response to wind. In
fall, both negative and positive effects are prevalent, with migrants increasing
their tolerance for unfavorable winds depending on both prevailing wind pat-
terns and preceding conditions. From an ecological perspective, these findings
suggest that migratory birds are continuously fine-tuning their responses to
weather based on the spatial and temporal context. From a modeling perspec-
tive, they emphasize the need for advanced modeling and analysis methods
that can capture this extraordinary flexibility and incorporate spatially and
temporally varying responses.

8.1.2 Inferring fine-scale local movement patterns

The second part of the thesis tackles a fundamental challenge in radar aeroe-
cology: how to reconstruct complete movement patterns based on incomplete
information from low-level radar scans. This presents a challenging inverse
problem that requires prior knowledge to supplement the limited information
contained in the radar data. Chapter 6 develops a novel approach to this
inverse problem, combining deep learning with classical Kalman filtering in a
physics-informed framework. This method can reconstruct detailed movement
patterns without requiring extensive ground-truth data or complete knowl-
edge of the underlying dynamics. The approach shows promise in inferring
movements in greater detail than traditional reconstruction methods while
requiring less training data than purely data-driven alternatives.

Taking a different approach, Chapter 7 addresses a fundamental restriction of
the physics-informed approach: its reliance on neural networks to implicitly
learn spatio-temporal dependencies from data. To enable explicit incorpora-
tion of known relationship structures, Chapter 7 introduces Spatio-Temporal
Deep Gaussian Markov Random Fields (ST-DGMRF), which directly encode
dependencies between variables in space and time. By reformulating graph-
structured state-space models as multi-layer Gaussian Markov Random Fields,
the ST-DGMRF framework offers principled uncertainty quantification while
maintaining computational efficiency. This makes it valuable for various eco-
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logical applications, from bird migration to global pathogen spreading (Watsa
and Group, 2020) to groundwater monitoring (Condon et al., 2021).

8.2 PRACTICAL LIMITATIONS AND FUTURE PERSPECTIVES

Our findings highlight the potential of process-guided deep learning for radar
aeroecology, and ecological modeling more broadly. Nevertheless, several
important theoretical limitations and practical challenges still need to be
addressed for successful operationalization in the context of bird migration
forecasting and inference.

A primary limitation for the practical application of the FluxRGNN framework,
or in fact any advanced spatio-temporal bird migration forecasting model,
is data availability. Our results show that FluxRGNN requires data from a
large number of weather radars covering an extensive area to effectively learn
and leverage spatio-temporal migration dynamics. Without sufficient spatial
coverage, boundary effects dominate and limit the model’s ability to capture
migration waves. This is particularly challenging in Europe, where access
to unfiltered and harmonized radar data is only slowly expanding to more
countries, requiring immense efforts and continuous discussions between
ecologists and meteorological institutes (Shamoun-Baranes et al., 2022, 2021).
To make real progress on the front of bird migration forecasting, it is therefore
essential to continue these efforts and work towards an openly available, long-
term European weather radar database for ecological research. A related issue
is that, for practical application, FluxRGNN requires real-time access to radar
data from the past few hours to initialize forecasts with appropriate temporal
context. While technically feasible, as demonstrated by precipitation now-
casting systems, this requires close collaboration with meteorological institutes
to setup infrastructures that ensure reliable near real-time data access across
entire radar networks. Lastly, we currently train our FluxRGNN models on
vertically integrated profiles that discard valuable information about fine-
scale patterns influenced by local topography and land use. A potential
solution could be a multi-scale approach, combining FluxRGNN'’s coarse
predictions of biomass flows with data-driven components that model fine-
scale responses to local features like topography, vegetation, urban structures,
and weather phenomena within each cell. These fine-scale model components
may be informed by high-resolution polar volume data or complementary
data sources, such as localized bird-specific radar systems, which can be
integrated into the FluxRGNN+ approach (Chapter 4) via specific observation
models.
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8.2 PRACTICAL LIMITATIONS AND FUTURE PERSPECTIVES

While Chapter 5 demonstrates the value of the FluxRGNN framework for
gaining ecological insights, the interpretation of hybrid neural-numerical mod-
els in general requires careful consideration and critical evaluation. On the one
hand, neural networks are designed to capture statistical rather than causal re-
lationships — a crucial distinction when using model interpretations to draw
ecological conclusions or inform conservation strategies. On the other hand,
as seen in Chapter 4, neural networks may learn to bypass or compensate for
the mechanistic parts rather than learning the intended unknown processes.
While in our case, additional supervision of velocity predictions helped to
obtain meaningful results, this challenge is more fundamental. Recent work in
hybrid learning has acknowledged this risk and made progress by embedding
hybrid models in probabilistic frameworks, improving both interpretability
and generalization (Takeishi and Kalousis, 2021; Wehenkel et al., 2023; Yin
et al., 2021). Further advances in this direction will be crucial for developing
more robust and interpretable hybrid models for various applications.

The methods developed for reconstructing fine-scale movement patterns from
low-level radar data (Part II) remain exploratory. While we have developed
them with the application to radar aeroecology in mind, we have not applied
them to real weather radar data yet. To make the step from synthetic to
real data, several simplifying assumptions need to be addressed. First, the
physics-informed inference approach (Chapter 6) currently assumes that radar
measurements are projected onto a regular Cartesian grid prior to training
and inference. This becomes particularly problematic when considering three-
dimensional polar volumes. Depending on the chosen spatial resolution, the
projection will either result in large amounts of missing data, or substantial
loss of fine-scale information. Future work could address this by replacing
convolutional neural networks with graph neural networks that operate di-
rectly on polar volume data. Second, the current approach makes relatively
weak assumptions about the underlying movement process. The temporal de-
pendencies of bird densities and velocities are encoded in a latent state space
model, while spatial relationships are only implicitly captured by the neural
network components. This may be sufficient to capture smooth movements
during mass migrations, but may fail to capture more localized movements
of smaller flocks and their interaction with landscape features, e.g. during
pre-migratory roosting (Fournier et al., 2019; Kelly and Pletschet, 2018). Lastly,
the approach does not (yet) account for environmental drivers influencing
the movement patterns of birds. Incorporating these effects, similar to the
FluxRGNN approach, could help resolve fine-scale patterns more reliably.

The ST-DGMRF framework (Chapter 7) aims to overcome several of these
challenges by directly encoding the graph structure of the spatio-temporal
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system and the associated measurements into a probabilistic graphical model.
Nevertheless, it remains restricted to linear system dynamics — an assumption
that becomes problematic when attempting to jointly infer bird densities and
velocities due to their non-linear coupling. This limitation could be addressed
by giving up on principled posterior estimation and resorting to variational
inference for both learning and inference. Alternatively, future research could
explore a hybrid approach based on the Ensemble Kalman Filter that can
handle non-linear dynamics while maintaining computational efficiency.

Another key challenge not addressed in this thesis is radar velocity aliasing,
where the true radial velocity is only known up to multiples of the Nyquist
velocity. Aliasing introduces non-linearities in the observation model (Angell
and Sheldon (see 2018) for more details), which our approaches are not explic-
itly designed for. The physics-informed inference approach (Chapter 6) can
in principle handle such non-linearities since it only makes linearity assump-
tions about the learned latent space. The ST-DGMRF framework (Chapter 7),
however, fundamentally relies on linear assumptions for efficient posterior
inference. For this framework, aliased measurements could potentially be
handled through the same variational inference techniques already used for
parameter estimation, though at the cost of exact posterior computations.

Beyond the specific methodological limitations discussed above, a broader
challenge emerges: can we directly couple forecasting and inference? Cur-
rently, we are treating these problems independently. However, as discussed in
Chapter 2, they are fundamentally connected through the state-space formu-
lation of bird migration. A promising direction for future work is to integrate
these approaches into a single unified framework. By combining the ideas
from Part I and Part II of this thesis, we could develop a hybrid model of
the system dynamics J that serves both forecasting and inference. In this
framework, the forecasting model could provide dynamically informed priors
for movement reconstruction, while the resulting state estimates could serve
as initial conditions for forecasts. Such an integrated approach parallels op-
erational weather prediction systems, where state estimation (through data
assimilation) and forecasting operate in a closed loop. Applying this principle
to bird migration modeling could substantially enhance both components.
Additionally, such an integration would enable uncertainty propagation from
imperfect radar measurements and simplified dynamics through movement
reconstruction to forecasts, ultimately providing more robust and reliable
decision support for conservation measures.

Finally, our work remains restricted by the fundamental limitations of weather
radar data: it cannot distinguish between species, provides limited insight
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into individual behaviors, and only observes birds in flight but not on the
ground. These limitations could be addressed by integrating complementary
data sources. Dedicated bird radars, while having limited spatial coverage,
can provide detailed information about local flight behaviors (Nilsson et
al., 2018), which could help validate and refine movement reconstructions.
In combination with individual tracking data, it may even be possible to
connect broad movement patterns to individual decision-making. And citizen
science data, such as eBird checklists (Sullivan et al., 2014), could provide
crucial information about species composition on the ground. This offers
opportunities to validate inferred take-off and landing patterns and may
ultimately enable tracking species-specific biomass flows. The integration of
these heterogeneous observation systems could help create a more complete
picture of migration across scales and resolve variability due to species-specific
behaviors.

8.3 FINAL CONCLUSIONS

For decades, theory-driven and data-driven modeling have been regarded
as distinct paradigms, each with unique strengths and application areas.
However, many of today’s scientific challenges, from understanding ecological
systems to predicting climate change impacts, involve complex processes
that cannot be fully captured by either pure theory or data alone. This has
fueled growing interest in bridging these paradigms, combining the physical
consistency and interpretability of theory-driven models with the flexibility
and pattern-recognition power of data-driven approaches.

So far, the benefits of integrating prior process knowledge with machine
learning have been particularly evident in fields such as molecular dynamics
(Wang et al., 2020) and atmospheric sciences (Kashinath et al., 2021), which
have a long tradition of developing and refining mathematical theories and
associated numerical simulators. Although these models remain imperfect
abstractions of reality, typically due to numerical errors and unresolved pro-
cesses at small scales, they still provide strong inductive biases and virtually
unlimited training data, enabling machine learning to accelerate and enhance
traditional simulations.

In ecology, however, mechanistic understanding is often incomplete and data
is messy, sparse, and heterogeneous. As a result, the potential of combining
process knowledge with machine learning remains largely unexplored. This
thesis takes first steps toward bridging this gap within radar aeroecology,
demonstrating how process-guided machine learning can advance the predic-
tion, monitoring, and ecological understanding of bird migration across scales.
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While much of this work remains exploratory, it highlights that even imperfect
mechanistic models and limited domain knowledge have the potential to
meaningfully enhance deep learning approaches, opening new avenues for
ecological modeling and data-driven scientific discovery.

The implications extend beyond individual systems like bird migration: ecolog-
ical processes are fundamental components of the Earth system, influencing
everything from carbon cycling to energy flows. Yet, their representation in
Earth system models remains a major source of uncertainty, limiting our
ability to predict climate change impacts (Bonan and Doney, 2018). By devel-
oping better ways to model ecological processes, handling both mechanistic
understanding and inherent variability and stochasticity, we can improve not
only our knowledge of specific systems but also our understanding of how
the Earth’s biological, chemical and physical spheres interact and respond to
change.
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