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Und bin so klug als wie zuvor.“
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A B S T R A C T

Driven by the increased availability of Earth Observation data, Deep Learning
has been increasingly adopted in Earth Observation applications. At the same
time, we observe a tendency towards larger Deep Learning models, powered by
ever larger datasets. Such purely data-driven models are exceptionally powerful.
However, scenarios exist where purely data-driven methods reach limits. For
instance, when data is insufficient, when physical principles must be considered,
or when information about the uncertainty of a prediction is required. All
these aspects nourish skepticism and continue to hinder the success of Deep
Learning approaches in Earth Observation applications.
This thesis explores the inclusion of prior knowledge into a learning system,
defined as Domain-Informed Learning. Here, prior knowledge is a source of
information that exists independently of the model. This work focuses on
agricultural applications and time series analysis, and develops methods that
are extendable to a variety of Earth Observation tasks. This work introduces a
novel, large-scale dataset for crop yield prediction using Earth Observation data.
Following, three techniques of integrating prior knowledge are explored, namely
1) data space enrichment, 2) conditional learning, and 3) uncertainty estimation.
The first technique analyzes data sources and time series representations for
crop yield prediction. Furthermore, novel data fusion methods are presented.
In the following, this work analyzes conditional learning with prior knowledge.
A novel physics-guided approach for drought stress estimation is proposed.
The last part emphasizes the inherent variability in Earth Observation tasks.
Therefore, the concept of uncertainty estimation is introduced by focusing on
missing data and distribution shifts. We present a novel method for uncer-
tainty estimation, inspired by naturally occurring missing time steps. Finally,
we overcome the performance collapse under distribution shift by coupling
Bayesian inference with prior knowledge.
In conclusion, this thesis contributes to the field of research by making mod-
els more reliable, easier to understand, and more trustworthy. It offers new
perspectives on Earth Observation and emphasizes the importance of under-
standing how confident our predictions are and that they remain consistent
with real-world physical laws.
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PART I

I N T R O D U C T I O N & B A C K G R O U N D





1 I N T R O D U C T I O N

1.1 Motivation

The growing number of conflicts, intensified competition for resources, and
changing climate conditions are combined in ways that are both far-reaching
and destructive [1]. The so-called polycrisis emerges when rapidly developing Polycrisis

events coincide with slowly unfolding stresses, shifting a system from equilib-
rium into a volatile state of disequilibrium [1].
Agriculture, for example, exists within a field of global tension, being signifi-
cantly affected by polycrisis. First, conflicts and wars. The war in Ukraine, for Conflicts & wars

instance, has had an outsized impact on the global food system, causing spikes
in food and energy prices due to the major contributions of the involved parties
to fuel, fertilizer, and essential food commodity exports [2]. Immediately after
the onset of the war, global food markets experienced a significant surge in
prices, as reflected in the Food and Agriculture Organization (FAO) Food
Price Index (FFPI)1 reached the highest level ever recorded [3, 4]. Second, the Climate change

frequency of natural disasters such as floods extreme temperatures, wildfires,
and droughts is a major concern that is suspected to increase economic damages
[5, 6]. Linked to slowly changing climate conditions, agricultural productivity
is under pressure, resulting in severe economic and production losses every
year [7]. Third, by around 2050, the world population is expected to reach
approximately 10 billion people [8]. Simultaneously, more than 60 % of the Population growth

world population is projected to live in cities by 2050 [9]. Resulting populous
cities (megacities) already face severe challenges, such as air pollution (exposure
to fine particulate matter), which is suspected to negatively impact health
and life expectancy [10]. Moreover, with fewer people living in rural areas, Decline in

workforcethe availability of the workforce for food production is constantly declining,
leading to the fourth development: a decline in the workforce. Already today,
the number of farms, farmers, and people employed in the agricultural sector in
the European Union (EU) has declined to 4.2 % of the total employment, with
an annual decline rate of 2.5% [11, 12]. At the same time, the average farm
size is growing continuously [11]. Ultimately, fewer individuals must manage

1 https://www.fao.org/worldfoodsituation/foodpricesindex/en/ [accessed: April 17,
2026]
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more land by increasing productivity with increased sustainability to achieve
a world without hunger and malnutrition, a core objective of the Sustainable
Development Goals (SDGs) (SDG 2- zero hunger, SDG 13- climate action)
[13]. A polycrisis, however, is a serious threat to this goal and affects differentRequirements

stakeholders at different levels. Politicians require novel tools to quickly adapt
to emerging socioeconomic challenges, manage disaster response, and support
long-term planning. At the same time, industry stakeholders, such as insurance
companies, need new techniques to estimate yield losses at scale and at low
cost. Finally, farmers require innovative tools to support decision-making and
management practices, to compensate for the declining workforce, and to adapt
to changing climate conditions.

Many of the above-mentioned stressors can be captured from space using Earth
Observation (EO) technologies. Earth-orbiting satellites, ground-based sensors,
and Remote Sensing (RS) technologies continuously deliver information about
planet Earth at a global scale with high spatial resolution and high tempo-
ral frequency. For instance, satellite programs like the Copernicus Sentinel
missions 2, already published petabytes of openly accessible data that can be
used for many scientific disciplines such as land monitoring, disaster control,
climate science, and agriculture [14]. However, the large volumes of EO dataEarth observation

& Machine
Learning

are highly complex with varying temporal, spatial, and spectral resolution.
To process such data, dedicated and scalable methods are required, such as
data-driven Machine Learning (ML) and Deep Learning (DL) technologies.
Through the ability to extract patterns from complex, high-dimensional data,
ML is expected to enhance informed decision-making in EO applications [15].
Nevertheless, many EO applications go beyond the development of actionable
end-to-end models. Instead, the main goal is to develop hypotheses and theories
from learned patterns and relationships to advance scientific knowledge and
discovery [16].
Despite their potential, especially DL methods are often criticized for their
black-box nature, with little interpretability and knowledge conformity. In
fact, there are scenarios where purely data-driven methods are limited. For
example, when insufficient data is available, when physical principles must
be considered, or when information about the uncertainty of a prediction is
required [17, 18]. Moreover, there is a high demand to make predictions more
explainable [19]. A main limitation of common DL models is that they tend to
produce solutions that might be inconsistent with existing knowledge and their

2 https://sentinels.copernicus.eu/ [accessed: April 17, 2026]

https://sentinels.copernicus.eu/
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inability to provide sufficient justification of the discovered patterns [20]. This
characteristic can have severe consequences, leading to skepticism that limits
the success of DL approaches. On the other side, various scientific disciplines,
such as agriculture, have a long-standing tradition of research and knowledge
discovery. For instance, the cause-effect relationship between water availability
and crop yield can be approximated by multiple differential equations. However,
this knowledge is often overlooked by purely data-driven methods, limiting
their knowledge-awareness and potentially even their accuracy. Consequently,
in the light of the growing dominance of data-driven models, a question arises:
To what extent is prior knowledge relevant to overcome the limitations of purely
data-driven models in EO tasks today?
This thesis explores the importance of prior knowledge in ML for EO applica-
tions. This thesis considers prior knowledge as a source of information that
exists independently of the learning algorithm. This paradigm, defined as Prior knowledge

Domain-Informed Learning (DIL), exploits the richness of existing knowledge
to improve the effectiveness and ultimately to increase trust in ML approaches.
Only limited research has systematically evaluated the benefits of integrat-
ing prior knowledge into data-driven methods in EO applications. A major
problem arises from the different knowledge sources and types of knowledge
representations that formulate a cause-effect mechanism between physical
variables. Likewise, different knowledge integration practices exist within the Research Gap

learning models, ranging from the data space and model architecture to model
regularization and the final hypothesis. It is an open question which knowledge
sources and integration practices are useful in DIL for EO applications.
Finally, the EO domain has very specific requirements and challenges arising
from the characteristics and inhomogeneity of the satellite-derived data. Unlike
other domains, EO data is multimodal and high-dimensional with varying tem-
poral, spatial, and spectral resolutions. This requires highly specialized model
architectures and data fusion techniques. This uniqueness further increases
the difficulty of integrating prior knowledge.

1.2 Research Questions & Goals

The main objective of this thesis is to analyze the importance of prior knowledge
for EO applications by extending existing research. The core research question
of this thesis is :
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Core Research Question
Can the integration of prior knowledge increase the effectiveness of ML
in EO applications?

To answer this question, this thesis systematically evaluates different knowledge
sources, representations, and integration practices. This thesis focuses on
agricultural applications, including yield prediction, plant growth modeling, and
drought stress estimation. Additionally, this thesis explores further applications
of climate science, including wildfire risk forecasting and air pollution prediction.
Specifically, this thesis focuses on the three sub-questions:

1. Research Question (RQ1): How can data space enrichment be used
for large-scale crop yield prediction at the field and subfield level?
Goal: Investigating various data modalities and data representations
while considering different temporal and spatial resolutions with novel
data fusion schemes. Simultaneously, the various input time series rep-
resentations will be analyzed with respect to important physiological
properties.

2. Research Question (RQ2): How can prior knowledge be used as
conditions to increase the knowledge conformity and physical consistency?
Goal: Studying different conditions (e.g., natural laws) to address the
black-box nature of DL models to explicitly increase the explainability and
consistency with physical conditions. Explicitly exploring the integration
of prior knowledge into the learning algorithm for regularization.

3. Research Question (RQ3): How can uncertainty estimation quantify
the unknown and shape the final hypothesis to increase trust in data-
driven predictions?
Goal: Studying different uncertainty estimation methods while proposing
novel approaches that build upon important characteristics of the EO
domain. Investigate the impact of distribution shifts to quantify the
effectiveness of DL methods.

To answer the research questions and quantify the success of the studied and
presented methods, the thesis particularly focuses on:

1. Superior performance: The inclusion of domain knowledge should
result in an improvement in the quantitative or qualitative evaluation
metrics. Moreover, the integration should increase the robustness of the
model to limited training data, distribution shifts, and missing data.
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2. Increased explainability & Trustworthiness: A domain-informed
model should be more explainable and trustworthy compared to its data-
driven counterpart. This includes increased knowledge conformity, and
physical consistency with the modeled process. A model should tell the
user which predictions to trust and which not, or be constrained to a
physically plausible solution space.

3. Novel perspectives: The proposed method should provide new insights
into the application that were not available previously and that result in
new perspectives for future research or knowledge discovery.

1.3 Thesis Contribution

Parts of the research results that are presented in this work, including figures
and tables, have already been published in peer-reviewed conferences, journal
articles, and book chapters, or are currently under review. In detail, the thesis
presents the following contributions for which I have been the main contributor:

1. Contribution for RQ1: The thesis presents an analysis of input modal-
ities and models for crop yield prediction. The thesis presents a novel
attention-based feature fusion method that incorporates local spatial
context to improve crop yield prediction. Furthermore, the thesis investi-
gates time series representations and proposes a novel sampling method
based on physiological properties. This part is based on the publications:

• M. Miranda, F. Mena, M. Charfuelan, and A. Dengel. Informed
Learning for Efficient Crop Yield Prediction. In IEEE IGARSS In-
ternational Geoscience and Remote Sensing Symposium (IGARSS).
IEEE, 2025.

• A. Münzberg* and M. Miranda*. Vorhersage von Landwirtschaftlichen
Erträgen und Wachstum. In Hybride KI mit Machine Learning
und Knowledge Graphs: Innovative Lösungen aus der Praxis, pages
153–167. Springer, 2025.

• H. Najjar, M. Miranda, M. Nuske, R. Roscher, and A. Dengel.
Explainability of Sub-Field Level Crop Yield Prediction using Re-
mote Sensing. In IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 2025.

*Shared first authorship.
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• M. Miranda*, D. Pathak*, M. Nuske, and A. Dengel. Multimodal
Fusion Methods with Local Neighborhood Information for Crop
Yield Prediction at Field and Subfield Levels. In IEEE International
Geoscience and Remote Sensing Symposium (IGARSS), pages 4307–
4311. IEEE, 2024.

• D. Pathak*, M. Miranda*, F. Mena, C. Sanchez, P. Helber, B.
Bischke, P. Habelitz, H. Najjar, J. Siddamsetty, D. Arenas, M.
Vollmer, M. Charfuelan, M. Nuske, and A. Dengel. Predicting
Crop Yield with Machine Learning: An Extensive Analysis of Input
Modalities and Models on a Field and Sub-Field Level. In IEEE
International Geoscience and Remote Sensing Symposium, pages
2767–2770. IEEE, 2023.

2. Contribution for RQ2: The thesis presents novel methods for in-
tegrating prior conditions into the learning algorithm, explicitly for
regularization. A novel method for estimating drought stress and yield
loss is proposed, leveraging fundamental natural laws. This part discusses
a conditional Generative Adversarial Network (GAN) for multimodal
image generation in plant growth modeling, utilizing a novel loss function.
Further, the part presents a novel conditional Diffusion Model (DM) for
time series regression. This part is based on the publications:

• M. Miranda, M. Charfuelan, M. Valdenegro-Toro, and A. Dengel.
Informed Learning for Estimating Drought Stress at Fine-Scale Res-
olution Enables Accurate Yield Prediction. In European Conference
on Artificial Intelligence (ECAI), pages 5384–5391. IOS Press, 2025.

• M. Miranda, A. Dinesh, D. N. Lesmes-Leon, F. Mena, M. Char-
fuelan, and A. Dengel. regDiff: Regression Diffusion for Earth
Observation. In IEEE International Geoscience and Remote Sens-
ing Symposium (IGARSS). IEEE, 2025.

• M. Miranda, M. Charfuelan, and A. Dengel. Exploring Physics-
Informed Neural Networks for Crop Yield Loss Forecasting. In
NeurIPS 2024 Workshop on Tackling Climate Change with Machine
Learning, 2024.

• M. Miranda, L. Drees, and R. Roscher. Controlled Multi-Modal
Image Generation for Plant Growth Modeling. In 26th International
Conference on Pattern Recognition (ICPR), pages 5118–5124. IEEE,
2022.
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3. Contribution for RQ3: This part investigates different uncertainty
estimation methods and proposes a novel method that leverages missing
time steps in EO time series data. Furthermore, the thesis explores the
impact of distribution shifts and proposes potential mitigation strategies
based on prior knowledge. This part is based on, or currently under
review in, the following publications:

• M. Miranda, D. Pathak, P. Helber, B. Bischke, H. Najjar, F.
Mena, C. Sanchez, M. Valdenegro-Toro, M. Charfuelan, M. Nuske,
and A. Dengel. YieldSAT: A Multimodal Benchmark Dataset for
High-Resolution Crop Yield Prediction. Accepted in IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR),
2026.

• M. Miranda, F. Mena, and A. Dengel. An Analysis of Temporal
Dropout in Earth Observation Time Series for Regression Tasks. In
International Symposium on Intelligent Data Analysis (IDA), pages
389–402. Springer, 2025

4. Further Contribution: The thesis introduces a novel publicly available
dataset for high-resolution crop yield prediction with EO data. The
dataset contains information about multiple countries, crop types, and
years. This work is under review in:

• M. Miranda, D. Pathak, P. Helber, B. Bischke, H. Najjar, F.
Mena, C. Sanchez, M. Valdenegro-Toro, M. Charfuelan, M. Nuske,
and A. Dengel. YieldSAT: A Multimodal Benchmark Dataset for
High-Resolution Crop Yield Prediction. Accepted in IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR),
2025.

Several contributions are published as open source to foster research in this
direction. The following contributions are available open-source or are under
review and will be released after acceptance:

• YieldSAT, Dataset, presented in Section 2.2
https://yieldsat.github.io/

• Physics-Guided LSTM, Code, presented in Chapter 6
https://github.com/mmiranda-l/Yield-Loss

• MC-TD, Code, presented in Chapter 9
https://github.com/mmiranda-l/Temporal-Dropout

https://yieldsat.github.io/
https://github.com/mmiranda-l/Yield-Loss
https://github.com/mmiranda-l/Temporal-Dropout
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I was further involved in collaborations that led to peer-reviewed publications
and that contribute to the overall storyline of this thesis. Each contribution will
be acknowledged in the respective chapters and is listed in List of Publications.

Writing style
For the rest of the thesis and for the ease of reading, I will use "we" to
refer to the reader, myself, and the co-authors of the articles I authored.

1.4 Overview of the Thesis

The remaining content of this thesis is divided into five parts, structured along
the three research questions outlined earlier. Additionally, preliminary and
background information is provided to follow the content of this work. Finally,
this work concludes with a summary and an outlook on future research. An
overview of the thesis is given in Figure 1.1.

PART I

Understanding
Domain-Informed

Learning

Introduces Domain-Informed
Learning and preliminary

information.

Evaluates the importance of
the data space presents

novel model architectures
and data fusion methods.

PART III

Data
Space Enrichment

PART IV

Enforcing Knowl-
edge Conformity

Investiages various conditional
learning methods and proposes

new techniques that align
predictions with prior knowledge.

Introduces uncertainty
estimation and novel methods

and analyzes distribution shifts
towards the final hypothesis.

PART V

Knowing What
We Do Not Know

Figure 1.1: Overview of the thesis

PART I – INTRODUCTION & BACKGROUND

Chapter 2 provides an overview of EO data sources and applications.
Presents the YieldSAT datasets in the light of the current literature.

Chapter 3 introduces the notation that is used throughout this work and
introduces important concepts of ML and DL. Furthermore, the concepts
of DIL are discussed in the light of the current literature.

PART II – DATA SPACE ENRICHMENT

Chapter 4 presents an extensive analysis of input modalities and models
for crop yield prediction and proposes a novel fusion method that leverages
local neighborhood information.
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Chapter 5 explores different time series sampling methods for crop yield
prediction and proposes a novel method based on physiological processes.

PART III – ENFORCING KNOWLEDGE CONFORMITY

Chapter 6 presents a novel approach for temporal crop drought stress
estimation that enables explainable and physically consistent yield predic-
tions.

Chapter 7 discusses a generative method for controlled image generation for
temporal plant growth modeling by integrating image priors. Furthermore,
a conditional diffusion approach is presented for time series regression.

PART IV – KNOWING WHAT WE DO NOT KNOW

Chapter 8 provides a general overview of uncertainty estimation for EO
regression tasks.

Chapter 9 presents a novel method for uncertainty estimation, leveraging
naturally occurring missing time steps in EO data.

Chapter 10 explores different uncertainty estimation methods for crop
yield prediction. Furthermore, the impact of distribution shifts is assessed
by finding explanations and potential mitigation strategies.

PART V – CONCLUSION

Chapter 11 summarizes the important results and findings of this thesis
and outlines potential future research directions.
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2 E A RT H O B S E RVAT I O N &
A P P L I C AT I O N S

Chapter Highlights:

1. A general overview of EO data and remote sensing technologies.

2. EO data is multimodal and high-dimensional, with varying temporal,
spatial, and spectral resolutions.

3. YieldSAT is a novel dataset for crop yield prediction with EO data at
scale and high resolution.

In this chapter, an overview of popular EO data sources and satellite missions
is given. Additionally, the applications and datasets that are used in the thesis
are presented and discussed. Specifically, we present the YieldSAT dataset, a
novel satellite benchmark for crop yield prediction.

2.1 Satellite Missions

Countless satellite missions are currently operating and continuously deliver
information about the Earth’s surface from various perspectives. The amount
of available EO is growing exponentially and is often freely accessible. For in-
stance, satellite programs like the Copernicus Program1 have reported that the
Sentinel missions2 alone have already published approximately 51 petabytes
(PB) since the start of the program [14].
Together with other satellite missions, the New Space Era enables new perspec-
tives on Earth [21]. A detailed description of satellite technologies is beyond
the scope of this thesis; still, we briefly describe the satellite missions that are
relevant to this work. The development of accessible EO data and its estimated
future growth are depicted in Figure 2.1.

1 https://www.copernicus.eu/en [accessed: April 17, 2026]
2 https://sentinels.copernicus.eu/ [accessed: April 17, 2026]
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14 earth observation & applications

Figure 2.1: Development and estimated future volume of accessible EO data in
petabytes (PB). Further, the volume of labeled datasets (dashed line) is
shown. (Figure taken from [22])

2.1.1 Optical & Multispectral Imagery

Several satellite missions exist that capture optical and multispectral data.
Optical and multispectral sensors record light reflected from specific parts of
the electromagnetic spectrum at the Earth’s surface. Optical data refers to
visible light, which spans roughly 400 to 700 nm and is usually represented by
three bands: red, green, and blue (RGB). Multispectral data covers additional
wavelengths beyond human vision, such as near-infrared (NIR). Key differences
between datasets include spectral, spatial, and temporal resolution. Satellite
missions such as the Landsat-8 and the Copernicus Sentinel-2 program provide
these types of data.

Sentinel-2 DataSentinel-2 Satellite
Imagery The Copernicus Sentinel-23 satellite mission is a European initiative using

two earth-orbiting satellites, Sentinel-2A and Sentinel-2B, for wide-swath,
high-resolution, multispectral imaging. Launched in July 2015, this mission
provides data across many wavelengths with a high revisit time of about five
days at the Equator. The data is made available systematically and free of
charge for public, scientific, and commercial use. Copernicus Sentinel-2 (S2)
satellites capture the Earth surface at up to 10 m × 10 m spatial resolution.

3 https://dataspace.copernicus.eu/data-collections/copernicus-sentinel-data/
sentinel-2 [accessed: April 17, 2026]

https://dataspace.copernicus.eu/data-collections/copernicus-sentinel-data/sentinel-2
https://dataspace.copernicus.eu/data-collections/copernicus-sentinel-data/sentinel-2
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Table 2.1: Band information of the Sentinel-2 L2A satellite imagery
Band Name Spatial Resolution Central Wavelength (nm)
B01 - Coastal Aerosol 60 m × 60 m 443
B02 - Blue 10 m × 10 m 490
B03 - Green 10 m × 10 m 560
B04 - Red 10 m × 10 m 665
B05 - Vegetation Red Edge 20 m × 20 m 705
B06 - Vegetation Red Edge 20 m × 20 m 740
B07 - Vegetation Red Edge 20 m × 20 m 783
B08 - Near-Infrared (NIR) 10 m × 10 m 842
B8A - Vegetation Red Edge 20 m × 20 m 865
B09 - Water Vapor 60 m × 60 m 945
B10 - Short-Wave Infrared (SWIR) Cirrus 60 m × 60 m 1375
B11 - Short-Wave Infrared (SWIR) 20 m × 20 m 1610
B12 - Short-Wave Infrared (SWIR) 20 m × 20 m 2190

(a) Annual Crop (b) Permant Crop (c) Pasture (d) Forest

1

Figure 2.2: Example Sentinel-2 images with labels from the EuroSAT dataset. (Source:
[23] )

In total, thirteen bands are available, each covering different wavelengths.
Details for these bands are listed in Table 2.1. Sample S2 images from the
EuroSAT dataset illustrate different land cover classes. The twin satellites
largely contributed to the recent success in EO by contributing to services
and applications of agriculture, land monitoring, climate change, risk mapping,
and many more4. Moreover, satellite data is increasingly used to quantify
sustainable development, particularly in agriculture [21], as part of the SDGs.

2.1.2 Synthetic Aperture Radar

Synthetic Aperture Radar (SAR) is another data modality that is frequently
used in EO applications. Unlike optical and multispectral data, SAR data is
collected by an active sensor that measures backscattered microwave beams
from the Earth’s surface. Noteworthy, SAR sensors operate in the longer
wavelength. This has several advantages over optical and multispectral data.
First, SAR sensors can operate in all weather conditions by penetrating clouds

4 https://sentiwiki.copernicus.eu/web/s2-applications [accessed: April 17, 2026]

https://sentiwiki.copernicus.eu/web/s2-applications
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(a) Optical Image (RGB) (b) SAR Image (c) NDVI (d) NDWI

Figure 2.3: Comparison between an optical Image in RGB, SAR, NDVI, and NDWI.
Both images capture the same geographic location at the same time.

and other atmospheric disturbances. Second, they can operate at night. The
Copernicus Sentinel-1 (S1) mission5 provides SAR data in 20 m × 20 m spatial
resolution and an approximate revisit time of 6 days. A comparison between a
SAR (S1) image and an optical (S2) image is given in Figure 2.3. Both images
display the exact same geographic location at a similar time point.

2.1.3 Derivatives of Satellite Data

Derivatives (indices) from satellite data describe relationships between spectral
information and specific applications. For example, a Vegetation Index (VI)
provides information related to crop growth and vegetation. These derivatives
provide information that is often human-interpretable. An important example
is the Normalized Difference Vegetation Index (NDVI), which provides infor-
mation on the vegetation density, biomass, and crop health and is derived from
multispectral data [24]. The NDVI is calculated as:

NDV I =
(NIR − RED)

(NIR + RED)
. (2.1)

The NDVI ranges between -1 and 1, where very low values indicate areas
of barren rock, water, or settlement, and very high values indicate dense
vegetation or crops at their peak of growth. Another vegetation index is the
Normalized Difference Water Index (NDWI), which is used to remotely sense
vegetation liquid water and is less sensitive to atmospheric effects [25]. An
example image for optical and SAR and respective derivatives is depicted in
Figure 2.3. An overview of commonly used VIs for crop yield modeling is
shown in Table A.2.

5 https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Sentinel-1 [ac-
cessed: April 17, 2026]

https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Sentinel-1
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2.1.4 Additional Data Modalities

Further EO data sources provide important context for many downstream
tasks and complement the previous described data modalities. This data is
defined as auxiliary data or Additional Data Modality (ADM) in this thesis.
An important modality is meteorological (weather) information, including tem-
perature, precipitation, solar radiation, or wind speed. The European Center Weather

for Medium Range Weather Forecasts (ECMWF)6 is an archive for weather
information with the ERA5 [26], providing atmospheric, climate, land, and
oceanic variables. Meteorological information is often used to quantify extreme
weather events such as droughts and flooding.
Further sensed data sources include topographic information, such as a Digital
Elevation Map (DEM), which provides information about the Earth’s surface
elevation. This is particularly interesting in the context of water movements. Topography

For instance, in an agricultural field, terrain topography affects the direction of
water flow, which can result in waterlogging. Commonly, terrain information
is provided through active radar sensors. A common library for terrain data is
provided by the NASA’s Shuttle Radar Topography Mission (SRTM) [27] in
30 m × 30 m resolution.
Soil information is another data modality that is frequently used in this thesis.
Soil data provides valuable information on soil characteristics, including texture,
nutrient content, and water availability. This is particularly important for Soil

modeling plant development, since plant growth depends on soil properties.
The SoilGrids library provides global soil data of diverse soil properties [28].

2.2 Datasets & Applications

Although unlimited EO data is provided daily, the number of labeled datasets is
highly limited. Zhu et al. [22] pointed out that only 0.1% of the total available
data volume is labeled datasets (see Figure 2.1). Consequently, and in contrast
to expectations, EO remains in a low-data regime, leading many deployed
models to suffer from limitations. In particular, regression tasks remain largely
underexplored in EO due to the lack of dedicated benchmark datasets.
In this chapter, we present all the datasets used throughout the thesis. Following

6 https://www.ecmwf.int/ [accessed: April 17, 2026]

https://www.ecmwf.int/
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the overview of existing datasets, we describe the YieldSAT dataset, a novel
EO benchmark for crop yield prediction.

2.2.1 Crop Yield Prediction with YieldSAT

Early and accurate crop yield prediction at a large scale and high spatial
resolution is critical for ensuring global food security. Yield prediction becomes
increasingly important for assessing food security, increasing productivity, and
ultimately reducing hunger. The FAO reported that in 2024, between 638
and 720 million people still faced hunger, while almost 2.60 billion people
were unable to afford a healthy diet [31]. On the other hand, agriculture
is vulnerable to climate change and extreme weather events that decrease
productivity, result in significant yield losses, and can result in severe economic
damages [32, 33, 34, 35, 7]. To mitigate this, early assessment of the expected
yields is increasingly demanded for applications such as farm management, risk
insurance, and policymaking. Nevertheless robust, generalized models requireFood security

large and diverse datasets. While EO data is openly accessible without limit,
the acquisition of ground truth yield data is often hindered by high acquisition
costs, inconsistent quality, data privacy regulations, and reluctance to share
data. Consequently, public yield datasets are scarce, noisy, or incomplete.
Therefore, many studies are refined to national or regional yield prediction
based on reported statistics (such as from the USDA National Agricultural
Statistics Service (NASS)7)[36, 37]. However, such data can have errors and
uncertainties [38]. Additionally, such data is inadequate to model in-field
variability, optimize management strategies, support decision-making, and
ultimately increase productivity. Consequently, public yield data with high
spatial resolution is scarce, restricted to very small areas and crop types, and
often not ready to train ML models. There is a severe lack of open datasets,
limiting the advancement of Agriculture and EO research [39].
To fill this gap, we created a novel dataset for large-scale, high-resolution crop
yield prediction: the YieldSAT dataset.

Acknowledgement

The dataset was collected as part of a large collaborative project on agricultural
yield prediction. This project was partially funded by the European Space

Parts of this chapter, including figures and tables, have been published already in [29] and
[30].

7 https://www.nass.usda.gov/ [accessed: April 17, 2026]

https://www.nass.usda.gov/
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Table 2.2: Comparison of the YieldSAT dataset with other crop yield prediction
datasets.

Dataset Countries Crops Years Fields Pixel-Level Resolution Features Curated
Spatial Temporal (optical)

SwissYield [40] 1 2 2017–2021 73 ✓ 10 m × 10 m ∼5 days 14 ✗

CropNet [36] 1 4 2017-2022 0 ✗ 9 km × 9 km ∼14 days 13 ✗

YieldSAT 4 4 2016-2024 2176 ✓ 10 m × 10 m ∼5 days >70 ✓

Table 2.3: Overview of the YieldSAT dataset.
YieldSAT Fields Pixels Area (ha) Years S2 Images

Corn Rapeseed Soybean Wheat Total Total Average
Argentina 185 ✗ 443 126 754 ∼5.3 M ∼56,050 74.3 2017-2024 42,996
Brazil 118 ✗ 293 140 551 ∼4.2 M ∼43,125 78.2 2017–2024 19,308
Uruguay ✗ ✗ 572 ✗ 572 ∼2.1 M ∼32,804 57.3 2018–2022 24,318
Germany ✗ 111 ✗ 188 299 ∼0.6 M ∼6,460 21.6 2016–2022 26,998
Summary 303 111 1,308 454 2,176 ∼12.2 M ∼138,439 57.8 2016-2024 113,630

Agency (ESA) InCubed Programme 8 as part of the project AI4EO Solution
Factory 9.

Overview & Comparison

The yieldSAT dataset is a multimodal dataset, containing high-resolution
(10 m × 10 m) yield data, paired with multimodal EO data, such as optical and
multispectral time series imagery, weather data, soil data, and topographic
information. The dataset covers a wide range of geographic locations across
multiple countries and crop types. Specifically, it includes information from
Argentina, Brazil, Uruguay, and Germany with approximately 138 439 ha
(1384.39 km2). In Figure 2.4, the geographic locations of the available fields
are displayed, colored by crop type. Moreover, the dataset contains several
crop types, including soybean (Glycine max L.), corn (Zea mays), rapeseed
(Brassica napus L. ssp. napus), and wheat (Triticum aestivum). The dataset
spans eight years, from 2016 to 2024, and contains a total of 2176 labeled
fields. Soybean is the most represented crop, with 1308 fields, while rapeseed
is the least represented, with 111 fields. Notable differences in the field size
exist between countries. For example, Brazil has the largest average field size,
with 78.8 ha. In contrast, Germany has smaller field sizes with an average of
21.6 ha. The average field size is 57.8 ha across the entire dataset. Altogether,
the dataset includes approximately 12.2 million ground truth yield samples
(pixels with 10 m × 10 m resolution). A detailed description of the available
ground truth data is depicted in Table 2.3. Each field and pixel is coupled with
multimodal data sources, including multispectral satellite imagery from the
S2 mission, weather, soil, and elevation data. In total, more than 70 features
are available for each sample. Additionally, more than 113,630 S2 images are

8 https://incubed.esa.int/ [accessed: April 17, 2026]
9 https://www.ai4eo-solution-factory.de/ [accessed: April 17, 2026]

https://incubed.esa.int/
https://www.ai4eo-solution-factory.de/
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(a) Soybean (b) Corn

(c) Wheat (d) Wheat

(e) Rapeseed

Figure 2.4: Yield Data spatial distribution for each region and crop type. The yield
data is colored by crop type. Map data copyrighted by OpenStreetMap
contributors.

available, covering the growing period from seeding to harvesting in each field.
The yieldSAT dataset is unique across the literature. A comparison to otherComparison to

literature popular datasets for crop yield modeling is provided in Table 2.2. For instance,
the data presented by Perich et al. [40] cover only 73 cereal crop fields from
one country and use only a subset of S2 bands. In addition, the CropNet [36]
dataset offers only regional-level yield data (from the USDA NASS10) for the
US only, with low temporal and spatial resolution. The data is coupled only
to selected bands and derivatives from S2 and to meteorological variables.
In particular, the yieldSAT dataset is the first multimodal dataset for predicting
crop yields at the field and subfield (pixel) levels, spanning multiple countries,
crop types, and years, and containing a large number of EO data modalities
with high temporal and spatial resolution.

10https://www.nass.usda.gov/ [accessed: April 17, 2026]

https://www.nass.usda.gov/
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Figure 2.5: Shematic overview of the data collection and preprocessing. At harvest, a
combine collects point data containing various information (yield, geoloca-
tion, timestamp, moisture). After cleaning, the point data gets rasterized
to 10 × 10m resolution using a rasterization grid. For each yield map, EO
data is collected. Finally, the target and input data are preprocessed into
a ML-ready data format for pixel-wise yield prediction. (Image partly
generated with [41])

Data Collection

The data collection consists of (1) the ground truth yield data acquisition and
preprocessing, (2) EO data collection, and (3) creation of ML-ready datasets.
The ground truth data collection process was done in collaboration with farmers,
research institutions, and industry. The process is summarized in Figure 2.5.
Yield Data Collection: The YieldSAT dataset contains subfield-level yield
data that was collected by combine harvesters. At harvest, a combine harvester
equipped with yield monitors drives through the field and collects georefer-
enced, equidistant data points as point vector data. Each data point contains Georeferenced

vector datainformation such as the geographic coordinates (latitude and longitude) of each
measurement, the amount of wet yield, and the moisture content. Additionally,
metadata is collected, such as the timestamp of each measurement, speed,
working width, moving direction, and elevation. Together, all data points
form a yield map, a collection of data point vector data for a single field.
Yield map data provides valuable information about the spatial variability and Yield map

productivity of a single field and enables farmers to identify productivity zones,
estimate yield quality, quantify damage and losses, and serves as a foundation
for future activities. Nevertheless, yield map data is highly inhomogeneous
and therefore requires careful data preprocessing.
Yield Data Preprocessing: Raw yield data is commonly stored as georefer-
enced vector data in the shapefile format. Still, many other data formats exist
that can store geospatial yield data. Therefore, if the data is not provided
in the shapefile format, a format conversion is performed. Moreover, yield
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maps are manually inspected and curated. The curation is stored as metadata
for each yield map. Only yield data that appeared realistic to agriculturalThe shapefile

format is a
geospatial vector
data format that

stores geographical
information along

with its features.

and Geographic Information System (GIS) experts were considered for further
processing.
Combine harvester yield data is highly inhomogeneous across farmers, regions,
and countries. Differences arise from the use of different machines, languages,
units, and management practices. This makes the processing of combine har-
vester data from various locations challenging and requires systematic data
preprocessing. Therefore, a standardized preprocessing pipeline harmonizes
the data, using semi-automatic and automatic detection and translation of
feature names across various languages, as well as conversion to the metric
system. Additionally, automatic transformation from the geographic World
Geodetic System 84 (WGS84) to a projected Universal Transverse Mercator
(UTM) Coordinate Reference System (CRS) is done. Following, yield mea-
surements are cleaned, since the reliability of the yield sensors is affected by
several parameters, including speed, grain flow, and GPS accuracy. Combine
harvester data is often miscalibrated and is associated with sensor errors, posi-
tioning inconsistencies, missing information, delays between grain collection
and measurement, and focus during turns [42].

Consequently, improving data quality is necessary by removing erroneous values
for yield, moisture, timestamp, and deactivated harvesters [43]. Nevertheless,
we aimed to minimize preprocessing and outlier removal to preserve the data
in its original form. For this, zero-yield points and biologically infeasible points
were removed based on expert rules. This includes a crop-specific maximum
yield value shown in Table 2.4. Yield values above that threshold are considered
sensor errors and are subsequently removed. The data was further filtered using
statistical thresholds. Yield measurements must fall within three standard
deviations (±3σ). This three-sigma-rule ensures that 99.7% of data remains,
with the rest classified as outliers. This method is a common and simple outlier
detection method that is also applied in the context of yield data preprocessing
[40, 30]. Finally, the scaled yield (dry yield) is calculated based on the measured
wet yield, adjusted to a fixed standard moisture as:

ys = yw ∗ 1 − mm

1 − ms
, (2.2)

with ys as the scaled yield (dry yield), yw the wet yield, mm as the measured
moisture, and ms the standard moisture. The standard moisture for every
crop type is given in Table 2.4. The scaled yield is calculated because it is less
affected by measurement noise (weather and time of harvest). Additionally,
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Table 2.4: Maximum accepted yield values in t/ha for every crop type and the
standard moisture.

Standard Values Wheat Rapeseed Soybean Corn
Max. Yield (t/ha) 20 10 15 45
Standard Moisture (%) 15 9 15 16
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Figure 2.6: Example yield data together with the curation.

the scaled (dry) yield is the true indicator of the grain output used to esti-
mate revenue potential for farmers, traders, and crop insurance. After this,
a georeferenced boundary polygon is created for each yield map that is used
as a georeference for EO data acquisition, which is required for training ML
models.
At the end of the data preprocessing, each yield map is assigned a quality
score. This score combines visual expert decisions and automatic curation
guidelines. Figure 2.6 shows a set of randomly selected fields. It highlights the
varying quality levels within the dataset. Low-quality yield maps often exhibit
sparse sampling, spatial misalignment, or erroneous measurements, such as
unrealistically high yield values. Artifacts may be present as well. These
can include patterns caused by harvester turns or delays in the measurement
process.
Earth Observation Data Collection: All collected EO features used to

train yield prediction models were selected based on stringent selection criteria:
(1) demonstrated or theoretically established influence on crop development
and yield, (2) open and freely accessible, (3) global coverage, and (4) high
spatial- and temporal resolution. An overview of the resulting data modali-
ties and detailed information about the collected data are provided in Table 2.5.

For each field, a set of EO data modalities was acquired that are known to be a
predictor of crop yield. Specifically, S2 Level-2A optical and multispectral time Optical &

Multispectral
Satellite Data

series imagery, containing all 13 spectral bands, was acquired for the period
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Table 2.5: Overview of all available data modalities in the yieldSAT dataset and
their characteristics.

Modality Source Product Spatial Resolution Temporal Resolution

Multispectral Sentinel-2 L2A

B01 - Coastal Aerosol

10 m × 10 m ∼ 5 days

B02 - Blue
B03 - Green
B04 - Red
B05 - Red Edge 1
B06 - Red Edge 2
B07 - Red Edge 3
B08 - NIR
B8A - Narrow NIR
B09 - Water vapour
B11 - SWIR 1
B12 - SWIR 2
Scene Classification Layer (SCL)

Weather Era5 [26]

Max Temperature

30 km × 30 km DailyMean Temperature
Min Temperature
Total Precipitation

Soil SoilGrids [28]

Soil Organic Carbon

250 m × 250 m

Static

Nitrogen
Cation Exchange Capacity
Clay
Silt
Sand
pH
Volumetric fraction of course fragments

Topography SRTM [27]

Elevation (DEM)

30 m × 30 m
Slope
Curvature
Topographic wetness index (twi)
Aspect

between seeding and harvesting. All available S2 bands and time steps within
the corresponding growing season were collected, resulting in a time series with
a temporal resolution of approximately one image every five days. In Table 2.1,
information about each band of the S2 product is given. Additionally, the Scene
Classification Layer (SCL) is available for each time step, providing per-pixel
class information for the S2 product at a 20 m × 20 m resolution. In total, the
SCL layer provides 12 class labels, such as “vegetated,” “non-vegetated,” or
“clouded.” Following, spectral bands not originally available at 10 m × 10 mThe SCL provides

a classification
layer for the S2

product.

resolution were upsampled to 10 m × 10 m to ensure a unified spatial resolution
across all bands. The S2 bands were preserved in their original form, and
no specific indices were calculated (e.g., NDVI, NDWI), such as in [36]. This
increases the flexibility of the dataset for downstream tasks.
While optical and multispectral satellite data are known to be good predictorsAdditional Data

Modalities of crop yields [40], additional data modalities can be integrated to build yield
prediction models. For example, optical data can be affected by cloud occlusion,
rendering certain time steps uninformed [44]. Therefore, to compensate for
the shortcomings of S2 data, ADMs were acquired for every field. Specifically,
other data modalities are known to correlate with crop yield, including weather,
soil, and topographic information, which further fulfilled the selection criteria.
Weather data for each field is acquired from the ERA5 program [26] within
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Figure 2.7: Yield data distribution plots for each crop type and country.

Table 2.6: Kruskal–Wallis H-test between yield distributions grouped by countries
and by crop type.

Evaluation Country Crop
p-value 4.15 × 10−178 7.07 × 10−192

the growing period. Soil data was acquired from SoilGrids in 250 m × 250 m
resolution [28]. Topography data was acquired from the SRTM mission [27]
in 30 m × 30 m resolution. For soil and topography data, raster images are
created for each feature and upsampled to 10 m × 10 m resolution using a cubic
spline interpolation to match the resolution of the S2 images. For soil, all
soil properties are sampled at depths of 0-5, 5-15, 15-30, 30-60, 60-100, and
100-200cm. For the topography data, the RichDEM [45] library was used for
feature engineering to derive additional features, including curvature, slope,
and aspect. Moreover, the Topographic Wetness Index (TWI) is calculated
following [46].

Rasterization & Pixel-Wise Yield Mapping: To train yield prediction
models using supervised learning, the data alignment criteria must be fulfilled.
To align the S2 imagery and the ADM with the yield data, the yield maps are
rasterized so that each S2 product pixel spatially aligns with the corresponding
yield data pixel across the entire time series. For this purpose, a rasterization
grid derived from the S2 imagery with the spatial resolution of 10 m × 10 m was
placed over the yield map. All yield points within a given pixel are averaged,
yielding a rasterized yield map with the spatial resolution of the S2 data. Each Rasterization

pixel in the S2 and ADMs is spatially aligned with a pixel in the target yield
map. For spatio-temporal data (S2), this applies for the entire time series.
Data Quality & Data Analysis: The YieldSAT dataset is diverse in terms
of ground truth yield data and data modalities, such as S2 reflectance patterns.
We highlight the unique characteristics of each crop type and country. For
example, we see distinct yield distributions across crop types and countries.
Corn and wheat tend to have the highest yields, with a wide spread. Soybeans
and rapeseed generally exhibit lower yield values than other crops. Most yield
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Table 2.7: Pairwise post-hoc comparisons of the yield distributions between indi-
vidual countries. Each cell displays the statistical significance level
of the difference between two countries based on Dunn’s test using the
Holm–Bonferroni correction. ns = no significance (p ≥ 0.05), ∗ = p < 0.05,
∗∗ = p < 0.01, ∗ ∗ ∗ = p < 0.001, ∗ ∗ ∗∗ = p < 0.0001.

Comparision Argentina Brazil Germany Uruguay
Argentina - **** **** ****
Brazil **** - ns ****
Germany **** ns - ****
Uruguay **** **** **** -

Table 2.8: Pairwise post-hoc comparisons of the yield distributions between individual
crops. Each cell displays the statistical significance level of the difference
between two crops based on Dunn’s test using the Holm–Bonferroni cor-
rection. ns = no significance (p ≥ 0.05), ∗ = p < 0.05, ∗∗ = p < 0.01,
∗ ∗ ∗ = p < 0.001, ∗ ∗ ∗∗ = p < 0.0001.

Comparision Corn Rapeseed Soybean Wheat
Corn - **** **** ****
Rapeseed **** - ns ****
Soybean **** ns - ****
Wheat **** **** **** -

Figure 2.8: t-SNE plot of the surface reflectance of the S2 time series, grouped by
countries (left) and crops (right).

distributions do not follow a normal distribution. This is shown in Figure 2.7.Distribution shifts

To test whether the data distributions differ significantly across crop types
and countries, we perform a Kruskal-Wallis test. It compares the distributions
between these groups. Both tests reveal significantly different distributions
between countries and crop types. Next, we perform a post-hoc analysis to
compare pairwise differences within each group. Dunn’s test with a Holm-
Bonferroni correction is used to account for multiple comparisons. Pairwise
comparison results between each country are shown in Table 2.7. Notably,
each group has a different yield distribution, with most p-values ≤ 0.0001. No
significance is present except between Germany and Brazil. For crop types,
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another Dunn’s test shows most distributions are significantly different, with
p-values ≤ 0.0001 (Table 2.8). Only rapeseed and soybean show no significant
difference in yield distributions. Additionally, we observe high diversity in the
patterns of the data modalities (e.g., surface reflectance of the S2 time series)
between countries and crop types. In Figure 2.8, a t-Distributed Stochastic
Neighbor Embedding (t-SNE) [47] of the surface reflectance of the S2 time
series is shown, colored by countries (left) and crops (right). The plot shows
that the surface reflectance differs between countries and crops.

2.2.2 Further Yield Prediction Datasets

The SwissYield11 dataset was published by Perich et al. [40]. Similar to the
YieldSAT dataset, this dataset is a regression dataset containing subfield-level
yield measurements coupled with EO data modalities. The dataset contains
73 yield maps of cereal crops collected between 2017 and 2021 in Switzerland.
The yield maps are rasterized to 10 m × 10 m resolution using S2 data as the Food security

reference. For each pixel, multispectral optical sensor data from S2 (10 bands)
is collected. Moreover, weather data was acquired including mean temperature
and total precipitation from the ERA5 program. The time series spans the
period from seeding to harvesting, with an approximate 5-day sampling rate.
The dataset has a size of 54098 yield pixels.

2.2.3 Life Fuel Moisture Content Estimation

The Life Fuel Moisture Content (LFMC) dataset is a regression dataset for
moisture content estimation, published by Rao et al. [48]. LFMC estimation
estimates the mass of water per unit dry biomass in vegetation and is particu-
larly important for wildfire risk assessment. This is a regression task in which Wildfire

the vegetation water (moisture) per dry biomass is predicted for a specific
location.

LFMC(%) =
fresh mass − dry mass

dry mass × 100. (2.3)

The data was collected between 2015 and 2019 in 12 states of the western
US. In total, 2578 samples were collected over an area of 3.7 km2 containing
several vegetation types. The area was selected for its increased fire activity
and diverse climatological, topographical, and ecological characteristics. The

11https://www.research-collection.ethz.ch/handle/20.500.11850/581023 [accessed:
April 17, 2026]

https://www.research-collection.ethz.ch/handle/20.500.11850/581023
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Table 2.9: Overview of the input features from the LFMC dataset. (Source: Rao
et al. [48])

Radar (Sentinel-1) Optical (Landsat 8) Mixed (dB) Static

V V Red V V
Red , V H

Red Canopy height
V H Green V V

Green , V H
Green Elevation

V H − V V Blue V V
Blue , V H

Blue Terrain Slope
NIR V V

NIR , V H
NIR Silt fraction

SWIR V V
SW IR , V H

SW IR Sand fraction
NDVI V V

NDV I , V H
NDV I Clay fraction

NIRv V V
NIRv , V H

NIRv Land cover
NDWI V V

NDW I , V H
NDW I

temporal features are multispectral optical sensor data from Landsat-8 12,
containing 5 bands. From the optical data, the NDVI, NDWI, and the near-
infrared vegetation index (NIRv) are derived, which are known to correlate
with the LFMC. Additionally, SAR sensor data from S1 at C-band (5.4 GHz)
backscatter with 3 bands is provided. Specifically, the vertical-vertical (VV),
vertical-horizontal (VH) polarization, and their product are used. Moreover,
mixed features are calculated containing ratios of optical and SAR data to follow
a Physics-Guided (PG) approach. These features sampled over 4-month before
the moisture measurement, resulting in a signal of 4 time steps. ADMs are
static sensors for topographic information from the National Elevation Dataset
[49], canopy height from GLAS-based lidar [50], soil properties from the Unified
North American Soil Map [51], and land-cover class from GLOBCOVER 13.
The available features are provided in Table 2.9 and were interpolated to a
pixel resolution of 250 m × 250 m.

2.2.4 Air Pollution Forecasting

The Particle Matter 2.5 (PM2.5) 14 is a multivariate time-series regression
dataset containing information about the air particles of 2.5 microns or fewer in
diameter (in µg/m3) in the cities of Beijing, Shanghai, Guangzhou, Chengdu,
and Shenyang. The dataset was published by Chen [52]. The dataset allowsAir pollution

the estimation of air pollution in major cities and was collected between 2010
and 2015. As the input data, atmospheric conditions are used such as dew

12https://landsat.gsfc.nasa.gov/satellites/landsat-8/ [accessed: April 17, 2026]
13https://due.esrin.esa.int/page_globcover.php [accessed: April 17, 2026]
14https://archive.ics.uci.edu/dataset/394/pm2+5+data+of+five+chinese+cities

[accessed: April 17, 2026]

https://landsat.gsfc.nasa.gov/satellites/landsat-8/
https://due.esrin.esa.int/page_globcover.php
https://archive.ics.uci.edu/dataset/394/pm2+5+data+of+five+chinese+cities
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point, temperature, humidity. Moreover, atmospheric dynamics such as the
atmospheric pressure, combined wind direction, cumulative wind speed, and the
season. Finally the hourly and cumulative precipitation are provided. These
are captured at hourly resolution, where we consider a three-day window for
prediction. In total, 52854 measurement instances are contained in the dataset.

2.2.5 Plant Growth Modeling

The MixedCrop dataset15, is an image dataset that contains temporal RGB
images of field patches, collected by a mixed-cropping experiment at the site
Campus Klein-Altendorf in 2020, Germany in the context of the PhenoRob
programe16. The dataset contains images of monocultures of spring wheat
(Triticum aestivum, SW ) and of faba bean (Vicia faba L., FB), and as mixtures
(MX) of both. All plots were planted under different conditions and manage- Sustainable

agriculturement practices. For instance, under different seeding densities and different
treatments. Alongside, various field data were collected, including nutrient
supply, soil information, weather data, and manual height and biomass mea-
surements [53]. In total, 110 features are available. Additionally, information
was collected at 11 acquisition times during the growing period, including plant
mean height and georeferenced orthophotos, captured with a Unmanned Aerial
Vehicle (UAV) at a ground resolution of 3 mm in RGB space for each field plot.
From this, patches are extracted that are aligned in space. An example is
depicted in Figure 2.9.

15https://www.phenorob.de/data-2/index.html [accessed: April 17, 2026]
16https://www.phenorob.de/index.html [accessed: April 17, 2026]

https://www.phenorob.de/data-2/index.html
https://www.phenorob.de/index.html
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Faba Bean (FB) Spring Wheat (SW) Mixture (MX)

Figure 2.9: Example orthophotos of two aligned image pairs for different field plots,
namely for faba bean (FB), spring wheat (SW), and mixtures (MX). The
left image is taken at a mid-growth stage (8 weeks), and the right image
is taken 4 weeks after plant emergence.



3 P R E L I M I N A R I E S

This chapter presents all the background and preliminary information that is
required to follow the content of this thesis. We provide an overview of the
notation used in this thesis, including a taxonomy and basic techniques of ML,
as well as an overview of DIL.

3.1 Notation & Basic Techniques

The notation used throughout this thesis is defined by:

• P , p: Probability measure, density function

• X , x: Input space, instance of the input space

• Y, y: Target space, instance of the target space

• D: Dataset of input and target instance pairs

• H, h: Hypothesis space, hypothesis

• F , f : Function space, instance of a function

• Z, z: Latent space, instance of the latent space

• E[·]: Expected value of a random variable

• V (·): Variance of a random variable

• T , t: Time domain, time step

• {·}: Set

Further, we refer to a prediction of a target instance as ŷ. Additionally,
this thesis distinguishes between different data types of the input and target
instances:

• x ∈ R1×1×B: Pixel or vector instance of the input space with bands B.

• X ∈ RW ×H×B: Image instance of the input space with width W , height
H, and bands B.

31
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• y ∈ R1×1×B: Pixel or vector instance of the target space with B bands.

• Y ∈ RW ×H×B: Image instance of the target space with width W , height
H, and bands B.

• Pixel dataset: This dataset contains spatially aligned pixel pairs {x, y}.
Both instances are aligned in space, i.e., each pixel shows the same
geographical location.

• Time Series Pixel Dataset: This dataset consists of paired and
spatially aligned pixel pairs {x, y}, however, the input instance contains
T time steps x = [x1, x2, ..., xT ]. Likewise, the target remains unchanged.

• Image Dataset: This dataset consists of aligned image pairs of the
input space and target space {X , Y }. Similar to the pixel datasets, both
instances are aligned in space, i.e., each pixel corresponds to the same
geographic location.

• Time Series Image Dataset: This dataset contains spatially aligned
image pairs {X , Y }. Similar to the time series pixel dataset, the input
instance contains T time steps with X = [X 1, X 2, ..., XT ]. Likewise, the
target instance remains unchanged.

We can commonly derive a time series pixel dataset from an image dataset if
the image alignment is satisfied. For each study, deviating notations may be
used. Changes will be defined subsequently.

3.2 A Reflection on Machine Learning and Knowledge

In general, ML is a broad family of algorithms that are designed to learna
patterns from data without being explicitly programmed for it [54]. The
simplest example might be a linear regression model that learn the importance
of input features for a prediction. Suppose you want to predict the biomass of
a plant based on its height. For this, you collect data on the plant height andMachine Learning

& Deep Learning learn to adjust a linear line so that the prediction matches the observed data.
After the learning process, the model can predict new values for plants it has
not seen before. Traditional ML algorithms like linear regression or decision
trees are commonly explainable, and a decision can be justified by providing
meaningful explanations of the underlying logic. For example, a decision tree
follows a graphical tree structure and decisions are linearized based on if-then
rules [55]. Another category of ML algorithms is DL. DL commonly relies
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on multiple processing units, designed to learn several levels of abstraction,
commonly using Neural Networks (NNs) [56]. Such models, commonly known
as back-box models, are highly powerful and can process high-dimensional data
but at the cost of being less explainable [55].
More formally, the process of ML is defined as learning a mapping function
Fθ : X 7→ Y from the input space X to the target space Y by optimizing over
the model parameters θ. For example, in a supervised learning setting, the Supervised learning

training data consists of instance pairs, e.g., {(x1, y1), (x2, y2), ..., (xN , yN )}
that define the relations between the instances in the training set. Following,
the model tries to extract rules by learning parameters that minimize an
objective (loss) function:

F∗
θ = arg min

θ

1
N

N∑
i=1

L(yi, ŷi), (3.1)

with L(yi, ŷi) as the objective function, ŷi as the prediction, and yi as the
ground truth. An important loss function for regression applications is the
squared error (see Equation 3.3), which measures the squared difference between
a predicted and a target value [57]. Other objective functions exist that will
be introduced throughout this thesis.
More general, ML algorithms share the property of extracting patterns from
data by performing induction [54].

Induction
Induction is a reasoning process that involves summarizing observations
(e.g., data) to generalized concepts or rules.

The induction or learning process creates a hypothesis that reflects the un-
derlying data. However, several hypotheses are commonly consistent with the
observed data. ML can be considered as the search over the entire hypothesis
space to find the model that is most consistent with the observed data. In Hypothesis space

practice, many solutions exist that satisfy the observed data, and there is no
clear superior hypothesis. Moreover, different models may predict new, unseen
samples differently. Yet all remain similarly consistent with the observed
data during the learning process [54]. Consequently, a learning system must
decide which hypothesis it becomes. The bias for a specific solution is called
Inductive bias. Importantly, every learning algorithm has its own inductive Inductive bias

bias, that guides the model to a unique solution. Otherwise, a prediction
would be ambiguous and model would make different predictions for the same
input. Interestingly, the inductive bias that caused the algorithm to become
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a unique hypothesis leads to a fundamental problem in ML itself. That is,
what is the best model? This brings us to the No Free Lunch Theorem
(NFL) [58]. The NFL theorem states that across every possible problem, noNo Free Lunch

Theorem single algorithm exists that performs better than all other algorithms. In
fact, any algorithm that excels in one specific task fails in another task. This
has significant consequences for the field of ML as it implies that a universal
superior model does not exist. Consequently, ML can only be viewed in the
context of a particular problem, and the success of a model depends on tailor-
ing the model to a particular task. This requires careful model selection, as
algorithmic choices and underlying assumptions must align with the data and
the objectives. Therefore, practitioners should evaluate not only the theoretical
capabilities of a model but also its suitability for the context in which it will
be deployed.
In fact, what helps the model produce a hypothesis is passed on to the creator
of the learning model itself. Consequently, to achieve superior performance in
a specific task, prior knowledge (domain expertise) is required that defines a
hypothesis over the hypothesis space.

3.2.1 Deep Learning Building Blocks

Table 3.1: Common building blocks in deep learning with different inductive biases
and assumptions. (Source: [59])

Layer Components Entity Relation Inductive Bias Invariance
Fully Connected Layer Neurons All-to-all Weak -
Convolutional Layers Grid elements (image) Local Locality Spatial translation

Recurrent Layers Timesteps Sequential Sequentiality Time translation

In fact, ML without prior knowledge does not and cannot exist as it is inherently
structured by assumptions about the world. Traditionally, ML is viewed as an
abstract function approximator that discovers relationships between entities
in order to define general rules or concepts. Regardless, it is commonlyAn entity is an

element
characterized by

attributes.

overlooked that every ML method embeds substantial prior knowledge, as
well as mathematical, structural, and conceptual properties. A historical
example lies in the very building blocks of ML. In his fundamental work,
Rosenblatt [60] explored the nature of machine thinking, raising foundational
questions about the properties of perception, generalization, and memory. He
introduced the Perceptron, the direct ancestor of modern NNs. PerceptronsPerceptron

(or neurons) form interconnected systems and pathways shaped by stimuli
and experience, analogously to the biological nervous system. Rosenblatt

Parts of this section are guided by [54]
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envisioned a model of general intelligence “without becoming deeply enmeshed
in the special.” He further discussed crucial properties of perceptrons, such as
random initialization, arguing that a network (brain) begins in a largely random
state at birth, except for some genetic components. Only through learning
and neural plasticity, meaningful connections and functional organization
emerge from experience. Likewise, all building blocks of ML carry task-specific
assumptions and inductive bias [59].

Fully Connected Layer

A Fully Connected Layer (FCL) [61] is one of the fundamental building blocks
of modern NNs architectures that build on the previously discussed perceptrons.
It connects every neuron in the previous layer to every neuron in the current
layer. Each neuron generates a weighted sum of the inputs and adds a bias
term. Finally, an activation function is applied. Importantly, every neuron in
the previous layer is connected to every neuron in the current layer, allowing
each input to influence every output by defining any output value. This high
degree of connectivity reduces the model’s inductive bias by imposing minimal
structural assumptions about which inputs are relevant. Consequently, the
network gains the flexibility to model complex, global relationships and to
perform general tasks such as classification and regression. By stacking multiple
FCLs, one obtains a Multilayer Perceptron (MLP), a core architecture capable
of approximating arbitrary continuous functions. In this way, such architectures
emulate general aspects of intelligence through specific, learnable inductive
biases encoded in their structure and training process.

Convolutional Layer

Convolutional layers [62] are commonly used in image processing. These layers
apply a convolution operation to an input, typically an image, using learned
filters or kernels to create a feature map. This feature map highlights specific
properties of the input. Compared to the FCL, a convolutional layer learns
sparse relations that focus on locality and translational invariance to provide a
stronger inductive bias. Locality assumes that neighboring entities (e.g., pixels)
have high covariance that diminishes with distance. Translational invariance
assumes that the rule of locality can be applied across the input. By sharing
weights and using local connections, convolutional layers reduce computational
complexity and parameter count compared to a FCL, making them more
efficient for many computer vision tasks.
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Recurrent Layers

Recurrent layers [63] are another fundamental building block of NN, designed
to capture structure in sequential information, such as in time. These layers
include recurrent connections that process inputs sequentially, with the output
(or hidden state) from the previous time step serving as input to the current
state. Through this mechanism, recurrent layers learn relationships across
sequential inputs and hidden states, enabling the network to model temporal
dependencies and dynamics over time. Analogous to how convolutional layers
exploit spatial locality, recurrent layers assume temporal locality, that is, de-
pendencies between neighboring time steps that are approximately invariant
in time, often modeled under a Markovian assumption.

In Section A.1 we provide a detailed overview of advanced model architectures
that are relevant for this work.

3.2.2 Domain-Informed Learning

Although ML building blocks already integrate prior knowledge, the explicit
integration of prior knowledge into the learning algorithm is an intensively
studied field of research, aiming to increase the model’s effectiveness, robustness,
explainability, or knowledge conformity.inductive bias &

prior knowledge

Domain-Informed Learning
Learning from prior knowledge and data.

In this thesis, we refer to prior knowledge as a source of validated scientific
information that exists independently of the learning algorithm. Scientificprior knowledge

knowledge is a validated source of information (e.g., natural laws) that can be
represented as algebraic equations, differential equations, simulation results,
data, or validated concepts. Several definitions for DIL exist that describe
the explicit integration of knowledge into a learning system, such as Theory-
Guided Data Science [16], Informed Machine Learning [17], Knowledge-Guided
Machine Learning [20], or Physics-Informed Machine Learning [64]. Table 3.2
provides an overview of existing definitions of learning with data and knowledge.
All methods share the common goal of addressing the nature of knowledge
discovery in scientific disciplines that go beyond the development of actionable
end-to-end models, as in classical ML. Instead, the main goal is to develop
hypotheses and theories from learned patterns and relationships to achieve
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Figure 3.1: Schematic overview of domain-informed learning. The ML pipeline re-
ceives data and prior knowledge to learn a hypothesis for a specific problem.
The dashed line indicates the integration of prior knowledge. (Figure
derived from [17])

Table 3.2: Domain-Informed Learning literature definitions.

Theory-Guided Data Science "seamlessly blending scientific knowl-
edge in data science models." [16]

Informed Machine Learning "learning from a hybrid information
source that consists of data and prior
knowledge." [17]

Knowledge-Guided Machine Learn-
ing

"aims to use both scientific knowledge
and data in ML frameworks." [20]

Physics-Informed Machine Learning "integrates seamlessly data and math-
ematical physics models." [64]

scientific advancements.
Definitions proposed by Karniadakis et al. [64] focus on the learning of physically
consistent solutions, e.g., by integrating formalized mathematical knowledge
such as differential equations. Such approaches explicitly address the lack of
representative training samples, arguing that data scarcity can be compensated
for by incorporating prior knowledge. In fact, one reason for the limited success
of purely data-driven models in scientific disciplines is the limited access to
sufficient and representative training data, compared to mainstream problems
such as those in natural language processing or object detection. Therefore,
models are often under-constrained. Moreover, physical variables are often
complex and dynamically change over time. Insufficient training data, therefore,
cannot capture the true nature of the physical variables, resulting in poorly
performing models and even misleading conclusions [16].
In contrast, Von Rueden et al. [17] provides a more general approach by
considering different knowledge representations and integration practices. In
general, three main questions define DIL:
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Table 3.3: Overview of knowledge integration strategies. The referenced studies are
related to this work.

Integration Motivation Goal Challenges Studies

Data Space Less data Data augmen-
tation (e.g.,
simulations)

Noisy data,
mismatch

[65, 66,
67, 68,
69, 70]

Model
Structure

Effectiveness
(e.g., per-
formance,
explainability)

Knowledge-based
architectures (e.g.,
time invariances),
probabilistic rela-
tions

Costs, feasi-
bility

[71, 69,
72, 73,
74, 75]

Learning Al-
gorithm

Knowledge
conformity,
less data

knowledge-based
regularization
(e.g., loss terms)

Weighting
knowledge
vs. Data,
robustness

[37, 76,
70, 77,
78]

1. How is the knowledge represented?

2. How is the knowledge integrated into the model pipeline?

Several scientific knowledge representations can be used to enrich ML algo-
rithms, as discussed earlier. For example, algebraic equations in the form of a
VI can formalize a relationship between the reflectance of an image of a plant
and its biomass. Integrating such formalized concepts can facilitate the learning
process. Considering knowledge integration, prior knowledge can be integrated
into the (1) training data, (2) model structure, and (3) learning process (e.g.,
through regularization or conditions). Integrating prior knowledge at different
steps in the ML-pipeline serves distinct purposes and has distinct advantages
and limitations, as shown in Table 3.3.

3.2.3 Limitations in the Current Literature

Many studies related to DIL for EO rely on custom datasets. For example,
the lack of widely adopted benchmarks for DIL in agriculture limits direct
comparisons between methods and reduces reproducibility. Although expert
knowledge can enhance the performance of ML models, as shown in Table 3.3,
knowledge sources are difficult to represent and embed in ML pipelines. Most
studies in EO applications focus on enriching the data space using simulation
results or augmented data, but commonly lack a comparison with a baseline
model trained without expert knowledge. Only a few papers incorporate prior
knowledge directly into the learning algorithm (e.g., the loss function) to in-
crease the conformity with physical laws. Additionally, only a few papers follow
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a probabilistic approach by incorporating expert knowledge using Bayesian
Networks.
No study systematically evaluates different knowledge sources and integration
practices using a standardized approach. Consequently, it is an open question
which knowledge sources and integration practices are truly effective, and where
purely data-driven methods excel. In the following parts of this work, we will
analyze different knowledge sources and integration strategies to systematically
answer RQ1, RQ2, and RQ3.

3.3 Evaluation

This thesis uses different model evaluation techniques that will be described
here. The objective of training a ML model is to foster generalization and
avoid overfitting.

Generalization & Overfitting
Generalization refers to the ability to accurately predict new, unseen
data after being trained on a training dataset. Unlike generalization,
overfitting occurs when a model only fits the training data and performs
poorly on new, unseen data.

To assess the generalization performance of a ML model, evaluation strategies
are required. Therefore, we briefly summarize key evaluation and training
techniques. Training a ML model typically involves splitting the data into a
training set and an independent test set. Often, another independent validation
set is used specifically for hyperparameter optimization of the model. Addi- Hyperparameter

tionally, K-Fold Cross-Validation (CV) is a common technique that divides
the data into K non-overlapping folds, where one fold is held out consecu-
tively during training and used solely for testing. The overall performance is
subsequently reported over all folds. CV is commonly used to estimate the
generalization performance of a model by detecting overfitting. Further, it is
recommended to include prior information about the data that counteracts
overfitting. Stratification involves arranging the data so that each fold has
the same class distribution. Furthermore, grouping ensures that samples that
belong to the same group only appear in either the training or testing set. More- Stratification &

Groupingover, defining domain-specific CV scenarios helps to assess the generalization
power of a model. For example, EO data from distinct regions or years often
exhibit distinct distributions. Therefore, it is desirable to assess the temporal or
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spatial generalization (transferability) by using Leave-One-Year-Out (LOYO)
or Leave-One-Region-Out (LORO) CV scenarios. Here, a specific group (e.g.,Transferability

a region) is held out during training and used only for inference.

3.3.1 Quantitative Evaluation

This thesis focuses on regression applications. Regression is a predictive
modeling task that involves predicting a numeric value. Unlike classification,
regression predicts a continuous quantity and requires specific evaluation mea-
sures to assess the predictive power of the model. For quantitative evaluationRegression

in a regression setting over N samples, the Mean Absolute Error (MAE), Mean
Squared Error (MSE), Mean Absolute Percentage Error (MAPE), Root-Mean-
Square Error (RMSE), Relative Root-Mean-Square Error (RRMSE), BIAS,
and the Coefficient of Determination (R2) are calculated as follows:

MAE =
1
N

N∑
i=1

|ŷi − yi|, (3.2)

MSE =
1
N

N∑
i=1

(ŷi − yi)
2, (3.3)

RMSE =

√√√√ 1
N

N∑
i=1

(ŷi − yi)2, (3.4)

RRMSE =

√√√√ 1
N

∑N
i=1(ŷi − yi)2∑N

i=1 yi

, (3.5)

MAPE =
1
N

N∑
i=1

| ŷi − yi

yi
|, (3.6)

BIAS =
1
N

n∑
i=1

(ŷi − yi), (3.7)

R2 = 1 −
∑n

i=1(ŷi − yi)2∑n
i=1(yi − y)2 (3.8)

We also evaluate the image generation power of certain models that require
specific evaluation methods. The Fréchet Inception Distance (FID) score [79]Image generation

is a prominent metric used to assess the quality of generated images. The
FID score compares the distributions of generated and real images, rather
than comparing individual images, by passing the samples to a pretrained
InceptionNet [80] trained on the ImageNet dataset [81]. The generated and
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real distributions are compared at the feature level by computing the Fréchet
distance between their multivariate Gaussian feature representations extracted
from a specific layer of the InceptionNet.

FID(Nr, Ng) = ∥µr − µg∥2
2 + Tr

(
Σr + Σg − 2 (ΣrΣg)

1
2
)

, (3.9)

with µr and Σr as the mean and covariance of the real image features and
µg and Σg for the generated images, respectively. Tr(·) is the trace operator
(sum of diagonal elements). The FID is a robust and efficient measure of image
quality that is considered to correlate well with human judgment regarding
image diversity and quality [82]. However, it also has disadvantages. For a
finite set of samples, the FID is inaccurate and deviates from the true score.
The FID is characterized by a high bias [83] and depends on the model being
evaluated [84]. Therefore, comparisons between different models are unreliable.

3.3.2 Qualitative Evaluation

Besides quantitative evaluation, qualitative evaluation based on human percep-
tion is an important aspect for assessing a model’s performance. This is done
on individual examples using expert judgement. Since qualitative evaluation
can be biased, this work uses stringent guidelines for qualitative evaluation:

• Realistic appearance: predicted samples should look realistic, sharp,
artifact-free, and exhibit clear and domain-realistic detail.

• Consistency of conditions: predictions should be consistent with the input
and other injected conditions while producing low prediction errors.

• Variability and generalization: the model should generalize to unseen
data and produce diverse but realistic results.

• Distribution match: prediction and target distribution must be close to
each other.
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PART II

D ATA S PA C E E N R I C H M E N T





4 M U LT I M O D A L L E A R N I N G

Chapter Highlights:

1. S2 multispectral satellite imagery is an important predictor of crop yield
using ML. The data space can be further enriched with ADMs.

2. The importance of a ADMs depends on country and crop type, but can
be mitigated by selecting advanced data fusion methods.

3. Spatial locality information improves pixel-based yield prediction.

In this chapter, we focus on the data space for large-scale crop yield prediction
to answer RQ1. We aim to enrich the data space (model input) by evaluating
different data modalities and their representations to improve the effectiveness
of the model with respect to the evaluation criteria, defined in Section 1.2.
Since we are working with complex and high-dimensional input data that Data space

enrichmentrequire systematic data preprocessing and data fusion, we will further answer
the following subquestion:

• RQ1.1 Which model architecture performs best for time series regression
in EO application?

• RQ1.2 Which temporal, spectral, and spatial data modalities consistently
contribute to crop yield prediction performance?

• RQ1.3 Which data fusion method effectively combines data modalities
with different temporal, spectral, and spatial resolutions?

To answer the research questions, we analyze two data fusion methods. In
Section 4.4, we analyze multimodal data sources and assess their individual
importance using a simple Input Fusion (IF) method. In Section 4.5, we
examine a Feature Fusion (FF) method that integrates multimodal data with
varying temporal and spatial resolutions. We further explore the integration of
neighborhood information, VIs, and simulations in pixel-based yield prediction.

Parts of this chapter, including figures and tables, have been published already in [85], [86],
[87], and [88].

45
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4.1 Data Fusion & Machine Learning

As discussed earlier, the availability of data modalities in EO has increased
rapidly over the past decades, offering deeper insights from multiple perspec-
tives. Exploiting the richness and diversity of different data modalities can
support a better understanding of the task [89]. Consequently, we could assume
that adding more data to an ML model will continuously improve performance.
However, studies demonstrate that this is not always the case, and the op-
posite is observed instead [90]. Training with multiple modalities, known as
multimodal learning, raises several challenges, stemming from the nature of the
data modalities and the ML model itself. A common challenge is the differ-Multimodal

learning ence between spatial, temporal, and spectral resolution, which increases the
difficulty of information extraction. Additionally, sensors and data collection
are commonly affected by different noise levels. Therefore, combining data
modalities in a meaningful way is necessary to leverage the full information
from multiple sensors. This process is known as data fusion. Several definitions
of data fusion are available in the literature [91]. In the following, we define
data fusion as:

Data Fusion
Data fusion is the integration of complementary data sources with differ-
ent sensor characteristics and acquisition conditions, using automated
methods to achieve more robust, accurate, and domain-adapted analysis.

Mena et al. [92] pointed out that three main aspects must be considered during
data fusion: (1) what to fuse?, (2) where to fuse?, and (3) how to fuse?
In the following, two approaches for crop yield prediction are described, capi-
talizing on IF and FF methods.

4.2 Introduction to Crop Yield Prediction

Today, agriculture faces numerous challenges from population growth and
shifting environmental factors. The ever-growing population, combined with
changing environmental conditions, requires increased productivity, food secu-
rity, and sustainability [93]. In response to these challenges, digital agriculture
has emerged as an indispensable strategy [94]. For example, large-scale crop
monitoring enables farmers, insurers, and policymakers to identify gaps be-
tween actual and potential yields, better assess the impact of environmental
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stress, and improve farming practices [95]. Building on this, recent advances
in ML and EO have substantially enhanced the accuracy of yield prediction
by introducing robust, scalable models and providing large training datasets,
respectively [96, 97]. The S2 satellite mission exemplifies this progress by pro-
viding global multispectral data with high temporal frequency and resolutions
up to 10 m × 10 m. This data enables thorough monitoring of crop development
from seeding to harvesting at subfield resolution by capturing distinct crop
features, including soil characteristics, chlorophyll, nitrogen, and water con-
tent. Furthermore, in the context of these technological improvements, models
such as Transformers [98] and Recurrent Neural Networks (RNNs) are highly
scalable and can process long time series, which are common across various
EO tasks. Nevertheless, the amount of available input modalities introduces
unique challenges. For instance, processing the entire time series introduces
significant computational and operational challenges due to the volume and
dimensionality of the data. Moreover, atmospheric conditions and sensor errors
can lead to missing information in optical RS data, reducing the usability of
affected instances [99, 100]. Likewise, adding more data modalities can further
increase the computational complexity. Furthermore, working with multimodal
data originating from sensors with varying temporal and spatial resolutions
requires identifying an appropriate data fusion scheme [92].

4.3 Related Work

Yield prediction using ML and EO has gained widespread interest [101], yet
remains an ongoing challenge [96]. The rise of EO and ML technologies enables
yield prediction at scale, based on the globally available data sources and pow-
erful ML models [102, 103]. One can broadly classify studies by ground-truth
yield data type, region of interest, crop type, and ML method. As ground
truth data, regional-level [104], field-level [105], and subfield-level data [40] are
common choices. Nevertheless, most studies focus on specific regions, crop
types, and individual years [106, 107, 104, 108, 40]. This can significantly
increase the risk of regional or temporal overfitting [40]. In a field setting, a
primary challenge in yield prediction arises from the wide range of field sizes,
which leads to infrequent processing of the entire field and renders numerous
vision techniques unsuitable. Consequently, many methods operate at the
pixel level and disregard local neighborhood effects, such as infield dynam-
ics, terrain, and field boundary effects. Individual studies, as evidenced in
[107], address this challenge by introducing a convolutional Long Short-Term
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Memory (LSTM) approach that incorporates spatial information [109]. Other
common ML methods are Random Forests (RFs), MLPs, NNs, Convolutional
Neural Networks (CNNs), and RNNs [110, 107, 111]. Lately, the Transformer
architecture has emerged as a key component that is capable of processing long
sequence data [112].
As previously mentioned, yield prediction typically involves processing time
series data to capture crop development from seeding to harvest. Therefore, a
key component is the selection of relevant time steps, as improper choices can
even lead to economic risks or performance reduction [113]. This particularly
occurs with very long time series. Expanding further on data choices, models
are commonly trained on different RS data modalities such as satellite imagery,
DEM, soil, and weather data [114, 103, 115]. Although most data modalities
impact crop yield, only a subset is included in most studies. Consequently, it
still must be determined whether the inclusion of multiple modalities contin-
uously improves model performance across different crop types and climate
zones. Regarding data fusion, concatenating the input features of multiple
RS observations, known as IF, is a common choice [116]. However, certain
approaches involve combining hidden features, known as FF. For instance,
Maimaitijiang et al. [117] demonstrated a FF method for soybean yield pre-
diction. Considering fusion strategies, the attention mechanism is used to
aggregate time series RS data [118, 119], or to highlight input features [120].

4.4 An Analysis of Input Modalities

In this section, we provide an in-depth analysis of various data modalities and
models for crop yield prediction. We set up baseline methods and, moreover,
present a simple but effective fusion method that combines multiple modalities
with different temporal, spatial, and spectral resolutions at the input level.
Often, models are trained on diverse sets of remotely sensed input modalities.Baseline

These include satellite imagery, weather, soil, and DEM data [114, 103, 115]. All
the mentioned modalities are important factors for yield formation. However,
only a subset is commonly evaluated in most studies. It must still be determined
whether including multiple modalities is beneficial for model performance in all
cases. To bridge this gap, we extensively analyze the contribution of various
input modalities for crop yield prediction using different ML models. We
propose an IF approach that combines all data modalities at the input level.
This study aims for generalizability by evaluating the proposed approach on
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the YieldSAT dataset (see Subsection 2.2.1) that covers a large geographic
area with multiple crop types, regions, and years. This method provides a
lightweight yet powerful approach for crop yield prediction, serving as a baseline
for future studies. Results are evaluated at the field and subfield levels.
We demonstrate that the contribution of each ADM depends on the region
and crop type, highlighting the necessity for careful and systematic modality
selection based on these factors. Similarly, the selection of the ML model
should be guided by the specific country and crop characteristics, We consider Sentinel-2 only as

baselinea model that was trained on S2 data only as the data-driven counterpart
and evaluate the integration of domain expertise by adding auxiliary data
modalities. Finally, we study the integration of VIs and simulations that encode
prior knowledge.

4.4.1 Methodology

Data

Table 4.1: Yield maps data per country and crop type for different years.

Country Crop Years #Fields #Samples
Germany Rapeseed 2016 – 2022 111 ∼ 0.3M
Germany Wheat 2016 – 2023 188 ∼ 0.3M
Argentina Soybean 2017 – 2022 190 ∼ 1.4M
Uruguay Soybean 2018 – 2022 572 ∼ 1.7M

In this section, the time series pixel dataset is used (see notation in Section 3.1),
consisting of an input x and target y. As target data, a subset of the YieldSAT Time series pixel

datasetdataset is used (see Section 2.2). In detail, we use data from Germany,
Argentina, and Uruguay for wheat, rapeseed, and soybean crops. An overview
of the data is given in Table 4.1. For most experiments S2 images are used for Sentinel-2 Data:

model training with all spectral bands, as provided in Table 2.1. In addition, Additional Data
Modalities:we include weather, soil, and DEM data. Detailed information on all available

features is given in Table 2.5.
For each sample, the input time series is represented by 24 time steps, where
each time step corresponds to a single month within the growing period. For this, 24 months

S2 images are used as reference data by selecting the best cloud-free S2 image
among all images within each time interval. This time series representation is
based on [121] and will be further analyzed in Subsection 5.2.1.
Once the reference images are selected, all ADMs are concatenated with the S2
product at each time step. For this, daily weather data is aggregated between
each time interval based on the timestamp of the each S2 image. We also
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Figure 4.1: Overview of the IF method for crop yield predictions. Various data
modalities with differen temporal, spatial, and resolutions are fused at
the input level. A machine learning model is then trained at the pixel
level to generate yield predictions at a spatial resolution of 10 m × 10 m.

tested the average but found that aggregation yields the best result. The Soil
and DEM features are vectorized and repeated over each time step. This IF
technique results in a multivariate time series, where each sample represents
a pixel of the yield map. Each sample contains different numbers of input
features, depending on the selected ADM. For soil, all eight available soil
features at depths of 0-200 cm are used as provided in Table 2.5. Importantly,
the IF can be processed by any ML and therefore offers high variability.

Architecture, Training & Evaluation

This section sets up baseline models. Therefore, only well-known ML and DLLightGBM &
LSTM baseline models are used to predict the crop yield, namely the LightGBM model [122]

and the LSTM model. Details on the model implementation and training are
provided in Section A.1.
Following the IF method, a multivariate time series is created as the model
input x, where each time step corresponds to a concatenated feature. The time
series is then passed to an ML model for a regression task, where each sample
represents a pixel with a spatial resolution of 10 m × 10 m derived from the S2
images. An overview of the proposed framework is illustrated in Figure 4.1.
For evaluation, the stratified group K-fold CV is used, as described in Sec-
tion 3.3, with 10 independent folds. The performance was evaluated quantita-
tively and qualitatively using the evaluation metrics and guidelines described
in Section 3.3.
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Table 4.2: Contribution of different modalities in soybean yield prediction for Ar-
gentina using the LSTM model

Modalities Field-Level Subfield-Level
MAPE (↓)

%
R2 (↑)

-
MAPE (↓)

%
R2 (↑)

-
S2-Weather-Soil-DEM 0.11 0.76 0.24 0.63

S2-DEM 0.09 0.82 0.24 0.65
S2-Soil 0.10 0.76 0.25 0.61

S2-Weather 0.11 0.78 0.25 0.63
S2 0.11 0.74 0.25 0.61

Table 4.3: Results show the best-performing combination of different modalities and
ML methods for distinct crops and countries at the field and subfield
level crop yield prediction. ARG = Argentina, URG = Uruguay, GER =
Germany. S = soybean, R = rapeseed, W = wheat.

Evaluation Field-Level Subfield-Level

Model Modalities Dataset MAPE (↓)
%

R2 (↑)
-

MAPE (↓)
%

R2 (↑)
-

LSTM S2-DEM ARG-S 0.09 0.82 0.24 0.65
LightGBM S2-Weather-Soil-DEM URG-S 0.20 0.77 1.02 0.42

LSTM S2-Soil GER-R 0.15 0.78 0.39 0.45
LightGBM S2-Weather-Soil-DEM GER-W 0.09 0.68 0.29 0.37
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Figure 4.2: Qualitative evaluation plots for a single field from Argentina. The model
was trained on S2 and DEM data. Upper left: ground truth yield map,
followed by the predicted yield map, the scatterplot between predicted,
and ground truth data. Lower left: relative prediction clipped at 100%,
followed by the relative prediction error in full range, and the distribution
plot of predictions against the target.

4.4.2 Results
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Table 4.4: Contribution of the individual auxiliary modalities in soybean yield pre-
diction for Argentina using the LightGBM model

Modalities Field-Level Subfield-level
MAPE (↓)

%
R2 (↑)

-
MAPE (↓)

%
R2 (↑)

-
Weather 0.17 0.54 0.17 0.54

DEM 0.24 0.13 0.49 0.06
Soil 0.24 0.10 0.50 0.03
S2 0.11 0.74 0.26 0.59

Data Modalities

In Table 4.2, an example of combining ADMs with S2 for soybean in Argentina
is shown using the LSTM architecture. We show each individual data modality
combined with S2. Additionally, the model trained on all data modalities is
displayed. Finally, the model trained only on S2 is shown as the baseline. First,
we show that including ADMs improves performance in all cases, independent
of the ADM used. However, we observe varying levels of improvement. For in-
stance, S2 combined with DEM results in the strongest improvement, evidenced
by an R2 of 0.82 at the field level, representing a significant improvement of 8
percentage points (pp) over the model trained on S2 data only. Additionally,
including weather data improves the model by 4 pp. In contrast, including
soil data results in an improvement of only 2 pp at the field level and none at
the subfield level. Surprisingly, including all data modalities results in only
a 2 pp improvement at the field and subfield levels. In Table 4.3, similar
results are reported for all other crops and regions. We present results for the
best-performing combination of data modalities and models at the field and
subfield levels. Foremost, we observe that the combination of data modalities
and models differs across countries and crop types. For instance, in Uruguay for
soybean and in Germany for wheat, the combination of all data modalities with
the LightGBM model performed best. In contrast, for rapeseed in Germany, S2
combined with soil data using the LSTM model performed best. Additionally,
we observe significant differences in model performance in absolute numbers.
For instance, the best performance is achieved in Argentina with an R2 of 0.82
and a MAPE of 0.09, while wheat in Germany performs the worst with an R2

of only 0.68 and a MAPE of 0.09.
Based on the qualitative evaluation, we observe good performance across coun-
tries, crops, and years for all models. We note that the presented framework
captures in-field variability with high accuracy. In addition, low prediction
errors and good distributional matches are observed across many examples. An
example is depicted in Figure 4.2 for a soybean field in Argentina. The example
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Table 4.5: Comparison of different knowledge sources to enrich the data space. Differ-
ent VIs are used. SD = simulated drought stress. The results are displayed
for soybean in Argentina with the LSTM model.

Modalities Field-Level Subfield-Level
MAPE (↓)

%
R2 (↑)

-
MAPE (↓)

%
R2 (↑)

-
VI 0.13 0.64 0.27 0.55

S2+SD 0.12 0.74 0.25 0.62
S2 0.11 0.74 0.25 0.61

was generated with the LSTM model. All figures support the exceptionally
high performance for this example. The infield variability is well-preserved.
However, there are regions with high pixel-wise error, especially in areas of
lower yield. Nevertheless, the distribution of predicted and target yield values
exhibits high consistency. Finally, in Table 4.4 we present the potential of the
ADMs for crop yield prediction using the LightGBM model. These results
focus on soybeans in Argentina. As expected, the individual ADMs performs
worse when used alone, especially compared to the S2 data. For example, the
soil variable shows only an R2 of 0.1 at the field level. Surprisingly, the weather
data alone achieves a noticeable R2 score of 0.54 at the field level. Regardless,
despite this improvement at the field level, the performance remains the same
at the subfield level. This pattern is due to the lack of spatial resolution in
weather data, which is repeated across every pixel within a single field.

Further Data Space Enrichment

In Table 4.5, we exchange the S2 bands with commonly used VIs for crop yield
prediction. The overview of the used VIs is given in Table A.2. Additionally, we
include simulation results from a process-based model that simulates temporal
crop drought stress using the FAO-56 method [123], implemented in Python
[124]. More details about process-based drought stress simulations will be
provided in Chapter 6. Interestingly, adding VIs indices does not further
improve model performance compared to the baseline model trained only on
S2. In contrast, adding drought stress indices into the data space only slightly
improves the MAPE score at the field-level and in R2 at the subfield-level.
However, the improvements are negligible.

4.4.3 Summary

ML models are well-suited for yield predictions over countries, crops, and
years. Surprisingly, we observe that the choice of data modalities and models
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depends on region and crop type, underscoring the importance of selecting
input features for ML-based crop yield prediction. However, this process
can be time-consuming and computationally expensive. Nevertheless, models
trained on multimodal data consistently outperform those trained only on S2
data. Adding ADMs increases field-level performance and, moreover, improves
subfield-level performance. In contrast, further enriching the data space, e.g.,
with VIs, does not improve the performance. Additionally, adding simulation
results on drought stress from process-based crop models only slightly improves
model performance, likely due to a gap between synthetic and real-world
data that increases input noise. Additionally, generating simulation results
and VIs is expensive, reducing the effectiveness of such methods for data
space enrichment. In this study, we specifically focused on evaluating IF
methods and their performance in crop yield prediction. It is still an open
question whether alternative fusion approaches could more effectively capture
yield-driving features and and avoid the expensive modality selection.

4.5 Multimodal Fusion with Neighborhood Information

In the previous section, we observed that IF requires careful selection of
modality, depending on the country and crop type. Unfortunately, this is
an expensive and time-consuming process. To overcome this, this section
evaluates a FF method that handles each modality independently, using a
modality-specific encoder to better account for each modality’s individual char-
acteristics. Moreover, the encoded modalities are combined using an attention
mechanism [98] to avoid explicit modality selection. In addition, previous
research has primarily focused on pixel-based yield mapping, processing each
pixel independently. However, this overlooks local neighborhood effects within
the field. This includes terrain and soil characteristics, as well as the spread
of pests and diseases within the field. Treating each pixel as an independent
sample may not capture such dynamic patterns within the field. Therefore,
including local neighborhood information might provide a more comprehensive
understanding of spatial relationships, patterns, and interactions within the
field environment. In Chapter 3, we discussed that convolutional layers capture
locality with strong inductive bias. To explicitly account for local neighborhoodLocality with

convolutional
layers

effects, a CNN architecture is employed, along with each sample’s geographical
coordinates. We highlight that incorporating neighborhood information im-
proves over the baselines. Moreover, we highlight that the FF method based on
attention mechanisms better captures the non-linear nature of yield formation.
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We consider a model trained solely on S2 data, without spatial context, as No locality with S2
as baselinethe data-driven baseline and evaluate the integration of domain expertise by

adding ADMs and spatial context.

4.5.1 Methodology

Data

For this study, the same subset of the yieldSAT dataset as described in
Subsubsection 4.4.1 is used to ensure comparability. Additionally, the same
input modalities are used, including all available bands of the S2 product
and the ADMs (weather, soil, and DEM). Furthermore, to account for the
geographical context and neighborhood information, the sample coordinates
(coord) are used as latitude (φ) and longitude (λ). All coordinates of a
respective sample are projected into a three-dimensional space as:

(x, y, z) = (cos φ cos λ, cos φ sin λ, sin φ).

This projection maps the latitude and longitude on the unit sphere to avoid
wraparounds and singularities and eliminates the artificial discontinuity at
±180◦.

Architecture, Training & Evaluation

To capture and model local neighborhood information, each pixel is processed
together with its surroundings. For this, the time series image dataset is used
(see notations in Section 3.1), consisting of an input image X and a target Y .
For each sample, a window of size H × W is spanned around each pixel, with Local neighborhood

informationthe center pixel being the pixel of interest, and the surrounding pixels provide
additional information. For all experiments, a window size of 5 × 5 is used.
For evaluation, the stratified group K-fold CV is used, as described in Sec-
tion 3.3, with 10 independent folds. The model performance was evaluated
quantitatively and qualitatively using the evaluation metrics and guidelines
described in Section 3.3. To assess the impact of local neighborhood informa-
tion and the data fusion method, we present results from the baseline model
defined in the previous section. The baseline model is defined by the IF model
trained on S2 and all combined ADM, as described in Section 4.4.
3D-LSTM: For the IF model, the input changes insignificantly. In the context
of labeled training data, where the input is represented as X ∈ X and the
corresponding target as Y ∈ Y. The dimensions of the input data are now
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denoted as X ∈ RN×B×T ×H×W , and for the target, Y ∈ RN . In this repre-
sentation, N refers to the total number of samples, B the number of bands,
and T the number of time steps. Additionally, H × W provides the spatial
context. The input modalities are fused at the input level as described in
Section 4.4 using the 24-month time series sampling method. Building on the24 months

input structure, we use a conv3d block that applies 3D convolution across
multiple input planes to capture the locality within the field. Further, the3D-LSTM

output is passed through a LSTM cell with 2 layers and 64 hidden units, as
previously described in Section 4.4. Implementation and training details are
given in Subsubsection A.1.2. We refer to this model as 3D-LSTM.

Multimodal Attention Fusion (MMAF): In the following, the FF ar-
chitecture is described. For this, we utilize independent modality encoders.
We distinguish between temporal features and static features. For temporal
modalities, including S2 and weather, the dense time series is used. Since each
field has varying time intervals between seeding and harvesting, padding is
required to ensure a common time series length of the input. In contrast to the
IF pipeline, static features, such as soil and DEM, are not repeated over each
time step but are instead processed only once using specific modality encoders
for each modality. Hence, the input vector is a set of individual inputs {XS2,
XDEM , X soil, xweather, X coord}. The main components of this architecture
include a conv3d, a conv2d, an FCL, and an LSTM block. Additionally, a
scaled dot-product attention [98] is used to fuse the feature representations
across each data modality. The spatio-temporal features (S2) are processed by
the 3D-LSTM, as described earlier, to map the input to a feature representa-
tion. Spatial features, including DEM, soil, and coordinates, have no temporal
dimension and are therefore handled by a conv2d block. In parallel, temporal
features (weather) have no spatial information and are processed using a LSTM
block. To fuse the features of each modality, we use a scaled dot-product at-
tention mechanism [98]. This mechanism enables attention pooling, in which a
learnable query interacts with each modality via cross-attention. This generatesMultimodal

Attention Fusion attention weights for each data modality. This allows the model to focus on
important data modalities while ignoring less important ones. Importantly,
we can use the attention weights to assess the importance of each individual
data modality. The architecture of the FF model is illustrated in Figure 4.3.
We refer to this model as MMAF. Details on the model implementation and
training are provided in Section A.1.
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Figure 4.3: Overview of the MMAF architecture. Each modality is separately encoded.
Subsequently, the modalities are fused using scaled dot-product attention
pooling and fed to a linear layer.

4.5.2 Results

The quantitative results are shown in Table 4.6 for both data fusion strategies
and the baseline model. We highlight that including spatial information results
in performance either equal to or better than that of the baseline model. For
the 3D-LSTM, an improvement of 4 pp in R2 at the field level is reported
on the wheat dataset in Germany. However, we also observe cases with
no improvement, as evidenced by the soybean dataset in Uruguay. Here, a
reduction of 1 pp in the R2 is shown. In contrast, the MMAF consistently
outperforms both the baseline and the 3D-LSTM model across all datasets.
More specifically, on the soybean dataset in Argentina, an R2 of 0.86 at the
field level is reported, representing an improvement of 10 pp over the baseline
model and 8 pp over the 3D-LSTM model. Additionally, a reduction in RMSE
of 0.13 t/ha is reported at the field level and 0.8 t/ha at the subfield. Moreover,
on the wheat dataset in Germany, an improvement of 15 pp R2 at the field
level is achieved over the baseline model.
Attention Scores: We further examine the attention weights for each data
modality in the MMAF model to assess the relative importance of each modality.
Figure 4.4 shows the average attention weight for each data modality. The
average attention weights are calculated across all samples in the validation
split over all CV folds. The figure highlights how the model learns to assign
different levels of attention to the individual data modalities. However, the S2
modality consistently shows the highest attention scores. Nevertheless, we also
notice that attention weights vary slightly across different countries and crop
types. For instance, in the soybean dataset in Uruguay, the ADMs receives the
least attention across all samples, with most attention being concentrated on
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Table 4.6: Overview of the performance for the 3D-LSTM and MMAF fusion method
with local neighborhood information. Results are shown for different
crop types and countries in the yieldSAT dataset. The best scores are
highlighted. ARG = Argentina, URG = Uruguay, GER = Germany. S =
soybean, R = rapeseed, W = wheat.

Evaluation Field-Level Subfield-Level

Dataset Model MAE (↓)
t/ha

RMSE (↓)
t/ha

MAPE (↓)
%

R2 (↑)
-

MAE (↓)
t/ha

RMSE (↓)
t/ha

MAPE (↓)
%

R2 (↑)
-

ARG-S
3D-LSTM 0.37 0.49 0.10 0.78 0.67 0.90 0.25 0.62

MMAF 0.27 0.39 0.08 0.86 0.60 0.81 0.23 0.70
Baseline 0.40 0.52 0.11 0.76 0.66 0.89 0.24 0.63

URG-S
3D-LSTM 0.37 0.52 0.18 0.76 0.81 1.22 0.91 0.40

Feature Fusion 0.32 0.46 0.17 0.81 0.78 1.19 0.91 0.43
Baseline 0.35 0.51 0.20 0.77 0.78 1.22 1.02 0.42

GER-R
3D-LSTM 0.49 0.64 0.14 0.77 0.90 1.22 0.36 0.46

MMAF 0.44 0.60 0.14 0.80 0.87 1.20 0.35 0.49
Baseline 0.49 0.65 0.15 0.77 0.93 1.23 0.38 0.46

GER-W
3D-LSTM 0.80 1.05 0.09 0.70 1.67 2.30 0.27 0.39

MMAF 0.61 0.83 0.07 0.81 1.51 2.13 0.25 0.48
Baseline 0.84 1.11 0.09 0.66 1.71 2.37 0.29 0.35
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Figure 4.4: Bar plot of the aggregated attention weights derived from the MMAF
model for all data modalities and different countries and crop types.

the S2 imagery. In contrast, Germany shows higher attention to ADMs, with
soil exhibiting the highest values over wheat and rapeseed crops.

4.5.3 Summary

We introduced two methods that incorporate spatial context by using convo-
lutional layers and geographical coordinates, namely the 3D-LSTM and the
MMAF model. The results show that including neighborhood information
improves crop yield prediction. Furthermore, the MMAF method accounts for
the varying temporal and spatial resolutions of the multimodal input data by
treating each modality separately using an attention-based FF architecture.
We demonstrated that attention weights can be used to fuse data modalities,
thereby avoiding the need for expensive modality selection. Additionally, we
demonstrated that S2 receives the highest attention values, compared to the
ADMs.
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4.6 Discussion

In this chapter, the potential of multimodal learning for crop yield prediction
was explored to answer RQ1. For this, various data modalities with different
temporal, spatial, and spectral resolutions were analyzed under two different
data fusion schemes. We observed distinct performance levels across all models
and datasets (crops) (see Table 4.3 and Table 4.6). These differences may
result from variations in data quality, dataset size, and data complexity. For
example, the German dataset is much smaller than those from Argentina or
Uruguay. Additionally, data quality in Germany and Uruguay is lower than
in Argentina. Data quality is a serious concern in yield-mapping and directly
affects model performance and reliability. It is important to dedicate greater
attention to data collection, calibration, and preprocessing. In answering RQ1.1
we showed that the LSTM architecture provides consistently good results and
can be extended with additional components like 3D convolution (3D-LSTM)
or advanced fusion methods (MMAF).
In Section 4.4 to answer RQ1.2, we thoroughly analyzed input modalities using
a simple yet effective IF approach. Surprisingly, each dataset had a different
combination of data modalities that performed best (Table 4.3). Nevertheless,
including ADMs always improves performance, whereas adding VIs or simula-
tions does not. However, this method requires expensive modality selection.
To address this limitation and to answer RQ1.2 and RQ1.3, we introduced
the MMAF architecture, which delivers improved model performance while
continuously utilizing all data modalities. This is based on the attention
mechanism. Consequently, the model learns to concentrate on more important
features. Interestingly, this mechanism enables the evaluation of which data
modalities contribute to the model performance in each agro-ecological environ-
ment (Figure 4.4). Consistently, S2 was found to have the highest importance
to the model prediction. Nevertheless, the contribution of the ADMs should
not be underestimated for individual environments. This is complemented by
further studies [125, 87]. Nevertheless, ADMs alone are inefficient for crop yield
prediction, and therefore, always require the integration of satellite imagery
(see Table 4.4). Multispectral satellite data captures distinct characteristics of
crop development, including biochemical properties, vegetation density, and
differences in the crop cycle [74], which are not captured by the auxiliary
variables. Additionally, further limitations of previous studies are addressed
by integrating spatial locality to better account for in-field dynamics. The
results demonstrate that including neighborhood information enhances model
performance in crop yield prediction, especially for the MMAF model. In
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contrast, the 3D-LSTM model showed limited benefit from including local
neighborhood information. We argue that this is due to the concatenation of
features with differing spatial resolutions at the input level. This may cause
redundancies. For instance, weather data is repeated across the spatial dimen-
sion. Likewise, soil and DEM data are repeated over time. This may introduce
redundancy and could lead to confusion within the model. Consequently, the
spatial context may not be leveraged effectively. Wang et al. [90] underlined
the difficulty of training multimodal models and emphasized that although
a multimodal network receives more information when integrating auxiliary
data, only slight or no improvements can often be observed in practice. This
may be due to overparameterization or overfitting. It is, therefore, important
to acknowledge the specific characteristics of each input stream.
Although this chapter investigated different data modalities and data fusion
methods, additional modalities and fusion methods remain to be investigated
[92]. For instance, Mena et al. [125] proposed an adaptive gated fusion methodContext &

Limitation for crop yield prediction by capitalizing on a Gated Unit that allows the com-
putation of fusion weights for each data modality. Notably, they support our
results by underlining S2 as the most important modality for yield prediction.
Moreover, while we investigated the contribution of adding auxiliary to our
models and analyzed the attention weights for each modality, we did not explic-
itly assess feature importance. This was investigated in [126, 87]. For instance,
Najjar et al. [87] extensively evaluated various feature attribution methods for
crop yield prediction to assess the contribution of each data modality. The
results underline that S2 is an important predictor for crop yield. Nevertheless,
the attribution depends on individual S2 bands and specific auxiliary features.
More importantly, this study highlights the importance of each time step
for yield prediction, identifying individual time steps and growth stages that
influence yield prediction. This will be investigated in the next chapter.

4.7 Conclusion

This chapter demonstrates the potential of EO-based yield prediction using
multimodal data and ML. However, selecting an appropriate data fusion
method remains challenging. Our results show that IF is a simple and efficient
approach, though it struggles with differing spatial and temporal resolutions
and requires costly modality selection. To overcome these limitations, we
introduced an attention-based FF method, MMAF.



5 D O M A I N - I N F O R M E D T I M E
S E R I E S A N A LY S I S

Chapter Highlights

• The number of processed time steps impacts the computational efficiency.
The representation of time series data is therefore of significant importance
for efficient, large-scale crop yield prediction.

• The monthly sampling and growth stage sampling are two informed
time series representations that improve computational efficiency while
maintaining high performance.

• The self-attention mechanism of Transformer models can be leveraged
for intrinsic explainability of important time steps.

In the previous chapter, we demonstrated the importance of the input features.
We highlighted challenges in working with multimodal data that is characterized
by different temporal, spatial, and spectral resolutions. In this chapter, we
continue with RQ1 and the subquestion RQ1.2, focusing specifically on the
temporal dimension of the input data. We analyze the importance of time
series data for yield prediction. We investigate different representations of time
series data and demonstrate the advantage of including expert knowledge.

5.1 Time Series Analysis in Crop Yield Prediction

We have already demonstrated that S2 satellite imagery, coupled with ML,
enables large-scale yield prediction for different crop types with global scalability.
However, when using the entire available time series, the abundance of input
data can introduce significant computational costs. Besides, atmospheric
conditions and sensor malfunctions often lead to missing information in optical
EO data, as discussed earlier. This may reduce the information content in
affected instances [99, 100]. While ML models can, in principle, learn to
ignore uninformative signals, the computational burden remains high [74].
Additionally, several studies indicate a positive relationship between model

Parts of this chapter, including figures and tables, have been published already in [127], and
[87].
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Figure 5.1: Example S2 time series of a field from seeding (left) to harvesting (right).
The last image shows the yield collected at harvest. Note that some
images are corrupted by clouds.

performance and the availability of informative (cloud-free) image instances
[128, 125]. Nevertheless, Najjar et al. [87] emphasized that individual time steps
are more important for crop yield prediction. This raises the question of whether
we can reduce the time series length while maintaining high performance and
simultaneously reducing the computational complexity.
In this section, we investigate different time series modeling techniques in terms
of performance, efficiency, and explaiability. In detail, we analyze the entire
time series and the monthly sampling used in the previous chapter. Moreover,
we present an approach that selects time steps based on the crop growth stages.
More specifically, a single time step per growth stage is selected to account forGrowth stages

the underlying crop phenology. This method achieves comparable or superior
performance to the previous baseline methods while reducing training time. For
all experiments, the Transformer architecture [98] is used due to the intrinsic
explainability of the self-attention mechanism [129]. We leverage the attention
mechanism to enhance explainability by highlighting critical time steps for
yield prediction.

5.2 Methodology

5.2.1 Deriving Domain-Informed Time Series

Modeling the plant growing period requires a proper definition of the available
time series to capture essential crop characteristics [74, 113]. Hence, the
objective should be to acquire sufficient time steps such that the model can
learn important patterns that correlate with the measured yield. At the same
time, the computational costs should be minimized. This section compares
the different time series modeling techniques and evaluates their performance,
applicability, and computational efficiency.
Cost Function: A major factor that must be considered when selecting
a time series representation is the computational complexity. For instance,Computational

complexity
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Transformers perform pairwise computations over all time steps, making them
computationally expensive for long sequences. In a Transformer, the self-
attention is computed by pairwise interactions across all time steps T . At
each time step, a query (Q), a key (K), and a value (V ) are produced. The
attention weights are then computed as:

Attention(Q, K, V ) = softmax

(
QKT

√
dk

)
V , (5.1)

with the matrix QKT , representing the pairwise comparison of the time steps,
with dimension T × T . The cost function is therefore defined as O(T 2 · d). Here,
d defines the embedding size of the input data. Given this, the sequence length
T significantly affects the model’s overall computational complexity. Besides
computational complexity, it is also important to consider the implementa-
tion effort, generalizability, and explainability of a time series representation.
Often, these aspects are at odds with one another. For instance, reducing
computational complexity often requires more domain knowledge to handcraft
features or simplify representation. For non-experts, designing effective time
series representations is challenging and can even lead to significant errors, as
critical time steps in crop development may be overlooked or misrepresented.
In the following, we describe three time series representations that require Crop type and

region agnosticincreasing amounts of domain knowledge while decreasing computational com-
plexity. Each method must be agnostic to every crop type and country.

Dense Time Series

The dense time series is the complete time series of all available time steps,
including noisy measurements such as cloud-corrupted instances. An example
of such a time series is given in Figure 5.1 For this, minimal preprocessing is
required, making it easy to implement. Moreover, the model can learn from
sufficient data and therefore often outperforms other preprocessing methods
[40]. However, dense time series often contain higher levels of artifacts, such
as sensor errors, missing time steps, or cloud-corrupted images. Although
cloud-occluded images can, in theory, be ignored by a NN, cloud contamination
remains a significant challenge when working with optical EO data. For
example, by degrading model performance or increasing predictive uncertainty
[74, 130, 44]. Furthermore, uninformative time steps do not contribute to a
successful algorithm but increase the computational demand. Consequently,
the computational costs of a dense time series are high. Moreover, a dense
time series is often restricted to powerful DL models, as they are more suited
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to learning from large and noisy datasets [74]. However, classical ML models,
including LightGBM, are still very popular in the agricultural domain, as they
do not require heavy resources and are often much more interpretable than a
black-box NN.

Monthly Sampling

The monthly sampling selects a single image per month, as proposed in [121].
This time-series representation defines a time series spanning two calendar years
(24 months). For this, the seeding year (SY) and harvesting year (HY) for each
yield sample are defined. Subsequently, a period from 1.1.SY to 31.12.HY is
defined (SY-1 if the seeding year is equal to the harvesting year) and split into
24 equally spaced time intervals. Subsequently, each time interval represents a
single month. Lastly, a single satellite image is placed into each time interval.
To reduce the number of cloud-corrupted instances, the first and best cloud-
free image is selected each month using the SCL Layer. More specifically,
only pixels with the SCL class 4 (”vegetated”) and 5 (”not vegetated”) are
considered. The remaining instances, i.e., those before seeding and after
harvesting and cloud-corrupted instances, are masked to ensure a homogeneous
representation of non-informative measurements. This framework requires a
higher implementation effort but significantly reduces the time series length
compared to the dense time series. Moreover, the sequence consists of equally
spaced intervals and is crop type agnostic. Still, it results in redundancies,
since most crop types have a shorter growing period than 2 years (e.g., the
average growing period for soybeans in Argentina in our dataset is 156 days).
This results in the models being fed with non-informative data, unnecessarily
increasing computational cost. Moreover, the monthly sampling method may
not provide sufficient information to capture the complex, non-linear behavior
of plant development, since crop development is divided into specific growth
stages with variable lengths [131] rather than months.

Growth Stage Sampling

The growth stage sampling further reduces the number of processed time steps
while aiming for high information content. This method assumes that a single
data point per growth stage is sufficient to accurately model the crop growing
cycle. Here, crop growth stages refer to the distinct developmental stages a
plant undergoes during its lifespan. However, Vallentin et al. [113] pointed out
that the relationship between yield and RS information is not consistent over
the distinct growth stages. Thus, the acquisition time is the most important
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Algorithm 1 Assign Cloud-Free Sentinel-2 Images to Growth Stages

Require: Yield data D with N samples
Require: Sentinel-2 images I with SCL mask Q from seeding to harvesting
Require: Growth stages definitions G = {g1, g2, . . . , gt}
Require: Time bounds for growth stages T = {(ts1, te1), . . . , (tst , tet )}
1: for each sample d in D do
2: Initialize Sd = {} ▷ Storage for time series of cloud-free images
3: for each growth stage gi ∈ G do
4: images← {Ij | Ij ∈ I, tj ∈ [tsi , t

e
i ], Q ∈ {4, 5}} ▷ Filter images

5: if images ̸= ∅ then
6: Sd[gi]← images[1] ▷ Assign first image to current stage
7: else
8: Sd[gi]← null ▷ No valid image for this stage

9: Save Sd as the time series for sample d

return Time series {Sd | d ∈ D}

1

Figure 5.2: Algorithm for the crop growth stage time series sampling method. For
each distinct growth stage, an input signal is sampled and placed into
each time interval.

factor for yield prediction. As plants show different correlations between
growth stages and yield [113], the question arises: which growth stage should
be focused on? Najjar et al. [87] noted that the importance of time steps varies
between crop types in crop yield prediction with ML. Nevertheless, a crop-
agnostic approach should provide at least a single image per stage. Therefore,
a single best cloud-free S2 image per growth stage is selected. Therefore,
for each sample, the input data is represented as a sequence of T time steps
corresponding to the distinct crop growth stages. We focus on the BBCH
system [131] that divides the growing period into 10 major growth stages,
from germination (0) to senescence (9). An overview of the growth stages for
different crop types is given in Table A.1. For each growth stage, the start and
end points must be available. Next, we place the first, best, and cloud-free
S2 image in each time interval, using the SCL layer to select only pixels from
classes 4 (vegetated) and 5 (non-vegetated). A detailed description of the
algorithm is provided as pseudocode in Figure 5.2. Additionally, Figure 5.3
provides a comparison between the monthly sampling method and the growth
stage sampling method. Note that growth stages vary in length, leading to
unevenly spaced intervals. Moreover, the monthly sampling methods include
time steps that exceed the growing period.
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Figure 5.3: Visualization and comparison of the monthly sampling and growth stage
sampling method. For each time interval, a single signal is sampled.

Table 5.1: S2 statistics for each country and crop type.

Country Crop Years Avg. # S2 Images Cloud Coverage (%))
Germany Rapeseed 2016 - 2022 80 41.58
Germany Wheat 2016 - 2023 96 48.15
Argentina Soybean 2017 - 2022 43 8.34
Uruguay Soybean 2018 - 2022 40 6.90

Figure 5.4: Number of S2 instances for all crop datasets over each growth stage. A
translation of the growth stages for each crop type is given in Section A.2.
ARG = Argentina, URG = Uruguay, GER = Germany. S = soybean, R
= rapeseed, W = wheat. (Source: [87])

5.2.2 Data

We use the same subset of the YieldSAT dataset as in the previous experiments.
Details on the target data are given in Table 4.1. As model input, only S2 data
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Table 5.2: Average time per forward pass for different time series representations in
milliseconds. The models were trained on a V100-16GB GPU with a batch
size of 2048.

Evaluation Monthly Growth Stage Dense
Time 33.16 ms 18.09 ms 269.11 ms

is used with all spectral bands. We use only S2 data for model training, since
we demonstrated earlier that S2 alone is a good yield predictor that meets
all the requirements of this study while reducing computational requirements.
Following, we explore the availability of cloud-free S2 instances. Table 5.1
shows the number of available S2 instances for each country and crop type.
Notably, for Germany, significantly more S2 images are available. This is due
to the longer growing periods in winter crops. However, cloud coverage is also
higher in Germany, which is commonly attributed to the higher cloudiness
during the winter period [132]. Moreover, we provide the availability of S2
instances for each growth stage and dataset in Figure 5.4. Notably, not every
growth stage has S2 data, either because no high-quality image is available or
because of the crop physiology. For instance, rapeseed lacks distinct growth
stages (e.g., tillering and booting), so no images are available. The same applies
to soybeans. A detailed overview of the growth stages for each crop type and
the generation of growth stage data is provided in Section A.2.

5.2.3 Architecture, Training & Evaluation

All experiments are conducted using the Transformer encoder architecture (see
Subsection 3.2.1). Implementation and training details are given in Subsubsec-
tion A.1.2. The model is trained and evaluated on countries and crop types
independently, using the stratified-grouped K-Fold CV (see Section 3.3) and
the evaluation criteria as described in Section 3.3. Additionally, we evaluate
the training times for each time series representation. Finally, the attention
scores for the growth stage sampling are evaluated.

5.3 Results

Table 5.2 shows the average time per forward pass for each time representation.
All models were trained on a V100-16GB GPU. The growth stage sampling
method requires only 18.09 ms per forward pass, compared to 33.16 ms for the
monthly sampling and 269.11 ms for the dense time series. The total training
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Table 5.3: Total training times for different time series representations (hh:mm). Mod-
els were trained on a V100-16GB GPU. The fastest method is highlighted.

Evaluation Germany Argentina Uruguay
Rapeseed Wheat Soybean Soybean

Monthly 00:55 03:11 09:51 07:06
Growth Stage 00:43 01:13 06:01 06:27
Dense 01:11 02:58 09:15 11:25
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Figure 5.5: Radial error plot per dataset and time series sampling method for the R2

and RMSE at the field and subfield level. ARG = Argentina, URG =
Uruguay, GER = Germany. S = soybean, R = rapeseed, W = wheat.

times also differ significantly. Table 5.3 presents the total training times for all
time representations and datasets. As expected, the dense sampling method
requires the longest training times, with a maximum of 11:25 h for the soybean
in Uruguay. In contrast, the growth stage time series requires significantly less
time across the datasets. Specifically, only 06:27 h is required for soybeans in
Uruguay. Likewise, a reduction of approximately 4 hours has been observed in
soybeans in Argentina. However, for Germany (wheat), the difference is less
significant.
Figure 5.5 shows the R2 and RMSE metrics for all datasets at the field and
subfield level as a radial plot. This plot facilitates the comparison between
the datasets and the time series modeling technique. Across all methods, we
observe accurate performance across countries and crops for all time-series
representations, with only minor but inconsistent variations. The plot shows



5.3 results 69

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

No
rm

al
ize

d 
Su

rfa
ce

 R
ef

le
ct

an
ce

B01
B02

B03
B04

B05
B06

B07
B08

B8A
B09

B11
B12

Germination Leaf Development Tillering Stem Elongation Booting Heading Flowering Fruit Development Ripening Senescence
0.0

0.2

0.4

0.6

0.8

1.0

At
te

nt
io

n

Head 1
Head 2

Head 3
Head 4

Head 5
Head 6

Head 7
Head 8

Figure 5.6: Example time series for a randomly selected wheat field. Top: S2 re-
flectance for each band and growth stage. Bottom: self-attention scores
for each attention head and growth stage.
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Figure 5.7: Temporal attention for the growth stage time series sampling method for
wheat (left) and rapeseed (right). The attention weights are averaged
over a random selection of 2048 samples.

that all time series sampling methods perform comparably well across datasets
and metrics. Only small differences are visible (e.g., on the ARG-S dataset).
We even observe improvements in R2 and RMSE at the field and subfield levels
for the growth stage sampling compared to monthly sampling.
We continue analyzing the self-attention mechanism for intrinsic explainability.

The model leverages multi-head attention, defined as an attention matrix. The Self-attention for
explainabilityattention scores define the relevance of one time step to another in the sequence

and are used to weight each input for the final output. Figure 5.6 visualizes the
S2 surface reflectance over each time step. Zero surface reflectance means no
data is available. The input time series shows that only specific growth stages
are missing. Below, the self-attention of all attention heads is displayed for every
growth stage. The model exhibits a notable pattern in its attention allocation
between growth stages. For instance, high attention scores are assigned to
shoot development and ripening. In contrast, less attention is assigned to
missing, early, and mid-stages. Nevertheless, individual heads also allocate
attention to the mid and early stages. In Figure 5.7, we display the temporal
attention averaged over the entire dataset for wheat (left) and rapeseed (right).
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For wheat, we observe that different growth stages receive high attention,
including germination, tillering, shoot development, and ripening. In contrast,
for rapeseed, the early growth stage (germination) and the later growth stages
(heading, flowering, fruit development, ripening, and senescence) play a more
important role. Importantly, no attention is allocated to missing growth stages
(e.g., tillering and bolting).

5.4 Discussion

In this chapter, the importance of time series representation of the input data
for model accuracy, efficiency, and explainability was examined to answer
RQ1 and RQ1.2. We identified critical aspects that must be considered when
selecting a time series representation. First, the availability of time series
data and time series sampling method is essential for effective yield prediction
[113]. However, we showed that various time series sampling methods perform
comparably well across countries and crop types (Figure 5.5). Nevertheless,
although all evaluated time series representations are crop type- and region-
agnostic, each method has its own advantages and limitations. While the
dense time series requires no preprocessing and only little domain knowledge,
the computational burdens are exceptionally high (see Table 5.3). This raises
the concern that, with greater data availability, training DL models might be
accessible to only a small fraction of the community. Additionally, it causes a
bigger carbon footprint. Unfortunately, research is still paying little attention
to computational efficiency by introducing ever-growing models trained on
ever-growing and massive datasets [133].
Consequently, as energy demands grow, DL models will finally contribute
to global carbon emissions. Assessing the climate impact of DL systems is
essential for mitigating the negative climate effects of future DL research [134].
Reducing computational burdens can contribute to a more inclusive ML re-
search and toward achieving the SDGs, especially SDG 13 (climate action).
Moreover, the dense time series sampling is less interpretable. To mitigate this,
additional post-processing steps are required, e.g., attention aggregation [87],
which incurs additional overhead. Here, the monthly sampling and the growth
stage sampling can overcome this limitation by significantly reducing computa-
tional complexity while increasing the interpretability of a time series. This
particularly holds for the growth stage sampling, since each time step marks a
specific stage in the life cycle of each crop. The results support the hypothesis
that a single image per growth stage is sufficient to capture the entire growing
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cycle. This is underlined by the analyzed attention score. We demonstrated
that less attention is paid to time steps with cloud-corrupted or missing data.
Nevertheless, the growth stage sampling requires more preprocessing effort but
significantly less computational burden (Table 5.3).
Additionally, we demonstrated high intrinsic explainability by analyzing the
attention scores (see Figure 5.7, Figure 5.6) and demonstrated consistent
alignment with agronomic principles. For instance, for wheat crops, tillering,
heading, and ripening are associated with high attention scores. Tillering is
critical for canopy formation and is also associated with yield-limiting factors
[135, 136]. Ripening is similarly important, as grain filling is crucial for high
yields. Especially, environmental stress can cause a significant reduction in
yield during these stages. This distribution of attention indicates the model’s
alignment with agronomic principles, emphasizing the importance of both early
vegetative growth and later reproductive processes in predicting crop yield.

Further research is required to determine whether attention scores can reliably
contribute to more explainable models [129]. Moreover, additional methods Context &

Limitationsare required to carefully assess the importance of each time step. Nevertheless,
we observe high consistency between attention scores, attribution methods,
and agronomic principles. For instance, similar to our results, Najjar et al. [87]
demonstrated that tillering was highly important using explicit feature attri-
bution methods. This is underlined by agronomic principles that the tillering
stage is the most important phase during canopy formation. Consequently,
a model must place attention on this stage. Nevertheless, collecting growth
stage information is expensive and requires expertise and specialized models.
Facilitating growth stage acquisition can significantly improve the efficiency
of ML with high impact. Therefore, the results suggest that this method is
particularly useful for domain experts who focus on downstream interpretation
and efficient training.

5.5 Conclusion

Time series analysis remains a challenge in EO. We demonstrated that time
series patterns significantly influence the computational complexity and ex-
plainability. However, those aspects are antagonistic, and selecting a time
series depends on a user’s needs and must be done carefully.
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PART III

E N F O R C I N G K N O W L E D G E C O N F O R M I T Y





6 P H Y S I C S - G U I D E D L E A R N I N G

Chapter Highlights

• Integrating prior knowledge into the learning algorithm and the loss
function, defined as PG, increases physical consistency, explainability,
and trustworthiness.

• A NN can approximate the relationship between crop stress and crop
yield by solving the yield response to water function.

• Prior knowledge can be used to upsample simulation data of crop stress
from low spatial resolution to high spatial resolution.

In the previous chapter, we studied the integration of domain knowledge into
the data space. However, this does not guarantee scientific consistency. Instead,
the model remains a black-box and might not follow the underlying physical
principles of plant growth [17]. In this chapter, we aim to overcome this
limitation and dive into PG learning by constraining the learning algorithm to
a physically plausible solution. Constraining the model with expert knowledge
enforces scientific (physical) consistency, increases model explainability, and
supports the trustworthiness of predictions.

Physical Consistency
Physical consistency refers to the ability of a model to respect the known
laws, constraints, and symmetries of the modeled system. It ensures
that these principles are explicitly enforced during learning or inference,
such that physically impossible or inconsistent predictions cannot be
made.

The scientific consistency of a prediction is a critical aspect in natural sciences
that supports a solution space that follows underlying physical principles.
Physics-Informed Machine Learning [64] enforces physical consistency through
regularization (e.g., Physics-Informed Neural Networks (PINNs) [139, 140]),
as discussed in Chapter 3. Karpatne et al. [16] even outlined that physical

Parts of this chapter, including figures and tables, have been published already in [137] and
[138].
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consistency must be considered as an evaluation metric, especially in safety-
critical applications. This chapter focuses on answering RQ2 by raising the
following subquestions:

• RQ2.1 Which knowledge sources exist that can be used to condition a
learning algorithm to physically plausible solutions in EO applications?

• RQ2.2 How can those knowledge sources be integrated into the learning
algorithm to increase the physical consistency?

6.1 Natural Disasters and Food Security

The frequency and intensity of disasters increased steadily over the last decades
[7]. Data show that the rising frequency of disasters is a major concern today,
resulting in many lives lost, destroyed livelihoods, and increased food losses.
The global development of disasters is depicted in Figure 6.1. Agriculture is
significantly more vulnerable to disaster and extreme weather events than any
other productive sector, threatening global food security and increasing the
risk of hunger and malnutrition. A direct impact of natural disasters on the
agricultural sector is through reduced productivity and resulting economic
losses every year [32, 33, 34]. Importantly, Least developed countries (LDCs)
and Low to Middle Income Countries (LMICs) are disproportionately affected
with both short and long-term impacts. Extreme weather conditions, including
droughts and floods, are major concerns for agricultural productivity, with
34% of crop and livestock losses traced to drought and 19% to floods [7]. Only
in 2022, more than USD 200 billion in economic losses occurred worldwide
due to disasters [7]. Consequently, closing the gap between potential and
actual yields by adapting to extreme weather conditions is an urgent task
to sustain global food security [141]. Nevertheless, the frequency of severe
droughts and floodings is expected to increase, causing either water scarcity or
water abundance [142, 32].

6.1.1 The Relationship Between Drought Stress & YieldEvapotranspira-
tion: a proxy for

crop stress Water shortage impact crop development. Therefore, research has intensively
investigated the modeling of water requirements to enable timely interventions
in the event of a water scarcity. In an agricultural context, this commonly
involves the estimation of the crop Evapotranspiration (ET).
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Figure 6.1: Global development of reported disasters by different categories from 1960
to 2024. (Data from: [6])

Evapotranspiration (ET)

The ET describes all biophysical processes in which liquid water is converted
to water vapor from the topsoil (evaporation) and vegetation (transpiration)
and is an indicator of crop stress and crop health [143, 144]. Moreover, the ET
is closely related with crop growth and crop yield [145, 146]. This makes the
ET is a core component of crop management, such as irrigation management
and crop water deficit estimation, and is explicitly important for adapting to
extreme weather conditions. The ET is defined by different components (e.g.,
temperature, solar radiation, soil, terrain elevation, and crop properties). The
FAO (FAO-56 method [123]) provides a detailed description of the involved
biophysical processes, which is based on the Penman-Monteith equation to
estimate ET in mm per day.

For a specific crop type, Allen et al. [123] differentiate between the maximum
ET (ETx) and the actual ET (ETa). The maximum ET (ETx) is defined under Maximum and

actual
evapotranspiration

standard, non-limiting environmental conditions and depends only on climate
conditions and crop parameters. Standard conditions imply full productivity,
absence of disease, adequate fertilization, and optimal soil water availability.
The maximum ET is defined by:

ETx = Kc · ETo, (6.1)
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In contrary, the ETa represents the actual ET under limiting conditions that
are caused by low water potential that result in water stress and a reduction
in ET, causing a reduction in productivity. Various factors cause limiting
conditions such as soil salinity, limited soil water, soil infertility, diseases, and
poor management.
Earlier, the FAO described the relationship between ET and the relative yield
loss [147], stating that relative reduction in yiel is defined by the relative
reduction in ET. This relationship is defined by the yield response to water
function:Evapotranspiration

and yield loss yl =

(
1 − ya

Yx

)
= Ky

(
1 − ETa

ETx

)
, (6.2)

where:

yl: relative yield loss [%]

ya: actual yield

Yx: potential maximum yield

Ky: yield response factor

Consequently, the reduction in yield is defined by the reduction in ET. The
relationship is further defined by the dimensionless yield response factor Ky.
This factor genetic component captures the impact of the reduction in ET and
the reduction in yield for each genotype. Specifically, Ky > 1 indicates a higher
sensitivity to water scarcity with a proportionally larger yield reduction, and
Ky < 1 indicates higher resilience to water deficits. Different studies empirically
estimated different Ky coefficients for different crop types. However, reports
often differ, making the equation difficult to solve in practice. Furthermore, Ky

values change over time, as many crops exhibit variable susceptibility to water
scarcity. This further increases the difficulty of estimating the yield response
factor. An overview for various crop types is given in [148]. More information
is provided in [138, 137].
As mentioned earlier, droughts are primarily responsible for reducing agricul-
tural productivity. Consequently, the response of crop yields to water scarcity
has been a central focus of research for decades, serving as an important
parameter for assessing crop resilience under extreme weather conditions [149].
Commonly process-based models (simulation models), have been developed
to model the relationship between weather conditions and crop productiv-
ity. Process-based models are defined by biological and physical principles,
solving many differential equations. Therefore, such models offer high explain-
ability. However, process-based models often struggle with large volume of
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high-dimensional data, are characterized by high computational costs, and
require extensive calibration. Therefore, applying process-based models to
large areas and high spatial resolution is limited. Finally, process-based models
are commonly simplified representations of reality and rely on approximations
to maintain computational efficiency [142], often resulting in inaccurate perfor-
mance [150, 20]. Process-based models for daily ET estimation often idealize
the crop stress component and therefore may not accurately estimate the actual
ET. Consequently Equation 6.2 is difficult to solve in practice.
As we have seen earlier, ML models can handle complex, large, and high-
dimensional data efficiently [151] and are therefore increasingly utilized for EO
applications. In Chapter 4, we have demonstrated scalability and accuracy,
even at fine-scale resolution for crop yield prediction. Nevertheless, DL models
are often criticized for their black-box nature, that limit their explainability
and trustworthiness [152, 19]. More importantly, ML rarely follow the physical
principles of the modeled process [37], that can cause invalid outcomes. In-
creasing the physical consistency is an essential part for reducing the black-box
nature of DL models. There is a growing interest to combine the advantages
of data-driven approaches with the interpretability of process-based models
[153, 142, 19, 17].

This chapter presents a method for PG learning by coupling interpretable
process-based models and DL models. For this, crop yield is formulated as a
function of temporal water scarcity by sequentially learning the actual ET, and
the crop susceptibility to water scarcity. This is used to derive the expected
yield loss by sequentially solving the crop yield response to water function
[147]. This is done at high spatial resolution by using multispectral S2 satellite
imagery from the and coarse weather data. Physical consistency is enforced by
using a novel PG loss function.

6.2 Related Work

Several studies have been conducted that integrate prior knowledge to enhance
crop modeling under extreme weather conditions by integrating crop drought
information. However, most studies focus on enriching the data space with
domain knowledge. For instance, Shuai and Basso [65] focused on integrating
a crop drought index into the data space of the ML model and demonstrated
a significantly improved performance. Especially, an increased robustness to
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extreme weather conditions for maize yield predictions is reported. Likewise,
Shahhosseini et al. [154] integrated simulated hydrological features into the
data space and argued that weather information alone is insufficient for accu-
rate yield estimation. More importantly, Jahromi et al. [144] integrated ET
into the data space that was calculated using an energy balance concept and
satellite data [143]. Ultimately, the study showed superior performance when
integrating ET information.
Although several studies demonstrate the importance of including information
on prior knowledge into the data space, enriching or expanding the data space
does not guarantee physical consistency [17]. Only a few studies exist that
particularly enforce scientific consistency through model regularization. He
et al. [37] demonstrated a PG model for crop yield prediction by acknowledging
key components of the carbon cycle, specifically the mass conservation into the
loss function. Interestingly, this method accounts for spatial fairness. Addition-
ally, He et al. [76] presents a methodology that extracts physical features from
simulation data to estimate crop yield while preserving the physical features.

6.3 Modeling Drought Stress with Physics-Guided Learn-
ing

While ETx can be sufficiently estimated by using process-based models, es-
timating the ETa is difficult and depends on many unknown parameters.
Consequently, Equation 6.2 is difficult to solve in practice. This is commonly
done using field trials that are time-consuming, expensive and not feasible over
large areas [155]. Additionally, process-based models are often restricted to
low spatial resolution due to computational costs and the low resolution of the
input data (weather).
Instead, this section proposes to estimate the actual ET (ETa) and the sus-
ceptibility to water scarcity (Ky) using an NN approach. This serves a two
purposes. First, estimating ETa and Ky using a NN addresses the limitations
the noisy process-based models. Therefore, the ET can be approximated with
high precision and at a higher spatial resolution. Here, the S2 satellite data
and the ground truth yield data support a type of super-resolution for pre-
dicting ET at the pixel level. Allen et al. [143] demonstrated that satellite
data can approximate ETa at high resolution. More importantly, including
Equation 6.2 enables yield predictions that are based on physical principles
(i.e., the reduction in yield is defined by the reduction in ET).
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We use the notation for the time series pixel dataset as introduced in Section 3.1,
with an input x ∈ X defined as a sample from a time series. However, we
refer to the target as ya ∈ Ya since we are dealing with actual and potential
targets. Here, the actual target reflects the actual crop yield, harvested at a
time t. This data is provided from field measurements, such as described in
Subsection 2.2.1. In contrast, the potential yield is the maximum yield that Potential yield

could be achieved under non-limiting conditions.
The goal is to learn a function with two output heads predicting ETa and Ky,
fθ(x) = [ETa, Ky], by optimizing over the model’s parameters such that the
relative reduction yield is equal to the relative reduction in ET, as defined by
the relationship derived in Equation 6.2. Importantly, both ETa = (ET t

a)
T
t=0

and Ky = (Kt
y)

T
t=0 are estimated over the entire growing period. Finally, the

cumulative yield loss (Yl) at the end of the time series (T ) is given by the
integral:

Yl =
∫ T

0
Kt

y

(
1 − ET t

a

ET t
x

)
dt ≈

T∑
t=0

Kt
y

(
1 − ET t

a

ET t
x

)
. (6.3)

The reduction of ET over each time step must be equal to the reduction from
the potential yield to the actual yield. Following, the final prediction of the
actual yield is given by:

ŷa = Yl · Yx. (6.4)

Forcing the model to approximate ŷa improves the estimations of ETa. More-
over, Yx is defined in Subsection 6.3.2. To satisfy the relationship between
a reduction in crop yield and a reduction in ET, a novel PG loss term is
integrated, consisting of a data-dependent part Ll and the physical constraint
part Lphys. For this, it is assumed that ETx values are sufficiently accurate
and are provided by a simulation model, as reported in [156]. This allows
the model to focus on the prediction of ETa and Ky to achieve an accurate
solution.
To guide the learning of ETa values, physical constraints are integrated. First,
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ETa values must always be below or equal to ETx over the entire time series.
The loss term is defined as:

Ltotal = λ1Ll + λ2Lphys (6.5)

Ll = E
[
(ŷa − ya)

2
]

(6.6)

Lphys = E

[
1{ETa<0} · (ETa)

2︸ ︷︷ ︸
lower bound penalty

+

1{ETa>ETx} · (ETa − ETx)
2︸ ︷︷ ︸

upper bound penalty

+

1{0≤ETa≤ETx} · (ETa − ETx)
2︸ ︷︷ ︸

within bounds MSE

]
(6.7)

Here, 1{·} is an indicator function that is equals 1 if the condition inside the
braces is true and 0 otherwise. The data-dependent part forces the model
to estimate ETa so that, using Equation 6.4, the predicted actual yield (ŷa)
matches the target yield (ya). The second component forces the model to
maintain ETa values bounded between [0, ETx] while sufficiently close to ETx

such that is satisfies Equation 6.2 [137]. Finally, λ1, λ2 are hyperparameters
that control the weighting of both terms.

6.3.1 Physics-Guided LSTM

For the implementation, a LSTM backbone with 2 layers is employed, where
each hidden state is passed to a sequential layer with 128 hidden units, incor-
porating a linear layer, batch normalization, and dropout of 0.2. Finally, two
linear layers are incorporated with a single output channel each, predicting
Kt

y and ET t
a, respectively. We refer to this network as PG-LSTM . A LSTM

network is selected because of the good performance in previous studies for
crop yield prediction. However, since LSTM models can struggle with very
long and multidimensional sequences, we additionally evaluate the inclusion of
an attention mechanism, as proposed in [37]. More specifically, we employ the
scaled dot-product attention that was previously used for generating channel
attention. We refer to this model as PG-LSTMattn. A schematic overview of
the training and inference scheme of the proposed method is given in Figure 6.2.
Moreover, simulated ETx values are used in the optimization loss to guide the
training. At each time step, the model produces an estimation of ETa and,
Ky, which is then used to calculate the yield through the yield response to
water function.
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Figure 6.2: Overview of the PG-LSTM architecture for drought stress estimation
and crop yield prediction. The training (top) and the inference (bottom)
are shown. The data is modeled at the pixel-level and approximates the
crop yield using the yield response to water function, which enhances the
estimation of actual ET. In contrast, the simulated maximum ET lacks
spatial context.

6.3.2 Experimental Setup

Data & Simulations

In this study, the SwissYield dataset is used as described in Subsection 2.2.2.
The dataset provides ground truth yield measurements at 10 m × 10 m resolution
for cereal crops. Since no information about the potential maximum yield is
available, the maximum yield sample is defined as the maximum yield across
the entire dataset:

Yx = max(Ya). (6.8)
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This assumes that at least a single sample in the entire dataset was cultivated
under non-limiting conditions.
As the model input, S2 data and weather data are used. Weather data
is included to better account for extreme environmental conditions. More
specifically, total precipitation and the minimum and maximum, and average
temperatures are used. Data modalities are fused at the input level using the
dense time series of S2 images as described in Section 4.4. More information
about the dataset is given in Subsection 2.2.2.
For each field, ET is simulated over time using a process-based crop model.
More precisely, only the maximum ET (ETx). For this, the FAO paper-56 [123]
is employed that simulates ETx over time using a Python [124]. The requiredSimulating

evapotranspiration weather features are obtained from the ERA5 global reanalysis [26]. This data
is usually given at 10 m above the Earth’s surface. However, to calculate ET,
some features must be available at 2 m above the surface. Therefore, features
that are not available at 10 m height are adjusted following [123]. Relevant
soil data is collected from the SoilGrids [28] and Hihydrosoil [157] projects
for every sample. A detailed overview of the data modalities that are used
in the NN and the simulation model is shown in Table 6.1. Crop parameters
are taken from [123, 155]. An example time series of S2 satellite imagery, the

Table 6.1: Overview of the data modalities that are used for each model type.
Modality Source Product Neural Network Simulation Model

Multispectral Sentinel- 2 L2A

B02 - Blue ✓ ✗

B03 - Green ✓ ✗

B04 - Red ✓ ✗

B05 - Red Edge 1 ✓ ✗

B06 - Red Edge 2 ✓ ✗

B07 - Red Edge 3 ✓ ✗

B08 - NIR ✓ ✗

B8A - Narrow NIR ✓ ✗

B11 - SWIR 1 ✓ ✗

B12 - SWIR 2 ✓ ✗

Weather ERA5

Max Temperature ✓ ✓
Mean Temperature ✓ ✓
Min Temperature ✓ ✓

Total Precipitation ✓ ✓
maximum relative humidity ✗ ✓
minimum relative humidity ✗ ✓
average wind speed at 2m ✗ ✓
Incoming solar radiation ✗ ✓

average dew point temperature ✗ ✓

Soil
SoilGrids

Silt ✗ ✓
Clay ✗ ✓
Sand ✗ ✓

HihyrdroSoil Field Capacity (pF2) ✗ ✓
Permanent Wilting Point (pF4.2) ✗ ✓

Terrain SRTM Elevation (DEM) ✗ ✓

corresponding weather, and simulation data are shown in Figure 6.3. All data
modalities cover the entire growing period from seeding to harvesting. Notice
that the weather and simulation data provide daily measurements, whereas
the S2 time steps are approximately every 5 days. In contrast, S2 imagery
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Figure 6.3: Example time series from seeding to harvesting of a randomly selected
field. Top: Time series of S2 images in RGB. Center: Time series of
weather data. Bottom: Simulated maximum and actual ET. Notably, the
maximum and actual ET values are close.

provides spatial information about each field. Importantly, ET exhibits a
correlation with temperature. With rising temperatures, the ET also increases.
This further results in more biomass accumulation, depicted in the S2 images.
Importantly, we highlight that only small differences are noticeable between
the maximum and actual ET. This underscores the challenge of accurately
solving the yield response to water function (Equation 6.2) at high spatial
resolution using only simulation models.

6.3.3 Evaluation

As the baseline experiment, the standard K-fold CV (K=10) is performed, with
results presented as the average across folds. Moreover, temporal transferra-
bility is evaluated using a LOYO CV scenario, in which one year is held out
during training and used solely for evaluation. For quantitative evaluation, the
standard regression metrics are used. Additionally, the predicted ET values
are evaluated by agricultural experts.
The PG-LSTM is compared against several models for crop yield prediction
that contain no physical components or regularization. This includes a the
LSTM and Transformer [98] as described in Section 4.4 and Subsection 5.2.1.
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Moreover, we include a simple linear regression model.
Since we aim to estimate two components (ETa and Ky), this problem becomes
ill-defined. This increases the solution space and may introduce uncertainty
into the predictions. Moreover, additional sources of error are present in theUncertainty

estimation data, including measurement errors and noise in the ground-truth yield data
and simulation data. To account for the uncertainty, a Deep Ensemble (DE)
approach [158] approach is used. In Chapter 8, a detailed overview of un-
certainty estimation with DEs is provided. We train 10 separate ensemble
members to account for uncertainty in the model.

6.4 Results

6.4.1 Drought Stress

Figure 6.4 illustrates the temporal predictions of the simulated ETx and
predicted ETa values for the same field as shown in Figure 6.6. The mean
prediction for ETa and Ky over all ensemble members is shown with a buffer
of ±2σ to assess the temporal uncertainty. Note that the simulated ETa is
consistently higher than or equal to the predicted ETx. A strong consistency
between the simulated ETx and predicted ETa values is observed that follows
the physical conditions that are enforced over the model (see Equation 6.5).
This indicates that the model captured important agronomic properties, such
that ETa values must be consistently lower than or equal to ETx. In this
example,ETa is consistently lower than ETx, which indicates yield-limiting
conditions, such as water scarcity. On the right plot, the estimated Ky

values are shown alongside the NDVI. The NDVI is derived from the satellite
imagery and serves as an indicator of vegetation density and plant health,
and should reflect the biological activity in each sample. More specifically, an
increase in ET should be accompanied by higher NDVI values until senescence.
Interestingly, a consistent increase in ET over the growing period is observed,
which correlates with an increase in NDVI and Ky. This further indicates that
the model captured important biological properties and further indicates higher
susceptibility to water scarcity at later growth stages. Moreover, it is noted
that the uncertainty for the ETa values is lower compared to the Ky values.
This can be explained by the fact that Ky is treated as a free parameter, which
can lead to higher uncertainties. In Figure 6.5, simulated ETx and predicted
ETa values averaged over the dataset are illustrated. A similar pattern to
that in the single field example is observed. Additionally, on the right, the
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Figure 6.4: Visualization of the simulated and predicted ET for a single field. Left:
Temporal simulation of maximum (ET sim

x ) and the predicted actual
(ET pred

a ) crop ET. Right: Visualization of the predicted susceptibility
to water scarcity (Ky) and the NDVI. To visualize the uncertainty, the
predictions are illustrated with ±2σ.
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Figure 6.5: Simulated and predicted ET over the entire time period, averaged over
the entire dataset. Left: Temporal simulation of maximum (ET sim

x ) and
the predicted actual (ET pred

a ) ET. Right: Derived yield loss over the
growing period using the yield response to water function (Equation 6.2).
Additionally, the performance is illustrated over the growing period,
as shown in the R2-score over time. To visualize the uncertainty, the
predictions are illustrated with ±2σ.

yield loss (in %) at each time point is illustrated, which is derived following
Equation 6.2. Importantly, the predicted yield loss negatively correlates with
the predicted ET, with a Pearson correlation of -0.45, indicating that the
model effectively captured the relationship between a reduction in ET and the
corresponding reduction in yield. Finally, the yield prediction performance,
expressed as the R2-score over time, is shown, calculated from the derived yield
loss. Importantly, the accuracy increases over time since the estimation of the
actual yield loss is more accurate at the end of the growing period.
Furthermore, in Figure 6.6 it is shown that the predicted ETa values now have
a spatial resolution of 10 m × 10 m. Interestingly, the predicted ETa values
correlate significantly with the target yield data at later time steps, further
underlining that the model learned the relationship between yield and ET
at the pixel level. More specifically, high ETa values correlate with a higher
yield. In contrast, pixels with low ETa correspond to low yields, indicating
crop stress. This underlines the ability to estimate crop yield reduction over
time by learning the important features of crop water use. Overall, the model
exhibits high in-field variability that closely aligns with the target data.
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Figure 6.6: Qualitative results for three randomly selected fields. Left to right: Ground
truth yield map, predicted yield map, and predicted actual ET.

Table 6.2: Overview of yield prediction performance.

Option R2 (↑)
-

MAE (↓)
t/ha

MAPE (↓)
%

RMSE (↓)
t/ha

BIAS (↓)
t/ha

PG-LSTMattn 0.82 0.59 0.11 0.86 -0.01
PG-LSTM 0.81 0.59 0.11 0.87 0.07
Transformer 0.73 0.74 0.14 1.05 0.41
LSTM 0.80 0.62 0.12 0.90 0.04
Linear Regression 0.70 0.81 0.17 1.10 0.00

6.4.2 Yield Prediction

In Table 6.2, the PG approach is compared against the baseline models. For
the PG models, the last time steps are used to calculate the regression met-
rics. Surprisingly, the PG models outperform all baseline models, including
the Transformer, LSTM, and linear regression models. For instance, the PG-
LSTMattn model improves 9 pp over the Transformer model in the R2 score,
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Table 6.3: Overview of the model performance without estimating the crop suscepti-
bility to water scarcity (Ky).

Option R2 (↑)
-

MAE (↓)
t/ha

MAPE (↓)
%

RMSE (↓)
t/ha

BIAS (↓)
t/ha

PG-LSTMattn 0.26 1.28 0.21 1.73 -0.18
PG-LSTM 0.74 0.72 0.14 1.02 0.13

Table 6.4: Performance overview for the Leaf-One-Year-Out cross-validation scenario.

Option
R2 (↑)

-
RMSE (↓)

t/ha
2017 2018 2019 2020 2021 2017 2018 2019 2020 2021

PG-LSTMattn 0.09 -0.38 0.19 0.10 0.29 1.87 1.93 1.60 2.24 2.92
PG-LSTM 0.14 0.04 0.41 -0.71 0.26 1.82 1.48 1.38 2.16 1.89

Transformer 0.31 0.30 0.31 -0.31 -0.61 1.63 1.27 1.48 1.89 2.79
LSTM 0.24 0.29 0.25 -0.68 -0.91 1.71 1.27 1.55 2.14 3.03

Linear Regression 0.37 -0.36 -0.30 -1.63 -0.99 1.56 1.76 2.04 2.68 3.10

and 2 pp over the standard LSTM model. Moreover, a reduction in RMSE of
0.19 t/ha is achieved for the PG-LSTMattn over the Transformer model. As
expected, the linear regression model performs the worst among all models, yet
still achieves an R2-score of 0.7. Only minor differences are observed between
the PG-LSTMattn and the PG-LSTM model. However, the PG-LSTMattn

performance is slightly better.

6.4.3 Ablation Studies

The influence of the yield response factor: Table 6.3 evaluates the PG
methods that predict only the ETa values. This experiment evaluates the
importance of the free parameter Ky, which describes the yield response to
water scarcity. For this, Ky, a constant of 1.05, is defined in Equation 6.2, as
provided in [148]. As expected, both models show a decrease in performance.
Surprisingly, the PG-LSTM outperforms the PG-LSTMattn by 48 pp in R2 and
by 0.71 t/ha in RMSE. However, PG-LSTM achieves an R2 of 0.74, thereby
outperforming the Transformer and linear regression model, as shown earlier.
This suggests that, while Ky is a meaningful parameter to estimate, previously
reported values still provide sufficient information to study the relationship
between crop stress and yield reduction. Moreover, it shows that the model
captured real ET values and is not just fitting the data.
Table 6.4 evaluates the temporal transferability of all models using the LOYO Temporal

transferabilityscenario. Surprisingly, all models show significantly lower performance when
applied to years outside their training set. The maximum R2 is achieved by
PG-LSTM in 2019 with a value of 0.41. In particular, the linear regression
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model performs worst when applied to unknown years. In contrast, PG
approaches achieve better performance compared to existing baseline models,
outperforming them in 2019 and 2021.

6.5 Discussion

In this section, we demonstrated that PG learning enforces physical consis-
tency for crop stress and crop yield forecasting, thereby enhancing the model
performance and explainability. This section focused on RQ2 and the sub-
questions RQ2.1 and RQ2.2. We showed that we can couple physical laws
with process-based simulation models and DL models. Specifically, it was
demonstrated that the reduction in crop yield can be attributed to the reduc-
tion in ET, a proxy for drought stress. This relationship was earlier defined
in [147]. Here, the ground truth yield data enhances the estimation of the
actual ET, which in turn enables more accurate yield estimation, even at the
pixel level with 10 m × 10 m resolution. For this, low-resolution ET simulations
are upsampled using high-resolution S2 data and pixel-level yield data by
solving the relation between yield and ET. The results support the hypothesis
that learning from data as well as from prior knowledge is beneficial for ML
techniques [17]. Additionally, the findings support related studies that report
improved performance and robustness by integrating crop stress information
into the learning pipeline [154]. However, here, prior knowledge is directly
integrated into the learning algorithm via a novel loss function. Consequently,
this enforces the NN to approximate the solution of the governing equation
between crop stress and crop yield. The results indicate potential for over-
coming limitations in both simulation models and data-driven methods. First,
the estimated actual ET values are more accurate than the simulated values,
with higher spatial resolution and lower computational cost at inference time.
Secondly, the resulting yield estimations follow the governing relationship be-
tween ET and crop yield even with low uncertainty (Figure 6.5). This thereby
increases the transparency of the model. This significantly improves the model
interpretability and finally contributes to the trustworthiness of the predic-
tions. Notably, the approach outperforms strong baseline methods such as
LSTM and Transformer on several regression metrics (Table 6.2). Additionally,
integrating an attention mechanism improved performance. This could be
attributed to the limitation of LSTM in capturing long-range dependencies,
primarily due to their limited capability of sustaining useful gradients over long
sequences [159, 160]. The attention mechanism potentially mitigates this issue
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by enabling the model to focus on relevant time steps. Thereby supporting
the concentration of important gradient signals. Surprisingly, the attention
mechanism fails when predicting only the ET (Table 6.3). This could indicate
overfitting to the attention scores. This observation is further supported by the
LOYO experiment, where the LSTM demonstrates more robust and consistent
performance. Therefore, the inclusion of additional architectural components
must be carefully evaluated before being deployed into practice.

Although this approach is a step towards more explainable and transparent
ML methods, limitations remain that must be considered. First, the dataset Limitations

sizes are limited, hindering the development and evaluation of more powerful,
scalable models. More data is required to fully assess the importance of this
work, particularly from water-scarce regions. Limited data can cause dramatic
performance degradation, such as demonstrated in the LOYO experiments
(Table 6.4). This, moreover, underscores the need for further research and
the integration of additional transfer learning techniques [121]. More impor-
tantly, we observe that the ground truth data is noisy and associated with
artifacts. This could lead to severe negative effects, including severe overfitting
to noise, degraded model performance, increased uncertainty, and miscalibra-
tion. Unfortunately, in the presence of highly noisy data, popular regularization
techniques, such as weight decay [161], dropout [162], or batch-normalization
[163], are commonly not sufficient to mitigate the impact of noisy labels [164].
Consequently, it is necessary to adopt methods that mitigate the impact of
noisy data, including improved data acquisition practices and learning methods
explicitly designed to handle label noise [164].
Finally, modeling ET using process-based models is difficult and requires cali-
bration [155]. Therefore, more effort must be made to calibrate the employed
simulation methods to avoid miscalibration and, consequently, model overfit-
ting. Furthermore, ground truth samples of the actual ET are required to
estimate the potential of this method.

6.6 Conclusion

Integrating prior knowledge directly into the learning algorithm holds signifi-
cant potential for crop modeling, offering enhanced adaptability to challenging
environmental conditions. This section presented a novel approach to modeling
crop productivity under environmental constraints by incorporating agronomic
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properties directly into the learning algorithm. We demonstrated promising ex-
perimental outcomes. The presented approach supports industry, policymakers,
and farmers in achieving more sustainable and resilient agriculture.



7 N E T W O R K P R I O R S &
G E N E R AT I V E M O D E L S

Chapter Highlights:

• Plant growth is ambiguous and depends on diverse environmental con-
ditions. Such conditions can be encoded as a conditional, interpretable
latent distribution.

• Generated images of future plant growth offer significant advantages over
traditional approaches.

• Conditional DMs can be used for pixel-wise time series regression in EO
tasks.

In the previous chapter, we integrated prior knowledge directly into the learn-
ing algorithm to enforce the model to approximate a solution that satisfies
physical principles. This can be achieved by integrating formalized natural laws.
However, sometimes the underlying laws are not known but can be described
by data. This implicit knowledge can also be integrated into a learning system
by using network priors as an additional form of regularization. In this chapter,
we continue investigating the integration of prior knowledge into the learning
algorithm for plant growth modeling and time series regression. We focus on
the latent space, which serves as a conditional prior during the generation
process. This section continuous with RQ1 and the subquestions RQ2.1 and
RQ2.2.

7.1 Controlled Image Generation for Plant Growth

In the previous chapter, we discussed that plant growth is highly dependent
on limiting environmental conditions, such as climate, nutrient supply, pest
pressure, or management practices [165, 166]. Often, limiting conditions are
not constant throughout the growing period. For instance, drought stress may
occur only during certain time intervals, affecting plant growth in different
ways [165, 166]. However, future conditions are commonly unknown, making
the forecasting of future appearances highly ambiguous and uncertain. To
bridge this uncertainty, plant growth should be modeled by a distribution of

93
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potential appearances.
In this section, we present the controllable GAN (contGAN) [167], a model that
maps a single input to a distribution of outputs under controlled conditions.
This is defined as one-to-many mapping and based on the GAN framework
[168].

One-to-many mapping
One-to-many mapping describes a relationship where a single input is
associated with multiple outputs, while each output can only be linked
to a single input.

Here, plant growth is formulated as an image-to-image translation task between
two image domains, where each of them represents a different point in time.
To introduce ambiguity, a low-dimensional latent distribution is learned that
conditions the image generation process and that can be sampled during
inference. This latent vector encodes prior knowledge about the target and
guides the prediction to generate realistic and diverse outputs.
Generated images of future plant growth offer several advantages over previous
methods that estimate individual parameters (e.g., crop yield). For instance,Image generation

offers many
advantages

they illustrate the complete above-ground coverage, and various parameters can
be derived [169, 170, 171]. Parts of the results in this section have been already
obtained during my master thesis and have been extended and published during
this PhD.

7.1.1 Conditional Image Generation

The conditional Generative Adversarial Networks (cGANs) [168] method is an
established framework for image-to-image translation that follows an adversarial
learning philosophy. This task learns the translation between two image
domains using a NN, fθ(·) : X → Y. GANs simultaneously train two NNs: aAdversarial

training generative model Gθ and a discriminative model Dδ that are parameterized by
θ and δ. While the generative model aims to generate data indistinguishable
from reality, the discriminative model aims to distinguish between real and
generated instances. In its basic form, GANs learn a mapping from a random

Parts of this section, including figures and tables, have been published already in [167].
This work was partly funded by the Deutsche Forschungsgemeinschaft (DFG, German
Research Foundation) under Germany’s Excellence Strategy – EXC 2070 – 390732324 and
partly funded by the German Federal Ministry of Education and Research (BMBF) in the
framework of the international future AI lab “AI4EO – Artificial Intelligence for Earth
Observation: Reasoning, Uncertainties, Ethics and Beyond” (Grant number: 01DD20001).
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noise vector to an output instance. In contrast, a cGAN learns a mapping from
an input image and random noise to an output image Gθ : {X , ϵ} → Y . Thus,
the input image serves as a condition that guides the image generation process.
An important approach was proposed by the Pix2Pix architecture [172], where Conditional

learningthe Generator tries to fool the discriminator by generating samples that are
indistinguishable from the training data.
Generative modeling is a well-studied field of research for synthetic image
generation, also for EO applications. For example, Drees et al. [173] presented
a method for plant growth modeling based on cGANs. Regardless, existing
methods are limited to predicting a single output rather than a probability
distribution. Yet, many problems in EO are ambiguous, and a single input
may correspond to a distribution of possible outputs. Individual methods, such
as those presented by Zhu et al. [174], address the problem of stochastic image
generation by distilling ambiguity into a low-dimensional latent distribution
that can be sampled randomly during inference. However, such methods are
stochastic, leading to uncontrolled output generation.
To address this limitation, this section presents a framework for controlled image
generation by explicitly including prior conditions. We provide more detailed
information on the cGAN framework in the Appendix (Subsubsection A.1.1).

7.1.2 One-to-Many Image-to-Image Translation

This approach uses the notation of the image dataset as defined in Section 3.1.
The objective of this approach is two-fold. First, the model should capture the
relationship between an image of a present growth stage and an image of a future
growth stage. This is achieved by mapping the present stage X to the future
stage Y using a conditional latent representation z. Additionally, the latent
space should provide stochasticity such that several future appearances could
be synthesized. However, latent representations commonly lack interpretability
to the user [175]. Consequently, the user cannot evaluate likely potential
scenarios. To achieve an interpretable and disentangled latent representation,
the objective is to learn the information contained in both image domains
and in the latent distribution that describes future appearance. These prior The latent space

describes the future
appearance

conditions that influence the process of plant growth are defined as Factors of
Variation (FOV).
A multimodal mapping function is learned between two image domains fθ(·) :
X 7−→ Y , given paired training data {(X ∈ X , z ∈ Z), Y ∈ Y }. Specifically, z

follows a joint probability distribution p(z|Y , ϵ) that serves as a prior condition
together with the input image. Here, p(ϵ) refers to the FOV that describe
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Figure 7.1: Overview of temporal plant growth modeling using close-range remote
sensing imagery of two time steps. A target image Y and the domain
of Factors of Variation (FOV) ϵ is used to span a disentangled latent
space Z using an Encoder network, E(Y , ϵ) → z. Note that Z follows the
distribution of to the FOV. A sample from the latent space, and an input
image X , produces deterministic plant growth predictions, Gθ(X , z) → Y
using a cGAN. Sampling from the interpretable latent space, maps one
input image to a distribution of possible outputs.

the target image. For example, z contains information about the expression
of biomass, the sown mixture ratio, average plant height, and environmental
conditions, including soil, water, and nutrient supply. Sampling from Z during
test time results in a distribution of potential outputs.
The model was inspired by the BicycleGAN [174], which generates a random
distribution of potential outputs based on a latent noise vector z sampled from
a Gaussian distribution. In contrast, the contGAN model does not sample
from a random distribution, but instead from a known prior distribution of
potential future appearances.
The prior conditional distribution of future appearances (target image Y and
FOV ϵ) are encoded into a low-dimensional latent space Z, using a probabilistic
multi-layer Variational Autoencoder (VAE) [176], E . The conditional prior
distribution of the latent vector z is given by the encoder model:

z ∼ E(Y , ϵ) = µ + σϵ, (7.1)

with ϵ ∼ p(ϵ) given as the FOV describing Y . A Kullback-Leibler (KL)Interpretable latent
space divergence [177] loss between the latent distribution and the ground truth FOV

is used to enforce an interpretable latent space that can be sampled during
test time:

LKL(E) = EY [DKL(E(Y , ϵ) ∥ p(ϵ))] (7.2)
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Further loss components are introduced to ensure that the latent space aligns
with the FOV and is densely populated [167] for sampling. The final objective
function is derived in Subsubsection A.1.2.
Finally, together with a randomly sampled latent vector, a generator produces
a prediction Ŷ which is realistically close to the target image:

Gθ : {X , z} → Ŷ . (7.3)

An overview of the entire workflow is given in Figure 7.1. The figure shows
that sampling from the latent distribution produces a distribution of outputs
for a single input image. The ambiguity is encoded in the low-dimensional
latent vector, which serves as a prior conditional distribution. Importantly, the
latent space aligns with the interpretable ground-truth FOV to serve as prior
knowledge, guiding the generator to produce realisitc results.

7.1.3 Model Evaluation

The generated images are qualitatively evaluated by human experts, following
the standard guidelines described in Section 3.3. For quantitative evaluation,
the Ground Cover Fraction (GCF) is used to estimate the fractional green
canopy between the generated and the reference image. The GCF estimates
canopy development and correlates with above-ground biomass, and is cal-
culated using an automatic color-threshold classification [178]. The GCF
evaluates whether the generated images exhibit useful phenotypic traits similar
to those in the target image. The L1 loss between the GCF of the reference
and target images is quantitatively evaluated. Additionally, the FID∞, termed
FID infinity score [84] is evaluated between generated and reference images,
which is an unbiased estimator of the FID. More details about the FID score
are given in Section 3.3.
The model is compared with a traditional cGAN, namely the Pix2Pix model
[172], which has demonstrated strong capabilities for plant growth modeling
[173]. Further, the model is compared with the multimodal BicycleGAN [174],
which produces a distribution of outputs.

7.1.4 Data

In this section we use the data from the MixedCropping experiment as described
in Subsection 2.2.5. Specifically, image pairs from 4 weeks after plant emergence
(domain X ) and 8 weeks after emergence (domain Y) are used. The images
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Table 7.1: Overview about calculated FID infinity scores (Nr, Ng) (↓) for different
experiments.

FIDPix2Pix FIDBicycleGAN FIDcontGAN
17.94 25.80 16.32

Reference

RGB GFC

Generated

RGB GFC

Figure 7.2: Example image for a real (left) and generated sample (right), in RGB
(left) and the derived GCF (right) for a SW sample. The generated
samples are generated with the contGAN model. White pixels indicate
green canopy, while black is defined as bare soil.

define a balanced dataset that contains all three crop types as classes: spring
wheat (SW ) and faba bean (FB) monocultures, and mixtures (MX) of both.
In total, the dataset contains 1057 aligned image pairs of size [256 × 256] and
is randomly split into a training and a separate test set.

7.1.5 Experiments

For the generator model, a U-Net architecture with skip connections is used
[179]. For the encoder network, a ResNet architecture with multiple residual
blocks [180] are employed. The discriminator model is defined as a PatchGAN
[181] implementation with an overlapping patch size of [70 × 70]. Further
details are given in Subsubsection A.1.2.

Temporal Plant Growth Modeling

We first evaluate the image generation performance of future time steps against
the two baseline models using the FID infinity score. The results are given in
Table 7.1. Notably, the contGAN outperforms the other models. The poorest
performance is achieved by the BicycleGAN model with an FID score of 28.80.
In contrast, the contGAN achieves a FID score of 16.32.
In Figure 7.2, a reference and generated sample are displayed for the SW
class. Next to each RGB image, the GCF is displayed, which illustrates the
above-ground biomass for the reference and generated sample. Notably, the
generated sample and the GCF closely align with the reference image, under-
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Table 7.2: L1 error (↓) for GCF generated images.

L1 Error Pix2Pix BicycleGAN contGAN
SW 0.27 0.42 0.18
MX 0.25 0.40 0.23
FB 0.27 0.39 0.21

Spring Wheat (SW) Mixture (MX) Faba Bean (FB)

Figure 7.3: Left: Low-dimensional embedding of the FOV that are collecting during
the growing period (Subsection 2.2.5) and infused during training. Right:
t-SNE embedding of the latent vectors z = E(Y , ϵ) with ϵ as the FOV
uniquely describing Y . (Source: [167])

scoring the potential of the contGAN model to forecast future appearances of
plant growth. In Table 7.2, the L1 error between the GCF of the reference
images and the GCF of the generated images is given for the three compared
models. The results indicate that the Pix2Pix and the contGAN model are
better in estimating the fractional green canopy compared to the BicycleGAN
model, with the contGAN model outperforming both.

Controlled Image Generation with Priors

This section demonstrates the impact of including prior conditions on the
latent space to model a distribution of potential outputs. This is illustrated in
Figure 7.3. The left figure displays a low-dimensional embedding of the ground
truth FOV that are inserted as a prior condition during training. Notably, a
clear separation between the three classes is visible, namely SW, FB, and MX.
The right plot displays samples from the resulting latent space Z that was
sampled during training. Notably, the latent space forms three distinct and
separated classes aligning the FOV. In contrast, when only adding random
Gaussian noise, the latent space is randomly distributed and not interpretable
[167].
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Figure 7.4: Example results of controlled image generation for plant growth modeling.
The influence of different FOV on the prediction is illustrated. The first
two columns (red box) show the input and the reference images for all the
three classes: 1) SW, 2) MX, and 3) FB. On top of each reference image,
the normalized FOV are shown as a bar chart that exactly matches the
reference image. Next, the generated images using the contGAN model
are displayed using different FOV as prior condition. On top of each image,
the conditional FOV as a bar chart are displayed that were randomly
sampled during test time. Note that feature vectors are interpretable and
explainable. Note that the generated samples are controlled by the chosen
FOV. (Source: [167])

Figure 7.4 displays the influence of controlled sampling from the interpretable
latent space. The model is conditioned on an input image, depicted in the
left column, and the FOV, depicted as bar charts above each image. Each
bar defines a unique prior condition for the target image (e.g, total yield).
The features are further colored according to each class and according to the
expression of traits. The image shows that by sampling from the FOV, a
distribution of potential outputs can be generated, following the description
of the FOV precisely. For instance, reducing the ration of features that are
associated with SW results in generated images of FB. Additionally, the images
are highly realistic, with clear morphological details.
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7.1.6 Discussion

This section discusses the potential of image generation for plant growth
modeling. We showed that images offer several advantages over existing
methods and previously presented methods. First, they are easy to interpret,
especially for non-experts. Second, different parameters can be derived. This
was exemplified by evaluating the GCF between reference and generated images.
Moreover, we highlighted that plant growth is inherently ambiguous, and a
single input may correspond to a distribution of outputs. To acknowledge this
important property, prior knowledge can be encoded into a low-dimensional,
interpretable latent space that serves as a condition during image generation.
This enables the modeling of a distribution of potential appearances (Figure 7.4).
Notably, the proposed method outperforms existing methods for plant growth
modeling using image generation [173] while also providing a distribution
of outputs. Nevertheless, we see some important limitations in this study.
First, the data collection process is very expensive, requiring manual data
collection using UAVs. Additionally, the FOV are sampled expensively in the
field. Therefore, the dataset is considerably small and only contains a single
year and region. This significantly limits the scalability and generalizability of
the method. Additionally, the discussed model can only translate between two
time points. However, often multiple time steps are required to adequately
capture the growing period, as discussed in [182]. Nevertheless, this study
contributes towards more explainable ML, thereby supporting the acceptance
among researchers and farmers.
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7.2 Regression Diffusion for Earth Observation

In the previous section, we studied the impact of latent priors for image gen-
eration to model a distribution of outputs for plant growth modeling. For this,
a GAN-based model for image-to-image translation was used. However, the
model was restricted to mapping a single input time step to a single future time
step. Nevertheless, we have seen that many regression tasks in EO require the
processing of long time series data to identify patterns and dynamics evolving
over time. As demonstrated earlier, crop yield prediction involves analyzing
sensor data from seeding to harvesting to uncover patterns that correlate with
the measured yield. This requires advanced architectures that can handle long
time series inputs.
DMs have achieved outstanding performance in many generative tasks, even
outperforming GANs [184]. Inspired by diffusion processes in physical and
biological systems, DMs effectively captures spatial and temporal dynamics,
with applications ranging from generating photorealistic images [185, 184, 186]
to addressing regression problems [187, 188, 189].
Recently, DMs have demonstrated promising performance in EO. For instance,
Gao et al. [190] proposes a conditional DM for precipitation nowcasting by
explicitly incorporating domain-specific physical constraints. However, most
modern generative models do not account for time series inputs and are rarely
designed for pixel regression tasks. Furthermore, DMs often generates random
samples from the target distribution and lacks strong conditions that are re-
quired for image regression tasks. Therefore, the Regression Diffusion (RegDiff)
is discussed in this section. RegDiff is a conditional DM tailored for time
series regression applications for EO tasks. This method leverages conditional
generation for image regression tasks, achieving performance comparable to or
surpassing baseline models for crop yield prediction. More importantly, a key
advantage of DMs lies in their ability to estimate distributions over predictions
that enable robust uncertainty quantification [191, 188, 190]. Leveraging this
property, we demonstrate that sampling around the conditional means provides
stochasticity that enables uncertainty estimation.
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Figure 7.5: Illustration of the forward and reverse process of DMs. The forward
process iteratively corrupts the input with noise while the reverse process
restores the initial data from noise. (Image partly generated with [41])

7.2.1 Conditional Diffusion for Time Series Regression

In a nutshell, DMs consists of two processes. First, the forward process
iteratively corrupts an input image with random noise. Second, a reverse process
tries to reconstruct an image from noise that follows the same distribution of
the training data. Here, a network ϵθ(·) estimates the noise component that
is subtracted from corrupted image until the image is reconstructed. This
method was proposed by Ho et al. [185] and is described in detail in the
Appendix (Subsubsection A.1.1). We further provide additional information on
the notation. Figure 7.5 schematically shows the forward and reverse processes.
Importantly, during inference, the reverse process generates random samples
from the target distribution when initialized with noise, resulting in outputs
that lack alignment with specific conditions. This stochastic nature makes
the standard reverse process unsuitable for regression tasks, which require
predictions to be conditioned. Commonly, the literature moved towards text-to-
image generation, where the image synthesis is conditioned by a text description
[192, 193]. For the yield prediction example, such a model would generate a
random yield sample that might not follow the conditions during the growing
period. Consequently, such methods are not useful for practical applications
such as image regression. Ultimately, stronger conditions are required to ensure
that the generated sample explicitly aligns with the input data.

To overcome this drawback, we follow the implementation in [188] and
integrate a conditional mean estimator, guiding the reverse diffusion process

Parts of this section originate from a master’s thesis that I supervised, extended, and published
during this PhD. Parts of this chapter, including figures and tables, have been published
already in [183]
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Figure 7.6: Schematic overview of the training and inference process of the RegDiff
model using an expert model fϕ(X0:T ) and the noise network ϵθ(·). Dur-
ing inference, multiple samples can be generated from random noise to
estimate uncertainty, leveraging the stochastic nature of the sampling
process.

to generate accurate estimates of the ground truth. This mean estimator
acts as an expert that guides the subsequent estimations based on the ground
truth samples. Additionally, this approach is extended to time series data for
regression application in EO.
Specifically, the task is to predict the target Y 0 ∈ Y from the input data
X ∈ X by defining data pairs, {(X ∈ X , Y ∈ Y}. In the time series imageConditional

diffusion datasets (Section 3.1), the input is given as X = [X 1, X 2, ..., XT ], where T

are the number of available time steps in the input sequence. The goal is
to find a conditional function that maps the time series input to the target
fϕ(X 0:T ) : X 7−→ Y, by modeling the conditional probabilistic distribution
p(Y0|X 0:T ). This function acts as prior knowledge within the diffusion process
[188]. During the reverse diffusion process, a noise network estimates the noise
level at each step, conditioned on the prior network’s state. At the end of
the diffusion process, the generated image should be sufficiently close to the
actual target. A schematic overview of the training and inference process is
illustrated in Figure 7.6. The figure shows that during training, the DM predicts
the noise level of the corrupted ground truth data based on the condition of
the prior (expert) network. During inference, a prediction is generated from
a random sample by using solely the condition from the prior network as
guidance. Interestingly, random initialization generates different results that
can be leveraged for uncertainty estimation.

Uncertainty Quantification

As elaborated, DMs are characterized by a stochastic sampling process, which
enables uncertainty estimation [188]. To do so, a random sample around the
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conditional mean using the expert network is taken, and several predictions of
the ground truth are generated via the reverse diffusion process. For uncertainty
estimation, a single distribution is defined by taking the mean and standard
deviation over all generated samples. The model uncertainty is quantified
as the variance around each prediction, as illustrated in Figure 7.6. We will
elaborate on this further in Chapter 8. For uncertainty estimation, 10 reverse
diffusion processes are defined as proposed in [188].

Data

For the data, we use data from the YieldSAT 2.2.1 dataset, encompassing all
three crop types: soybean, corn, and wheat from Argentina. For simplicity,
only S2 imagery is used as the model input.

Architecture, Training & Evaluation

The conditional mean network is parameterized by a pre-trained Convolutional
LSTM (ConvLSTM) model [194] with a 3D convolution, following the imple-
mentation as described by Helber et al. [195]. For this, a 3D convolution is ConvLSTM

performed on each input of the time series data, increasing the feature size
to 64. Following, a ConvLSTM model is applied with a single layer and a
kernel size of 9. Finally, a convolution on the output is applied to generate
a single value per pixel. This model has the main advantage of integrating
convolutional operations directly into the LSTM structure, thereby capturing
spatio-temporal dynamics more efficiently than LSTMs.
The diffusion network is defined by a lightweight network, consisting of three
FCL, each with 128 hidden units. The first FCL takes the conditional mean and
the noise-corrupted target. Additionally, the Hadamard product is computed
between the FCL output vector and the timestep embedding at each time step.
Subsequently, a Softplus function is applied to introduce non-linearity. As
the final step, the last FCL predicts an output vector of dimension 1. This
represents the predicted forward diffusion noise, ϵ, for Y at each reverse time
step.
At the inference level, a sample from the conditional mean is taken yT ∼
N (fϕ(X 0:T ), I) and subsequently the predicted noise level is subtracted over
1000 iterations. The final output should be close to the ground truth using the
cosine noise schedule. The models are trained on image patches of size 9 × 9.
The Models are trained for each dataset separately using 10-fold CV. We report
all metrics as the average over folds. The standard set of regression metrics, as
defined earlier in this thesis, is used for evaluation. To evaluate the quality of



106 network priors & generative models

Figure 7.7: Example prediction for a single yield map. Top left: the ground truth
yield map, followed by the predicted yield map and prediction-over-target
plot. Bottom left: clipped relative error to 100%, absolute error, and
histogram of predicted and target values.

the uncertainty estimates, the Quantile Interval Coverage Error (QICE) [188]
is used. This score measures how well the learned conditional distribution
aligns with the true conditional distribution. Ideally, QICE approximates 0 to
indicate an optimal agreement between the predicted and true distributions.
The model is compared against a Transformer model following the implemen-
tations in [121] and a DM without the conditioning network [185] (DDPM).

7.2.2 Results

Table 7.3: Quantitative results for the RegDiff model.
Field-Level Subfield-Level

Dataset Model MAE (↓) R2 (↑) RMSE (↓) RRMSE (↓) MAE (↓) R2 (↑) RMSE (↓) RRMSE (↓)
t/ha - t/ha % t/ha - t/ha %

Corn
Transformer 0.99 0.76 1.26 0.14 1.74 0.58 2.29 0.26
DDPM 2.60 -0.76 3.11 0.51 4.73 -1.90 5.93 0.92
regDiff 0.91 0.77 1.29 0.15 2.16 0.42 2.77 0.33

Soybean
Transformer 0.39 0.76 0.51 0.13 0.68 0.61 0.91 0.24
DDPM 1.04 -0.04 1.17 0.62 1.90 -1.65 2.51 1.06
regDiff 0.43 0.76 0.63 0.18 1.13 0.19 1.44 0.42

Wheat
Transformer 0.40 0.92 0.49 0.09 0.70 0.77 0.98 0.18
DDPM 1.77 -0.66 2.16 0.44 3.17 -2.83 3.96 0.80
regDiff 0.39 0.93 0.49 0.09 1.10 0.51 1.42 0.26

The quantitative results are shown in Table 7.3. As expected, the unconditioned
DM (DDPM) performs poorly on all regression metrics due to the missing
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Table 7.4: Model performance for different numbers of diffusion steps. The results
are shown for the Corn dataset.

Options Field-Level Subfield-Level
Time steps MAE (↓) R2 (↑) RMSE (↓) RRMSE (↓) MAE (↓) R2 (↑) RMSE (↓) RRMSE (↓)

t/ha - t/ha % t/ha - t/ha %
1000 0.93 0.77 1.32 0.15 2.13 0.43 2.76 0.32
5000 0.91 0.81 1.20 0.14 2.04 0.48 2.64 0.31

Figure 7.8: Histogram of predicted and target values for different numbers of diffusion
steps for 1000, 3000, and 5000 (left to right).

Table 7.5: QICE score for the regDiff model.

Corn Soybean Wheat
0.04 0.05 0.05

condition that would guide the model towards faithful predictions. In contrast,
the Transformer model and the RegDiff model perform notably well on all
regression metrics. Notably, the RegDiff model shows an improvement of 1 pp
in R2 on the corn and wheat dataset at the field level. Surprisingly, on the
subfield level, noticeable differences between the Transformer and the DM are
evident. We attribute this to the limited number of denoising steps during the
reverse process. This can result in remaining noise levels in the prediction and
ultimately a mismatch between ground truth and predicted yield pixels. To
further evaluate this, the different numbers of diffusion steps are evaluated.
The results are shown in Table 7.4. The results are shown for the corn dataset
exemplarily. Notably, significant improvements in field- and subfield-level
predictions are demonstrated. Increasing the diffusion steps to 5000 results in
improvements of 5 pp in R2 at the subfield and 4 pp in R2 at the field-level.
In Figure 7.8, the alignment of the predicted and target distributions over the
diffusion steps is illustrated using a histogram plot. The figure highlights that
an increasing number of diffusion steps results in a better alignment between
the predicted and target distribution.
In Table 7.5, the QICE metric for all three datasets is evaluated. The best

results are achieved for the corn dataset, with a score of 0.049. Overall, the
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results indicate that the model provides a strong basis to estimate the true
conditional distribution of the target data.

7.2.3 Discussion

In this section, we evaluated the potential of DMs for time series regression
tasks. We highlighted that traditional DMs often overlook time series data,
especially in image regression tasks. Additionally, we highlighted that DMs
requires consistent conditioning with prior knowledge to be applicable for
regression tasks in EO. To adress RQ2, we showed that this can be done using
conditional expert models. This was demonstrated with RegDiff model. This
model is a prior conditioning network that guides the diffusion process and is
integrated directly into the learning system. Thus, the processing of time series
image data can be used as a condition. The approach demonstrates improved
performance on three crop yield prediction datasets in Argentina. It was
demonstrated that a conditioned DM surpasses both an unconditional DM and
a Transformer model. Furthermore, it was demonstrated that the stochastic
nature of the sampling process enables a simple way for uncertainty estimation.
Interestingly, this can be applied to any NN, ultimately contributing to more
reliable ML in safety-critical applications.
We see noticeable limitations in this work that must be evaluated before
implementing it. First, a weaker performance on the pixel level is observed.Limitations

This was attributed to the limited number of diffusion steps. Here, increasing
the number of diffusion steps resulted in a significantly better performance.
However, increasing the number of diffusion steps also increases computational
complexity. Moreover, DMs introduce additional hyperparameters, such as the
variance schedule. Therefore, a systematic study of their influence on the model
performance must be a key focus. Additionally, the conditioning mechanisms
must be further explored, such as alternative architectures and soft conditional
settings, as suggested in [187, 196]. This could potentially simplify the training
process and reduce the computational demands. Additionally, the quality of
uncertainty estimates must be more thoroughly studied, including comparisons
with alternative methods.

7.3 Conclusion

Conditional learning provides unique potential for plant growth modeling and
crop yield prediction by contributing to more trustworthy and explainable
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ML. We showed two different approaches that integrated prior knowledge as a
condition during generation process.
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PART IV

K N O W I N G W H AT W E D O N O T K N O W





8 I N T R O D U C T I O N T O
U N C E RTA I N T Y E S T I M AT I O N

Chapter Highlights:

• Uncertainty estimation can be used to increase trust in ML for EO
regression tasks.

• Naturally occurring missing time steps can be leveraged for uncertainty
estimation.

• Bayesian inference and prior knowledge can overcome the severe perfor-
mance collapse under distribution shifts in yield prediction.

This chapter acknowledges the unknown through uncertainty quantification. A
key aspect of ML is the recognition that not everything is known, or as Plato
said: "For I was conscious that I knew practically nothing...". This highlights
the understanding shared by most domain experts: some aspects are inherently
unknown. It is, however, fundamental to express your uncertainty.
In this chapter, we provide a general overview of uncertainty estimation, focused
on EO regression tasks. The following chapters address the RQ3 using the
following subquestions:

• RQ3.1 How can we quantify the unknown for EO regression tasks?

• RQ3.2 How can we leverage prior knowledge to quantity uncertainty?

• RQ3.3 How can we leverage prior knowledge and uncertainty estimation
to overcome real-world challenges in EO tasks?

8.1 Uncertainty Estimation in Earth Observation

In this section we will address RQ3.1 and provide a general overview of
uncertainty estimation focused to regression tasks. In the previous chapter,
the outstanding potential of ML for EO tasks was demonstrated. Nevertheless,
traditionally ML methods do not provide confidence about their predictions.
This, however, is fundamental for critical applications. Additionally, modern
NNs are often badly calibrated, which can reduce the trust in ML-based

113
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predictions [197, 198]. To overcome this, ML research has established the
discipline of uncertainty estimation [18]. Although uncertainty estimation
methods are often simple to formulate, they are highly difficult to train for
large NNs [199], especially for EO datasets [200]. This is primarily due to
computational complexities and training instabilities [201]. Additionally, the
EO field has very specific requirements that we have discussed earlier and that
must be considered. First, the availability of EO data increased dramatically in
recent years, resulting in the Era of Big Geo Data [202]. While the availabilityEarth Observation

requirements opens new possibilities in assessing the status of planet Earth, the abundance
of data, however, requires scalable and efficient solutions. Second, EO data is
multimodal and therefore requires flexible architectures and data fusion schemes.
Those architectures must be compatible with an uncertainty estimation method.
Finally, EO data is noisy, characterized by missing information, and prone to
severe data shifts [100]. All those aspects make uncertainty estimation difficult
in EO.

8.2 Sources of Uncertainty in Earth Observation

First, we provide a brief overview of sources of uncertainties that frequently
occur in EO tasks. Many factors introduce uncertainties that are frequently
overlooked in the current EO literature. The sources of uncertainty are inspired
by [18].
1. Variability in the Environment: Real-world systems constantly change.
For example, the reflection of a plant can be significantly different after a rain
compared to after a drought. Additionally, a crop might yield significantly
differently depending on location and management conditions. These differences
are often difficult to detect from EO sensors.
2. Sensor Errors: Often, sensors exhibit a degree of inconsistency that can
introduce uncertainty. A common problem in EO is the spatial resolution of
optical and multispectral satellite imagery. Since resolution is often limited, a
single pixel often captures mixed information from multiple surface features
(e.g., a road next to a field). Moreover, label sensors are often affected by noise.
In Subsection 2.2.1, we have seen that yield data from combine harvesters is
often affected by poorly calibrated yield sensors that result in incorrect labeling.
Moreover, incorrect positioning systems or delays in the measurement process
can cause mismatches between data modalities, such as S2 data and yield
measurements.
3. Noisy or Missing Information: EO data is often affected by noisy and
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missing information. For instance, optical satellite images are often obscured
by clouds and haze, hindering continuous monitoring of the Earth’s surface.
More specifically, approximately 55 % of the Earth’s surface is continuously
covered by clouds, with significantly higher coverage during meteorological
winter seasons [203]. This can considerably impact the information content in
optical satellite data and ultimately introduce uncertainty.
3. Unknown Data: Unknown data is a commonly known problem in ML.
The most prominent example is training a classifier on images of cats and
dogs. In this training setup, we assume that the space contains only those
two categories. However, showing the model an image of a bird will result
in complete failure, since this category originates from a completely different
space.
4. Model Structure & Training Pipeline: errors in the model structure
and errors in the raining pipeline can introduce uncertainty. This could, for
instance, include the architecture, that can not sufficiently model the underlying
process. Additionally, the number of hidden layers, or the number of epochs
for training can even cause uncertainty.

8.2.1 Modeling Uncertainties

We already discussed the sources of uncertainty that can arise from the data
or the model itself. Similarly, the current ML literature distinguishes at least Uncertainty can be

disentangled into
data and model
uncertainty

between two types of uncertainty, namely the data uncertainty, also called
aleatoric uncertainty, and the model uncertainty, also called epistemic uncer-
tainty [204]. Both can be modeled independently. The aleatoric uncertainty
captures the randomness in the data collection process. One example of
aleatoric uncertainty is the occlusion of optical satellite imagery by clouds or
haze. First, cloud occurrence has a random component, and second, occlusion Data uncertainty

cannot be reduced
with more data

makes it difficult to infer underlying information (e.g., crops or urban areas).
Consequently, a model can only guess what lies beneath. Importantly, in this
case, the uncertainty cannot be reduced by simply collecting more data of the
same kind (i.e., more cloudy images).
Epistemic uncertainty, in contrast, arises from a lack of knowledge that can in
principle be reduced by adding more information. In the classification example
of a cloud-corrupted image, we could provide the model with cloud-free obser-
vations from before or after the occlusion. With this additional information, Model uncertainty

can be reduced with
more data

the model can learn to reason that if a location was once classified as crop, it
is likely to remain the same during the cloudy period as well.
While this distinction sounds plausible at first glance, it is difficult to clearly
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distinguish between the different types of uncertainty in practice. Their in-
terpretation is often context-dependent, and the boundary between aleatoric
and epistemic uncertainty should not be seen as a fixed notion [204]. In the
example of a cloudy satellite image, what is treated as irreducible randomness
in one setting may become reducible in another (e.g., when combining temporal
sequences or multisensor data). Furthermore, Valdenegro-Toro and Mori [205]
pointed out that disentangled uncertainties do interact in practice.
Regardless, in practice, we are primarily interested in the uncertainty that prop-
agates into a prediction. Therefore, it is common in ML to group both types ofPredictive

uncertainty is the
uncertainty that is
propagated into a

prediction from
various sources.

uncertainty together under the notion of predictive uncertainty. Kendall and
Gal [206] provide a general framework of modeling both types of uncertainty.
This will be later discussed in more detail in Subsection 8.2.5.
Many methods have been proposed that focus on scalable uncertainty estima-
tion [207, 18]. First, different uncertainty estimation methods are compared
and evaluated in terms of their ability to handle the complex nature of EO data
and the quality of their uncertainty estimates. According to Gawlikowski et al.
[18], uncertainty estimation methods can be divided into different categories,
including i) Bayesian methods, ii) Ensemble methods, and iii) Test time data
augmentation. In the following, we provide an overview of each category.

8.2.2 Bayesian Neural Networks

The Bayesian framework is a popular mechanism for reasoning about uncer-
tainty [18]. A BNN aims to find a probability distribution over the model
parameters. More specifically, the goal is to find the posterior distribution
over the model parameters θ using Bayes’ Theorem, given data and a prior
distribution:

p(θ|x, y) =
p(y|x, θ)p(θ)

p(y|x)
, (8.1)

Here, p(θ) is the prior distribution expressing the prior belief about the posterior.
Additionally, p(y|x, θ) is referred to as the likelihood of the data given the
model parameters. Finally, p(y|x) is a normalization constant, referred to as
the model evidence, and is defined as:

p(y|x) =
∫

p(y|x, θ)p(θ)dθ. (8.2)
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Figure 8.1: Diagram of an uncertainty estimation method, consisting of M models
with distinct model parameters θ. This can be either a sample from a
Bayesian Neural Network (BNN) or a deterministic ensemble member.
Each model generates a prediction for an input sample. The final predic-
tion is the mean across all models. The model uncertainty is given by the
variance across the predictions. (Figure derived from [18])

The estimated posterior distribution is later used to make a prediction of an
output for a new input using Bayesian Model Averaging (BMA):

p(ŷ|x, y) =
∫

p(ŷ|x, θ)︸ ︷︷ ︸
Data

p(θ|D)︸ ︷︷ ︸
Model

dθ. (8.3)

This is a direct application of the law of total probabilities and enables the
computation of uncertainty. In practice, Equation 8.3 is intractable to evaluate
for large NNs. Therefore, approximation methods are commonly applied. A
common strategy is to employ Monte Carlo (MC) approximations that follow
the law of large numbers. The expected value is approximated by evaluating
M deterministic models that are parameterized by M samples of the posterior
distribution:

E[ŷ] ≈ f̄ = M−1
M∑

i=1
fθi

(x), (8.4)



118 introduction to uncertainty estimation

Model Parameters 𝜃1 Model Parameters 𝜃2 Model Parameters 𝜃𝑀

Bayes by Backprop

Model Parameters 𝜃1 Model Parameters 𝜃2 Model Parameters 𝜃𝑀

MC-Dropout

Model Parameters 𝜃1 Model Parameters 𝜃2 Model Parameters 𝜃𝑀

MC-DropConnect

…

…

…

Figure 8.2: Diagram of individual BNNs, including Bayes By Backprop (BBB), MC-
Dropout and MC-DropConnect. Note that only the BBB method models
a real distribution over model parameters.

giving the MC sample mean. More explicitly, f̄ denotes the empirical mean over
M samples of the model output fθ(x). This approach is also known as ensemble
learning and offers a principled way of calculating the model uncertainty by
taking the variation around the approximate predictive mean:

V (ŷ) = M−1
M∑

i=1
(fθi

(x) − f̄)2. (8.5)

This formula expresses the uncertainty of the prediction. A schematic overview
of calculating uncertainties is given in Figure 8.1. Unfortunately, the prob-
abilities of the posterior distribution are difficult to compute for large NNs
[208, 206]. To overcome this drawback, approximate Bayesian Inference meth-
ods are utilized in practice. A common approach is approximate Variational
Inference. This method introduces a simpler distribution, q(θ), approximating
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the true posterior by minimizing the KL divergence between q and the true
posterior:

KL(q(θ) || p(θ|D)). (8.6)

Since the posterior is unknown, the KL divergence cannot be minimized directly.
However, minimizing the KL is shown to be equal to minimizing the Evidence
Lower Bound (ELBO), defined as:

L := −
∫

q(θ) log(y|x, θ) dθ + KL(q(θ)|p(θ)). (8.7)

Here, the first term is referred to as the likelihood part, enforcing accurate
predictions, and the second to as the complexity part, enforcing the output
to follow the prior distribution, preventing the model from overfitting. The
underlying concept is that the loss function of the NN is defined as the ELBO.
An important contribution to the ELBO was made by [209] who introduced the
reparameterization trick that enables the reduction of variances in stochastic
gradients.
Bayes By Backprop (BBB) [210] was introduced to quantify the uncertainty in
the model weights by approximating the posterior distribution with a simpler
distribution, as described earlier. However, BBB is still computationally ex-
pensive [208]. Consequently, many applications rely on last-layer uncertainty
approaches, meaning that only the last layers inside the NN are made Bayesian.
MC-Dropout [208] was introduced to approximate Bayesian Inference with low
computational costs using a dropout variational distribution. Dropout is a
frequently used regularization technique that randomly drops units of the NN
by sampling from a Bernoulli random variable with probability p [162]. Gal
and Ghahramani [208] showed that dropout approximates a Gaussian process.
Randomly sampling from a Bernoulli distribution and dropping out units of
the network, approximately integrates over the model parameters and thus
approximates a BNN.
ConcreteDropout [211] addresses limitations of MC-Dropout. One limitation of
MC-Dropout is that the dropout probability p can be seen as a tunable hyper-
parameter. Moreover, p is directly linked to the predicted uncertainty. Thus,
a search over the parameter space is necessary to achieve good uncertainty
estimates. Therefore, MC-Dropout was extended to optimize the parameters
of a Bernoulli distribution by using continuous relaxation. This was achieved
by treating p as a continuous sigmoid function [211].
MC-DropConnect [212] resembles MC-Dropout but instead of randomly drop-
ping activations, it randomly drops weights to zero with probability p. The
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dropout layer is turned on during inference, allowing the generation of samples
from the Bayesian posterior distribution. In Figure 8.2, a schematic overview
of the presented BNNs is provided.

8.2.3 Ensemble Methods

Ensemble Methods consist of training multiple copies of the same architec-
ture and then combining their predictions, which usually produces a better
decision than a single model [207]. Combining the predictions of ensemble mem-
bers could simply involve taking the average over each individual prediction.
The mean prediction over M ensemble members is given as in Equation 8.4.
Likewise, the uncertainty can be retrieved by taking the variance around the
individual members, as given in Equation 8.5. To introduce variability into
the ensemble of learners, random initialization and data shuffling are sufficient
[18]. Lakshminarayanan et al. [158] demonstrated that ensembles work well
in practice and also have good uncertainty quantification properties. Wilson
and Izmailov [213] even pointed out that DEs are characterized by effective
Bayesian marginalization properties. Most likely because they tend to sample
from different modes and are characterized by high function space diversity
[214]. Here, modes refer to the different, often diverse peaks in the loss land-Neural Network

Modes scape of the parameter space that a NN can find. In contrast, variational
methods and deterministic NNs often fail to explore multiple modes, which
may explain why they can fail in practice. In contrast, ensemble methods
explore different local optima and thus multiple modes in the weight space,
resulting in more stable predictions and uncertainty estimates.
Nevertheless, ensemble methods are characterized by increased computational
costs since several copies of the same architecture must be trained. This can
easily reduce the applicability of ensemble methods, especially in large and
high-dimensional EO datasets.

8.2.4 Test-Time Data Augmentation

Test-time data augmentation is another technique used to quantify uncertainty.
It involves creating multiple augmented versions of each test sample to generate
different views of the input. For each view, a prediction is generated, and the
variability across these predictions is then used to estimate the uncertainty.
This method is often easy to implement, as only a single model is required and
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Figure 8.3: Schematic overview of test-time data augmentation for uncertainty esti-
mation. The augmentation function τ creates multiple views of the input,
and for each view, a prediction is generated.

no additional modifications are needed. For an augmentation function, the
mean prediction across multiple views is given by:

E[ŷ] ≈ f̄ = M−1
M∑

i=1
fθ(τ (x)), (8.8)

where τ is an augmentation function with a stochastic component to create
random views for the input. The uncertainty for the prediction is similarly
given by calculating the variance. Although the test-time data augmentation
method is a simple way to estimate uncertainty, it is important that the
augmentation function produces only valid views of the input. Test-time data
augmentation is more common in the medical domain, as it already relies on
data augmentation techniques [18]. In contrast, in the EO field, this method
for uncertainty estimation is less explored. A schematic overview of test-time
data augmentation is given in Figure 8.3.
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8.2.5 Combining Model & Data Uncertainty

As mentioned earlier, Kendall and Gal [206] provide a principled way of
combining aleatoric and epistemic uncertainty in a single model. For this, the
data uncertainty is learned directly from the data using loss attenuation by
including a second component that estimates the noise inherent in the data.
Assume a model that outputs the parameters of a Gaussian distribution fθ(x) =

[ŷ, σ2], reflecting the predictive mean and predictive variance, respectively.
Thus, the total uncertainty of M samples of the posterior distribution is given
as:

V (ŷ) ≈ 1
M

M∑
i=1

σ2
i︸ ︷︷ ︸

Data

+
1

M

M∑
i=1

(ŷi − ¯̂y)2

︸ ︷︷ ︸
Model

, ¯̂y =
1

M

M∑
i=1

ŷi. (8.9)

Here, the first term, σ2, expresses the inherent noise in the data that can be
learned as a function of the data. Similarly, the second component expresses
the model uncertainty that is given by taking multiple samples of the posterior
distribution, as elaborated in Equation 8.5.
Since the noise in the data is a learnable parameter, it must be optimized.
This can be done using the Gaussian Negative Log-Likelihood (NLL) [215] loss.
For a single sample from the posterior distribution (or ensemble member), the
NLL is given as:

LNLL(x, y) =
1
2

[
log σ2

i +
(y − ŷi)2

σ2
i

]
(8.10)

The NLL acts as a proper scoring rule and optimizes both the prediction and the
variance under the Gaussian assumption by balancing both terms. Interestingly,
no uncertainty labels are required to learn the uncertainty. Instead, the
uncertainty is learned implicitly. More importantly, this mechanism reduces
the impact of erroneous labels, making the model more robust to noisy data
[206].

8.2.6 Evaluating the Quality of Uncertainty

We already discussed in Section 3.3 how to evaluate an NN. Nevertheless,
evaluating the quality of uncertainty estimates is similarly important. A
detailed description of evaluation measures is provided in [216, 18].
In general, evaluating the quality of uncertainty estimates involves evaluating
the mean and variance vector for each prediction. This is done to determine
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whether the true value lies within the prediction interval with confidence level
1 − α. The prediction interval is given by:yL = ŷ − 1

2 Φ−1(1 − α) · σ︸ ︷︷ ︸
Lower Bound

; yU = ŷ + 1
2 Φ−1(1 − α) · σ︸ ︷︷ ︸

Upper Bound

 , (8.11)

where Φ−1(1 − α) is the quantile function. Therefore, the model does not only
predict a single value, but a range within which the true value is expected to
lie with confidence level 1 − α. Subsequently, the Mean Prediction Interval
Width (MPIW) can be calculated for a confidence level:

MPIW = N−1
N∑

i=1
(yU

i − yL
i ), (8.12)

with yU
i and yL

i being the lower and upper bounds es described in Equation 8.11.
Since the goal is to learn a model that predicts low uncertainty, the MPIW
should be minimized. Nevertheless, the MPIW does not tell anything about
whether the prediction interval covered the ground truth value or not. Therefore,
we must also report the Prediction Interval Coverage Probability (PICP) that
tells us the fraction of true values that are captured by the prediction interval.
The PICP is calculated as:

PICP =
c

N
, (8.13)

with c being the number of samples that are captured by the predicted interval
and N the total number of samples. Consequently, while the MPIW has to be
minimized, the PICP has to be maximized.
We can evaluate the PICP for different confidence levels and thus evaluate the
calibration of a model. For being calibrated, a model should accurately reflect Calibration is the

capability to
accurately reflect
the true
probabilities of
observed outcomes.

the true probabilities of observed outcomes. For instance, for an 80% confidence,
an event should also occur 80% of the time. Late research revealed that most
modern NNs are poorly calibrated and often produce unreliable predictions
due to over-confidence or under-confidence [197, 198]. To evaluate model
calibration, the accuracy can be shown as a function of confidence, providing us
with a calibration curve. A schematic overview of different calibration diagrams
is depicted in Figure 8.4. Although calibration diagrams are visually easy
to evaluate it often makes sense to express the model calibration in a single
metric. For this, the Expected Calibration Error (ECE) [217] is commonly
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Figure 8.4: Example reliability diagram illustrating an overconfident, well-calibrated,
and underconfident model.

used. The ECE is a binning-based metric and expresses the average violation
of calibration across bins (confidence), weighted by the number of bins:

ECE =
M∑

m=1

|Bm|
N

∣∣∣PICP(Bm) − conf(Bm)
∣∣∣, (8.14)

with M being the number of bins (nominal confidence levels), N the total
number of samples, and |Bm| the number of samples in bin m. Nevertheless,
binning has several limitations that should be considered. First, the choice
of the number of bins can significantly affect the ECE. For instance, too
few bins can result in an underestimation of the ECE. Additionally, the ECE
captures only the magnitude of miscalibration. Since the ECE relies on absolute
difference, it ignores whether the model is overconfident or underconfident.
Thus, an important property of miscalibration is lost. Finally, the ECE is
biased to the sample size, which can lead to unstable estimates.

8.3 Conclusion

In this section we addressed RQ3.1 and presented an introduction to uncertainty
estimation for regression applications. We presented different methods and
evaluation techniques for uncertainty estimation that can be used in EO
regression tasks.



9 U N C E RTA I N T Y
Q U A N T I F I C AT I O N W I T H
M I S S I N G D ATA

Chapter Highlights:

• Missing data pose a significant challenge in EO applications.

• Monte Carlo Temporal Dropout (MC-TD) is a novel method for uncer-
tainty estimation that leverages missing time steps.

• MC-TD improves the model performance while increasing the robustness
to missing time steps.

In this chapter, we focus on RQ3.1 and RQ3.2 and present a novel method for
uncertainty estimation that leverages prior knowledge about missing data in
EO.

9.1 Analyzing Temporal Dropout for Regression Tasks

In this section, we highlight the impact of missing time steps. We have already
seen that processing time series data is critical for understanding the changes
and dynamics of our planet [218]. Moreover, we have discussed that sensors
can experience anomalies (e.g., cloud occlusion in optical data) that result
in missing information over certain individual time steps [99, 118, 130]. As
mentioned, clouds corrupt optical sensors (e.g., S2), as on average, 55% of
Earth’s land surface is covered by clouds [132]. Inserting such time steps
into a model can propagate uncertainty into the predicted outputs, as the
model cannot extract meaningful information, as discussed in Subsection 8.2.1.
Therefore, addressing the impact of missing data in time series is an urgent
challenge. Therefore, various solutions and preprocessing techniques exist to
mitigate the impact of missing data and ensure accurate predictions. While
various techniques exist that adress missing data [118, 219], most methods
overlook the explicit quantification of the introduced uncertainty. However,
addressing this gap is crucial for improving the reliability of a model.
In this section, we analyze two methods that simulate missing data across

Parts of this chapter, including figures and tables, have been published already in [44]
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time, applied during training and inference. First, during training, it acts as
an augmentation method that increases the robustness to missing time steps.
Second, during inference, generating multiple MC samples with different views
serves as a mechanism for uncertainty quantification.
The first technique is based on the dropout variational distribution [208] applied
across time, referred to as Monte Carlo Temporal Dropout (MC-TD). Here
time steps are randomly dropped using a specific dropout ratio. Since, the
optimal dropout ratio is a resource expensive and difficult hyperparameter
that depends on each dataset and missing data modality [219], Monte Carlo
Concrete Temporal Dropout (MC-cTD) is proposed. Instead of manually
searching the best dropout ratio, the concrete dropout distribution [211] is
used that learns the optimal dropout ratio using standard gradient descent.
The concrete dropout distribution approximates a Bernoulli distribution using
a continuous relaxation, enabling the dropout probability to be optimized
through gradient-based learning [220, 211]. Unlike traditional dropout-based
approaches, this model automatically learns an optimal dropout distribution,
avoiding costly hyperparameter tuning.

9.1.1 Missing Data in Earth Observation

Irregularly sampled time series are a common phenomenon in signal processing
[221]. Numerous studies in DL have focused on developing methods for time
series imputation, such as BRITS [222], mTAN [223], and SAITS [224]. In
contrast, other methods focused on ignoring the missing data, such as D-
GRU [225] and MissFormer [226]. In EO, missing spatial and temporal data
negatively affect the performance of predictive models, where more missing
data translates to worse predictions [227, 228]. However, some strategies
in the EO field mitigate the negative impact of missing data, such as by
incorporating features from multiple sensors or using dropout techniques
[229, 118]. The Temporal Dropout (TD) technique, which involves randomly
dropping time steps, has been used to enhance the model performance [118, 230,
195]. Furthermore, a few studies evaluate missing data as a data augmentation
technique to enhance the robustness to missing information. For instance,
Weilandt et al. [231] randomly masks the end of a time series to improve
early crop classification. On the other hand, some studies have focused on
reconstruction tasks that recover the missing time steps. For instance, Chen
et al. [232] uses a polynomial fit based on the Savitzky–Golay filter, while
others use DL models based on MLPs [233] or convolutions [234].
Regression tasks in EO are commonly underexplored compared to classification
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tasks with time series data [235]. One reason might be that DL models are
less effective for regression than for classification, as shown by Tan et al. [236].
Another reason might be the limited number of available benchmark datasets
[237]. Regardless, the inherent challenge of predicting a continuous rather
than a categorical value is often overlooked. Nevertheless, in EO, numerous
applications involve pixel-level regression on time series data. For instance,
Nguyen et al. [238] use multispectral data and weather time series for pixel-wise
crop yield prediction. They use a MLP model for processing the time series
data as individual features. However, previous work has shown that RNNs (e.g.,
LSTMs) achieve better results (see Chapter 4). Furthermore, Maimaitijiang
et al. [117] considers the use of drone-based optical time series data for the
same task, obtaining images unaffected by cloud occlusion. Another pixel-wise
task studied in the literature is cloud removal. This task has been explored
with multispectral optical time series data [239], as well as including radar
time series [130]. Similarly, in the Earth surface forecast, multispectral optical
and weather time series have been used with spatio-temporal models to obtain
accurate predictions [240], such as using ConvLSTM models [241].
We have already discussed the importance of uncertainty estimation in EO
applications (see Chapter 8). Reliable uncertainty estimates improve decision-
making by identifying predictions with high confidence and those that should
be treated with caution [206, 204]. It is important to note that the efficacy of
uncertainty estimates heavily depends on the chosen method and the specific
application [242, 200]. This makes the model selection an important aspect.
Although uncertainty quantification methods are readily applicable to time
series data [243, 244], their primary application is typically in the hidden layers
of a NN. Additionally, most of these studies overlook the uncertainty arising
at the input level, which can be crucial in improving model reliability and
robustness.
To overcome this limitation, we explore the simulation of missing data in EO
time series for regression tasks.

9.1.2 Temporal Dropout for Uncertainty Estimation

We define the problem of learning the uncertainty in the predicted output,
propagated through the uncertainty in the input and the model. To estimate
model (epistemic) uncertainty, we model the expected output and variance
across multiple stochastic forward passes, as described in Chapter 8, by explic-
itly creating multiple views of the input. This was described in Subsection 8.2.4.
Similarly, to estimate the data (aleatoric) uncertainty, which arises from the
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data, we assume a normal distribution that is parameterized by two output
heads. For this the NLL is minimized, as described in Subsection 8.2.5. This
approach captures aleatoric uncertainty in σ2(x). Valdenegro-Toro et al. [245]
provides a relationship between input and output uncertainty, showing that
input uncertainty is propagated through the model, ultimately resulting in
model uncertainty via stochastic MC sampling. We follow this argumenta-
tion. Finally, the Predictive Uncertainty (PU) is the combined effect of all
uncertainties (see Equation 8.9).

Temporal Dropout

We leverage TD to estimate uncertainty. The dropout technique [162] is
commonly used in hidden layers of DL models during training. Nevertheless,
applying this technique at the input level over time has shown strong regular-
ization performance in EO applications [74, 118, 230, 219, 195]. This prevents
the model from focusing on individual time steps while simultaneously handling
missing time steps. Thus, the multivariate time series data x is masked out as

x̂ = x ⊙ (1 − p), (9.1)

where p ∈ [0, 1]T is the binary mask, which is drawn from a Bernoulli distribu-
tion, i.e. pi ∼ Bern(α), ∀i = 1, ..., T . Here, α is defined as the dropout ratio.
Thus, the input x becomes a random variable x̂, providing additional network
regularization. In contrast, we estimate the uncertainty arising from missing
time steps by enabling TD at the inference level. Gal and Ghahramani [208]
demonstrated that dropout at inference approximates Bayesian inference in
any NN architecture. Similarly, we extend this formulation along the temporal
dimension, named MC-TD. This corresponds to sampling L different dropout
masks for prediction, p

(l)
i ∼ Bern(α), ∀l = 1, . . . , L, and applying them to the

input data as x̂(l) = x ⊙ (1 − p(l)).

Concrete Temporal Dropout

When using the TD technique, an optimal dropout ratio must be identified.
This is a computationally expensive process, especially when working with
large models, which are commonly used in the EO. Gal et al. [211] proposes a
continuous relaxation of the dropout technique, allowing the dropout ratio to
be a learnable parameter. The soft dropout mask p̃ is defined as:

p̃ = CS(α, u, τ ) = σ

((
(log α

(1 − α)
+ log u

(1 − u)

) 1
τ

)
, (9.2)
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Figure 9.1: Illustration of both TD techniques over time series data for uncertatiny
estimation. Left: MC-TD. Right: MC-cTD.

Table 9.1: Dataset description and statistics.

Dataset Samples Series length Features Avg. target Std. target
SwissYield [40] 54,098 16–55 15 7.356 2.001

LFMC [48] 2,578 4 (fixed) 61 103.987 39.562
PM2.5 [52] 167,309 120 (fixed) 9 73.673 68.546

with σ as the sigmoid function, τ ∈ R as a temperature value that controls the
smoothness of the approximation, α ∈ R a learnable parameter in the model,
and u a uniform random variable, ui ∼ Uni(0, 1), ∀i = 1, ..., T . The latter
acts as the auxiliary variable in the sampling reparametrisation [220]. We use
this sampling strategy in the dropout technique across time. Furthermore,
to get the uncertainty, we use this technique at inference time, referred to as
MC-cTD. This corresponds to obtaining L samples of the Uniform distribution,
u
(l)
i ∼ Uni(0, 1), ∀l = 1, . . . , L, and forward over the model with data as

x̂(l) = x ⊙ (1 − CS(α, u(l), τ )). Additionally, in Figure 9.1 we schematically
illustrate MC-TD (left) and MC-cTD (right). Note that MC-TD randomly
samples a dropout mask with probability p, whereas MC-cTD provides a
continuous binary dropout vector with a learnable dropout ratio. Additionally,
in Figure 8.3 we schematically illustrate uncertainty estimation with test-time
data augmentation. Here, TD is considered the augmentation function.

Datasets

The described methods are evaluated across three EO regression applications
that involve processing temporal sensor data, namely Life Fuel Moisture Content
(LFMC) estimation for wildfire risk assessment, air pollution forecasting using
Particle Matter 2.5 (PM2.5) predictions, and pixel-wise crop yield prediction.
All three applications and datasets are described in Section 2.2. Characteristics Wildfire, air

pollution, and yield
prediction

each the datasets are presented in Table 9.1.
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Table 9.2: Results of the two variants of dropout across time. The MC-TD model
uses a dropout ratio of 0.3.

Dataset Model R2(↑) RMSE (↓) MAE (↓) ECE (↓) PU (↓)

SwissYield MC-TD 0.76 0.99 0.72 2.14 1.00
MC-ConcTD 0.79 0.93 0.66 2.23 1.23

LFMC MC-TD 0.69 21.92 15.67 3.77 1.01
MC-ConcTD 0.72 20.80 14.76 3.41 8.01

PM2.5 MC-TD 0.71 36.36 24.56 2.92 16.00
MC-ConcTD 0.77 31.77 21.61 2.15 5.80
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Figure 9.2: Model performance in R2 and ECE under different TD settings, where
marker size indicates the normalized PU.

Experimental Setup

Implementation details are provided in Subsubsection A.1.2. We first evaluate
MC-TD and MC-cTD against each other, and then compare them to standard
uncertainty quantification methods for time series regression tasks, including
MC-Dropout [208] and BBB [210]. For a fair comparison, all models use the
same architecture. Unless otherwise specified, a TD ratio of 0.3 is used for the
MC-TD model to balance regularization and model capacity.

9.1.3 Results

We compare the performance of MC-cTD and MC-TD models across all
datasets in Table 9.2. Both approaches demonstrate strong performance across
all three datasets. However, MC-cTD consistently outperforms MC-TD on all
regression metrics across all datasets. For instance, a maximum improvement
of 6 pp in R2 is observed on the PM2.5 dataset.
In Figure 9.2 (a), we evaluate the performance of various dropout ratios in the
MC-TD model. The results indicate that a lower dropout ratio consistently
improves performance across all datasets, with a clear decline in model per-
formance as the ratio increases. Additionally, we observe an increase in the
PU with increasing TD ratio and decreasing performance. In Figure 9.2 (b),
the ECE for every TD ratio is illustrated, together with the constant ECE for
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Figure 9.3: Model calibration across confidence levels for all datasets.

the MC-cTD model. Marker sizes indicate the normalized PU. Similarly, we
observe an increase in calibration error with increased uncertainty, except for
the Yield dataset, and decreased performance. Ultimately, in Figure 9.2 (c),
the learned dropout ratios of the MC-cTD model across all folds are illustrated.
Notably, the dropout ratios remain below 0.25, yet exhibit high instability
across folds and datasets. For instance, the dropout ratio approaches zero for
the PM2.5 dataset. The results underline the difficulty of manually tuning the
dropout ratio.
Figure 9.3 shows the model calibration. We observe overconfidence in the Swis-
sYield and LFMC datasets. Nevertheless, the MC-cTD model demonstrates
relatively better calibration compared to the remaining methods. Conversely,
for the PM2.5 dataset, the models exhibit better calibration, especially for the
MC-cTD model. Figure 9.4 shows a scatter plot of the predicted and target
values for MC-Dropout, the MC-TD, and MC-cTD for all applications. To an-
alyze uncertainty estimates, the predictions are scaled based on the uncerainty.
Notably, the PM2.5 dataset exhibits very high uncertainties, while the yield
prediction dataset shows low uncertainties. Moreover, we observe that higher
uncertainties are associated with lower alignment between predicted and target
values, particularly for the MC-cTD model. Finally, we compare the both
methods against MC-Dropout and BBB, two common baseline uncertainty
quantification methods. The results are summarized in Table 9.3. Notably,
the BBB performs poorly on most regression metrics. The MC-cTD model
achieves the best R2 scores on the Yield and PM2.5 datasets, while being equal
to the MC-Dropout on the LFMC dataset. Across all evaluation metrics, we
find that MC-cTD achieves the best overall results.
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Figure 9.4: Prediction over target plots for three regression datasets. The marker
size indicates the uncertainty in each prediction that explains the entire
coverage in single plots.

Table 9.3: Performance comparison for various uncertainty quantification methods.
The best score is highlighted in bold.

Dataset Model R2 (↑) RMSE (↓) MAE (↓) ECE (↓) PU (↓)

SwissYield

MC-Dropout 0.78 0.94 0.67 2.21 1.02
MC-TD 0.76 0.99 0.72 2.14 1.00

MC-ConcTD 0.79 0.93 0.66 2.23 1.23
BBB 0.51 2.02 1.57 0.73 23.57

LFMC

MC-Dropout 0.72 20.69 14.64 2.43 1.11
MC-TD 0.69 21.92 15.67 3.77 1.01

MC-ConcTD 0.72 20.80 14.76 3.41 8.01
BBB 0.53 27.00 20.00 4.48 4.01

PM2.5

MC-Dropout 0.74 33.89 22.45 1.17 3.99
MC-TD 0.71 36.36 24.56 2.92 16.00

MC-ConcTD 0.77 31.77 21.61 2.15 5.80
BBB 0.30 57.00 39.00 3.57 2.49

9.1.4 Discussion

In this chapter, we demonstrated how we can exploit naturally occurring
missing time steps for uncertainty estimation and to improve the effectiveness
of a model. We showed how we can leverage this prior knowledge to answer
RQ3.1 and RQ3.2. We showed that TD at the inference level improves model
performance over common uncertainty quantification methods on various
EO regression tasks (Table 9.2). However, calibrating the dropout ratio in
any DL model is challenging as it requires expensive hyperparameter tuning.
This holds for MC-TD. Consequently, MC-TD can only find the optimal
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dropout ratio at high computational costs. Interestingly, a higher number
of missing time steps consistently results in reduced performance, increased
uncertainty, and greater calibration error. We find an optimum value of
around 0.1. Notably, the optimal value must balance predictive performance,
uncertainty, and calibration error. This underlines the need for effective
management of missing instances. In particular, determining the optimal
ratio remains challenging, especially when time windows are short (LFMC).
Nevertheless, MC-cTD demonstrates flexibility by learning different values
based on the validation scenario (fold). This flexibility arises from the model’s
ability to dynamically adjust the dropout value using the concrete distribution
[211]. This results in improved performance and calibration. Nevertheless, we
observe high variability across datasets. Moreover, we notice that there may be
multiple optimal dropout ratios, as illustrated in Figure 9.2 (c). For instance,
for the yield dataset, the learned ratio of the second fold is approximately 0.25,
whereas in the sixth fold, it is approximately 0.01. We attribute this variability
to the distinct characteristics of each dataset, including varying time series
length, number of features, and dataset sizes (Table 9.1). For instance, the
LFMC dataset is characterized by only four time steps, which may explain
the poor performance of TD-based models on this dataset. In contrast, the
PM2.5 dataset has 120 time steps but has only short temporal dependencies
compared to the yield dataset. Therefore, dropping the previous time steps
can significantly reduce performance. As a result, TD is less effective in this
context, potentially explaining the low TD ratios in Figure 9.2 (c). Overall,
MC-cTD enhances the robustness of uncertainty estimation across different EO
datasets by continuously adapting to unique data characteristics while reducing
the computational burden of the hyperparameter search, making uncertainty
quantification more accessible for EO applications with time-series data.
The proposed methods and experimental setup have limitations that should be
considered. We validate the models using EO data without real missing values Limitations

in the time series, which could potentially differ from scenarios involving actual
missing data. This limitation may affect how the models perform in real-world
settings with missing values. Additionally, we use only an LSTM encoder to
learn the temporal patterns. Moreover, only a few uncertainty quantification
methods are used for comparison. However, the primary goal of this research
is to demonstrate the effectiveness of TD and MC-cTD in enhancing predictive
performance and uncertainty quantification, rather than identifying the optimal
architecture for each dataset and use case. Nevertheless, additional models
and architectures must be evaluated in the future, including Transformers
and other uncertainty quantification methods that have been described in
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Chapter 8. Moreover, while TD has shown significant improvements in the
related literature [118, 195], we observe only small improvements in this study
across individual datasets. This may be attributed to the task and the unique
data characteristics, including short time series length (LFMC), short temporal
dependencies PM2.5), or noise in remote sensing data. More datasets must
be considered to better understand the robustness of the proposed methods.
Finally, while we demonstrate improvements in our models regarding the
literature, we emphasize that poor calibration remains an ongoing challenge that
requires careful evaluation, an issue commonly encountered in DL [246, 198].
Specifically, EO data is often impacted by noisy and uncertain measurements
and spatio-temporal distribution shifts, which can lead to poor calibration
when the model is applied to unknown environments. Further exploration
of model calibration, including post-hoc calibration, will be required before
deploying models in practice.

9.1.5 Conclusion

This work underscores the importance of input uncertainty in time series data
for EO regression applications. To address this, we introduced two novel
uncertainty estimation methods, namely MC-TD and MC-cTD. Both methods
account for input uncertainty in time series data by applying TD at the
inference level using Monte Carlo sampling. While MC-TD requires manual
and expensive tuning of the dropout ratio, MC-cTD learns this automatically as
a free parameter. We empirically demonstrate their effectiveness in enhancing
predictive performance in various EO datasets. While these models improve
the accessibility of uncertainty estimation in EO applications, they also present
challenges that require further investigation. Future research will focus on
validating these approaches across diverse EO applications and by considering
model calibration.



10 B AY E S I A N I N F E R E N C E F O R
C R O P Y I E L D P R E D I C T I O N

Chapter Highlights:

• Uncertainty quantification methods improve performance over purely
data-driven baselines in crop yield prediction. DEs and Dropout-based
methods are promising approaches for uncertainty estimation. However,
selecting the most appropriate is challenging.

• Distribution shifts are a major concern in EO, often leading to complete
model failure.

• Incorporating prior knowledge can provide strong inductive biases, re-
sulting in more structured posteriors in function space and more stable
predictions on out-of-distribution data.

In this chapter, we present an extensive analysis of uncertainty estimation
methods for crop yield prediction. We focus on RQ3.1 and provide a thorough
comparison of different uncertainty estimation techniques. Moreover, we
address RQ3.3 by evaluating the impact of distribution shifts in real-world
scenarios. Finally, we explore how uncertainty estimation, combined with prior
knowledge, can help mitigate these challenges.

10.1 Large-Scale Evaluation

Yield estimation has primarily focused on evaluating model accuracy, overlook-
ing uncertainty estimation [73]. However, this offers significant potential when
deploying such models into practice. Uncertainty estimation acknowledges
the limitations in our understanding of the model and contributes to more
trustworthy ML. Therefore, there is a pressing requirement to increase the
confidence in ML-based predictions [207, 18]. Although diverse uncertainty
quantification methods exist, studies often showcase instability and poor cali-
bration [198]. Exploiting the full potential of uncertainty estimation requires
careful comparison of the various existing methods [247].
Only a few studies evaluate uncertainty estimation in crop yield prediction. For

Parts of this chapter, including figures and tables, have been published already in [29].
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instance, in [75], a model for corn yield prediction using different EO modalities
is proposed, based on a DE method that quantifies the uncertainty of predicted
yield values. Similarly, in [108], a model based on MC-Dropout [208] is pro-
posed for regional wheat yield prediction. In [73], a phenology-guided model
with uncertainty estimates is proposed, illustrating improved performance in
soybean yield prediction. Nevertheless, the systematic evaluation of uncertainty
estimation methods remains underexplored.
This section highlights significant improvements in yield prediction enabled by
uncertainty estimation. We compare various uncertainty estimation methods
against a baseline model. Experiments further demonstrate that incorporating
multimodal data enhances prediction accuracy and reduces uncertainty.

10.1.1 Methodology

Data

For all experiments, a subset of the soybean dataset collected in Argentina
between 2017 and 2022 is used. This dataset is selected for its high data quality
in Argentina. This provides a better understanding of the model behavior.
Additionally, training multiple models on the entire dataset is computationally
expensive. We integrate S2 imagery as the baseline input and use the monthly
time series sampling method, as described in Chapter 4. Additionally, we
evaluate the integration of ADMs by using the IF method, as described in
Chapter 4.

Architecture, Training & Evaluation

We assess five approaches: Variational Inference using BBB [210], MC-Dropout
[208], Concrete Dropout [211], DEs [158], and MC-DropConnect [212]. The
model architecture and training are described in Subsubsection A.1.2. At
inference, 20 stochastic forward passes are realized for each test sample. Except
for the DE, 5 separate models are trained, as recommended in [158]. The
output variance is used to calculate the predictive uncertainty, as described in
Equation 8.9, and is reported as a standard deviation (t/ha). We report both
components, epistemic and aleatoric uncertainty, combined, as we find both
being correlated. Models are trained at the pixel level, using stratified, grouped
K-fold CV, where pixels are grouped by field and stratified by region. We
compare the model performance of different uncertainty estimation methods
against a deterministic baseline (LSTM). We use the same architecture as
described earlier in Section 4.4.
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Table 10.1: Overview of model performance for 10-fold cross-validation for Sentinel-2
and additional modalities. The best score is highlighted in bold.

Evaluation Sentinel-2 Sentinel-2 + ADM
MAE (↓)

t/ha
RMSE (↓)

t/ha
MAPE (↓)

%
R2 (↑)

-
MAE (↓)

t/ha
RMSE (↓)

t/ha
MAPE (↓)

%
R2 (↑)

-
Deep Ensemble 0.39 0.52 0.11 0.75 0.37 0.48 0.10 0.79

BBB 0.65 0.81 0.20 0.41 0.61 0.78 0.19 0.44
MC-DropConnect 0.37 0.51 0.10 0.77 0.36 0.46 0.10 0.81
Concrete Dropout 0.40 0.52 0.11 0.75 0.38 0.49 0.11 0.78

MC-Dropout 0.37 0.51 0.10 0.76 0.36 0.47 0.10 0.8
Baseline LSTM 0.40 0.51 0.11 0.74 0.40 0.52 0.11 0.76

10.1.2 Results

The results are divided into two sections. The first section assesses prediction
accuracy, and the second assesses the quality of uncertainty quantification and
calibration. Further, we assess the impact of reducing the number of available
time steps on the model performance and uncertainty.
Table 10.1 presents quantitative metrics at the field level, where pixel-wise
predictions are averaged per field and compared with the ground truth. The
table is divided into two cases: i) the models are trained with S2 as input only,
ii) the models are trained with S2 and ADMs (all available, see Section 4.4).
The best scores are highlighted. We first notice that most probabilistic models
outperform the baseline LSTM on all regression metrics. For instance, the
MC-DropConnect model achieves an R2 of 0.77 using only S2 data as input.
This marks an increase of 3 pp compared to the baseline model. Only the
BBB method performs notably poorly with an R2 of only 0.41. We notice that
including ADMss enhances model performance across all models. For instance,
in terms of R2, Dropconnect shows a 4 pp improvement from 0.77 to 0.81.
Additionally, all models, except BBB, either perform similarly or surpass the
baseline model. Particularly noteworthy is the significant 5 pp improvement in
R2 achieved by MC-Dropconnect compared to the baseline when ADMss are
included. Likewise, the DE method improves by 3 pp in R2.
In Table 10.2, the uncertainty estimations are quantitatively evaluated. We

observe an improvement across models when integrating ADMs, similar to the
improvements in predictive accuracy. The models consistently deliver sharper
PIs (MPIW). The PICP shows marginal reductions for the BBB and Concrete
Dropout model. The PU reduces for MC-Dropconnect and DE, remains
constant for MC-Dropout, and increases for BBB. Note that the Concrete
Dropout method produces unrealistically high uncertainties (indicated with †).
We found that this was the case for very few fields with outlying characteristics
compared to the rest of the dataset. In Figure 10.1, we present an example
field, showing the ground-truth yield map, the predicted yield map, the error
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Figure 10.1: Example ground truth yield map and predictions for a field, harvested
in 2021. The ground truth yield map is illustrated on the left. Next to
it are the pixel-wise predictions, followed by the relative error and the
predictive uncertainty (t/ha) maps.

Table 10.2: Uncertainty estimation overview for S2 and ADMs. † indicates a value
higher than 50 t/ha

Evaluation Sentinel-2 Sentinel-2 + ADM
MPIW (↓)

t/ha
PICP (↑)

%
PU (↓)
t/ha

NLL (↓)
-

ECE (↓)
-

MPIW (↓)
t/ha

PICP (↑)
%

PU (↓)
t/ha

NLL (↓)
-

ECE (↓)
-

Deep Ensemble 2.63 0.83 0.93 1.56 0.28 2.60 0.84 0.92 1.64 0.37
BBB 4.44 1.00 1.62 1.35 0.58 4.19 0.92 1.76 1.34 0.79
MC-DropConnect 2.67 0.86 0.92 1.11 0.17 2.57 0.87 0.83 1.05 0.09
Concrete Dropout † 0.91 † 1.03 0.15 † 0.89 19.02 1.08 0.11
MC-Dropout 2.95 0.89 0.94 0.98 0.26 2.92 0.90 0.94 0.79 0.79
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Figure 10.2: Calibration evaluation overview. Left: reliability plot (PICP) at different
confidence levels for S2. Right: reliability plot (PICP) at different
confidence levels for S2 and ADMs.

map, and the predictive uncertainty (t/ha) for each pixel. The predictions are
generated for each model trained on S2 imagery. All models accurately predict
the field mean and capture infield variability. Examining the error map reveals
higher errors at boundaries and in low-yield areas. Notably, inaccuracies at the
boundaries are common, often due to noisy labels in these regions. Notably,
the BBB and Concrete Dropout methods demonstrate lower infield variability
and higher pixel-wise errors.
We emphasize that the MC-Dropout, MC-DropConnect, DE, and BBB models
reveal a clear correlation with both the ground truth data and the error map.
Notably, higher uncertainty is observed at the border level, underscoring the
greater difficulty of modeling these regions. Additionally, areas with lower
yields tend to exhibit higher uncertainties. Similarly, the uncertainty values
demonstrate a strong correlation with the model error, underscoring the utility
of the uncertainty estimates as indicators of predictive confidence. Nevertheless,
the Concrete Dropout model demonstrates a poor correlation between model
error and uncertainty estimates. Additionally, the BBB method shows artifacts
in the prediction that we refer to as deviating sampling distributions during
inference. Note that the deterministic LSTM provides no estimations of
uncertainty.
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Figure 10.3: Forecasting error and uncertainty at various time steps before harvest.
Left: RMSE at each time frame. Right: Predictive uncertainty at each
time frame.

Calibration

Figure 10.2 shows the model calibration for a specific region in Argentina across
both evaluation scenarios. The left plot shows the PICP at various confidence
levels using only S2 as input. A perfectly calibrated model would follow the
diagonal line. The BBB model demonstrates nearly perfect calibration across
all confidence levels, whereas MC-DropConnect, DE, and MC-Dropout appear
overconfident. The right plot presents the same experiments for models trained
with both S2 and ADMs as inputs. We observe a substantial improvement when
integrating multimodal data: all models that were previously overconfident
now exhibit significantly improved calibration.

Error & Uncertainty

To analyze the link between model error and uncertainty, we conduct forecasting
experiments by training models with a truncated time series. More specifically,
models are assessed by progressively reducing the number of available time
steps up to 120 days before the harvest. Specifically, making the task more
challenging by masking subsequent time steps and reducing the available
training data. Figure 10.3 shows the R2 for each scenario, on the right plot.
We focus the analysis on the MC-Dropout, MC-DropConnect, and DE models,
since these methods have consistently performed well in earlier experiments.
For all models, the error increases as the number of time steps decreases.
We further illustrate predictive uncertainty for each forecasting scenario in
the left plot. We stress that the uncertainty left plot correlates well with
the error curves, confirming our previous observation. More specifically, the
predictive uncertainty reduces as more input time steps are available. The
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correlation between uncertainty and accuracy is confirmed through an analysis
of uncertainty and different error metrics. The MC-Dropconnect model achieves
the highest correlation, with an estimated correlatoin of 0.98 between R2 and
uncertainty. Nevertheless, the remaining models exhibit similarly good scores.

10.1.3 Conclusion

In conclusion, this section highlights the importance of uncertainty quantifi-
cation in yield prediction. Nevertheless, selecting an uncertainty estimation
method remains a challenge. We compared various uncertainty estimation
methods and found that, while BBB offers a strong theoretical foundation, it
performs poorly and incurs higher computational costs in practice. Similarly,
while Concrete Dropout offers advantages over its predecessor MC-Dropout,
its uncertainty estimations are unstable and unreliable. In contrast, to answer
RQ3.1, including MC-DropConnect, MC-Dropout, and DE collectively exhibit
enhanced yield prediction accuracy even compared to strong deterministic
baselines.

10.2 Deep Ensembles & Distribution Shifts

In the previous section, we evaluated different methods for estimating uncer-
tainty. Here, we focus on distribution shifts, a common phenomenon in EO.
We address RQ3.3 and discuss potential mitigation strategies that leverage
both uncertainty estimation and prior knowledge.

Distribution Shifts
Distribution shifts refer to a change in the properties of the testing data
compared to the training data.

ML models are highly susceptible to distribution shifts and exhibit overconfi-
dence and degraded performance when exposed to such data [248, 249]. One
reason for the lack of generalizability to distribution shifts is the scarcity of
dedicated training samples [16]. For instance, crop yields are often affected by
distribution shifts between years and regions, rooted in different management
practices, environmental conditions, and yearly fluctuating climate conditions.
Climate variability accounts for approximately 30 % of the global yield vari-
ability [250]. Consequently, generalization to unknown years and regions that
exhibit a different data distribution causes a severe degradation in model



142 bayesian inference for crop yield prediction

performance. For example, Perich et al. [40], noted that a model was not
able to accurately predict crop yields for unseen years. Only Mena et al. [125]
showed that transferring to unknown years can be improved over the standard
IF by adaptive fusion of multimodal EO data.
In this section, we investigate the model performance under distribution shifts.
We show that the cause for poor performance lies in the distance weight space
of the NN that hinders the generalization to unknown data. To bridge this gap,
we show that DEs can improve the poor generalization capacity of modern NNs.
We argue that this lies in the higher diversity in weight space, which explores
multiple modes and thus reduces the generalization gap. A mode refers to theDeep Ensembles

and modes in
weight space

different local optima in the solution landscape, a NN can converge to during
training [251]. Each mode produces a function that defines a unique mapping
between the input and the output. Additionally, we show that the inclusion
of prior knowledge further improves the generalization capacity by adding
additional inductive bias that anchors the posterior predictive distribution in
closer locations in weight space.

10.2.1 Distribution Shifts in Training Data

In Subsection 2.2.1, we have already shown that the YieldSAT dataset is
characterized by significantly different data distributions between crops and
countries. Likewise, we observe differences between years and regions for a
single country and crop. To assess the severity of distribution shifts across
regions and years, the input data and target yield data are first analyzed
for these shifts. In Figure 10.4, we visualize a low-dimensional embedding
using t-SNE of the surface reflectance of the S2 input. This includes the time
series of S2 imagery and ADMs. The data are colored by year (left) and
region (right). We highlight that in both cases, a clear separation between
individual years and regions is visible. More specifically, the data form clusters
within each group. Moreover, subclusters are visible. This indicates unique
characteristics within a year-region combination. Below is the kernel density
estimation plot of the target yield distribution. The data is grouped by year
(left) and region (right). Note that each group’s distribution is unique. This
is evidenced by the Kruskal-Wallis test, which compares the distributions of
yield data between regions and years. The results are depicted in Table 10.3.
For both tests, a significantly high p-value is reported (p < 0.0001). This
means that at least one year and one region have a significantly different yield
distribution compared to the rest of the groups. For all experiments, the same
dataset is used as described in Section 10.1. To compare each pair of yield
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Figure 10.4: Visualization of the training data distribution grouped by years and
regions. Top left: t-SNE plot of the input data (S2 and ADMs) grouped
by years. Top right: Top left: t-SNE plot of the input data (S2 and
ADMs) grouped by region. Bottom left: Kernel density estimation
plot for the target yield data grouped by years. Bottom right: Kernel
density estimation plot for the target yield data grouped by regions.

Table 10.3: Kruskal–Wallis H-test between yield distributions grouped by years and
by regions.

Evaluation Year Region
p-value p<0.0001 **** p<0.0001 ****

distributions, a post hoc comparison of the distributions using Dunn’s test is
performed. The pairwise comparison between the years is depicted in Table 10.4.
We highlight that most pairwise comparisons indicate significantly different
distributions. Only between 2018 and 2019, no significance is found. The
pairwise comparison between the regions is depicted in Table 10.5. Similar to
the years, the data distribution between regions is mostly significantly different.
However, individual regions do not show significantly different distributions.
For instance, region 5 shows no significant difference between regions 4, 6, and
7. In conclusion, the results undermine the assumption that the distribution
across years and regions is mostly significantly different, which increases the
difficulty of generalization.
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Table 10.4: Pairwise post-hoc comparisons of the yield distributions between in-
dividual years. Each cell displays the statistical significance level
of the difference between two years based on the Dunn’s test using
the Holm–Bonferroni correction. ns = no significance (p ≥ 0.05),
∗ = p < 0.05, ∗∗ = p < 0.01, ∗ ∗ ∗ = p < 0.001, ∗ ∗ ∗∗ = p < 0.0001.

Year 2017 2018 2019 2020 2021 2022
2017 - **** *** **** **** ****
2018 **** - ns *** **** ****
2019 *** ns - ** **** ****
2020 **** *** ** - **** ****
2021 **** **** **** **** - ****
2022 **** **** **** **** **** -

Table 10.5: Pairwise post-hoc comparisons of the yield distributions between in-
dividual regions. Each cell displays the statistical significance level
of the difference between two regions based on the Dunn’s test us-
ing the Holm–Bonferroni correction. ns = no significance (p ≥ 0.05),
∗ = p < 0.05, ∗∗ = p < 0.01, ∗ ∗ ∗ = p < 0.001, ∗ ∗ ∗∗ = p < 0.0001.

Region 0 1 2 3 4 5 6 7
0 - **** **** **** **** **** ** ****
1 **** - **** **** **** **** **** ****
2 **** **** - *** **** **** **** ****
3 **** **** *** - **** **** **** ****
4 **** **** **** **** - ns **** ns
5 **** **** **** **** ns - ns ns
6 ** **** **** **** **** ns - ***
7 **** **** **** **** ns ns *** -

10.2.2 Learning Under Distribution Shift

For all experiments, the same LSTM architecture and training are used as
described in Section 10.1. However, to analyze the impact of shifted data,
only the DE model is compared against the baseline LSTM (see Section 4.4).
Further, we assess the impact of different network architectures, including
the integration of local-neighborhood (3D-LSTM) information, as described
in Section 4.5. We restrict the analysis to DEs, since they are becoming theDeep Ensemble

gold standard for uncertainty quantification under distribution shifts [213].
Moreover, they represent uncertainty via multiple independent parameter sets
that simplify the analysis posterior distribution. In contrast, the other BNN
approaches represent uncertainty via stochastic sampling or distributions over
weights. This makes direct weight space comparisons ill-posed. For more
information see see Chapter 8. To assess the performance under distribution
shift, each model is evaluated on unseen years and regions, using the LOYO
and LORO CV. For this, a single year or region is held out during training and
used only for evaluation. These scenarios assess the generalization capacity in
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Table 10.6: Overview for crop yield prediction at the field level using temporal (Leave-
One-Year-Out) and spatial splitting (Leave-One-Region-Out). All models,
except the baseline LSTM, are defined as a DE with 5 members.

Evaluation Leave-One-Year-Out Leave-One-Region-Out
RMSE (↓)

t/ha
R2 (↑)

-
RMSE (↓)

t/ha
R2 (↑)

-
LSTM (DE) 0.70 0.55 0.65 0.62
3D-LSTM (DE) 0.23 0.63 0.19 0.73
LSTM (Baseline) 0.72 0.53 0.74 0.50

Figure 10.5: Example predicted field for different experimental setups to assess the
impact of distribution shifts. Left: standard CV, center: LOYO CV,
right: LORO CV. For each experiment, the ground truth yield map,
predicted yield map are shown. Below the relative error (clipped and
full range).

real-life settings. We define a region as the data points that belong to a single
farmer.

Performance under Distribution Shift

The quantitative results are given in Table 10.6 and confirm that the model
performance significantly degrades under distributional shift, especially for the
baseline LSTM. For instance, for the LOYO experiment, an overall reduction
in R2 of 21 pp is reported, compared to the standard CV experiments, where an
R2 of 0.74 was reported (see Table 10.1). Similarly, for the LORO experiment,
a significant reduction of 24 pp in R2 is shown. Nevertheless, the DE methods
exhibit improved performance compared to the baseline model in both settings,
as shown in Table 10.6. In the LOYO setting, the DE improves by 2 pp R2

over the baseline model. Likewise, the DE model exhibits a 12 pp increase
over the baseline in the LORO experiment. This suggests that the uncertainty
quantification methods still exhibit significantly higher generalization capabili-
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Figure 10.6: t-SNE of the network parameters for the DE model for different CV
scenarios. Left: standard 10-CV, center: LOYO, right: LORO. Note
that LOYO and LORO are training scenarios under data shift. The
weights are colored by fold.

ties on shifted data. Interestingly, adding spatial context with the 3D-LSTM
further widens the gap between the baseline and the DE approach. Especially
in the LORO scenario, an improvement of 23 pp is achieved, resulting in an
overall R2 of 0.73. This score is almost equal to the R2 of the baseline model
in the standard CV scenario (R2 of 0.74). Additionally, in the LOYO setting,
an improvement of 10 pp in R2 is shown compared to the baseline model.
Similarly, both models show a significant reduction in RMSE.
Figure 10.5 shows a qualitative example of a predicted field under distribution
shift. Compared to the standard CV, the model exhibits regions of complete
performance collapse under distribution shift, as evidenced by high pixel-wise
error.

10.2.3 Weight Space Diversity and Distribution Shift

To investigate the reason for the degrading performance and the difference
between probabilistic and deterministic models, we analyze the model param-
eters in Figure 10.6. The plot shows a low-dimensional t-SNE embedding of
the trained DE model weights. The weights are displayed for the standard
10-fold CV (left), LOYO (center), and LORO (right) scenario. Additionally,
the weights are colored by folds. For example, in the LOYO scenario, a model
is colored by the year in the validation set. The plot reveals interesting insights.
While the weight distribution of the ensemble members overlaps entirely in the
standard 10-fold CV, a clear separation is observed for the LOYO and LORO
scenario. Each fold forms a distinct cluster in weight space with essentially no
overlapping.
We conclude two main things from this. First, we argue that this may explain
the poor performance under distribution shift since the model is less capable
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Figure 10.7: Visualization of the diversity of the weight space during model training.
Top: Cosine similarity between pairs of ensemble members during train-
ing. Bottom: t-SNE plot of the weight space during training, together
with the loss. The trajectory in the weight space is highlighted in red
from start to end.

of generalizing to unknown data distributions. Second, DEs explores multiple
modes in weight space, which explains its better performance compared to the
deterministic baseline, which explores only a single mode.
To investigate the diversity in weight space, the model weights during training
are visualized in Figure 10.7. The top row shows the cosine similarity between
two ensemble members over the training epochs. Each comparison shows
that the similarity in weight space is high at the start of the training and
decreases throughout the training. At the end of the training, the weight
space is clearly separated between the two ensemble members. The lower plot
shows the trajectories in weight space for the two ensemble members, along
with the validation loss. The plot illustrates that the ensemble members are
initialized randomly in nearby regions. Additionally, the plot illustrates that
each ensemble member explores unique modes in weight space, characterized
by low loss values. This indicates that each ensemble member explores several
optimal solutions.

10.2.4 Improving Generalization with Prior Knowledge

Although we have seen that DEs offer a significant advantage over the de-
terministic baseline model by exploring different modes, we still observe a
decrease in performance under distribution shift. To mitigate this, we included
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Figure 10.8: t-SNE of the network parameters for the DE model trained with injected
prior knowledge (TD, Spatial) under distribution shift. Left: LOYO,
right: LORO.

spatial context using the 3D-LSTM model. The resulting weight spaces for
both scenarios are depicted in Figure 10.8. The figure shows that adding
prior knowledge reduces the distance and anchors solutions in nearby regions.
Consequently, the generalization performance under distribution shift increases
significantly, as evidenced in Table 10.6. Still, the elongated clusters indicate
remaining epistemic uncertainty, but it is structured, aligned along dimensions
that matter under the inductive bias.

10.3 Discussion

In this section, the difficulty of crop yield prediction under distribution shift was
analyzed to adress RQ3.3. We simulated a real-world scenario of transferring
across unknown years and regions and observed severe performance collapse.
We argue that the decrease in performance is mainly due to significantly differ-
ent data distributions across years and regions. To mitigate this, DEs were
analyzed which showed significantly improved performance compared to the
deterministic baseline. DEs are known for being more robust to distribution
shifts than single-mode methods [252]. Following Fort et al. [214], we argue
that the improved performance lies in the diversity of the weight space, which
produces unique functions of the NN. DEs explore multiple modes that are
characterized by low-loss landscapes. In contrast, deterministic baselines ex-
plore only a single mode, which reduce their generalizability. Nevertheless,
we argue that this is not sufficient to bridge the generalization gap to shifted
data. We still observe severe performance decrease when applying a NN to
unknown years or regions. Consequently, this is a critical research question
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before deploying NNs into practice. Helber et al. [121] argued that additional
transfer learning methods are required.
In contrast, we argue that selecting an appropriate prior can mitigate this issue.
The distance between solutions in function space, as obtained by independently
trained ensemble members, reflects the degree to which a model’s prior con-
strains the hypothesis space. In the absence of a strong prior, distribution
shifts induce large divergences between ensemble members, indicating unstable
and inconsistent generalization to shifted data. In contrast, well-chosen priors
can constrain the posterior to a more compact, structured region in weight
space. As illustrated, this can reduce inter-model distance and lead to more
stable solutions and improved generalization under shifted conditions. However,
as Izmailov et al. [253] pointed out, that we commonly think of a prior as
the distribution over parameters, as elaborated in Chapter 8 for BNNs. In
contrast, the authors argue that what is important is the prior over functions
induced by a vague prior over parameters, coupled with the architecture of
the NN, which incorporates sufficient prior knowledge to converge to a good
solution. This alone can provide a strong inductive bias. Or differently, the
support of a NN should be large while the inductive bias must be specific for a
given problem [213]. We showed that by changing the architecture to account
for spatial dependencies (see Section 4.5), we can anchor the function space
across a common solution. Consequently, we observe a significant increase in
the performance under data shift by simply changing the functional form of
the NN.

The presented study has limitations that must be considered. First, we only Limitations

investigated this phenomenon on a single dataset. This is because training
DEs is expensive, especially in an already expensive CV training setting.
In the future, more datasets will be evaluated. Additionally, cheaper DE
implementations must be developed to reduce the computational complexity.
Finally, we have only investigated single prior components that improve the
inductive bias of the model. In the future, additional functional forms of the
model architecture must be investigated that support this work.

10.4 Conclusion

Distribution shifts remain a challenge in crop yield prediction. To answer
RQ3.3. we showed that DEs offers a potential solution. Coupled with a strong
prior, the generalization gap can be reduced.
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PART V

C O N C L U S I O N





11 S U M M A RY

In this thesis, the integration of prior knowledge into Machine Learning (ML)
was studied, defined as Domain-Informed Learning (DIL). We investigated
different types, representations, and integration practices of prior knowledge
into the ML pipeline. We proposed novel approaches that address ongoing chal-
lenges in ML research for EO tasks. Specifically, we studied (1) the integration
of prior knowledge to enrich the data space (PART II), (2) the integration of
prior knowledge to enforce knowledge conformity (PART III), and (3) the inte-
gration of prior knowledge into the model hypothesis for uncertainty estimation
(PART IV). This thesis focused on agricultural applications, including crop
yield prediction, plant phenotyping, and crop stress modeling. Additionally,
individual methods were studied for further EO applications, including air
pollution forecasting, and the analysis of wildfire risk estimation was conducted.

11.1 Key Contributions

Each research question was addressed by various experiments and discussed in
light of the current literature. We quantified the success of each contribution
and research question, using the evaluation criteria: (1) superior performance,
(2) increased explainability, (3) increased trustworthiness, and (4) novel per-

Table 11.1: Summary of the thesis contributions with regard to the evaluation criteria.
✓ indicates criteria fulfilled, (✓) indicates partial fulfillment, ✗ indicates
no fulfilment.
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PART I Section 2.2 YieldSAT Dataset ✗ ✗ ✗ ✓

PART II Chapter 4 Multimodal Crop Yield Prediction ✓ (✓) ✗ (✓)
Chapter 5 Time Series Analysis (✓) ✓ ✗ (✓)

PART III
Chapter 6 Physics-Guided Drought Stress Estimation ✓ ✓ ✓ ✓
Chapter 7 Controlled Crop Growth Modeling ✓ ✓ (✓) ✓
Chapter 7 Time Series Regression with Diffusion (✓) ✗ (✓) ✗

PART IV Chapter 9 Uncertainty Estimation with MC-Temporal Dropout ✓ ✗ ✓ ✗

Chapter 10 Bayesian Inference & Distribution Shifts ✓ ✓ ✓ ✓
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spectives. The evaluation criteria are partially oriented by the evaluation
catalogue proposed by von Rueden et al. [254] for informed learning algorithms.
In Table 11.1, we summarize the contributions of each chapter with respect to
the evaluation criteria. In summary, every chapter provides considerable contri-
butions and novelties to the field of domain-informed ML for EO applications.
This thesis makes notable contributions to large-scale crop yield prediction
at the field and subfield levels. In Section 2.2, a novel large-scale satellite
benchmark dataset for crop yield prediction was introduced, referred to as
YieldSAT. This chapter provides novel perspectives for future research in crop
yield prediction. In the past, yield prediction was mainly driven by process-Novel Dataset

based crop models or localized ML approaches focused on individual crop
types, countries, and years. Moreover, most models were refined to regional
yield prediction by relying on reported statistics. In contrast, this thesis
presents a significant contribution by bringing yield prediction to the sub-
field level while maintaining a large scale. YieldSAT marks a significant step
in the current literature and is expected to contribute to fruitful future research.

PART II studied the enrichment of the data space for crop yield prediction to
answer RQ1. In Chapter 4, we developed baseline models for large-scale crop
yield prediction with ML. We extensively studied various input modalities andExtensive analysis

of input modalities
and models

data fusion methods and presented two fusion methods: (1) a simple input
fusion (Section 4.4) and (2) an advanced attention-based feature fusion method
(Section 4.5). Further, we showed that Copernicus Sentinel-2 (S2) satellite data
alone is highly important for yield prediction and requires only minimal prepro-
cessing. Nevertheless, we showed the complementary importance of auxiliary
data sources. Moreover, it was demonstrated that including spatial context
significantly improves the model performance. Surprisingly, we experimentally
demonstrated that highly enriched features (e.g., Vegetation Index (VI) or
simulation results) do not significantly improve model performance. Instead,
enriching the data space with such data can even result in decreased perfor-
mance and unnecessarily high implementation efforts.
This chapter mainly contributed to superior performance in crop yield predic-
tion. Nevertheless, we also partially improved the explainability by including
an attention mechanism. Finally, this chapter provided novel perspectives for
crop yield modeling with ML in general.
In Chapter 5, we explored the importance of time series representations for crop
yield prediction. A novel method was introduced that aligns the time seriesNovel time series

sampling methods representation with the physiological processes of the crop’s growing cycle. We
showed that this method improved performance in terms of computational
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efficiency while maintaining high accuracy compared to baseline approaches.
Moreover, improved explainability was demonstrated by leveraging the intrin-
sic explainability of the self-attention mechanism of the Transformer model [98].

In PART III, we studied the integration of prior knowledge as a condition to
answer RQ2. We emphasized that integrating prior knowledge into the data
space can significantly enhance the model performance. However, models often
remain a ’black-box’ and may fail to capture important physical processes
(e.g., natural laws). We highlighted that constraining ML models with physical
principles is essential to increase trust in ML methods. This part further
emphasized that most biological processes are subject to uncertainty and that
their outputs commonly differ due to random variation. Although the methods Output variability

presented in this part did not explicitly model different types of uncertainty, we
still introduced variability through different methods that partially contributed
to increased trustworthiness.
In Chapter 6, we presented a novel method for crop stress forecasting by
coupling ML and simulation models to satisfy important physical principles
of plant growth. Moreover, a novel, Physics-Guided (PG) loss term was in- Physics-Guided

Learningtroduced. We demonstrated that crop yields can be modeled as a function
of temporal drought stress and showcased significant improvements in per-
formance and explainability. This chapter further contributes to increased
trustworthiness through physical consistency and the inclusion of uncertainty.
Moreover, physics-guided learning provides novel perspectives for the field of
EO.
In Chapter 7, we showed the potential of Generative Adversarial Networks
(GANs) for crop phenotyping and plant growth modeling using image-to-image
translation. We showcased that the prediction of the future plant appearance Controlled

one-to-many
mapping

can be controlled using a conditional, low-dimensional latent vector that en-
codes physical properties of the future. This method improved performance
over baseline models and showed increased explainability and trustworthiness
through an explainable latent space. Further, we provided novel perspectives
by framing crop growth modeling as an image-generation task. Section 7.2 Conditional

Diffusion Modelspresented a conditional Diffusion Model (DM) for time series regression using
a prior conditional network. This model showed the potential of including
conditional prior for DMs by demonstrating superior performance over baseline
models.
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PART IV quantified the unknown to answer RQ3. We explicitly modeled
different types of uncertainty using Bayesian inference for crop yield prediction,
air pollution monitoring, and wildfire risk assessment. Uncertainty estimation
contributes to increased trustworthiness, since it tells the user which predictions
to trust and which not. In Chapter 9, we presented a novel uncertainty estima-Missing data for

uncertainty
estimation

tion method that leverages naturally occurring missing time steps, defined as
Monte-Carlo Temporal Dropout (MC-TD). We demonstrated improved perfor-
mance and greater robustness to missing time steps than existing uncertainty
estimation methods. In Chapter 10, we performed an extensive analysis ofUncertainty

estimation &
distribution shifts
in yield prediction

Bayesian inference for crop yield prediction. We assessed performance, model
calibration, and uncertainty quality, and demonstrated improved performance
compared to deterministic baseline models. Finally, we investigated the severityDeep Ensembles
of distribution shifts and showcased a significant collapse in model performance.
We demonstrated that Deep Ensemble (DE) methods, when coupled with prior
knowledge, can mitigate the negative impact of distribution shifts. This was due
to: 1) the exploration of multiple modes in weight space, which reduces the risk
of overconfident predictions, and 2) the prior knowledge reduces the generaliza-
tion gap. This section contributed to improved performance and explainability.
This chapter further provides novel perspectives for Domain-Informed Learning
by explicitly including Bayesian principles.

11.2 Future Perspectives

We see several future directions for Domain-Informed Learning for EO applica-
tions.

11.2.1 Hybrid Models with Bayesian Inference

We have demonstrated that prior knowledge is represented and injected in
various ways, making the assessment and evaluation of prior knowledge difficult.
We lack a principled understanding of how prior knowledge interacts within a
model and influences outcomes. More research is required that systematically
quantifies the impact of injecting prior knowledge into the ML pipeline. Exist-
ing approaches, such as in [254], must be extended by considering Bayesian
inference. From a Bayesian perspective, prior knowledge is the belief about
the hypothesis, which is updated after observing data. We believe that this
provides substance for a more general framework of learning with prior knowl-
edge while further accounting for the model uncertainty. Izmailov et al. [253]
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already argued that what matters is the prior over functions that is induced
by combining the prior over the parameters with the functional form of the
model. Likewise, the injection of prior knowledge certainly has a major effect
on the performance that may be estimated in the induced function space.

11.2.2 Hybrid Foundation Models

Most ML approaches are tailored to a single downstream application. However,
recently, Foundation Models (FMs) emerged as a highly promising research
direction that addresses several EO applications within a single model. FMs
can process various data sources and can be fine-tuned to many downstream
applications within a single model [255, 256]. Nevertheless, FMs are still in
their early stages and require significant research. Specifically, the integration
of uncertainty quantification and physical consistency is commonly overlooked
in the current research. However, this is a highly desirable aspect [22] and
fundamental to increasing explainability and trust and ultimately to more
acceptance of ML among users.

11.2.3 Innovation Transfer with Open Science and Open Data

Although huge amounts of EO data are collected every second, openly accessible,
labeled, and challenging datasets are still lacking, which hinders research and
ultimately the transition of ML into industry innovation. In this thesis, we
discussed the example of crop yield prediction. However, many other EO
applications suffer from limited data, especially in regression tasks [237]. There
is still a barrier to sharing data due to high acquisition costs, inconsistent data
quality, skepticism about sharing data, and data privacy concerns. Overcoming
this data shortage is crucial to ensuring the development of ML algorithms and
the transfer of innovation. We believe that a more open mentality towards open
science and open data will largely contribute to a fruitful future development.

11.3 Final Remarks

Domain-Informed Learning is highly promising to address social and economic
challenges. We hope this work contributes, in its own small way, to scientific
development.
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PART VI

A P P E N D I X





A F U RT H E R I N F O R M AT I O N

A.1 Models

A.1.1 Common Neural Network Architectures

Most modern DL architectures consist of the basic building blocks described in
Chapter 3 and offer different inductive biases. Therefore, the building blocks
are combined into architectures that serve a common task. For example, we can
combine the spatial inductive bias from convolutional layers with the temporal
inductive bias from recurrent layers. The resulting convolutional LSTM model
processes spatio-temporal patterns [194]. We briefly discuss the most important
architectures that are necessary to know, to follow the content of this work.

Long-Short Term Memory

Recurrent layers in RNNs [257] assume temporal locality, which can hinder the
propagation of information over long sequences. As a result, signals from early
time steps may not effectively influence later computations, leading to the
vanishing gradient problem [258], particularly in deep or long networks. Conse-
quently, the model struggles to extract information from distant entities within
the sequence, leading to degraded performance. To address this limitation, vanishing gradient

problemHochreiter and Schmidhuber [259] introduced the LSTM architecture, which
enables information to be stored and accessed over longer temporal sequences.
The LSTM uses a memory cell that maintains relevant information across time
steps, and a set of gates that regulate information flow: (1) the input gate, (2)
the forget gate, and (3) the output gate. The forget gate explicitly controls
which information is discarded, thereby allowing the network to retain only
the most relevant temporal dependencies.

Transformer

The Transformer model is another architecture designed to process sequential
information. It was introduced by Vaswani et al. [98] and is based entirely
on the attention mechanism [260], applied over time. Unlike RNNs, the

161
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Transformer models dependencies without regard to the distance between
elements in the input or output sequences. The attention mechanism enables
the network to capture long-range dependencies by attending to all previously
observed or generated positions in the sequence. Interestingly, the Transformer
architecture relies solely on fully connected (MLP) layers, without employing
convolutional or recurrent operations. Each attention layer computes three
representations for every input token: the Query (Q), the Key (K), and the
Value (V ). Conceptually, the query can be seen as a search request, the keys as
index entries, and the values as the retrieved content. The attention operation
computes similarity scores between queries and keys to determine how strongly
each value should contribute to the output representation. Typically, multiple
attention mechanisms are combined in the multi-head attention module, which
allows the model to attend to information from different representational
subspaces. A single attention head may not capture all aspects of complex
dependencies. By contrast, multi-head attention employs several independent
heads, each learning its own set of queries, keys, and values, thereby enhancing
the model’s capacity to represent diverse relationships within the sequence.

Conditional Generative Adversarial Network

cGANs [168] are an established method for image-to-image translation following
an adversarial learning philosophy. The Pix2Pix architecture [172] is formalized
as:

LcGAN(Gθ, Dδ) = EX ,Y [log Dδ(X , Y )]

+ EX ,Z [log(1 − Dδ(X , Gθ(X , z)))],
(A.1)

Further, an L1 loss is included to force the generator not only to fool the
discriminator but also to produce samples which are close to the target image:

LL1(Gθ) = EX ,Y,Z [||Y − Gθ(X , ϵ)||1]. (A.2)

This leads to the final objective described by:

G∗
θ , D∗

δ = arg min
Gθ

max
Dδ

LcGAN(Gθ, Dδ) + λILL1(Gθ), (A.3)

where λI is a hyperparameter used to control the weighting of the L1 loss.

Diffusion Models (DM)

The training of DMs involves two key processes: a forward process q and a
reverse process p, both of which are modeled as Markov chains. In the forward
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process, also called the noising process, an initial data distribution X 0 ∼ q(X0)

is progressively corrupted with noise over K time steps. In this context, the
time step refers to the steps that are required to corrupt a single image with
noise, denoted as K. Similarly, X 0 refers only to the image instance that is not
corrupted by noise. By the final step, the data is transformed into a standard
Gaussian distribution XK ∼ N (0, I). At each time step k, the process depends
solely on the previous step and is given by:

q(Xk|Xk−1) := N (Xk;
√

1 − βkXk−1, βkI). (A.4)

Here, βk is the variance schedule, defining the amount of added noise at step
k. Doing this over K steps is given by:

Xk ∼ q(Xk|X 0) = N (Xk;
√

ᾱkX 0, (1 − ᾱk)I), (A.5)

with αk := 1 − βk and ᾱk :=
∏K

k αk. Following [185], using a reparameteriza-
tion trick allows writing Xk directly:

Xk =
√

ᾱkX 0 +
√

1 − ᾱkϵ, with ϵ ∼ N (0, I). (A.6)

Similar to the forward process, the reverse process is also defined as a Markov
chain, aiming to iteratively restore data from noise by learning model parame-
ters θ [185]. The reverse process is represented by:

pθ(Xk−1|Xk) = N (Xk−1; µθ(Xk, k), Σθ(Xk, k)), (A.7)

where µθ(Xk, k) and Σθ(Xk, k)) are parameterized by the model. Following,
we can predict Xk−1 from Xk by:

Xk−1 =
1

√
αk

(Xk
1 − αk√
1 − ᾱk

ϵθ(Xk, k)) + σkz, with z ∼ N (0, I). (A.8)

Note that ϵθ(Xk, k) estimates the noise component that will be subtracted
from Xk to reach the next step in the iterative denoising process [185].

A.1.2 Model Configurations & Training

All DL models are trained using the ADAM optimizer.
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LightGBM

For the LightGBM [122], the preprocessed data is vectorized by concatenating
all timesteps into a single vector. The LightGBM model is trained with the
regression objective, gbdt boosting, a learning rate of 0.1, and an early-stopping
round of 10. For the LSTM, the input data retains its sequential structure:
each sample is a sequence of concatenated feature vectors, one for each time
step.

LSTM

The LSTM processes sequential data using 2 stacked layers with 128 hidden
units, followed by 2 FCLs with 128 hidden neurons and 1 output neuron,
respectively. ReLU activation and batch normalization are applied before the
final prediction layer. The training utilizes a fixed learning rate of 0.001, a
batch size of 1024, and 50 epochs. Early stopping halts training if validation
performance does not improve for 8 epochs.

Transformer Encoder

The Transformer encoder architecture [98] consists of 2 layers. Additionally, a
hidden size of 128, 8 attention heads, and dropout with a dropout rate of 0.2 are
incorporated. The output is passed through a linear layer with an output of 1,
reflecting the predicted yield. We train the model for a maximum of 50 epochs
with a batch size of 256, a learning rate of 0.0003, and a reduce-on-plateau
learning rate scheduler. For regularization, early stopping is applied after 10
consecutive epochs, with no improvement on the validation set.

3D-LSTM

A conv3d block is used that applies 3D convolution across multiple input planes
to capture the locality within the field. Next, a kernel size of (1, 5, 5) is used
to process the spatial dimension and expand the number of channels to 64,
incorporating batch normalization and LeakyReLU activation. Further, the
output is passed through a LSTM model as described in Subsubsection A.1.2
with 64 hidden units instead of 128.
Model training is run for a maximum of 50 epochs with a learning rate of 0.006
and a batch size of 2048. The training incorporates a reduce-on-plateau learning
rate scheduler. Additionally, early stopping is applied after 10 consecutive
epochs with no improvement on the validation set to avoid overfitting. Moreover,
during training, data augmentation is applied to increase the generalization
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performance. This includes a random rotation of the input window of 90
degrees, and TD with a 0.2 probability is employed for temporal features.

Multi-Modal Attention Fusion (MMAF)

A padding value of -1 is used to harmonize the time series length of the temporal
modalities. Each block utilizes batch normalization and ReLU activation. For
S2 the 3D-LSTM block is used. Static features are processed with a conv2d
block with a (5, 5) kernel size, followed by a FCL. Each modality-specific
encoder outputs a feature representation of N × 64. Sropout is applied to the
attention weights with a probability of 0.2. The final fused representation is
fed into a linear layer to predict the final yield value.
The training is similar to the 3D-LSTM as described in Subsubsection A.1.2.

contGAN

For the contGAN model [167], a cVAE-GAN and a cLR-GAN are combined to
jointly learn the encoding from latent code to the output and back to the latent
code (Y → z → Ŷ and z → Ŷ → ẑ). Explicitly encouraging the connection
between output and latent code to be invertible is thought to prevent many-
to-one mapping, known as mode collapse [174]. An L1 loss term enforces the
encoder to produce outputs which are close to the test time distribution in an
L1 sense. We then search for the best generator/encoder pair that minimizes
the following loss term:

G∗, E∗, D∗ = arg min
G,E

max
D

LVAE
GAN(G, D, E) + λILVAE

1 (G, E)

+ LcLR
GAN(G, D) + λILcLR

1 (G, E)

+ λlatent Llatent
1 (G, E) + λKL, LKL(E)

(A.9)

where the parameters λ control the weighting of all terms. The full loss term
of the cVAE-GAN is given as:

G∗, D∗, E∗ = arg min
G,E

max
D

LVAE
cGAN +λI LVAE

L1 (G) + λKL LKL(E). (A.10)

To increase the impact of the latent space, a conditional Latent Regressor GAN
(cLR-GAN) was proposed by [174]. The cLR-GAN forces the latent distribution
to follow the test-time distribution, which can be randomly sampled. This
is realized by using an L1 loss in the latent space between the FOV and the
encoding of the synthesized future appearance:

Llatent
L1 (G) = EX ,Z [||z − E(G(X , z))||1]. (A.11)
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The hyperparameters λ are set to λI = 0.5, λlatent = 10, λKL = 0.01. We train
on 400 epochs with a learning rate of 2e−4.

RegDiff

The training is executed for a maximum of 100 epochs, with early stopping
applied after 10 consecutive epochs without improvement on the validation
set. A learning rate of 0.006 is used with a reduce-on-plateau learning rate
scheduler, and a batch size of 2048. The models are trained on image patches
of size 9 × 9.

Physics-Guided LSTM

Training is conducted for a maximum of 100 epochs. The learning rate is set to
0.001, and the batch size is 512. A reduce-on-plateau learning rate scheduler is
employed during training. For regularization, early stopping is applied if no
improvement is observed on the validation set for 10 consecutive epochs.

MC-TD

An IF strategy is used that concatenates all features along the time steps, as
described in Chapter 4. For the architecture, we use a 2-layer LSTM to extract
temporal information. Then, an additional layer is used to map the last hidden
state to a hidden dimension. Finally, two prediction heads are employed to
estimate the mean and variance, respectively. All layers consist of 128 units,
including 20% of dropout. In addition, we use batch normalization layers after
the LSTM model. We train the models for 100 epochs with an early stopping
criterion based on a patience of five. The optimization is carried out with a
batch size of 128 over the MSE function. For MC sampling, 20 samples are
used as in [208].

UQ-LSTM

For the uncertainty LSTM, the same backbone architecture and training
details as for the standard LSTM model (Subsubsection A.1.2). However, at
the end, two distinct FCLs are used with 1 output unit, corresponding to
the predicted yield and output variance, respectively. For MC-Dropout and
MC-DropConnect, the optimal dropout probability p is determined to be 0.3.
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A.2 Growth Stages & Vegetation Indices

The growth stage data was provided by Xarvio1 within the project agreement.
For this, proprietary models estimate daily cultivar-specific crop growth stages.
These proprietary models are created per country and crop, using local field
trial observations and weather data to reflect regional growth conditions. For
each field, the start and end point of each growth stage was given. Only the
10 major growth stages were used. For soybean, a translation to the BBCH
system was done. An overview of the major growth stages for each crop type
is given in Table A.1.

Table A.1: Major growth stages for each crop type (Source: [261])
# Rapeseed (Brassica napus L. ssp. napus) Wheat (Triticum aestivum) Soybean (Glycine max L.)
0 Germination Germination Germination
1 Leaf development Leaf development Unifoliolate
2 - Tillering 1st-25th Trifoliolate
3 Stem elongation Stem elongation -
4 - Booting -
5 Heading Heading -
6 Flowering Flowering Flowering
7 Fruit development Fruit development Fruit development
8 Ripening Ripening Ripening
9 Senescence Senescence Senescence

Table A.2 shows commonly used VIs for crop yield prediction.

1 www.xarvio.com [accessed: April 17, 2026]

www.xarvio.com
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Table A.2: Overview of commonly used VIs in yield prediction. R = Red, G = Green,
B = Blue, N = NIR, RE = Red Edge. (Source: [87])

Vegetation Index Formula
Chlorophyll Index Green (CIG) (N/G) − 1.0
Chlorophyll Index Red Edge (CIRE) (N/RE1) − 1
Green Normalized Difference Vegeta-
tion Index (GNDVI)

(N − G)/(N + G)

Normalized Difference Vegetation In-
dex (NDVI)

(N − R)/(N + R)

Normalized Difference Vegetation In-
dex (NDYI)

(G − B)/(G + B)

Ratio Vegetation Index (RVI) RE2/R

Wide Dynamic Range Vegetation In-
dex (WDRVI)

(0.1 ∗ N − R)/(0.1 ∗ N + R)

Normalized Green Red Difference In-
dex (NGRDI)

(G − R)/(G + R)

Modified Chlorophyll Absorption Ra-
tio Index / Optimized Soil-Adjusted
Vegetation Index (MCARI/OSAVI)

(((RE2−RE1)−0.2∗(RE2−G))∗(RE2/RE1))
(1.16∗(RE2−RE1)/(RE2+RE1+0.16))

Transformed Chlorophyll Absorp-
tion Ratio Index / Optimized Soil-
Adjusted Vegetation Index (TCAR-
I/OSAVI)

(3∗(RE2−RE1)−0.2∗(RE2−G))∗(RE2/RE1)
(1.16∗(RE2−RE1)/(RE2+RE1+0.16))
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