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Abstract

Organic cultivation, resource efficiency, and sustainability are gaining increasing impor-
tance in times of climate change. To address these issues, modern agriculture is increas-
ingly relying on the use of drones to monitor and analyze crop stands. They enable
non-invasive and rapid collection of large-scale imagery and geodata. A logical step in
this development is the processing of these data through the integration of artificial in-
telligence (AI). Purely data-driven approaches, however, quickly reach their limits when
only small amounts of annotated data are available or the collection of additional (meta)
data is associated with high personnel and financial effort.

In agriculture, decades of research have already produced extensive expert knowl-
edge in a wide range of disciplines. This knowledge can be used to improve the perfor-
mance of data-driven Al models and increase their applicability in practice. This disser-
tation aims to show how data-driven models can be combined with knowledge in order
to address important agricultural challenges, while at the same time remaining generally
applicable.

As a use case, the spread of the leaf spot disease Cercospora in sugar beet is exam-
ined, from data collection with drones, through the prediction of infestation severity,
to epidemiological modeling. The first building block is the acquisition of an exten-
sive image database from the georeferenced drone recordings. Using robust algorithms,
a semi-automated workflow is developed to detect plant positions in temporally sep-
arated drone images of sugar beet fields. The result is a spatially and temporally ref-
erenced database of individual plant images, which serves as the basis for the second
building block. In this second step, the image data is used, together with environmental
data and assessments by human experts, to train an Al model to predict the severity of
Cercospora infestation. The third building block uses this model to estimate the time of
infection of individual plants. In combination with meteorological data and epidemio-
logical knowledge, an infection model is developed that can predict the spatio-temporal
spread of Cercospora in sugar beet stands. This could enable the agriculture of the future
to take targeted and needs-based measures to combat plant diseases and thus minimize
the use of plant protection products.

The AI models developed are in many respects based on the transformer architec-
ture, which in recent years has achieved partly disruptive advances in various domains.
When used deliberately, they enable high interpretability and realistic modeling of the
underlying processes. A particular focus of this dissertation is on model interpretabil-
ity. Through application-oriented modeling, models can be designed in such a way that
their predictions are comprehensible to domain experts. This is an important step to-
ward increasing trust in Al-based systems and promoting their acceptance in practice.



Zusammenfassung

Okologischer Anbau, Ressourceneffizienz und Nachhaltigkeit gewinnen in Zeiten des
Klimawandels immer mehr Bedeutung. Um diese Themen zu adressieren, setzt die mo-
derne Landwirtschaft zunehmend auf den Einsatz von Drohnen zur Uberwachung und
Analyse von Nutzpflanzenbestdnden. Sie ermdglichen eine nichtinvasive und schnelle
Erhebung grofsflichiger Bild- und Geodaten. Ein logischer Schritt in dieser Entwicklung
ist die Verarbeitung dieser Daten durch Integration moderner Methoden der Kiinstli-
chen Intelligenz (KI). Rein datengetriebene Ansétze stofSen dabei jedoch schnell an ihre
Grenzen, wenn nur limitierte Mengen annotierter Daten vorliegen oder die Erhebung
weiterer (Meta-)Daten mit hohem personellen und finanziellen Aufwand verbunden
ist.

In der Landwirtschaft ist durch jahrzehntelange Forschung bereits umfangreiches
Expertenwissen in verschiedensten Disziplinen verfiigbar. Dieses Wissen kann genutzt
werden, um die Leistung von datengetriebenen KI-Modellen zu verbessern und deren
Anwendbarkeit in der Praxis zu erhdhen. In dieser Dissertation soll gezeigt werden, wie
datengetriebene Modelle mit Wissen kombiniert werden kénnen, um wichtige landwirt-
schaftliche Herausforderungen zu adressieren und gleichzeitig generalistisch einsetzbar
zu sein.

Als Anwendungsfall wird die Ausbreitung der Blattfleckenkrankheit Cercospora in
Zuckerriiben von der Datenerhebung mit Drohnen iiber die Vorhersage der Befallsstarke
bis hin zur epidemiologischen Modellierung betrachtet. Der erste Baustein ist die Akqui-
se einer umfangreichen Bilddatenbank aus den georeferenzierten Drohnenaufnahmen.
Mittels robuster Algorithmen wird ein teil-automatischer Workflow zur Erkennung von
Pflanzenpositionen in zeitlich getrennten Drohnenaufnahmen von Zuckerriibenfeldern
entwickelt. Das Ergebnis ist eine rdumlich und zeitlich referenzierte Datenbank einzel-
ner Pflanzenbilder, die als Grundlage fiir den zweiten Baustein dient. In diesem wer-
den die Bilddaten verwendet, um mit Hilfe von Umweltdaten und menschlichen Exper-
tenbonitoren ein KI-Modell zur Vorhersage der Cercospora-Befallsstirke zu trainieren.
Im dritten Baustein wird dieses Modell wiederum verwendet, um den Infektionszeit-
punkt individueller Pflanzen zu schitzen. In Verbindung mit meteorologischen Daten
und epidemiologischem Wissen wird ein Infektionsmodell entwickelt, das die raumlich-
zeitliche Ausbreitung von Cercospora in Zuckerriibenbestdnden vorhersagen kann. Dies
konnte der Landwirtschaft der Zukunft ermdglichen, gezielte und bedarfsgerechte Maf3-
nahmen zur Bekdmpfung von Pflanzenkrankheiten zu ergreifen und so den Einsatz von
Pflanzenschutzmitteln zu minimieren.

Die entwickelten KI-Modelle orientieren sich in vielen Aspekten an der Transformer-
Architektur, die in den letzten Jahren in verschiedensten Doménen teils disruptive Fort-
schritte erzielt hat. Bewusst eingesetzt ermoglichen sie eine hohe Interpretierbarkeit und
realititsnahe Modellierung der zugrundeliegenden Prozesse. Insbesondere auf der Mo-
dellinterpretierbarkeit liegt ein Fokus in dieser Dissertation. Durch anwendungsnahe



Modellierung kénnen Modelle gestaltet werden, deren Vorhersagen fiir Doménenexper-
ten nachvollziehbar sind. Dies ist ein wichtiger Schritt, um das Vertrauen in KI-gestiitzte
Systeme zu erh6hen und deren Akzeptanz in der Praxis zu férdern.

— vii —
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Introduction

As an initial step, this chapter provides necessary background information on the
key concepts and technologies that underpin the research presented in this dissertation.
Firstly, the idea and potential of precision agriculture is introduced, particularly focus-
ing on remote sensing (RS) and machine learning (ML) in this context. Secondly, a brief
deep dive into the attention mechanism and the transformer architecture is given, and
it is explained how these can be used to incorporate knowledge into ML models. Sub-
sequently, other concepts of knowledge integration are briefly introduced. Finally, the
research questions of this dissertation are motivated, formulated, and structured. After
an outline of the dissertation’s structure, the chapter concludes with a description of the
underlying data that will be used throughout the research.

1.1 Precision Agriculture

Precision agriculture is an agricultural management concept that uses modern informa-
tion and communication technologies to increase crop yields, optimize the use of re-
sources, and reduce environmental impact. It emerged in the mid-1980s with location-
specific crop production research investigating which treatments should be carried out at
which location and time. [91, 112, 166] Connected with the development of geographic
information systems (GIS) and global positioning system (GPS) technologies, precision
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1 Introduction 1.1.1 Remote Sensing in Precision Agriculture

agriculture gained more and more attention and importance in modern farming prac-
tices throughout the last decades by enhancing yield monitoring, remote and proximal
sensing, and variable-rate application technologies. Thus, it enables farmers to measure,
map, and manage heterogeneous conditions regarding soil, crop, and environmental
conditions in their fields. [39, 97]

Especially in times of climate change, growing world population, and, thus, increas-
ing food demand, precision agriculture is considered a key technology to ensure global
food security while minimizing environmental impact. [36, 43] By targeting inputs such
as seed, fertilizers, and agrochemicals to the specific needs of crops at granular spatial
scales, it can increase resource efficiency, reduce environmental externalities such as nu-
trient deficiencies or greenhouse gas emissions, and support regulatory compliance [19,
39]. At the same time, the integration of digital technologies, including the internet of
things (IoT'), cloud computing, and data analytics, is transforming precision agriculture
into “smart farming”, where large volumes of data from sensors, machinery, and satel-
lites are translated into actionable decision support for farmers and advisors [158].

The technological success of precision agriculture is unquestionable. However, its
widespread adoption is still in progress. There are large differences in the level of adop-
tion between regions, farm sizes, and production systems due to various factors such
as investment costs, skills and advisory services, data governance, and the compatibil-
ity of technologies with existing farm operations [129, 166]. Ongoing research therefore
focuses not only on the algorithmic and technological improvements, but also on under-
standing socioeconomic barriers, demonstrating economic returns, and designing poli-
cies and business models that can support broader and more inclusive uptake. In this
context, precision agriculture is increasingly framed as a critical lever for achieving both
productivity and sustainability goals in modern agriculture.

Still, this dissertation will focus on the technological side with two main aspects of
precision agriculture: RS and the use of ML techniques for data analysis and modeling.

Therefore, these two aspects will be particularly introduced in the following sections.

1.1.1 Remote Sensing in Precision Agriculture

Remote sensing (RS) enables non-invasive, large-scale, and cost-efficient data acquisi-
tion of agricultural fields and, therefore, is a key technology for the success of preci-
sion agriculture. Various platforms for RS exist, ranging from satellite-based systems
over manned aircraft, unmanned aerial vehicles (UAVs) and unmanned ground vehi-
cles (UGVs) to stationary sensors. [ 121] Satellite missions such as Landsat, Sentinel, and
commercial constellations provide data from emitted or reflected radiation in multiple
spectral bands. This so-called multispectral imaging on regular flight missions provides
repeated coverage suitable for monitoring crop development, mapping yield-limiting
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1 Introduction 1.1.1 Remote Sensing in Precision Agriculture

zones, and supporting variable-rate application maps at the field to a regional level [8,
96, 97 . For investigations on individual field levels, UAV-borne sensors like drones offer
much finer spatial resolutions and on-demand acquisitions, enabling detailed scouting
for nutrient deficiencies, lodging, weeds, and localized disease outbreaks [165]. Unlike
satellite-based RS, the UAV-based RS offers low-cost solutions for private usage and in-
dividual applications. There are many conceivable use cases like plant species segmen-
tation [62], multi-sensor plant analyses [49, 58, 128], automated plant counting [142],
general phenotyping [25, 160], or health status analyses [10, 23, 24, 159]. Among those,
several tasks are based on investigations on individual plants. This is challenging for
applications in real-world farming where the fields are densely seeded, in contrast to
research cases where plants could possibly have larger distances.

Beyond traditional multispectral imagery, hyperspectral sensors, long-wave (ther-
mal) infrared (LWIR), synthetic aperture radar (SAR), and light detection and ranging
(LiDAR) extend the observable crop traits to biochemical composition, canopy temper-
ature—as a proxy for water stress—, and structural parameters, respectively [8, 87, 140].
Furthermore, vegetation indices (VIs) such as the normalized difference vegetation in-
dex (NDVI) are advanced spectral indicators that are used to derive maps of biomass,
leaf area index, and chlorophyll content that can inform nutrient management and yield
prediction [59, 161]

Despite these advances, several challenges still constrain the full exploitation of re-
mote sensing for precision agriculture. Trade-offs among spatial resolution, temporal
frequency, and cost, as well as issues such as cloud cover, sensor calibration, and the
need for robust ground truth, can limit operational reliability [96, 97]. Moreover, trans-
lating imagery into actionable, farm-specific recommendations requires expertise, scal-
able processing pipelines, and business models that work for farms of different sizes
and contexts. Thus, ongoing research focuses on data fusion, e.g., combining satellite,
UAV, and proximal data [149], new hyperspectral and radar satellite missions [20, 138],
and user-friendly decision support tools [93], positioning remote sensing as a central
component of increasingly data-driven, “smart” precision agriculture systems.

This dissertation will make use of the cost-effective UAV imaging which enables
having multiple images during a complete growing season and combine this informa-
tion for localizing plants in a spatio-temporal way. Reasons and use cases for cataloging
and detecting plants in the field are manifold. On the one hand, it allows determining
the number of plants in the field accurately. On the other hand, it enables the extraction
of traits of great interest, such as the distance between plants and plant density. Individ-
ualization and identification of each plant in the field and the opportunity of retrieving
individual plants again in a time series allow generating a vast database of annotations.
The availability of this data framework enables the training more robust machine learn-

ing models for disease severity analysis, to mention just one possible use case. In the
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1 Introduction 1.1.2 Machine Learning in Precision Agriculture

following section, the state of the art regarding ML methods in precision agriculture is
briefly introduced.

1.1.2 Machine Learning in Precision Agriculture

The particular benefit of RS in precision agriculture lies in its ability to capture spatial
and temporal data from a large variety of sensors. This rich, multimodal data can be
leveraged by ML techniques to extract patterns and generate predictions that were not
visible or accessible with traditional methods like mechanistic modeling or rule-based
methods alone. As a result, the value of RS in precision agriculture increasingly lies in
its integration with other data layers and digital technologies. When combined with soil
maps, yield monitor data, proximal sensors, and crop growth models in a GIS, remotely
sensed information helps delineate management zones, calibrate and validate models,
and refine site-specific recommendations [39, 97]. Analyzing and interpreting resulting
data with ML and pattern recognition methods has the potential to gain economical and
ecological efficiency, which is why computational intelligence and artificial intelligence
(Al) is increasingly applied in agricultural contexts [11, 67, 78]. Furthermore, recent
advances in cloud computing, and the availability of open-access datasets (e.g. Sentinel,
Landsat) are enabling near-real-time services for in-season yield forecasting, nitrogen
management, irrigation scheduling, and risk assessment at operational scales [8, 80].

ML has developed as a key driver for precision—and especially “smart”—agricul-
ture, enabling data-driven decision-making across the entire agricultural value chain.
It has the capability to learn patterns from heterogeneous data domains, from prox-
imal and remote sensing to machine logs, weather records and forecasts, as well as
economic information. Thus, ML models can support more precise, timely, and site-
specific management than rule-based systems or traditional statistics alone [78, 158].
Advances in deep learning—supported by increased computational power and the evo-
lution of sensing technologies—now allow complex nonlinear relationships between en-
vironment, management, and crop performance to be captured and learned at opera-
tional scales. [26, 64, 68, 76, 77, 106 ]

Applications of ML in agriculture incorporate yield prediction, crop and soil mon-
itoring, disease and weed detection, phenotyping, and farm automation. Convolutional
neural networks (CNNs) and related deep learning architectures are widely used to
classify crops, detect stresses, and segment weeds and disease symptoms from UAV and
satellite imagery, as well as from ground-based RGB and hyperspectral images [67, 78].
Supervised learning and ensemble methods, e.g. random forests and gradient boosting,
support many state-of-the-art approaches to crop yield prediction and nitrogen status
estimation, often outperforming classical regression methods when trained on multi-

year, multi-location datasets [26, 143 ]. Simultaneously, ML is increasingly embedded in
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1 Introduction 1.2 Attention Mechanisms and Transformers

robotic platforms for autonomous navigation, precision spraying, harvesting, and intra-
field decision support [64].

The effectiveness of ML in agriculture critically depends on integrating diverse data
sources in both space and time. Multi-sensor and multi-scale “big data” workflows com-
bine satellite and UAV imagery, in-situ sensor data, weather forecasts, and farm manage-
ment records to develop predictive and prescriptive models for irrigation scheduling,
fertilization, and risk management [68, 158]. Deep learning models are being tailored
for spatio-temporal agricultural data, for example by combining CNNs with recurrent
or attention-based architectures to exploit time-series imagery and weather information
for in-season yield forecasting and early-warning systems [78, 143]. These developments
position ML as a central component of integrated decision-support systems for precision
agriculture and broader sustainability and climate-adaptation strategies.

Despite rapid progress, several challenges, however, limit the full deployment of
ML in agriculture. Robust model development is constrained by data quality, label
scarcity, and the difficulty of capturing management practices and socio-economic fac-
tors at scale [64, 78]. Generalization across regions, seasons, and cultivars remains a
major issue, often requiring transfer learning, domain adaptation, or site-specific recali-
bration. Additionally, concerns about model interpretability, data ownership, and access
to digital tools are increasingly prominent in the design and governance of ML-based
agricultural services [68, 158]. Addressing these challenges is crucial to moving from
proof-of-concept studies toward trustworthy, scalable ML solutions, which both large-
and small-scale farming systems can benefit from.

In the scope of research presented in this dissertation, several ML driven approaches
were conducted. In [I], an image-to-image translation approach based on a U-Net [123]
was developed to translate UAV images into the domain of satellite images. Moreover,
first steps toward hybrid modeling approaches combining mechanistic models with ML
techniques were taken [H]. Besides image-based ML approaches, also the field of ge-
netic or evolutionary algorithms was explored for optimizing cropping strategies [D]. In
this work, a multi-objective optimization heuristic was developed to optimize the harvest
scheduling of crops under various boundary conditions like uncertain weather or logis-
tical limits. Furthermore, in the field of active learning, novel methods for data-efficient

learning with near infrared (NIR) spectroscopy were proposed []].

1.2 Attention Mechanisms and Transformers

Since the attention mechanism plays a major role in the modeling approaches through-
out this dissertation, a brief overview of attention and its mathematical formulation is
given in the following.
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The attention mechanism has become a central building block of modern deep learn-
ing architectures, especially in natural language processing and time series modeling.
Originally introduced to augment recurrent neural networks (RNNs) in neural machine
translation [9, 85], attention enables a model to dynamically focus on different parts
of its input when producing each output element. The transformer architecture [144]
replaces recurrence with stacked layers of self-attention and conventional feed-forward
networks, achieving state-of-the-art performance in many domains.

Moreover, attention is particularly attractive because it exposes attention weights that
can be inspected and visualized. These weights are often interpreted as an insight into
the model’s internal reasoning process. However, the opinion “attention is explanation”
is controversially discussed in the literature. [61, 130, 150]. The research presented in
this dissertation will, nevertheless, shed light on how attention can at least help to un-
derstand the model’s behavior and suggest if the model is using the right information
for its predictions.

In this section, the attention mechanism and the transformer’s so-called multi-head
self-attention is described mathematically. Afterward, it is briefly discussed how and to
what extent these mechanisms can be used for model interpretability.

1.2.1 General Formulation

Conceptually, an attention mechanism maps a query vector to a weighted combination of
a set of value vectors, where the weights are determined by similarity between the query

and a corresponding set of key vectors [144]. Formally,
Q € R K € Rmexde V € Rexdy (1.1)

denote matrices of queries, keys, and values, respectively. Here, n, is the number of

queries, n,;, the number of keys (and values), and d,,, d, their feature dimensions.

For a single query vector ¢; € R% (the i-th row of Q), the attention mechanism

computes
e;; = algq;, k;), jeA{l, ..., n.}, (1.2)
Q5 = %, (1.3)
Attention(g;, K, V) Zaw (e (1.4)

where a(-, -) is some compatibility or score function, e,;; are unnormalized scores, «;; are
attention weights, and v; € R% is the j-th row of V.

— 6 —
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The softmax function in (1.3) ensures that the attention weights are non-negative
and normalized. Hence,

J=1

so that each row o; = (¢, ..., @;,, ) can be interpreted as a probability distribution over

the keys (and corresponding values) conditioned on the query ¢;. This probabilistic
interpretation is central to many interpretability analyses: inspecting «,; shows where

the model is “attending” when computing the representation for g;.

1.2.2 Scaled Dot-Product Attention

The transformer architecture uses scaled dot-product attention [144], where the compati-
bility function is a scaled inner product:

q;k;
a(g;, k) = —=. (1.6)
v d
Stacking all queries and keys, the matrix formulation is:
. QK'
Attention(Q, K, V) = softmax i vV, (1.7)
k

where the softmax is applied row-wise.

The matrix QK' € R"«*"* contains pairwise similarity scores between queries and
keys; the normalized matrix

KT

A = softmax Q € R"a* ™k (1.8)
Vg

collects the attention weights, with each row A, . being a probability distribution over

the n,, keys for query i. The output is then AV € R"«*%, i.e., each query is mapped to a

convex combination—due to the softmax characteristics—of value vectors.

Geometrically, the dot product ¢;k; measures similarity in the shared feature space.
The softmax emphasizes keys with high similarity and suppresses others. The scaling
factor 1/,/d,, prevents the dot products from growing too large in magnitude as d,, in-
creases, which would otherwise push the softmax into regions with vanishing gradi-
ents [144].
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In transformers, the queries, keys, and values are obtained by applying learned lin-
ear projections to the same input sequence X € R™*%mosel, 50 that

Q=XW,, K=XWg, V=XW,, (1.9)

Wlth WQ7 WK E [Rdmodelek and WV 6 [Rdmodelxdv.

1.2.3 Self-Attention as Contextualization

In self-attention, the sequence serves simultaneously as queries, keys, and values. For a

sequence of input embeddings

|
X=|:|€Rnou (1.10)
)
the self-attention output is
SelfAttn(X) = Attention(XWg, XW ., XWy,). (1.11)
Thus, the i-th row of SelfAttn(X) is
Y; = Z Q;; (1.12)
=1

where «,; is the attention weight from position i (query) to position j (key) and v, is the
value vector derived from z;. Each representation y; is therefore a context-dependent
embedding of token i, formed as a weighted average of all tokens in the sequence.

From an interpretability perspective, the attention weight matrix A for self-attention
is an n x n matrix whose entry «,; indicates how much token : attends to token j. Vi-
sualizing A as a heatmap provides insights into which tokens influence each other. In
neural machine translation, such attention maps often resemble word alignment matri-

ces between source and target sequences [9, 85].

1.2.4 Multi-Head Attention and the Transformer Block

The transformer uses multi-head attention to allow the model to jointly attend to infor-
mation from different representation subspaces at different positions [144]. Instead of

— 8 —



1 Introduction 1.2.5 Interpretability of Attention and Transformers

computing a single attention transformation, the model uses H parallel heads, each with
its own projection matrices:
Q) — xng ’ KM — xw;’;) 7 v — xw@ :
he{l,.., H}, (1.13)
head, = Attention(Q"), K", v

The outputs of all heads are concatenated and linearly transformed:
MultiHead (X) = Concat(head,, ... ,head ;)W , (1.14)

with W, € RH@w*dmodel,
A standard transformer layer includes multi-head self-attention followed by a
position-wise feed-forward network (FFN), each sub-layer wrapped with residual con-

nections and layer normalization (LN) [144]. Hence,

(1.15)
Y= LN(Z+ FEN(Z)) .

1.2.5 Interpretability of Attention and Transformers

Empirical analyses show that different heads in large transformer models often special-
ize in capturing distinct linguistic or structural patterns, such as syntactic dependency
relations, coreference links, or positional patterns [27, 146]. This specialization further
motivates the inspection of individual attention heads for interpretability.

1.2.5.1 Direct Inspection of Attention Weights

One of the key interpretability advantages of attention mechanisms is that they explic-
itly compute weights o, ; that indicate how strongly each value v; contributes to the rep-
resentation of query ¢;. In sequence-to-sequence models with attention [9, 85], these
weights can be visualized as alignment matrices between source and target tokens, of-
ten revealing intuitive alignment structures that correspond to human-understandable
translations.

In self-attention, the matrix A € R™*™ can be plotted as a heatmap. Such visualiza-
tions frequently show interpretable patterns, e.g., heads focusing on the previous or next
token, or on syntactic heads and dependents [27, 146]. The fact that each row of A is a
normalized distribution means that attention weights can be compared both within and
across positions, and summary statistics such as attention entropy can be used to quantify
how focused or diffuse the attention is. [95]
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1.2.5.2 Limitations: Is Attention an Explanation?

Despite these appealing properties, there is a significant dissonance in the literature in
the question if attention weights provide faithful explanations of model predictions, as
already mentioned above. Jain and Wallace [61] demonstrate that it is often possible
to substantially alter attention weights without materially changing the model’s output,
suggesting that attention is not uniquely tied to the underlying causal mechanisms of
the model. Similarly, Serrano and Smith [130] show that masking out tokens with high
attention weights does not always cause large changes in model predictions, questioning

the causal relevance of attention weights as explanations.

Wiegreffe and Pinter [150] argue that attention can still be useful for explanation un-
der certain perspectives and evaluation criteria, but they also emphasize that attention-
based explanations must be carefully validated, e.g., through faithfulness tests question-
ing how well attention-based rationales track actual changes in model behavior, or plau-

sibility assessments questioning if they align with human judgments.

These results highlight that while attention weights are easily accessible and often
intuitively meaningful, they should not be treated as definitive explanations without
further analysis. Attention primarily exposes a representation-level mechanism, namely
how context is aggregated, but this mechanism is embedded in a larger computation

that includes non-linear transformations and multiple layers.

1.2.5.3 Aggregated and Layerwise Analyses

Transformers stack many layers of multi-head attention, so the effect of attention is com-
positional: information may flow across tokens through multiple cascaded attention
steps. To better capture such effects, Abnar and Zuidema [1] propose methods such as
attention rollout, which recursively multiply attention matrices across layers to estimate
how much each input token ultimately influences each output token. This produces a
more global notion of attention-based influence that is often more aligned with intuitive
explanations than per-layer, per-head attention maps.

Other work investigates identifiability and redundancy in attention patterns, show-
ing that similar outputs can arise from different attention configurations, and that some
heads can be removed with little impact on performance [22, 27]. Such findings again
emphasize that individual attention weights should be interpreted in context: certain
heads may be more critical than others, and the overall behavior depends on how many

heads and layers interact.

— 10 —
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1.2.6 Attention as a Tool for Model Inspection

Despite these caveats, attention remains a powerful and practical tool for qualitative
model inspection and hypothesis generation. Attention visualizations have been used
to

identify which tokens the model focuses on for specific predictions,

detect spurious correlations, e.g., attention consistently focusing on unrelated arti-

facts,

analyze cross-lingual alignments and structural patterns [9, 27, 146], and

compare behavior across models or training regimes.

In many applications, attention-based analyses are complemented with gradient-based
methods, feature ablations, and probing classifiers to obtain a more comprehensive pic-
ture of model behavior.

Taken together, the attention mechanism in transformers provides both a power-
ful representational tool and a rich object of study for interpretability. While attention
weights alone do not fully explain a model’s decisions, their explicit, probabilistic nature
and their geometric interpretation as similarity-based weighting make them an impor-

tant and informative lens on how transformer models process and combine information.

1.3 Incorporating Knowledge into Data-Driven Models

Expert knowledge can be incorporated into data-driven models in many fashions. In
literature, this concept is referred to as Hybrid ML [153], Informed ML [125] or Theory-
Guided Data Science [69]. In classical purely data-driven approaches, the model learns
patterns solely from the data having to explore the hypothesis space fairly “unguided”.
This can lead to predictions that are physically inconsistent, implausible, or violate al-
ready known domain constraints that were not covered in the training data sufficiently.
Moreover, purely data-driven models often require large amounts of training data to
learn complex relationships, which can be a limiting factor in many real-world appli-
cations where data is scarce or expensive to obtain. This motivates the integration of
knowledge into the learning process and/or model architecture.

But what actually is “knowledge” in particular? According to [125], knowledge can

be categorized into three main types:
Scientific knowledge is typically formalized and validated by scientific experiments

from established fields. Its most common representation in ML modeling is in the form

of algebraic equations, differential equations, or simulation results.
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World knowledge subsumes more general information that is usually common human
knowledge like objects or subjects are perceived in the real world. Moreover, this cate-
gory includes for instance language syntax and grammar. In ML research, this type of
knowledge is often represented in the form of spatial invariances, logic rules, or knowl-
edge graphs.

Expert knowledge is specific to a certain group of domain experts. It is often hard
to formalize and more like intuitive understanding of processes, relationships, or pat-
terns in the data. In ML modeling, expert knowledge is often represented in the form of
probabilistic relations or human feedback.

It was shown by many branches of research that incorporating various types of
knowledge into data-driven ML models enhances their performance substantially. [30,
69, 117, 120, 125, 131, 152] Generally, the knowledge can enter ML models at different
stages of the modeling process:

Data and feature level With domain understanding of the process to be modeled,
data can be preprocessed more effectively, e.g., by selecting relevant features, engineer-
ing new features based on known relationships, or augmenting data in a way that re-
flects domain-specific invariances. Furthermore, known relationships like thresholds

and monotonicities may be encoded here.

Model and learning level At this level, knowledge can be integrated directly via the
modeling approach itself. For instance, hybrid or “gray-box” models combine mechanis-
tic or rule-based models with data-driven components to capture unknown or residual
effects, also known as residual modeling [105]. Other approaches embed known con-
straints, laws, or structural relationships directly into the loss function or architecture,
e.g., conservation laws or safety constraints [69, 117]. Moreover, prior distributions and

regularization techniques can be used to mimic expert beliefs about plausible solutions.

Output and decision level At this stage, the output of the ML model can be post-
processed or adjusted based on domain knowledge. For instance, predictions can be cal-
ibrated using known distributions, or filtered to enforce consistency with expert rules
or safety requirements. Additionally, human feedback approaches may refine model
outputs iteratively.

In this dissertation, the focus lies on incorporating knowledge at the data and feature
level as well as at the model and learning level since phytopathological processes are well
described in literature and expert knowledge is available that helps to unravel potentially
“hidden” relationships and patterns in the data.
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A nice side effect of incorporating knowledge into ML models is that resulting mod-
els often are more understandable and interpretable. By embedding known relation-
ships and constraints, the model’s behavior can be more easily related to established do-
main concepts, making it easier for experts to trust and validate the model’s predictions.
This interpretability is particularly important in fields where decisions have significant
consequences, such as healthcare, finance, and environmental management. Moreover,
the technology transfer from research into the real-world deployment becomes smoother
when users can comprehend and verify the model’s reasoning. This low-threshold adop-
tion is especially relevant for fields like agriculture, where end-users may not have deep
technical expertise but possess substantial domain knowledge.

Being an ancient craft, agriculture is a well-researched field with versatile studies,
well-described biological and phytopathological processes, and expert knowledge from
practitioners. This rich background provides a solid foundation for integrating expert
knowledge into ML models to improve their relevance and applicability in agricultural
contexts. Thus, this dissertation should show how expert knowledge and data-driven
modeling can be combined to solve key precision agriculture use cases with informed
ML methods.

1.4 Goal and Structure

Now that the necessary background of this dissertation has been outlined, the goal and
structure are presented in the following. As the subtitle of the thesis already suggests,
the combination of knowledge and data-driven modeling is demonstrated through the
analysis of plant disease spread in agricultural fields. The goal is to have an end-to-
end workflow from georeferenced UAV and weather sensor data to an epidemiological
analysis of diseases in the field. All model approaches should be formulated in a gener-
alist manner so that they can be applied to different crops, diseases, fields, and climatic
conditions. To demonstrate the principle, however, the focus is on the Cercospora leaf
spot (CLS) disease on sugar beet [148]. The end-to-end workflow consists of three main

building blocks summarized in Figure 1.1.

Plant Cataloging (Chapter 2) In this initial step, a semi-automated computer vision
(CV) workflow to extract plant positions from large-scale UAV data is established in
order to gather image time series of individual plants. This prerequisite step enables
a massive RS data basis to be used for data-driven predictive modeling for precision
agriculture use cases. In the scope of this thesis, the focus is on individualized images of
sugar beet plants over the complete harvest cycles that are used for the following steps.
The chapter contains content from the publication [A].

— 13 —
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Di verity Prediction (Ch r -
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In this building block, the gathered im- M- »

) ) semi-automated computer vision (CV)-based
age dataset is used for automated 1mage- workflow to extract plant positions from large-
based disease severity prediction. Since scale UAV data

human-annotated disease severity (DS)

Y

18 an expensive and tlme-consummg pro- Emﬂ Disease severity prediction (Chapter 3)

cess, this step incorporates environmen- |w¥w »
assessment model based on a vision trans-

ta]. data. The enVirOnmental data iS used former (V1T> for automated image_based dis-
to calculate parameters that are proven to | ease severity (DS) prediction

accurately reflect the plant development

Y

stage. Durmg model training, those pa- (‘\\\ Disease spread modeling (Chapter 4) \

rameters are used as pretraining labels to | gt

discrete-time survival modeling for spatio-

reduce the need of large scale annotations. temporal infection probability estimation en-
As a basis of the model, a vision trans- ables an agent-based simulation of the disease

former (ViT) is used to benefit from ad- | spread |

vantages of the attention mechanism. This Figure 1.1: Main building blocks of this dissertation. The

chapter contains content from the publica— disease spread analysis consists of these three research
) parts which are built upon each other.
tion [E].

Disease Spread Modeling (Chapter 4)
Having large-scale spatio-temporal DS predictions, the spread dynamics can be mod-
eled. Phytopathological knowledge—like relation between incubation time and envi-
ronmental parameters—is used to retrieve the infection day of individual plants which
is not visible per se. Thereafter, environmental data is used to formulate meaningful
parameters. Combined with spatio-temporal knowledge, a tailored model is developed
using again the power of attention to learn the disease spread dynamics. The resulting
model can be used in an agent-based simulation to predict the disease spread in the field.
This chapter contains content from the publication [B].

In the end, Chapter 5 concludes the dissertation with a summary of the main find-

ings, a discussion of limitations, and an outlook on future research directions.

1.4.1 Cercospora Leaf Spot in Sugar Beet

The spread of the CLS disease in sugar beet is used to demonstrate the workflow. This
is not a random choice since CLS critically affects sugar beet yield. It is caused by the
pathogen Cercospora beticola Sacc. which is the most destructive foliar pathogen in sugar
beet all over the world and reduces quality and yield of sugar beet farming [148]. Symp-
toms of CLS appear as numerous small, round, gray spots with a red or brown border on
leaves. As the infestation increases, the leaves become necrotic and dry up. When a large
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part of the leaf area is lost, the plant often tries to recover by generating new leaf shoots
at the cost of its stored sugar. However, if the conditions are favorable for the fungus
and the attack is very severe, the plants die. [119, 148] Figure 1.2 shows a leaf of a CLS-
infested sugar beet. Saccardo first characterized the fungus in 1881 [127]. Since then,
many studies have been conducted to understand disease cycle, epidemiology, and con-
trol measures of CLS [12-14, 119, 132, 155, 157]. Research into this disease is particularly
important because the sugar beet itself is an important crop in today’s global agriculture.
In 2024 alone, global sugar beet production was estimated at around 294 Mt. The three
most important producers in the world are Russia (46.7 Mt), Germany (36.7 Mt), and
France (32.5Mt). Moreover, it is—by production quantity—the most profitable crop in
Germany. By sugar beet yield, Germany is the second most fertile country (83.9t/ha)
after Chile (94.4t/ha) [37].

All in all, CLS is a major threat to agriculture and food se-
curity and, thus, is worth studying in detail. In the next section,

it is explained how the severity of CLS is estimated.

1.4.2 Disease Severity Estimation

In precision agriculture, the use of UAVs equipped with mul-
tispectral cameras for monitoring agricultural fields is well-
established for various tasks regarding plant phenotyping and
health status. The usage of multispectral instead of pure op-

tical cameras reveals important insights into those spectral re-

gions where differences in the reflectance between healthy and

Figure 1.2: Symptoms of CLS
infested plants are more remarkable than in the visible light on a sugar beet leaf. Taken

from [73].

spectrum. [90] Especially in phenotyping for breeding, one of
the main advantages of UAV imagery is the mapping flexibility in comparison to satel-
lite imagery, automation and homogenization of laborious and time-consuming visual
scoring activities, which usually require large numbers of hours of specialized human
labor to score large fields. In agriculture, the term “visual scoring” is commonly used
for a field assessment, such as phenotyping canopy structure or the quantification of dis-
ease intensity, specifically, disease severity (DS) [16]. In the field of (supervised) ML,
a related procedure, called “annotation”, is used. Annotation consists of labeling data
elements in order to add semantic information or metadata. In essence, although the
terms differ in their apparent applications, they represent an equivalent concept, and
in this context, let “annotation” be a synonym for “scoring”. Theoretically, when large
field experiments are conducted, such data is immediately available. However, a lot of
human-powered effort is needed to gain information out of large imagery. This is where
ML comes into play.

— 15 —
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Generally, the assessment of DS is a fundamental task in plant phenotyping and
plant disease management [104]. It is essential for monitoring disease progression and
making informed decisions regarding crop management. Traditional methods for as-
sessing DS often rely on visual scoring by human experts, which can be subjectively
biased, time-consuming, and labor-intensive [15, 104]. Therefore, there is a growing
interest in developing automated and objective methods for DS assessment using ad-
vanced technologies such as RS interconnected with modern ML techniques [133].

In this work, the goal behind the use case is to determine the DS in CLS-infected
sugar beet fields. Usually, the observation and assessment of plants is done by visual
scoring. Visual field scoring of DS, an activity that requires a lot of time and well-trained
personnel [104], is a main bottleneck in the control of CLS. Therefore, it is desirable to
have an automated DS estimation model enabling large-scale and precise monitoring of
the disease stage in the field.

Figure 1.3: Used disease severity (DS) scale for the prediction model with example images. The scale is based on the
usual CLS rating scale complemented with the definitions for -1, 0 and 10.

Considering heterogeneous disease distribution within sugar beet fields, a detailed
and geo-referenced assessment of DS might lead to precise protection measures within
the canopy. Geo-referenced and plant-based determination of DS is therefore essential.
A naive approach for the prediction of DS with single plant images would be to model a
classification problem like in [147]. Despite being a valid approach at first sight, certain
phenotypical knowledge enables a more intelligent modeling. Thus Chapter 3 will elab-
orate a basic paradigm to solve the DS estimation problem and a proposed deep learning
model based on it.
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First, a DS annotation scale that serves as a guideline for all human expert annota-
tions and finally as “unit” of the model input has to be defined. The DS assessment in
this work will use the rating scale developed in [G] with an extension for non-infested
and newly sprouted plants. Figure 1.3 shows the numerical scale with exemplary plant
images. The scale from 1 to 9 belongs to definitions of the KWS scale. It was established
and named after the German company Kleinwanzlebener Saatzucht'. [75] The KWS scale
is a severity diagram that ranges from 1 to 9. A rating of 1 indicates the complete absence
of symptoms, while a rating of 3 indicates the presence of leaf spots on older leaves. A
rating of 5 signifies the merging of leaf spots, resulting in the formation of necrotic areas.
A rating of 7 is assigned when the disease advances from the oldest leaves to the inner
leaves, leading to their death. Finally, a rating of 9 is given when the foliage experiences
complete death [75]. In order to complement the scale, a “0” for non-infested sugar beets
before canopy closure, and a “10” for newly sprouted plants as in [G] is added. In or-
der to apply the model also on regions, where only soil is visible, a “—1" as “no plant”
or “soil only” label is further added by still maintaining the continuous fashion of the
severity scale. This should also increase the model’s focus on the plant because it learns
examples where no plant is visible at all.

In field experiments, one often faces data or annotations that require substantial
effort to acquire. Nevertheless, some data can be acquired rather automatically or with
low human effort. This work distinguishes between “cheap” and “expensive” labels. The
DS acquisition is rather expensive, while, for instance, weather data acquired with auto-
matic sensors or public weather stations is, typically, relatively cheap. Additionally, the
development and epidemiology of the pathogen and disease CLS is highly influenced
by specific environmental conditions. [156] Thus, an intelligent approach will make use
of the cheap data in order to increase efficiency on expensive data. In the next section,
the data basis that is used in the dissertation is described in detail.

1.5 Data Basis

Particularly in precision agriculture, multimodal data are used, i.e., data from diverse
sources in diverse data structures and representations. This work mainly focuses on
two modes of data: (1) multispectral reflectance imagery from UAV systems and (2)
environmental data from Iol weather sensors, weather stations represented as time se-
ries data. Since a fungal disease driven by spore infections is investigated, spore traps
are installed in the fields as well. Their data is again represented by time series. More-
over, human annotated DS scores on individual plants are used as ground truth data

for model training and evaluation. The data taking effort can be very different which is

'now officially KWS SAAT SE & Co. KGaA
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why this work uses the terms of cheap and expensive data. With cheap data, types of data
are subsumed that are gathered rather time- and cost-efficient and involve low human
intervention effort during the data taking process. This includes data from IoI' weather
sensors and weather stations but also the UAV imagery. Contrary to this, expensive data
means data connected with high human effort or expensive data taking and/or process-
ing, for instance, human DS assessment on individual plants in the field or by images or

spore concentration measurements. Such data is often scarce and limited in quantity.

The dataset used in this work comprises multispectral images expressed in re-
flectance of single sugar beet plants recorded by UAV systems on 6 different locations
near Gottingen, Germany (51°33’N 9°53’E), across multiple sugar beet field experiments
focused on CLS disease. The used UAV for the aerial data collection is the quadrocopter
DJI Matrice 210%. The position of the UAV during the flight was determined by GPS and
global navigation satellite system (GLONASS) and corrected by the D-RTK 2 Mobile Sta-
tion?. The camera mounted is a MicaSense Altum® multispectral camera with 6 bands:
blue (32nm bandwidth), green (27 nm bandwidth), red (14 nm bandwidth), red edge
(REDGE) (12nm bandwidth), NIR (57 nm bandwidth), and LWIR with a Downwelling
Light Sensor (DLS2). For early experiments, a MicaSense RedEdge-M?® multispectral cam-
era has been used. Side-overlap and forward-overlap were set to 75 %. In addition,
ground control points (GCPs) were set up at the corners and in the middle of the test
arrangement for the multitemporal monitoring in the sense of georeferencing and cor-
recting the collected data. Agisoft Metashape Professional* software has been used to create
orthomosaic images. Due to a large amount of investigated sugar beet varieties, resolu-
tions—expressed by ground sampling distance (GSD)—, locations, and time points, the
dataset is very diverse. In total, it covers 4 harvesting periods from 2019 to 2022 and
comprises 17 different experiments or flight missions. Table 1.1 gives an overview of the
most important information of the dataset. Additionally, Table 1.2 shows the spectral

bandwidths of the two camera sensor systems used in this work.

The environmental data includes several weather and microclimate measurands
coming from a local weather station and multiple CLIMAVI 10T sensors® [2]. They are
placed inside the fields at a height of 50 cm measuring the microclimate. As an addition
for observing the CLS disease spread, spore concentration measurements were recorded
using spore traps installed in the fields. Moreover, local daily weather data from pub-
lic stations is used as further environmental parameters. A detailed overview of the

recorded measurands and their measuring frequency is listed in Table 1.1. Furthermore,

257 DJ1 Technology Co., Ltd., Shenzhen, China
3MicaSense, Inc., USA

4Version 1.6.3.10732

>Agvolution GmbH, Germany
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Measurand Unit Source Multiplicity Frequency
Temperature °C IoT sensors multiple 1/h
Relative humidity % IoT sensors multiple 1/h
Wind direction ° weather station single 1/h
Wind speed m/s weather station single 1/h
Precipitation mm weather station single 1/h
Global radiation W/m? weather station single 1/h
Leaf wetness % weather station single 1/h
Spore concentration ng spore traps multiple 1/d

Table 1.1: Overview of recorded environmental data used for the sugar beet field experiments. Sensors with “mul-
tiple” multiplicity are installed at multiple locations in the fields, while sensors with “single” multiplicity are only in-
stalled at one location somewhere outside the field.

Band Name Camera

Long Short Altum RedEdge-M
blue B 459 - 491 nm 465 — 485 nm
green G 548 — 572 nm 550 - 570 nm
red R 661 — 675 nm 663 — 673 nm
red edge REDGE 711 -723nm 712 -722nm
near infrared NIR 814 — 870 nm 820 — 860 nm
long-wave (thermal) infrared LWIR 8§-14 pm —

Table 1.2: Spectral ranges of the two used camera sensor systems. The thermal band is not used in this work.

human interventions like fungicide applications and manual application of CLS by inoc-
ulation were documented. In total, the dataset contains 4 harvesting periods from 2019
to 2022 and comprises 17 different experiments or flight missions. Table 1.3 outlines all
important information of the dataset and how the different experiments are used for
model training, validation, and testing.

The following steps of this thesis manipulate, enrich and process this data for their
respective use cases or considerations. Inside the chapters, further use-case-specific data

processing may be described in detail.
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1.5 Data Basis

1 Introduction

Disease Severity Estimation Spread Modeling
ID Sowing Location Sensor GSD Varie- Treat- Total Flights Images Split Plants Annota- Split
Date ties ments Area tions
mm/pXx m?
DOla 2019-04-09 Holtensen I RedEdge-M 3.5 2 6 580 23 13428  train/val
DO01b  2019-04-09 Holtensen I RedEdge-M 15 2 6 580 21 18157  train/val
D02  2020-04-06 Weende | Altum 3 2 6 580 25 37905  train/val |
D03 2020-04-06 Weende ‘ Altum 4 1 3 1970 25 240120  train/val ‘ 37020 24 train/val
D04 2021-04-01 Sieboldshausen ‘ Altum 5.1 51 102 3500 7 39527  train/val ‘
D05 2021-04-23 Holtensen I ‘ Altum 3 5 15 960 27 112655  train/val ‘
D06 2021-04-23 Holtensen I \ Altum 4 1 4 1970 23 212559  train/val \ 13330 16 train/val
D07a  2021-04-23 Holtensen I Altum 3 1 2 600 22 35878 train/val 3270 1 train /val
DO07b  2021-04-23 Holtensen I Altum 5 1 2 600 22 45701  test ram/va
D08a  2021-04-30 Dramfeld Altum 4 1 2 600 22 33484  train/val 3053 1 test
D08b  2021-04-30 Dramfeld Altum 5 1 2 600 22 30530 train/val
D09a 2022-03-31 Reinshof Altum 9 1 2 24000 11 11406  train/val
D09%  2022-03-31 Reinshof Altum 18.5 1 2 24000 8 7065 train/val
D10 2022-03-31 Holtensen II ‘ Altum 3.4 1 2 4350 21 59639 train/val ‘
D11 2022-04-19 Weende ‘ Altum 4 1 4 2220 12 203139  train/val ‘ 12348 16 train/val
D12  2022-04-20 Reinshof | Altum 5 4 1 975 11 21301  train/val |
D13 2022-04-20 Weende | Altum 5.1 4 1 982 12 15604  train/val |
Total 1092397  train/val | 65968 67 train/val
45701  test 3053 11 test

Table 1.3: Overview of datasets used for disease severity estimation and spread modeling. The disease severity estimation datasets contain human annotated disease severity
scores on individual plant images extracted with the cataloging workflow.
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Plant Cataloging

The content of this chapter is based on the publication [A]. My work in this pub-
lication contained the conceptualization of the plant cataloging workflow, the design
and implementation of the software, and the writing of the manuscript. The publication
was a collaboration with colleagues from the Institute of Sugar Beet Research (IfZ) in
Gottingen, and the Institute of Geodesy and Geoinformation (IGG) of the University of
Bonn, where the data was acquired. Furthermore, the workflow is now used by the IfZ
for cataloging plants and the retrieval for their positions in upcoming sugar beet field

experiments.

2.1 Introduction

As the initial building block of an end-to-end workflow for plant disease spread predic-
tion, the plants themselves have to be identified and individualized in the unmanned
aerial vehicle (UAV) imagery. Typically, the observed field area is large and recorded on
several time points during the full harvest cycle, so that manual labeling of the plants is
tedious or even infeasible. Thus, a framework for semi-automated recognition of plant
positions is presented in this chapter. Semi-automated denotes that the recognition is
based on predefined parameters to be set by the user. Those comprise easily accessible
knowledge about the underlying field structure like estimated average seeding distance
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2 Plant Cataloging 2.1 Introduction

vegetation index calculation (2.4.2.1) blurring
plant-soil segmentation (2.4.2.2)  peak detection (2.4.2.4)

N N
UAV orthophotos Segmentation masks Peak point clouds
multi-channel mosaics plant and soil separated plant positions

\. J \. J \. J

alignment (2.4.3.1)
filtering (2.4.3.3) e D =
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Figure 2.1: Overview of plant cataloging and image extraction workflow. The multi-channel unmanned aerial ve-
hicle (UAV) images with different acquisition dates are processed for plant-soil segmentation. Afterward, adaptive
Gaussian blur filtering helps to locate the plant positions more precisely via peak finding. Subsequently, the peaks are
grouped by time and further manipulation like seeding line detection leads to the plant catalog. Once this catalog is
available, one can extract image time series data of single plants. The numbers in parentheses refer to the respective
sections in this chapter.



2 Plant Cataloging 2.2 Background

(intra-row spacing) of the crop and the estimated crop line distance (inter-row spac-
ing). Additionally, a few tuning parameters for the image processing and filtering have
to be adjusted. Once this is done, the workflow detects the plant positions and retrieves
them in the complete image series over the acquisition dates so that the images can be
registered on each other. As a result, the plants can be individualized and allocated in a
spatial and temporal sense, referred to as cataloging the plants. It enables the generation

of large-scale image datasets that can be further used for machine learning tasks.

2.2 Background

To observe individual plants, the exact positions of the plants in the image are required.
At the moment, it is possible in two arduous and time-consuming ways: (1) by georef-
erencing the plants with sub-centimeter accuracy directly on the field by using a GPS
receiver with real-time kinematic (RTK) positioning or (2) after image acquisition and
orthorectification by manually annotating the plants in a geographic information system
(GIS). When taking time series images, the perfect alignment of these images requires
the use of well-known and measured points, called ground control points (GCPs) [107].
If the GCPs are correctly georeferenced, they allow allocation of the images not only in
a local but also in a global coordinate system, such as the world geodetic system 1984
(WGSB84). This enables pixel-precise transferability between images from different loca-
tions and time points. The localization of a plant is, thus, only necessary at one point in
time. The determined absolute coordinate remains identical at every point in time, since
the plant does not move in space. Hence, a simple extraction of the plant at different
points in time is possible. Overlapping of neighboring plants does not affect localization
in this approach if the position is calculated in an early growth stage. If no georeferencing
of the data is available, e.g. because no access to measuring devices or GCPs is possible,
another possibility is to match the images using plant position detection based on single
images. In a further step, these detection points can be registered with each other. How-
ever, dealing with overlaps of plants in later developmental stages is challenging in this
approach.

Once the different time points are aligned, it is feasible to extract time series for each
individual plant. Time series allow the analysis of the plant growth and especially the
assessment of the plant traits and their temporal development. Based on time series, it is
possible to identify the individual development of each plant. This spatio-temporal in-
formation enables optimization of crop management. Another aspect is the detection of
stress factors and disease development, and how it influences the growth of the affected

plant over time.
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2 Plant Cataloging 2.3 Data Description

This chapter introduces a complete workflow for plant identification and individu-
alization—further also referred to as “cataloging”—of single plants. Figure 2.1 summa-
rizes the proposed workflow with its main steps. Afterward, the workflow is evaluated

on ground truth data.

2.3 Data Description

As introduced in Section 1.5, the CLS
dataset on sugar beet is used, specifically
the set D03. QGIS! [114] was used to de-
limit and select the area to be analyzed,
resulting in the dataset being split into
19 subplots with an equal area of 172m?
each. The plot trials were systematically
conducted with the different treatment
strategies: (1) control with fungicide, (2)
inoculated with fungicide, and (3) inocu-
lated without fungicide. Plots of inocu-
lated treatments were infected manually
with CLS-diseased sugar beet air-dried

leaf material. UAV flights were conducted

0 10
L

on a weekly basis at 24 dates during the
Figure 2.2: Overview of Cercospora leaf spot (CLS) exper-
imental field 2020 in Gottingen, Germany (from dataset
October 12th, 2020. As the Crop, one va- DO3). The 19 marked areas correspond to the plots un-
der analysis and undergo different treatments like disease
inoculation and fungicide application. The measurements
ble to CLS was selected—the Aluco* vari- were conducted throughout the full growing season.

complete growing season from May 7' to
riety of sugar beet plants that is suscepti-

ety. The sugar beet was sown on April 6,

2020, with an inter-row distance of 48 cm, an intra-row distance of 18 cm, and an ex-
pected seeding rate of approximately 110000 plants per hectare. Figure 2.2 shows the
location of the plots in the trial field. For the quality evaluation of the workflow, some
fields are annotated by human experts, preferably in the earlier stages where the plants
are locally distinguishable, by marking the central position of each visible plant.

In the original publication [A], another dataset is used that monitors the develop-
ment and harvest time of cauliflower. Such data can be used to extract phenotypic traits
such as diameter or height of cauliflower plants or their head [32, 49]. Additionally,
plant disease research in general is an excellent use case for this workflow since it re-
quires having individual plant information throughout many growth stages [17, 18, 88].

Wersion 3.16
2GESVanderHave
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2 Plant Cataloging 2.4 Plant Extraction Workflow

Thus, a spatio-temporal individualization of the investigated plants is crucial. Especially
for large-scale investigations, an approach that is as automated as possible is desirable.

Some challenges for both datasets are, for example, the varying exposure due to the
different data acquisition times during the whole growing season and the related differ-
ent weather conditions. Occurring weeds can have positive as well as negative effects.
On the one hand, it simplifies tasks such as registration, since weeds are stationary and
thus serve as markers. On the other hand, the growth of weeds affects tasks such as
plant detection, since a distinction between weeds and crops must be made beforehand.
Another challenge occurs when the plants are so large that the canopy of the plants is
closed. This complicates the separation of different plant instances and the search for
distinctive points in the field, which is often made possible by the contrast between soil
and plants.

2.4 Plant Extraction Workflow

This section will describe the full plant extraction workflow in detail. For each workflow
step, plots on different excerpts from the sugar beet dataset visualize the results. Fig-
ure 2.1 can be read as a flowchart for the workflow, where the captions on the arrows list

the steps top to bottom.

2.4.1 Preprocessing

Some datasets may require preprocessing steps before the workflow can be applied effec-
tively. Firstly, one obviously needs georeferenced data in the form of so-called orthopho-
tos. These are flattened, distortion-corrected images of the surface generated from the
UAV images by using the software Agisoft Metashape Professional, as mentioned in Sec-
tion 1.5. Secondly, it is beneficial—especially for the seeding line detection that will be
discussed later—to crop the orthophotos to the region to be processed by the workflow.
Any foreign objects or tramlines should preferably be removed. Foreign objects could
have similar color properties as the plants and may lead to false recognitions. Further-
more, tramlines may cause irregular seeding line distances, which could lead to inaccu-
rate filtering. Additionally, cropping accelerates the computation since less image data
has to be processed by the workflow steps.

2.4.2 Plant Position Detection

As the first step of plant cataloging, the plant positions are determined for each acquired
image, i.e. for each plot at each acquisition date. For this, a segmentation between soil
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and plants is performed. Common approaches use vegetation indices (VIs) as a prepro-
cessing step for the image information [50]. There are pure red, green, and blue channel
(RGB)-based VIs as well as VIs including multi- or hyperspectral information. Due to the
multispectral image acquisitions in the sugar beet dataset, the contrast between plants
and soil could be increased compared to RGB-only images. However, the experiments
showed that including multispectral information did not lead to better results than using
pure RGB information. This is evidence that the workflow performs well even for use
cases where beyond-RGB imaging is not feasible or available.

2.4.2.1 Vegetation Index

Using spectral information to condense the information in a one-channel image is the
main concept of VIs. Besides reducing the image dimension, the goal behind introduc-
ing the VI is to enhance the contrast between soil and plants compared with a standard
RGB image, for instance. There are plenty of publications of different vegetation indices
so far [59, 161]. However, they all combine different spectral channels by a certain calcu-
lation specification. In addition, some indices use (empirically motivated) parameters to
further optimize them for different use cases. Since it should be demonstrated that the
plant extraction method works for RGB-only information already, let us stick to RGB-

based VIs. Two indices that turn out to work well in the experiments are the green leaf
index (GLI) [83]

GLI, = =t ¢t ¢ (2.1)

as well as the normalized green/red difference index (NGRDI) [141]

G, — R;
G; +R;

NGRDI, = : (2.2)
These indices map the information of red (R), green (G), and blue (B) channels of each
image pixel ¢ onto a single value in the interval [—1, 1]. If there is multispectral data
available, for instance the near infrared (NIR) channel, nevertheless, one may use the
optimized soil-adjusted vegetation index (OSAVI) [122] defined as

NIR; — R,
NIR, +R; + Y’

OSAVI, = (2.3)
where Y > 0 is an empirical parameter. The authors of the original publication [122]
found Y = 0.16 to be the optimal choice. Although it is not necessary to work with
multispectral VIs in this stage, they can further discriminate plants from foreign objects
in the UAV image data. Figure 2.3 shows the mentioned VIs applied on an example
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image snippet taken from the sugar beet dataset. The remarkable points are that all
three VIs can handle shadows fairly well, but the OSAVI is slightly better in ignoring
foreign objects.

RGB image OSAVI image
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Figure 2.3: Different Vls for discrimination between plants and soil. The RGB image information (upper left) and
three Vegetation Indices are shown. The OSAVI as a multispectral index (upper right) as well as the RGB-only indices
GLI (lower left) and NGRDI (lower right) can be calculated for the multispectral sugar beet dataset. Using multispec-
tral information, OSAVI is less susceptible to foreign objects in the field than RGB-only indices.

Note that other VIs that produce substantial contrast between plants and soil could
also be used at this point. However, the further plant finding procedure restricts itself to
the RGB-only VI images at this place. They are named as V(¢) for each acquisition date
t € T in the set of given acquisition dates 7. The single pixel values are named by v,.

2.4.2.2 Plant-soil Segmentation

In the next step, the soil has to be discriminated from the plant area. Thus, a segmenta-
tion is performed.

As Section 2.4.2.1 may already have suggested, the ratio between plant and soil cov-
erage in the images is highly variable for an image series during a complete growing
season. Therefore, it is important to keep the growing state—or the plant size—in mind
for each image. Thus, a convenient measure is the cover ratio ¢ defined by

1 i
‘TN > X{uz0) (24)
Px 4
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where v; is the VI value for the i-th of N,,, total pixels and 1 is a predefined threshold
value. x, is the indicator function, which is 1 if the condition given in the index is met
and 0 else. Descriptively, the cover ratio is just the percentage of pixels above threshold.

As threshold technique, Otsu’s method is used [109]. The main idea is to find the
threshold that minimizes the intra-class variance of two classes to be considered as fore-
and background. For intermediately covered fields, this method leads to a reliable dis-
crimination between soil and plants. However, it has weaknesses for the following ex-
treme cases. For very sparsely covered fields (¢ < 1%), Otsu’s method usually results
in a threshold that is approximately at the most frequent value—i.e. the mode—of the
VI values. This is because the small amount of “plant pixels” simply disappears in the
value distribution, which then has a single peak structure. In those images, the most fre-
quent value is at soil level; thus, one would obtain much noise by using Otsu’s threshold
and would overestimate the cover ratio calculated by the resulting segmentation mask.
This problem is bypassed by setting the threshold to the 99-percentile of the VI distri-
bution, which obviously results in a modified cover ratio of exactly 1 %. For cover ratios
above circa 75 %, single plants or seeding lines are not properly distinguishable anymore.
Therefore, those stages are not used for segmentation.

Due to these limitations, an initial estimate of the cover ratio is needed in order to
classify the images. For the two VIs considered in this work, good initial thresholds for
both datasets were investigated. As a result, the initial thresholds are set to ¥ ; = 0.2
and Yygrpr = 0, respectively. For OSAVI, the initial threshold would be set to Jgay =
0.25. The preliminary estimation for ¢ decides which threshold method is used and the
final cover ratio for each image is calculated subsequently. Figure 2.4 summarizes the

findings by some exemplary field sectors during different growing stages.
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Figure 2.4: Plant-soil segmentation for different growing stages. The left plots show the OSAVI image. The middle
histograms show the distributions of pixel values and the applied threshold for the segmentation—as seenin the right
plots. In the top example, the estimated cover ratio is below 1 % so that the 99-percentile value is used as threshold.
In cases depicted in the next three plots, Otsu’s method is applied. Until roughly 75 % cover ratio, single plants and
seeding lines are visible. Images beyond that limit like in the bottom plot are not used for further analysis.
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2.4.2.3 Growth Function
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Figure 2.5: Growth function curve fits. The cover ratio estimates vs. days since first acquisition is fitted with the
growth function (2.5). The shape of the growth function is different for the three categories. The blue curve shows
an inoculated field. After the growing phase, the dying process due to the disease starts and saturates in the latest
acquisitions. In case of the untreated field (yellow curve), the natural dying process is not saturated. In the fungicide
treated field shown by the green curve, no dying phase is visible. Thus, the second dying term of the fit functionis not
present, in contrast to the first two cases.

If enough images during a complete growing season are acquired, a functional rela-
tion between the single estimated cover ratio can be estimated. Empirically and plotted
against the acquisition date, the cover ratio follows a saturated exponential function until
the plants are dying or suffering diseases. From then on, the cover ratio decreases ex-
ponentially. These phenomenological considerations motivate the approach for a growth
function c(t) defined as:

_ g _ d
T ltexp (At —t,) T Fexp (CA (1)

c(t) (2.5)
where X4.) is the indicator function that is 1 for d > 0 and 0 else. Basically, two inde-
pendent sigmoid functions approximate the growing and dying phase. The difference
of them is the complete growing function. The growing (dying) slope constants A ; and
g (A, and d) as well as the corresponding time offsets ¢, (¢,) are treated as optimization
parameters. By separating cases for positive and non-positive d, one can give the opti-
mization process the option to ignore the dying phase if it is not visible. For the time ¢,
the days since the first acquisition are used. Figure 2.5 shows the growth function fit for
3 fields with different treatments.
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2.4.2.4 Filtering and Peak Finding

As segmentation masks are calculated, one can find single plants by applying filtering
and peak finding techniques. Recap that the segmentation masks (cf. Section 2.4.2.2) are
represented as binary images

N X
B(t) = {X@v200 |, (26)

by applying Otsu’s or 99-percentile threshold ¥(¢) for each VI image pixel v; and acqui-
sition date ¢t. The resulting binary images B(¢) can then be blurred with a Gaussian filter.
Mathematically, the images B(t) are convolved with a 2D Gaussian kernel

1 332 2
9(%, Y, t) = mexp (_ 20_—;(ty> ) 5 (27)

where o(t) is the bandwidth parameter. x and y represent the 2-dimensional image
pixel dimensions. Note the time dependency here, since it makes sense to adapt the
bandwidth with the size of the plants—i.e. given by the cover ratio estimate—and by
in units

introducing an interval of reasonable bandwidth for the given images [o

Umax]

min»

of image pixels.

As a proxy, the given bandwidth boundaries should roughly represent the size of
the plants in the images of the beginning growing stage and maximum growing stage,
respectively. Finally, one gets the blurred images B(t) by convolution (x) of the binary
images B(¢) with the Gaussian kernel matrix G(¢), hence

B(t) = B(t) « G(t) . (2.8)

Subsequently, a simple peak finder is applied to extract the plant centers. The blur-
ring has the effect that the plants are visible as blurred quasi-circular objects. In this way,
the peak finding algorithm detects the plant center rather than individual leaves. To fur-
ther improve the results of this peak finding, a minimal peak distance and/or intensity

can be set to avoid double detection of bigger plants or still visible weed.

Nevertheless, the outcome of this method is highly dependent on choosing the
ranges for binary thresholds and Gaussian filter bandwidth correctly. In order to make
this more user-friendly and adaptive to new datasets, it is beneficial to use metric units
for the parameters and convert them into pixel units by the given geospatial informa-
tion. Thus, the workflow user can refer to real-world plant sizes independently of image

resolution. A good choice for 0., and o,,,, are found to be the radii of a seedling and a

max

fully grown plant, respectively.
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Moreover, this method is generally performing significantly better on images with
lower plant cover ratios. For higher cover ratios, the plants are no longer spatially di-
vided, which results in misdeterminations or multi-detections. As stated in Figure 2.4,
single plants are hard to discriminate above circa 75 % cover ratio. Thus, this method is
only performed on the lower cover ratio images. Figure 2.6 shows plant detection results
for different exemplary growing stages. It happens that also unwanted weed is recog-
nized by this method or not every single plant is detected. However, the steps in the
following sections minimize those weaknesses by some further filtering and reconstruc-

tion methods.
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Figure 2.6: Plant peaks for different growing stages. The left plots show the determined segmentation masks for

different growing stages of different fields. On the right, the results of the Gaussian blurring with the adaptive band-
width and the peak detection (red dots) is shown.
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2.4.3 Plant Group Registration

The steps described in Section 2.4.2 yield the peak positions for each valid—i.e. with suf-
ficiently low cover ratio—UAV image as pixel coordinates. The goal of this next working
step is to group the detected plant positions over time in order to identify single plants
throughout the whole growing season which is, basically, a spatio-temporal clustering
problem. The main challenge is that not every single plant is detected in each image, es-
pecially in later growth stages with high cover ratios. Additionally, there might be false
positive detections due to weed or other objects in the field. Thus, a robust method is
required to deal with these issues. The following sections will describe the particular
steps of this grouping procedure.

Initially, by using the available geospatial information, the rasterized pixels can
be translated into absolute GPS coordinates. Further, a universal transverse Mercator
(UTM) coordinate system [135] is applied to translate longitude and latitude into a met-
ric scale, e.g. centimeters. This yields metric peak positions

P(t) = {7015 (29)
where Z,(t) is the position vector of the i-th peak and N, () is the number of detected
peaks in the image with acquisition date ¢. Further, let 7 be the set of all acquisition
dates and 7* C T the set of all acquisition dates where the peak extraction method was
performed. The goal of this section is to group this—yet independent—plant positions
in a spatial way to identify single plants throughout all images of the whole growing sea-
son, even though they might not have been detected in every single image. Therefore,
it is mandatory to align the image series in order to correct latent stitching errors or cal-
ibration glitches of the UAV’s GPS sensor. Additionally, fixed georeferenced points can
be used to align the images to each other. If the plants are seeded in certain line struc-
tures, one can apply further steps by finding those lines and filtering “off-line” weed.
This procedure is elaborated in the following.

2.4.3.1 Aligning Plant Positions

In order to avoid confusion of different plant IDs, the metric coordinates P(t) for each
acquisition date ¢ are aligned to each other. Not every single plant is detected in each
image. Therefore, the point clouds visualizing the plant positions are not congruent but
still highly correlated. Additionally, also weed and other objects that can be observed
in the VI images may be included in P(t). However, these incorrectly detected objects
are assumed stationary in location as well and, thus, are helpful with the alignment. Af-
terward, methods will be described to reduce unwanted objects from the detected peak
positions. The main goal of this step is to avoid the largest GPS calibration errors. An

— 34 —



2 Plant Cataloging 2.4.3 Plant Group Registration

application example is shown in Figure 2.7. In the following, the particular processing
steps are described. Furthermore, Algorithm 2.1 shows commented pseudocode for the

position alignment.

Algorithm 2.1 Plant position alignment

Input:

P(t): centralized point clouds > Eq. (2.10)

T*: acquisition dates sorted by cover ratio in ascending order

tinit € T *: acquisition date of initial point cloud with the lowest cover ratio

d maximum next neighbor distance between basis and floating layer

Aeroup < Aregister: Maximum distance from centroid for potential group members
Output:

f’ahgned(t): aligned centralized point clouds

R(t) == [S(t), a(t), By(t), By (t)]": transforms for each layer > Eq. (2.12)
1: initialize Zj%(tmit) +~[1,0,0,0]"
2: initialize 7 ahgned( mlt) — ? ( 1r11t)

reglster

3: initialize P, < P(tin) [> point cloud of cluster centroids (initial-
ized by first layer)

4: fort € T*\ {tyn;} do

5: nn_model_comb ¢+ nearestNeighborModel(P,,,) [>fit nearest neighbor model to

grouped centroid layer

6: d oy < NN_model_comb.evaluate(P(t)) [> get distances for all points of new layer
to their next neighboring centroid

7: nn_model_new « nearestNeighborModel((t)) [> fit nearest neighbor model to new layer

8: dcomb < nn_model_new.evaluate(P ) [> get distances for all centroids to their

B ) next neighboring point of the new layer

9: R<t) — r-ig-idCPD({?comb | dcomb < dregister}7 {‘?(t) ‘ dnew < dregister}) [> Perform I‘igid Co-

herent point drift

(CPD) registration

B B . with subsets

10: P atigned (t) = transform(P(t), R(t)) > transform complete set using Eq. (2.12)

11: Peomp < clusterPoints(P,, ., U j’ahgned(t), dgroup) > get cluster centroids (cf. Algorithm 2.3)
12: end for

Currently, P(t) contains (absolute) metric coordinates. However, for the next steps,
it is convenient to centralize the coordinates by subtracting the centroid of all peak posi-

tions. This results in the centralized coordinates

'7_)@) = {fz(t) - fmean}il\ipl(t) )
N, (1) (2.10)
:i:mean = |f7'*‘ Z mi (t) :

teiT* i=

Generally, one can apply a transform containing constant shift, shearing, rotation, and

scaling by an affine transform given by the rule

X/(t) — [TOO(t> T01<t>] X<t> + |:B0(t)

, (2.11)
Tyo(t) T1y (1) By (t)
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where x(t) is the (2 x N,,(t)) matrix of the centralized plant positions P(t). Shearing
effects are assumed irrelevant for the case of GPS calibration issues. By this assumption,
one can concretize Equation (2.11) by only allowing shift, rotation, and scaling which

results in

By (1)
By (1)

cosa(t) —sina(t)

x(t) + (2.12)

X' (t) = S(t) [

sina(t) cosa(t)

Thus, the generic transformation matrix elements 7;;(¢) reduce to a scaling factor S(t)
and a rotation angle «(¢). Initially, the images should be aligned at least roughly so
that one can assume S(t) ~ 1 and a(t) ~ 0°. The shift parameters B(¢) and B, ()
should be in the order of several cm. Now, a method usually called registration will be
performed. Constraining the transform to the setting in Equation (2.12), it is also re-
ferred to as rigid registration. For the optimization, the method of coherent point drift
(CPD) [98] is applied. Roughly speaking, it is based on a basis point set and a float-
ing one, where the basis point set acts as data points. The floating-point set behaves as
the centroids of a Gaussian mixture model (GMM). The objective is to minimize the
negative log-likelihood (NLL) function. At the minimum, the two point sets are consid-
ered to be optimally aligned—or registered—to each other. More detailed information
is provided in [98].

In order to align all (centralized) point clouds P(t) corresponding to the acquisition
dates, one has to apply the procedure multiple times for all layers in T7* step by step.
Typically, the lower the cover ratio is, the more peaks are detected. One of the reasons
is that the lower blurring bandwidth keeps finer structures visible for low cover ratios.
Therefore, it is useful to sort the acquisitions not by calendar date but by ascending cover
ratio as estimated before—either by the growth function fit (cf. Section 2.4.2.3), or by the
cover ratio estimation (cf. Section 2.4.2.2). For rigid registration, a basis point set and a
floating point set is needed. As an initial basis set, the point cloud belonging to the
image with the lowest cover ratio with acquisition date ¢,,;; € 7* is chosen, i.e. P (t;;)-
The floating set is the point cloud with the next higher cover ratio. In order to make
the alignment robust, only those points of both sets are considered which have a next
neighbor point in the other set within a maximum distance d;gjger-

After performing the registration, the resulting transformation (cf. Equation (2.12))
is applied on all points of the floating layer. The new basis set is formed by grouping
the aligned points that are in the vicinity of each other and calculating their centroid.
The resulting set P, contains only those group—or cluster—centroids. Points with-

out neighbors inside a given threshold distance d are considered new groups. This

group

distance should be chosen smaller than d Subsequently, the method is repeated

register*
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with the basis (centroid) set
as a floating set.

comb

and the point cloud with the next higher cover ratio

The developed grouping algorithm is applied in the final grouping as well, so a

detailed discussion on it is done later in Section 2.4.3.4.
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Figure 2.7: Point cloud alignment. Exemplary snippet from the application on peak positions. The color encodes
the chronologically sorted acquisition date. Since the alignment procedure iterates over the layers with ascending
cover ratio, this is not necessarily the alignment order. Shaded circles show the raw peak position data, whereas
the crosses represent the same data after alignment. The data is already pre-aligned quite well so that only minimal
improvements can be observed.

2.4.3.2 Recognizing Seeding Lines

The peak positions are aligned to each other, which means that possible image acquisi-
tion errors should be mostly eliminated. Usually—like in the given datasets—the plants
are seeded in straight, parallel seeding lines. Recognized peaks off those lines can then
be considered weed, other unwanted objects, or miscellaneous noise. Therefore, it is con-
venient to extract the seeding line positions in order to filter those out. In order to do this,
the possible seeding lines are aligned with the z- or y-axis, since this is not necessarily the
case for the GPS-referenced images which are aligned to a geographical coordinate sys-
tem. In this work, the seeding lines are aligned to be parallel to the xz-axis. In contrast to
approaches like in [82] that use the image information directly, this approach only uses
the point cloud information to infer the seeding line positions and angles. Algorithm 2.2
shows commented pseudocode for seeding line recognition.

Let us consider the acquisition dates 7 for which the peak point clouds are avail-

able. The idea of the seeding lines recognition is to apply a rotation transform on the
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joint point clouds Ute 7+ Paligned (t) = Palignea- The task is to find the right rotation an-
gle a,. An established method in the field of computer vision to find regular structures
like lines and circles in images is the Hough transform [33]. It detects points in images
that form line structures by transformation of those lines into a feature space (Hough
space) consisting of the line angle # and its minimum distance d from origin. Thus, an
infinite line in the (Euclidean) image space is mapped to a point in the Hough space.
The brute force approach of filling the Hough space is to scan in each non-zero image
point a bunch of lines with different angles that intersect in this point. If another point
is on this line, one increments the corresponding (¢, d)-bin in Hough space. In the end,
the infinite lines that are found in the image are visible by “nodes” in Hough space.

Hough transform
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Figure 2.8: Seeding line rotation angle determination with Hough transform. The outer plot shows the Hough trans-
form applied to the rasterized image shown in the inner plot. For reasons of visibility, the inner image is rasterized
with a 5 times larger bin width than for the actual Hough transformed image. One can see a bunch of nodes in the
Hough transform at angles of roughly —14°. Each detected node—marked with a red circle—corresponds to one (red)
line in the inner image. By the vertical distance of the nodes, one can infer the line distances.

To use this method, Ll_’ahgned needs to be transferred into a rasterized image by bin-
ning the peaks into a 2D histogram with a fixed bin width. Thus, the bins can be in-
terpreted as image pixels. However, the gained image has a substantially lower resolu-
tion than the original image, which makes this method faster than considering the full-
resolution plant images as in [82]. Subsequently, a fixed amount of angles in (—90°, 90°]
is scanned. This results in a rather rough search of angles, although all seeding lines are
expected to be rotated with a common angle. Other randomly found lines in the image
can occur, but they are at diffuse angles. The correct seeding line angle is expected to
occur regularly so that a clustering around the correct seeding line angle is expected.
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Thus, the principle of nested intervals is used: the interval of queried angles is first di-
vided into small bins. In the next step, the histogram of all found ang]les is calculated by
using those bins. The diffuse angles will distribute over multiple bins, whereas the cor-
rect seeding line angle should accumulate in one or at least few bins. The accumulation
bin and maybe the surrounding bins as well are then taken as the new query interval
which is then again divided into bins. After several iterations, one finds the common
angle of all visible seeding lines «,. Figure 2.8 shows the Hough transform applied on a
rasterized peak position image.

Since the Hough transform not only yields the line angles but also their distances,
one might use this method directly to extract the seeding lines itself. However, it may
happen that the Hough transform-based detection misses some less prominent line con-
stellations so that the distances may be only multiples of the true seeding line distance.
In order to have a more stable procedure, the seeding line positions are searched again
in the point cloud, which is rotated by a,. Nevertheless, one can use the distance in-
formation of the Hough transform results as an estimate for the expected seeding line
distances. To have a stable estimate which is robust against missed seeding lines, the
median seeding line distance is used for the next step.
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Figure 2.9: Seeding line recognition. For the seeding line recognition, the points inside a window with the size A =
32 px are scanned with a precision of p = 0.5 px as seen in the left plot. In this example, 29 valid peaks are found by
k-means. They represent the center y-coordinates of the seeding lines shown in the right plot with the corresponding
(rotated) peak positions.

Only the y-coordinates 3, of the rotated point cloud are considered. The principle
is to count the points that are inside a certain window with a central y coordinate and a

size \. A scan through all coordinates with a given precision p, i.e. the distance between
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two nearest window centers, results in the sum of included points against the window
center position. Finally, one applies a peak finding method to extract the local maxima
which represent the (sorted) seeding line positions y*. An example plot can be found
in Figure 2.9. The success of this method is strongly dependent on the right choice of A
and p. In order to get this procedure to work stable, it is helpful to set A and p in relation
with the seeding line distance estimate of the Hough transform. The peak finding can
also be tweaked considering that one actually knows roughly where the peaks should
be located.
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Algorithm 2.2 Seeding line recognition

Input:

T *: acquisition dates with given peak positions

Q:= UtE o« Paligned (t): centralized aligned point clouds

q € R2*", n = |Q|: matrix of point coordinates in point cloud Q with §; = [z, y;]"
ny: number of bins for Hough angles histogram

n_: number of surrounding bins to respect for nesting iteration

A: window length for seeding line position scan

p: precision for seeding line position scan

Output:

10:
11:

12:

13:
14:
15:
16:
17:
18:
19:
20:
21:

22:

y*: seeding line positions
o, rotation angle

initialize angle interval [0y, Qmay] ¢ [—90°, 90°]
I+ 2d_histogram(q) [> raster point coordinates into image with given bin
width

repeat
pH « hough_transform(I, [apmin, @max]) [> perform Hough transform on image in given inter-
val of angles
d, & + find_lines(H) > find nodes in Hough image yielding line distances
d and corresponding angles &
B « set of n,, equal binned intervals in [, max]

h + histogram(a, B) > h counts the number of nodes in the correspond-
ing bin in B

p= g Z‘:Ea o, [> take the interval, where most of the nodes are in-
cluded

min{n,;argmax h+n_ }
i, — -
[ min> max] Ui:max{l;argmax h—n_}
until 4 = o; Vo, € &

Qg = Omin

cosa, —sinog

sin, cosay

K2

[> rotated point cloud defined analogously to O, thus

qs,i = [xs,'w ys,i]T

qs

initialize point sum vector & « 0
initialize 7 < 0
initialize Y < Mingy, — A
while y,. < maxy, + A do
7 T Dy 13w <t 131}
Ytest  Yrest + P
11+ 1
end while
Ppeaks < peakfinder(d) > finds local maximum peak positions representing
seed line positions

" (mingy, — M1+ pPpeaks >T1:=11,..,1]"
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2.4.3.3 Filtering Weed
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Figure 2.10: Weed filtering. Excerpt from peak positions where weed filtering is applied. Peaks inside the green
shaded valid regions are considered valid plants (green dots) whereas peaks being outside are masked as weed (red
dots).

One benefit of knowing the seeding line positions is that one can effectively filter
out recognized objects that are located off the lines which are mainly weed or false de-
tections. Usually, the seeding lines have a regular distance to their neighboring ones so
that all distances are approximated by their mean distance. However, if the images con-
tain few irregular seeding line distances, e.g. due to cart tracks in between, it is again
helpful to prefer the median distance d over the mean. Additionally, for the distance of
each point to its next seeding line, it is

, (2.13)

d; = min |y;1 — *

where y; is the centralized, aligned, and rotated y-coordinate of the i-th plant position
and 17 = {1}9m¥" Once all nearest distances d; are determined, a threshold factor
Y, can be set that specifies which proportion of the median distance d should be the
maximum distance of each plant position to their next seeding line to be considered

valid detection. Hence, the condition is
d; <0,d. (2.14)

The threshold factor is another parameter of the workflow that has to be chosen delib-
erately. Too small values lead to the incorrect identification of plants as weed, while too
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large values reduce the filter effect so that much weed is recognized as plants. Figure 2.10
shows an example weed filtering with threshold factor ¥, = 0.15 which turned out to be
a good choice for the considered datasets.

2.4.3.4 Linking Individual Plants during Time

After aligning and filtering the peak positions, P(t) are redefined to be the aligned, fil-
tered plant positions and 7 := UtE . P(t) to be the unified point cloud.
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Figure 2.11: Cluster centroids. Each cluster represents a plant and incorporates the detections in the image series.

Furthermore, the corresponding image acquisition dates of all plants are summa-
rized in the label vector ¢ € (7). The goal is to group the point cloud into clusters
G C P and thereby identify single plants recorded in those images where they were de-
tected by the previous methods. An important coordinate of each cluster therefore is its
centroid ¢ calculated by

G = f, (2.15)

where the 2 are the clusters” point coordinates in . Moreover, let € := {EZ}:: be the
set of all n, cluster centroids. One can postulate that each cluster contains not more
than one member per acquisition date in 7*. Using classical approaches like k-means or
even more sophisticated ones like density-based spatial clustering of applications with
noise (DBSCAN) [35] for the clustering, one can hardly make use of this knowledge.
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Those common methods only handle single point clouds without integrating more in-
formation on those points. Thus, there may be multiple points from the same acquisi-
tion date in one cluster. To integrate the acquisition date information, an iterative—or
“layer-wise”—approach comparable to a point-to-point registration is used; similar to
the CPD method (cf. Section 2.4.3.1). The different acquisition dates are considered lay-
ers of points. Plant detections in plots with low cover ratio are more precise in general, so
the layering starts from the layer of the date with the lowest cover ratio, as for the align-
ment. Each plant position is considered to be the centroid of a cluster containing—so
far—one member. Each centroid is assigned a unique cluster ID. Subsequently, the layer
with the second-lowest cover ratio is considered. A nearest neighbor model based on the
cluster centroids is queried to get the Euclidean distances for each point in the new layer
to its next cluster centroid. Next, some decisions have to be made based on this next

neighbor distance d. A maximum point-centroid distance d,,,,, for points to be consid-

max
ered members of the corresponding clusters is set. Thus, if the new candidate is inside

this distance (d < d

max )

, those points are assigned with the corresponding cluster ID.
It can happen that multiple candidates are inside this distance. Then, only the closest
point is registered to the cluster and all other candidates are discarded. Points outside
this distance (d > d

IDs. Finally, the cluster centroids are recalculated by assigning the new candidates to

ax) are assumed to be new clusters labeled new individual cluster
their corresponding clusters. This procedure is repeated iteratively until all layers are
processed. In the end, one gets clusters with at most |7*| members and a label vector i
containing the corresponding cluster ID for each point. Figure 2.11 shows an exemplary
plot of the cluster centroids that now represent single plants. The IDs are ascending in-
teger values starting from 0. Discarded points get the label —1. Algorithm 2.3 shows the
linking procedure as commented pseudocode.
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Algorithm 2.3 Iterative point clustering

Input:

N

10:

11:
12:

13:

14:
15:

16:
17:

18:
19:

P: aligned point clouds

JT*: acquisition dates with plant position information sorted by cover ratio in ascending order

t

ini

¢ € T*: acquisition date of initial point cloud with the lowest cover ratio

dmax: Mmaximum distance from centroid for potential cluster members
Output:

I: label vector of cluster ID for each point

C: cluster centroids

initialize [ + {—1}/

{t]t=tmt < {0, 1, ...}

initialize C « {P | t = ty )

fort’ € 7%\ {t;, } do
nn_model < nearestNeighborModel(C)
d,1+ nn_model.evaluate({P |t =t'})

initialize 7 « {1}d4imd

{mem|d>dy,t 0

fori’e{?}do
{meﬁz‘d#min{dej|zzf’}}<——l

end for .
{lel|t=t/ Am=1}«{lel|m=1}

{lel|t=t Am =0}« {max(l) + 1, max(l) + 2, ..

C«0
forl’ € {I}\{-1} do

G+ {P|l=1}
1 —
eeeu{@z%gw}
end for
end for

[> -1 = not assigned to any cluster

[> assign individual labels for each point of
first layer

[> fit nearest neighbor model

[> get next neighbor distance and ID for all
points of respective layer; next neighbor
ID corresponds to cluster ID

[> vector for new cluster member candi-
dates
1 = valid member candidate for existing
cluster
0 = valid member candidate for new
cluster
-1 = excluded due to multiple candi-
dates for a single cluster

[> assign points with no existing cluster in
their vicinity to a new cluster (m < 0)

> iterate over the set of cluster IDs in 1

> for multi-assignments: get candidates
for one cluster and keep the one with
the minimal cluster distance; exclude the
others (m < —1)

[> assign valid member candidates for ex-
isting clusters to respective ones

.} D> give new cluster labels to valid

member candidates for new clus-

ters
> reset clusters before recalculation
[> iterate over the set of valid cluster IDs in
l
[> consider single cluster with cluster ID I
> recalculate cluster centroids with new
cluster assignments (cf. Eq. (2.15))
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2.4.3.5 Further Filtering and Indirect Detections
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Figure 2.12: Group label sorting. By using the rotation-corrected coordinates, the plants (or plant groups) can be
re-labeled with sorted labels. The color encodes the group ID.

With the information of the cluster centroids € from the results of Section 2.4.3.4,
one can find a single plant also in such images where it is not necessarily detected since
the spatial location is fixed. But first, a somehow “cosmetic” step is done.

The label numbering resulting from the clustering algorithm is continuous
but—due to new clusters starting at different steps—not sorted. However, one may want
to have the labels sorted for reasons of clarity and easier retrieval of the plants in in-field
operations. A reasonable approach would be to use the seeding line coordinates y* from
Section 2.4.3.2 again in order to determine the seeding line ID for each plant group. The
cluster centroids € are used to calculate the nearest seeding line and assign its ID i, to
each cluster.

iy, =argmin |y, —y*|, (2.16)

y ey
where y, is the y-coordinate of the cluster centroids. Thus, the initial labels are substi-
tuted with new sorted labels: primarily sorted by the seeding line ID and secondarily
by—in this case for instance—the x-coordinates of cluster centroids. A figure that shows
this label sorting for a complete field is shown in Figure 2.12.

Moreover, the special point in having the cluster centroid positions is that one can
retrieve the plant positions in the high-cover-ratio images—those with acquisition dates
t € T \ T*—where above methods could not be applied. Additionally, not every plant
may be recognized in all analyzed images. In this context, the detections by the above
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methods are named direct detections, whereas the reconstructed positions by using the
cluster centroids are referred to as indirect detections. The aligning algorithm not only
gives us the aligned coordinates of the (directly detected) plant positions, but also the
transform vectors R(t) := [S(t), a(t), By(t), B,(t)]" for each image®. Thanks to the
alignments being (rigid) affine transforms, they are invertible. Hence, it is

X(t) % [ cosa(t) sin a(t)] (x’(t) _ {Bo(t) ) (2.17)

—sina(t) cosal(t) B, (t)
by rearranging Equation (2.12). Thus, one can calculate the plant positions for indirect

detections with this inverse transform in order to fill up the point clouds. In order to re-
cover the directly detected plant positions in the individual images, the calibration error
(cf. Section 2.4.3.1) is added again. Please note further that x(¢) are still the centralized
UTM coordinates introduced in Section 2.4.3.1. For a complete inverse transform into
the GPS coordinate system and the rasterized image pixel system, respectively, one has
to add the mean vector Z,,.,, again. Finally, the indirect detections at each acquisition
date are basically the detected cluster centroids inversely transformed into the coordi-
nate systems of the image data at respective acquisition dates.

All these above filtering rules result in a labeled point set where each cluster has
exactly n, = |7| members, one for each acquisition date t € 7. Finally, the plants are

claimed to be “cataloged”.

2.5 Evaluation and Discussion

In this section, the evaluation of the results on available ground truth information for
both datasets is discussed. Furthermore, an exemplary application use case of the cata-

loging workflow for in-field operations is briefly presented.

With available manually annotated information on the plant positions as a reference,
one can validate the above methods. For the sugar beet dataset, there is some ground
truth data available which enables us to perform an evaluation of the binary classifiers
of true positive (TP), false positive (FP), and false negative (FN) detections. Since true
negative detections make no sense in this application, measures like the accuracy are
not appropriate. Therefore, two other measures called precision and recall defined by

TP TP

N=-—— ision = ————
reca prec151on P I EP

TP + FN’ (2.18)

3... as long as the cover ratio is not too high. If it is, however, the alignment cannot be performed and
the transform vector is the identity transform R(t) := [1, 0, 0, 0.
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are used. Descriptively, the recall describes which ratio of actually seeded plants the cat-
aloging workflow catches, whereas the precision measures the ratio of how many of its
detections are indeed real plants. Dot-like positions should be compared to each other.
Thus, a tolerance radius of maximum distance between a true plant position and its po-
tential position of detection is set. This evaluation requires the plants to be recognized
with a maximum tolerance of 8 cm—i.e. the maximum distance between detected plant
position and ground truth annotation. The counting of TP, FP, and FN is done thanks to
anearest neighbor approach. For each plant detection the ID and the distance to the next
true plant position is evaluated. One iterates over the true plant positions and for each of
them, the distances from the plant detections that were assigned to those corresponding
true plants are gathered. If there is at least one assignment inside the tolerance, TP is
incremented by one and FP by the number of remaining total assignments. If no assign-
ment is inside the tolerance, FN is incremented by one and—again—FP by the number
of total assignments. Since every recognized plant position is assigned to exactly one
true position, one can consider each true and recognized plant by this method. In the
end, the binary classifier counts are obtained and precision and recall can be calculated
by Equation (2.18). Moreover, this method yields the plant positions by direct and in-
direct detections. In the ground truth data, the plant is not annotated if it is not visible,
for instance in an early image. Since the cataloging uses the inverse transformations of
the plant position centroids C, it would already find the plant even if it is not yet visible.
Therefore, all “leading” indirect detections—i.e. all that are earlier than the first direct
detection in terms of acquisition date—are ignored.

The upper plot of Figure 2.13 shows evaluations of precision vs. recall for field
images with available ground truth. Below, for each acquisition date (encoded by the
color), an example image is shown. For most of the images, a precision of at least 90 % is
achieved. The recall is at least 90 % for most of the images. As expected, the plant detec-
tion gets slightly more inaccurate, the higher the cover ratio is due to the lower point-like
shape of the plants. However, the early plant detections at lower cover ratios are more
confident. This should give the hint that high-cover-ratio images are inappropriate for
plant detection and should only be used for the indirect retrieval of already known plant
positions at the cluster centroids €.

Generally, the precision is lower than the recall, indicating that the workflow has
some false positive plant recognitions. Mostly, those false plants are double recognitions
or still remaining weed inside the seeding lines or within the tolerance region defined in
Section 2.4.3.3. Since the cataloging is not sensitive to the actual plant shape like possible
deep learning approaches, this remains to be a problem. The workflow tends to have a
higher precision the better the fields are weeded. The on-line weed may be filtered man-
ually or by further shape-sensitive methods, whereas double detections may be reduced
by better clustering parameters.
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Furthermore, evaluation of the cauliflower dataset used in [A] shows that the pro-
posed workflow detects the plant positions more accurately than plant detections based
on a deep learning approach with a Mask region-based convolutional neural network
(R-CNN) especially considering the exact plant center positions. Thus, it is shown that
the proposed workflow is not only more accurate, but also more generalizable by not
being dependent on training data. The full results of the cauliflower dataset evaluation
are presented in [A].
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Figure 2.13: Precision and recall evaluation summary. The upper plot shows precision vs. recall for all field images
with available ground truth data. Colors show the acquisition date of the corresponding image. Below, field excerpts
are shown exemplarily—one for each available acquisition date. In these plots, the real plants are marked by white
dots. Black dots represent direct detections via the peak detection method. The gray dots are indirect detections by
using information of other images of the same field and back-transform the positions in each image.
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2.5.1 Application to In-Field Annotations

For all plant positions, GPS coordinates
are available which enables processing the
data with geographic information system
applications like QGIS [114]. For in-field
operations like plant assessment or an-
notation, the plant catalog can support
by providing a structured position sam-
ple of interesting plants. Additionally,
there are some interesting applications
like QField [108] that are able to process

georeferenced data directly on a smart-

phone. This is an excellent tool for farm-
ers, who then can do in-field tasks directly SE02_plants SE02 - Plants

“online” using the plant catalog and their

Figure 2.14: Plant catalog for in-field observations with
QField. Exemplary screenshot on an Android smartphone.
catalog for instance as a keyhole markup Detected plants can be accessed individually and various

. . annotations like quality assessments, additional notes, or
language (KML) file [45] allows enrich other images can be added,

current GPS position. Exporting the plant

ing the georeferenced plant catalog with
further annotation data like disease severity score, number of leaves, additional images,
etc. Figure 2.14 shows how this could possibly look like for an in-field scenario.

2.6 Interim Conclusion

The presented workflow shows a very satisfactory detection performance for both con-
sidered datasets. By choosing RGB-only VIs for the peak detection, the cataloging
demonstrates successfully that RGB information is sufficient. This could be important for
use cases where a multi- or even hyperspectral data acquisition is not feasible for some
reason. Nevertheless, it cannot be ruled out that the peak detection performance could
be improved by having data beyond the optical spectrum available. The high degree of
automatization enables the analysis of large-scale data. Particularly for those datasets
consisting of multiple smaller fields, like in the sugar beet dataset, many workflow steps
can be processed in parallel.

Deep learning based plant recognition approaches have to be trained on the distinct
plant sizes if training data is available at all. Unfortunately, for the images with canopy
closure (¢ > 75%), both deep learning and the rather “classical” approach of plant
cataloging will fail, since neighboring plants cannot be distinguished from each other
anymore. However, for feasible plant sizes, the proposed cataloging approach is mostly
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agnostic to the plant size and can effectively extract images that can be used to train even
better deep learning based plant recognition systems.

By exploiting the geospatial information in UAV images, one can convert between
pixel units and metric units like centimeters. From the user’s point of view, this makes
the workflow very adaptable to other datasets with different plants and seeding condi-
tions: it allows to directly refer to real-world measures like plant radii or seeding distance
without having to consider the image resolution.

Large deep learning models that are developed nowadays require large amounts of
data, especially for tasks involving image processing like, e.g., classification and instance
segmentation with Mask R-CNNs. In principle, non-invasive remote sensing (RS) and
UAVs enable the application to large-scale agricultural experiments and corresponding
data. By automatizing the plant cataloging and providing a data framework, the work-
flow proposed in this chapter helps to exploit the full potential of UAV imaging in agri-
cultural contexts.

The plant catalog gathered with this image extraction workflow makes it possible
to accumulate a time series of images of individual plants. By inverse transformation of
the cluster member coordinates in their respective image pixel-based coordinate system
(cf. Section 2.4.3.5) one gets the, say, “original” pixel positions of the plants. Next, one
simply defines a frame around those pixels and receives smaller “tiles”. These can then
be used for further steps, for instance as a training set for neural network (NN) archi-
tectures as in [G]. The fact that the images are linked to individual plants at multiple
dates enables this dataset to be used not only for spatially related but also for time series
analyses. Figure 2.15 shows a few example image tiles for both investigated datasets.

The results of this work build the basis for further advanced image-based plant phe-
notyping applications as presented in the following chapter.
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Figure 2.15: Plant image time series. Randomly picked image series of plant RGB images detected by the proposed
cataloging workflow. The acquisition date increases downwards. Roughly every second acquisition date is shown.
Black frames mark direct, gray frames indirect detections. The columns are ordered in blocks of two examples each
from inoculated, fungicide-treated, natural and reference fields, respectively.



Disease Severity Prediction

The content of this chapter is based on the publication [E]. As the work presented
in this publication is closely related to the plant cataloging workflow presented in Chap-
ter 2, my contributions in this publication included the conceptualization of the disease
severity prediction model, the design and implementation of the software, conducting
the experiments, and writing the manuscript. The publication is a collaboration with col-
leagues from the Institute of Sugar Beet Research (IfZ) in Gottingen, where the data was
acquired. The developed model is now used by the IfZ for automated disease severity

annotation in sugar beet field experiments.

3.1 Introduction

In this chapter, the focus is on the automated annotation of disease severity (DS) in Cer-
cospora leaf spot (CLS)-infected sugar beet fields. The in-field annotation by human
experts is a time-consuming and labor-intensive task. Additionally, the annotation pro-
cess is prone to subjective biases and inconsistencies because annotation references are
often limited to example visualizations of plants for certain DS levels on which the an-
notators can rely. To get a high annotation throughput and to reduce the subjectivity,
this chapter proposes a framework for automated DS annotation based on UAV imagery
and a transformer-based deep learning model called SugarViT. Hence, it is the second
building block of the spread prediction workflow.

— 54 —



3 Disease Severity Prediction 3.1 Introduction

The most important data basis for this

Plant catalog (Chapter 2)

chapter is the individualized plant image
p P & single-plant geo-referenced unmanned aerial

catalog gained from Chapter 2. Thanks

vehicle (UAV) images in spatio-temporal con-

to the special imaging devices used in the text

field experiments, the images consist of

Y

multispectral UAV data with, in total, five @ , Data & preprocessing (Section 32)

channels. It is richer in its spectral in- _ , o
multispectral image normalization, augmenta-

formation than common red, green, and tion, environmental data

blue channel (RGB) imagery, especially

i ions 3.3 and 3.
cial for phytopathological processes. [25, ;\Ti;_ st (Bl s eelse)

= disease severity (DS) assessment model based

in those spectral regimes that are cru- ¢

160] Several phenotyping studies utiliz-

on a vision transformer (ViT)

ing UAVs and unmanned ground vehicles deep label distribution learning (DLDL), Full
(UGVS) have ah‘eady been done [1() , 47, Kullback-Leibler divergence (KLD) loss, multi-
head regression, pretraining on environmental

63]. This chapter is about enhancing those dat
ata

studies by intelligent data-driven model-

ing and incorporation of knowledge. Y

Emﬂ Application (Section 3.5.5)

Rehashed UAV image data has the Yy automated DS annotation in the field

lays the foundation for further epidemiological

potential to serve as training data even
analyses

for large image-processing deep learning
Figure 3.1: Conceptual overview of the disease severity
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prediction chapter.

severity assessment with mainly convolu-

tional neural network (CNN)-based mod-

els has made significant progress [133]. With breakthrough results regarding the appli-
cation of transformer-based model architectures in diverse research areas [79], they are
increasingly used for disease severity assessment as well. The origin of the transformer
architecture lies in the field of natural language processing (NLP) and has led to great
success in recent large language models such as the generative pretrained transformer
(GPT) [66]. Its foundation, the attention mechanism (cf. Section 1.2) enables the model
to connect and associate features over large semantic or sequential distances. This is ben-
eficial not only for one-dimensional tasks such as NLP, since that context can be trans-
ferred to higher dimensional use cases like image processing. In this case, one is dealing
with a ViT [31] model. Recent works like [54] and [44] use ViTs for plant disease local-
ization and classification. However, common image processing deep learning architec-
tures are mostly designed for three-channel RGB images and their image normalization
strategies are designed accordingly. Thus, the normalization needs to be generalized to
the multispectral case first. Moreover, the image data is augmented to further increase
the effective data size.
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Beyond the image data, one can further utilize the environmental data recorded
with the in-field internet of things (IoI') sensors and connect them with weather station
data. In the following, the transformer-based model is motivated and described in detail.
It will use the largely available environmental data for pretraining before being finetuned
on the expensive DS annotations. This is necessary because with the power of transform-
ers, also a major drawback appears, namely their low data efficiency. Transformers need
lots of data to train. This is why their success is currently mainly in application fields
where large datasets are available, such as text data. However, this chapter shows that
also on large-scale agricultural datasets enabled by UAVs, those models can be used for
annotation tasks. SugarViT motivates a multi-objective approach as well as the use of a
deep learning architecture based on a ViT. In contrast to [54] and [44], the DS predic-
tion is identified as an ordinal classification and one can reinterpret the classification as
a regression task by using the concept of deep label distribution learning (DLDL) intro-
duced in [38]. Furthermore, the vanilla DLDL approach is optimized by an improved
loss function that does not require dedicated hyperparameter tuning [C]. After training,
SugarViT is able to predict the disease severity of individual plant images as a probabil-
ity distribution, which improves training robustness and output interpretability. With its
ViT backbone, it is able to estimate the DS more accurately than with convolution-based
backbones of comparable complexity.

In the end, the automated DS annotation capabilities lay the foundation for further
epidemiological analyses. To summarize the main components of this chapter, Figure 3.1

gives a schematic overview.

3.2 Data and Preprocessing

In this section, the underlying data for the model and the associated preprocessing meth-
ods are presented and clarified. A major challenge that comes with the application and,
particularly, the training of vision-transformer-based architectures is the demand of large
amounts of image data. In principle, the utilization of UAV imaging from crop fields has
the potential to gain those large datasets. However, the conditions under which the im-
ages are taken can be very diverse, e.g., due to variable weather, lighting, and resolution.
Additionally, device-specific properties can come into play when dealing with different
camera models or calibration methods. In the context of plant phenotyping, it is particu-
larly desirable to accumulate image data from multiple growing seasons, which implies
that all the above-mentioned difficulties can play a role for an accumulation of large-
scale datasets. Thus, in order to utilize as much potential from the data, a preprocessing
pipeline is needed that is robust against as many confounding factors as possible.
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3.2.1 Using Weather Data for Environmental Features

All experiment fields are equipped with weather sensors, allowing for hourly tempera-
ture and humidity measurements in the fields. One can use this data to infer some more
environmental quantities, particularly focusing on two of them. Firstly, a basic yet widely
used quantity in phytology that connects the local weather with the development stage
of the crop is the cumulative growing degree days (GDDs). For hourly temperature
data 7'(d, h) for each day d and hour of day &, the GDD is the daily temperature mean

between the base temperature 7} .. and maximum temperature 7,

max- Colder or warmer

temperatures are clipped to this range. Hence, the so-called thermal sum is calculated by
1 24

GDD(d) = o > min (max (T(d, h), Tppee), Tmax> T s (3.1)
h=1

where the base and maximum temperatures 7, .. and T, ., are plant-specific parameters.
For sugar beet, it is empirically shown that 73, = 1.1°C and T},,,, = 30°C [56]. The
cumulative quantity of GDDs beginning at the sowing date is, after all, a proxy of the
plant’s development. Secondly, a disease-specific quantity can be calculated. Simply put,
the time between the infection of a plant with CLS and the ability of infecting other plants
is called a generation or incubation period. The thermal sum of one incubation period for
CLS in sugar beet is found to be 4963 °Ch with 7} ,,. = 6.3°C and 7,,,, = 32°C [12].
For each hourly summand, there is an additional empirical correction coefficient based
on the relative humidity: the hourly summand is multiplied by { if the hourly relative
humidity is less than 80 %. If it is at least 80 %, the summand is multiplied by 2. [13, 60]
Summation of the thermal sum and division by the incubation period yields a quotient
that describes the potential number of incubation periods a hypothetically infected plant
could have undergone, further referred to as the number of possible generations (NPG).

Thus, when environmental information is given, field- and recording-date-specific
parameters that can serve as additional data to support the individual plant image data
can be derived. Although GDD and NPG are not plant specific, they are, at least, spe-
cific for the recording date. Thus, one can annotate many plants with those labels at one
stroke. These labels are, of course, not as informative as manually annotated labels, but
they can serve for pretraining models. This is particularly interesting for an application
of transformers, since they usually need lots of data: one can pretrain the model with the
cheap labels and finetune on the expensive labels. Thereby, a possible lower availabil-
ity of the expensive labels could be compensated and training speed is enhanced if the
model backbone at the start of finetuning stage already “knows” low-level filters and the
basic concept of the input data. The two different stages of pretraining and finetuning
are represented as different learning paths in the model sketch in Figure 3.4.
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Figure 3.2: Histograms of available labels for disease severity (DS), number of possible generations (NPG), and grow-
ing degree day (GDD) separated by train/validation and test data.

3.2.2 Image Normalization

In the vast majority of machine learning tasks dealing with image processing, images
are normalized to ensure interoperability and robustness against varying image record-
ing conditions. Additionally, numerical issues in forward and backward pass to deep
learning architectures lead to the usage of data values around zero. A naive yet com-
mon approach is a simple standardization of the image data by subtracting the channel-
specific mean (. or a global mean p and division by the standard deviation (std) o, or
o, respectively, for each image channel C in the image I. The standardization can be
done with precalculated (channel-wise) means and stds by using the information of the
whole given dataset, with image-specific means and stds, or even with fixed, suggested
values. In this chapter, it is assumed that the reflectance images dataset may be biased.
Therefore, each image is standardized by only using its own information. Further, one
distinguishes between channel-wise and a total standardization by using means and stds
for each channel separately (x,, o.) and cross-channel (u, o) calculations, respectively.
Thus, one yields channel-wise standardized images I<* and total standardized images

I by
= {Stl (32)
Tc Cel

I = I-w (3.3)

(2
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Figure 3.3 shows some example images separated into their channel components
and normalized with those two standardization methods. It is clearly visible that the
total standardization preserves the reflectance differences of the channels due to the
emission spectrum of the plants and results in very distinct image channels. Thus, this
standardization method emphasizes spectral characteristics of the image. In contrast,
the channel-wise standardization results in rather similar image channels emphasizing
local characteristics of the image in each channel.

A more sophisticated normalization method that, however, comes with more com-
putational effort, makes use of the image histogram, i.e. the abundance of data values in
the images. The histogram equalization (HE) is a contrast enhancement method that is
broadly used in computer vision and image processing tasks for many application fields
like medical imaging, as well as for signal processing like in speech recognition [110].
Simply put, with respect to images, particularly, the idea is to normalize the elementary
pixel values by their abundance. Thus, the number of pixels in each bin, or range of
contrast, is equalized. As a result, each image is forced to use the full range of possible
contrast.

Generally, there are two basic methods—Ilocal and global. Unlike global methods,
local methods additionally use the environment of the corresponding pixel for equaliza-
tion. They are usually grouped under the term adaptive histogram equalization (AHE)
where a prominent method is called contrast-limited adaptive histogram equalization
(CLAHE) [113]. The adaptive methods are used for image processing tasks, where the
pure contrast between neighboring objects is important, like in medical applications for
tomography images [4]. In this workflow, the HE method is applied and a channel-
wise and cross-channel variant analogous to the standardization is introduced. For the
histogram-based methods, a lower and upper limit has to be predefined to which the

values are scaled. Here, the values are chosen to be in the range [—1, 1].
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Figure 3.3: Example images shown by its separate channel components and processed with total and channel-wise
standardization, respectively. The first row shows the RGB representation. The other rows show the separate chan-
nels with increasing wavelength from top to bottom.



3 Disease Severity Prediction 3.2.3 Data Augmentation

3.2.3 Data Augmentation

A common approach to artificially increase the dataset size is data augmentation. For
image data, the principle is to sample similar images around “real” data instances by
various techniques like flip, rotation, color and brightness jitter, etc. Obviously, differ-
ent use cases allow for different augmentation methods. For instance, in case of medical
imaging tasks, one is mostly bound to the image orientation. In case of street scene
images for autonomous driving applications, a vertical flip, i.e. put the image upside
down, does not make any sense. However, both cases eventually allow for changes in
brightness and/or contrast. In the case of plant images, fortunately all degrees of free-
dom regarding flips and rotations are allowed. Thus, each image is flipped randomly
with a probability of 25 % and rotated by a random angle. Brightness and contrast jitters
are not necessary, since the normalization methods neutralize them. Additionally, one
can exploit this principle in model inference mode by evaluating the images in differ-
ent rotations and average the predictions. In order to be robust against different ground
sampling distances and accompanied resolution changes, a Gaussian blur augmentation
is used. With a probability of 10 %, an image is blurred at a strength of 3 - 8 px. Another
optional augmentation, is a random channel dropout. With a probability of 25 %, the
information of up to 3 channels is dropped. Although it is quite unlikely that in the ap-
plication, single channels will be dropped, it is interesting to train models being robust
against missing information in order to see, how important each image channel is for
the prediction of the target quantity. By channel dropout, the model is forced to connect
information among all channels rather than focus on single channels.

Now that the data (pre-)processing is explained, the model architecture is moti-

vated and described in detail in the following sections.

3.3 Deep Label Distribution Learning

If classification problems can be formulated within an ordinal scale, the transfer into a
regression task might be a good choice. However, if the classification is very granular, the
collection of data with precise labels can be challenging. Rather than learning distinct,
unique labels, the paradigm of label distribution learning (LDL) [40] was proposed. It
stabilizes the model training of labels by modeling their ambiguity. It is used for tasks
like facial age estimation [42] or head pose estimation [41]. In combination with deep
neural networks (NNs), the paradigm is referred to as deep label distribution learning
(DLDL) [38]. In DLDL, the output of a deep NN mimics the label distribution by a
series of neurons that learn a discrete representation of the probability density function.
This representation is commonly known as the probability mass function (PMF) and
labels have the form of a probability distribution. The obvious difference in contrast
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to a pure regression is that the network output is not only based on a single neuron.
Moreover, the difference to a pure classification is that, in contrast to one- or multi-hot-
labels, also neighboring neurons are triggered which stabilizes regions, where fewer data
is available. Two additional advantages, especially for the use case in this chapter, are,
firstly, that the uncertainty of labels can be easily modeled. The DS annotation is based on
individual human experts” judgment. Often, different plants are annotated by different
experts, which causes uncertain classifications. Secondly, the model output becomes
more transparent, since one can observe how confident the model is in its prediction by
comparing the shapes of true and predicted label distribution. Thus, DLDL, once more,
is an ideal way to model these annotations.

3.3.1 Full Kullback-Leibler Divergence Loss

The DLDL approach proposed in [38] utilizes a ¢; loss for the expectation value and a
KLD [65] loss for the label distribution. However, ¢, and KLD loss originate from dif-
ferent statistical concepts and, therefore, have scales that are, per se, not comparable.
In most cases, a weighting parameter has to be introduced, resulting in an artificial hy-
perparameter of the model. However, the novel approach circumvents the problem by
reformulating the ¢, loss as a KLD loss. Additionally, the training is further accelerated
by introducing a “smoothness” regularization to the label distribution. The regulariza-
tion is also formulated as a KLD loss, not needing any hyperparameter, either. Further-
more, the gained scale invariance not only makes the components comparable, but also
enables the cross-comparability between different labels. This is especially interesting
in this very use case, since it aims a joint regression of diverse phenological parame-
ters, probably having different domains. Thus, the essentials of the novel three-part loss

function are explained in the following. The full elaboration has been done in [C].

Label Distribution Loss Let P(y | x) be the true label distribution for a given input
image x. Then, the label distribution loss £, is the discrete Kullback-Leibler divergence
between the true and predicted label distribution,

Py | %
Plylx)’

£1q=KLD(P|P)=> P(y|x)log (3.4)

where the hat denotes the prediction. This definition follows the label distribution loss

given in [38].

Expectation Value Loss Unlike in [38], the expectation value loss is formulated as a
KLD of truth and prediction as if both of them were normal distributions N (- | p,0?)
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with expectation value p and variance 0. For the model predictions, i and 62 can be

calculated via

=Y yP(y|x), &2=Var[P]=) (y—)*Py|x). (35)

Y

Thus, the expectation value loss is

£ony o= KLDOV(: | 1 0%) | V(- | ,57))
:Z (y | x)logP(y | x) — Z[Pylxlog[Pylx)
y

] +> Py | x) E log(2752) + —A)

202

=— Z P(y | x) {- log(270?) +

1
= ——log (2m0?) Z[P Y| x) (y — )Py | x)
y

I__—l

2

—10g27f<7 Z[Pylx QQZy 1)?P(y | x)

=1

—u2+to? =i
Cee? 1 Y, PP ) =203 yP(y | x) +4°
BRI R 252
G 1 o*+(p—p?
—logl -+ TR
P R P

(3.6)

Smoothness Regularization Loss Inorder to accelerate the training process, especially
in early stages, the predicted label distribution is forced to be smooth by a KLD regu-
larization term. The idea is to shift the predicted distribution by one position P* and
calculate a symmetric discrete KLD, i.e. both shift directions are averaged. Thus,

L

smooth ‘=

[KLD(P | P*) + KLD(P* | P)]

Z[Py]xlog[Py|x Z y\xlog[PS(y|x)

Y

—I—ZIPSy]x)loglPsgﬂx Z y[xlog[P(y|x)

Y

[Z (Ply 1) —B*(y | %) log Py | ) — (Bly | x) — P*(y | x)) log B*(y | x)

<

(3.7)
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Finally, the loss components are combined into a sum that gives the loss as

Li=Ly+ L, + L (3.8)

exp smooth *

3.3.2 Multi-Head Regression

If multiple sources of labels are available, it may be considerable to perform the regres-
sion with multiple labels jointly. Each regression problem is then realized by its own
so-called “regression head”, i.e., a sub-model that is trained to transform the feature
representation from the backbone into the respective label space of interest. Especially
for large backbone models, this has the advantage that only one backbone is needed for
multiple purposes, which reduces the total model size. In the following, this concept is
called “Multi-Head Regression”.

3.4 SugarViT Architecture

In this chapter, the architecture of the proposed model is described. Figure 3.4 shows
all the building blocks of the proposed model—further called SugarViT—and the three

main building blocks of SugarViT and its design motivations are described in the follow-

ing.

— 64 —



JFeature Mixing* — -PLHead

Convolution ————— DL Head

individual LDL Heads

LDL Head =~

1

1
1

- 1
: data

plant-specific : environment / field images
os | oo NPG I*F*FFFFFFF
1 ..
VA BN : ; . Flatten |

N E— 1 “)

i
y 1 v v D
1 .
1 patch + position learnable
KLlosses{ [ ) | L Kilosses L Lembeddmgs 'T\ g 8 .\T\ 8 6 & 'T\ .TJ 0 fasy jearmable
A A A
1
1
1
:
DS GDD NPG . .
A | A Vision Transformer Encoder Backbone
1
=— ~ A
7 1 1
predictions E predictions * * * * * * * * *

1
1
1
1
1
1
1
1
1
1
1
1
1

Figure 3.4: Sketch of SugarViT, the proposed Multi deep label distribution learning (Multi-DLDL) network with a vision transformer (ViT) backbone. The label distribution
learning (LDL) heads are trained with separate optimizers and loss functions. The ViT and multi-layer perceptron (MLP) part are the joint basis and are trained in each backward
pass of the LDL heads. As output of the ViT, the last hidden state of the learnable class token is used. Furthermore, the DS estimation use case is shown by having multispectral
plant image data and two training stages. The pretraining is done on the environmental, field-related quantities growing degree day (GDD) and number of possible generations
(NPG). The target label disease severity (DS) is trained in the subsequent finetuning stage. In principle, the model can be generalized to more labels in each training stage by

adding more LDL heads.
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3.4.1 Vision Transformer Backbone

In recent years, transformer architectures have been successfully utilized for diverse
deep learning tasks. The underlying attention mechanism [144] (cf. Section 1.2) is able
to relate patterns and semantics in sequential data very flexibly and across large struc-
tural distances. Especially in the field of NLP, transformer-based models show great
success. [66]. In NLP, transformers learn structures in sequential data like text or sen-
tences by processing its basic building blocks, commonly known as “tokens”. To use
this principle also for classification tasks on image data, the vision transformer (ViT)
model has been proposed. [31] The main principle is to divide an input image into flat-
tened tiles that are processed by several multi-head attention layers. An additional learn-
able “class token” is added, whose processed output is passed through a classification
head. Figure 3.4 also shows the mentioned building blocks. By comprising many atten-
tion blocks and hidden layers, (vision) transformer architectures are complex and need
large amounts of data. Thus, they are usually pretrained on large-scale datasets like Im-
ageNet [126] for most of the image processing tasks. For the use case this chapter is
about, multispectral 5-channel images rather than red, green, and blue channel (RGB)
images are processed. Therefore, one cannot use ImageNet-pretrained architectures per
se. However, the plant image dataset used in this dissertation is large enough to train an
architecture with a ViT backbone from scratch, as further sections will show. The goal of
the learning process is that the ViT backbone is trained to be an expert in understanding
the image as a whole and extract remarkable traits to “encode” the image information

into a rich feature space.

3.4.2 MLP Neck

In the original ViT model, a multi-layer perceptron (MLP) is used as a classification
head. Since a multi-head regression model should be built (cf. Section 3.3.2), an MLP
is used as an intermediate layer between the ViT backbone and the regression heads. If
certain labels have something in common or share some information—i.e. latent label
correlations—this “neck” sub-model between backbone and heads is trained to learn
those latent correlations. The principle can be exploited in this use case by introducing a
simple “cheap” feature that is easy to measure and has a more or less obvious correlation
to the DS. For instance, one could choose the interval between the image recording date
and the date where canopy closure can be observed in the corresponding field exper-
iment. Canopy closure means that neighboring plants touch each other, resulting in a
closed field vegetation. In the following, this feature is called “days after canopy closure
(DAC)”. Obviously, this feature has negative values before canopy closure is reached.
Alternatively, one could also think about including the days after sowing. The DAC are
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expected to guide the model to the correct DS by having some correlation with it, e.g.,
young plants (low DAC) are probably less severely infected, whereas older plants (high
DAC) are probably rather severely infected. In addition, the infection probability in-
creases when the plants are in contact. All in all, the MLP neck is the part of the model,
where expert knowledge and known correlations can be integrated. Please note here
that the experiments follow another approach to integrate associated knowledge in the

model to predict the DS. Nevertheless, the above approach can be a valid one as well.

3.4.3 LDL Heads

For each label, the output of the MLP neck is processed by a separate, so-called, LDL
head. It consists of individual fully-connected layers (FCLs) after the MLP neck. The
idea behind the individual networks is to enable the model to learn label-individual
transformations from the cross-label output of the MLP neck. Thus, the LDL heads are
trained to be experts in their label domain and be able to transform the feature space to
their respective label space. When passed through these layers, the features are mixed
with a component called Feature Mixing.

3.4.4 Feature Mixing

Different labels can contain different amounts of information or be differently difficult to
predict. Moreover, they could be (anti-)correlated or complement each other. Thus, the
model is assumed to profit from a layer that can relate or mix high-level features learned
in the previous layers with each other. In a so-called Feature Mixing component, the
output layers of all individual LDL Heads are combined linearly. This enables the model
to scale and mix information of other labels into the actual labels. The mixing coefficients
can be learned during training and are initialized to the unit matrix, i.e., at training start,
only the respective label is used. A final FCL for each label maps the mixed features into
the corresponding label distribution space. The size of the FCL is determined by the
number of discretization or quantization steps which can be different for each label. A

softmax activation defined as

softmax(y;) = _oPW) (3.9)

X exp(y;)

ensures the outputs of the FCLs sum to 1 each. Thus, the FCL approximates the label
distribution in the form of a PMF. On this PMF, one can then evaluate the KLD loss
functions and, finally, train with the ground truth label distributions.
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3.5 Results

In this section, the performed experiments are introduced. At first, it is tested whether
the histogram equalization preprocessing step for the images is really beneficial for the
model performance.

In the next experiment, one makes use of “cheap” data, i.e., weather data as men-
tioned in Section 1.4.2. In this very case, the available IoT sensors in the field are mea-
suring basic weather parameters. This data is available for a whole field, thus, many
single plant images. With the single images and those cheap labels, one can perform
a pretraining of the backbone. This is another approach to combine cheap and expen-
sive data than the one mentioned in Section 3.4.2. However, the major advantage of this
approach is that in the final model, only the label of interest is used, which results in a
slightly lighter model and decreases inference time. After pretraining, a model training
with DS labels is performed, resulting in the SugarViT model. Example predictions of a
trained SugarViT model are shown in Figure 3.5.

In a last experiment, it is finally investigated if the pretraining also improves the
performance of SugarViT by comparing the finetuned SugarViT with one trained only
on the DS labels. Furthermore, a non-pretrained SugarViT model is compared to one
that is only trained on RGB-band information in order to see whether the beyond-optical
spectral information is important.

Before performing the actual experiments, the variances for the DS label distribu-
tions must be set, since there is no individual information for each data point, or im-
age. In this chapter, the DS label distributions are modeled by normal distributions
N(- | p, 0%) with the experts’ labels as expectation values i and a variance o that is
based on an assumed standard error. Exemplary, let o5 = 0.6 be the “human estima-
tion” error. Please note that this is no empirically found error but rather an educated
guess. In the scope of this chapter, only one human estimate per plant and per acqui-
sition date is available. If multiple experts are involved, one could determine a more
realistic error value or even a more realistic probability density function (PDF). For
now, the estimate of a normal distribution with fixed std should be seen as an exemplary
choice. Being a usual choice of optimization algorithm for transformer-based models,
the AdamW [81] optimizer is used in all experiments.

In all experiments, the training and validation data (cf. Table 1.3) is randomly split
with initialization seeds assuring reproducibility. For the given dataset, the plants have
mostly low DS scores in images of the early plant growth, leading to label imbalance, as
seen in the histograms in Figure 3.2. Looking at Table 1.3, the sizes of the datasets are
quite different. In order to minimize the bias and to prevent the model from focusing
on few labels and datasets, a weighted sampling of the data is performed. The weight
of each image is the inverse of the total abundance of its DS label times the size of the
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respective dataset. Thus, in each training batch, the distribution of datasets and labels is
uniformly distributed on average.

Finally, a validation metric needs to be introduced. Since the model outputs distri-
butions, metrics like root mean squared error (RMSE) or mean absolute error (MAE)
are not appropriate since they do not give information about the overall distribution. Al-
ternatively, the mean overlap between the predicted and true label distribution is used.
Since the distributions are PMFs, the calculation of the mean distribution overlap (MDO)
for a batch of NV instances is

N
MDO := %;Z}{mm(ﬂy %) Byl x)} - (3.10)

The MDO takes values between 0 and 1 where 1 indicates perfect overlap. For the
validation, the same weighted sampling as in the training stage is used to validate on
pseudo-uniform distributed labels. Thus, one respects the prediction quality for each
label equally and independently of the total label abundance in the dataset.
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Figure 3.5: Output of SugarViT. The disease severity (DS) labels are learned as label distributions (green curves).
SugarViT outputs again probability distributions (blue curve). The prediction in the end is the expectation value of
the output distributions (dashed lines).
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3.5.1 Standardization vs. Histogram Equalization

Before the training of SugarViT is performed,
it is evaluated how the histogram equaliza-
tion improves the model performance in fa-
vor of a “simpler” standardization preprocess-
ing method. To make the model potentially
more universal, no prior knowledge of the
full dataset is assumed. Thus, the normal-
ization is only based on the information of
a single image, as already mentioned in Sec-
tion 3.2.2. The following experiment compares
the standardization and the histogram equal-
ization method, respectively, with channel-
Each

method performs 10 runs with different ini-

wise and cross-channel calculation.

tialization seeds with the model configuration
given in Table 3.1. To speed up the train-
ing, only the arbitrarily chosen datasets D01la,
DO01b, and D02 (cf. Table 1.3) are used as a sub-
set. Those are randomly split into a training
and validation subset with a validation ratio
of 20 %. This ratio is a good compromise be-
tween having a large training set and a suffi-
ciently large validation set. Furthermore, the
impact of using image augmentation is evalu-
ated by performing all these experiments with
and without using augmentation in the train-

ing stage.

The results of a training with 80 epochs
are presented in Figure 3.6. As expected, the
total normalization methods perform better

than channel-wise normalization. This makes

ViT backbone

input size 5 x 144 x 144 px
patch size 12 px
hidden size 512

# hidden layers 4

# attention heads 4
intermediate size 512
activation hidden layers GELU
dropout hidden layers 0.02
attention dropout 0.02
MLP neck

layer size 512
layers 3
activation ReLU
normalization LN
dropout 0.2

LDL heads

individual MLP layers 2
individual MLP layer size =~ 256
activation ReLU
dropout 0.8

DS quantization steps 131

DS regression limits [—2.0, 11.0]
DS label distribution std 0.6
Optimizer

algorithm AdamW
initial learning rate 1073
weight decay 0.1

Table 3.1: Model configuration for comparison be-
tween standardization and histogram equalization.

sense, because for DS prediction, an important feature is the difference in reflectance of

spectral bands, thus, the difference in values across channels. When normalizing the im-

age totally by calculation of cross-channel histograms or mean and std, respectively, this

information is preserved, while in the channel-wise normalization it is lost. Neverthe-

less, channel-wise normalization is more robust against calibration errors of the sensor.
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Another remarkable observation is that the standardization method is not only com-
putationally more efficient than histogram equalization, but also performs better. Thus,
the total (cross-channel) standardization method is found to be the best performing nor-
malization method, and is thus used for the SugarViT model. Additionally, the results
reveal that the image augmentation is beneficial for the training process. The effect is low
but visible especially for total standardization and channel-wise histogram equalization.

Thus, all training stages will use image augmentation for further experiments.

training loss (+ aug) training loss (- aug)
4 - - —— total std —— total histeq
9 —— channel std —— channel histeq
o 31 1
)
0 2 - i
1 7 T T T T T T T 7 T T T T T T T

val loss (+ aug)

0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
epoch epoch

Figure 3.6: Results of the standardization vs. histogram equalization experiment. For both methods, total and
channel-wise variants are shown. For each experiment, 10 runs with different seeds are performed. The bold lines
describe the means, whereas the bands are the standard errors of the respective mean. The left plots show the re-
sults using augmentation during training and the right ones without augmentation. For each variant, training loss
(top), validation loss (center), and validation MDOs (bottom) are plotted.

3.5.2 SugarViT Pretraining

SugarViT is pretrained on the environmental data labels. This should prepare the model
for the plant images by learning low-level features of the plant images. The configuration
of SugarViT for both pretraining and finetuning stage is listed in Table 3.2. Please note
that most of the hyperparameters are chosen by educated guesses and are not optimized.
A detailed hyperparameter search experiment would have exceeded the scope of this
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chapter. Since most of the experiments demonstrated here are comparisons, the chosen
hyperparameters are sufficient to show the model’s capabilities.

The results for training and validation loss, as well as the validation MDO are shown
in Figure 3.7. As seen in the training loss component plot, the full KLD loss function is
indeed invariant under the label scale, as described in Section 3.3.1. Without any scaling
parameter, both GDD and NPG labels have a comparable loss, although the scales are
very different. One sees a convergence of the validation MDO at ca. 90 % after roughly
40 training epochs for both GDD and NPG labels. As the best model, the one with the
best validation MDO is taken and used for the further steps. The results for the training
variants with channel dropout and RGB-only information are very similar as shown in
Figure 3.8. Moreover, Figure 3.9 shows the training loss components for both variants.
Again, the results are very similar to the full 5-channel training. Thus, one can con-
clude that the pretraining is robust against missing spectral information during training.
Whether the pretraining was beneficial for the subsequent finetuning regarding conver-
gence speed and prediction quality, is shown in the following section.
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ViT backbone

input size 5 x 144 x 144 px
patch size 12 px
hidden size 1024

# hidden layers 8

# attention heads 4
intermediate size 1024
activation hidden layers GELU
dropout hidden layers 0.02
attention dropout 0.02

MLP neck

layer size 512

layers 3

activation ReLU
normalization LN

dropout 0.2

LDL heads

individual MLP layers 2

individual MLP layer size 256
activation ReLLU
normalization LN

dropout 0.8

NPG quantization steps 100

NPG regression limits [-0.5, 11.5]
NPG label distribution std 0.3

GDD quantization steps 100

GDD regression limits [-5°Cd, 3500°Cd]
GDD label distribution std 100°Cd

DS quantization steps 131

DS regression limits [-2.0, 11.0]
DS label distribution std 0.6
Optimizer

algorithm AdamW
initial learning rate 5x 10~
weight decay 0.1
Learning rate scheduler

strategy cyclic learning rate (linear)
interval step
maximum Ir 1x1073
step size (up and down) 500

mode exponential range
% 0.9999

Table 3.2: SugarViT model configuration for pretraining and finetun-
ing. For pretraining, the labels number of possible generations (NPG)
and growing degree day (GDD) are used. In finetuning stage, the final
label of interest, disease severity (DS), is trained.
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Figure 3.7: Results of the SugarViT pretraining. The top plot shows training loss by epoch separated into the 3 loss
terms (cf. Equation (3.8)) for GDD (blue) and NPG labels (orange). The two plots below show metrics, namely valida-
tion loss (center) and validation MDO (bottom), against the training epoch for both labels.
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Figure 3.8: Validation mean distribution overlap (MDO) by training epoch of the SugarViT pretraining for the chan-
nel dropout (top) and the RGB-only (bottom) variants.
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3.5.3 Comparison Experiments

In this section, two comparison experiments are performed to justify the choices of model
pretraining and using a ViT backbone.

3.5.3.1 Backbone Network

First, let us take a look at the backbone network that gives SugarViT its name—the vi-
sion transformer (ViT). In order to see its benefits, it is compared to another backbone
network that has a comparable complexity regarding the number of parameters. The
ViT backbone has about 51.3 x 10 parameters. A ResNet-152 [52] being similarly com-
plex with 60.2 x 10° parameters and a VGG-19 [134] with 45.7 x 10° parameters serve
as baseline backbones. To preserve compatibility with the 5-channel input images, the
number of input channels in the first layer has to be changed. All other model parts are
untouched, and a full training from scratch with the same hyperparameters as for Sug-
arViT is performed. As Figure 3.10 shows, the model with ResNet-152 backbone trains
substantially faster. However, when it comes to the validation metrics MDO and MAE,
it underperforms SugarViT regarding the best model metrics. Additionally, the ResNet-
152 model seems to be less stable in the metrics due to a volatile behavior beyond roughly
40 epochs. The VGG-19 shows a more stable behavior and a similarly fast training loss
convergence. The plateau in the beginning is due to the apparently too high learning
rate. Since the same training procedure is performed for all models, the learning rate
scheduler is not adapted to the VGG-19 model. Once the learning rate is low enough,
the VGG-19 model starts the actual training. However, it underperforms SugarViT with
about the same benchmarks as the ResNet-152 model.

The findings support statements regarding transformer-based networks demanding
more data and patience in training. However, once the data amount is sufficient, they
are indeed able to outperform convolution-based networks even with lower network
complexity like—in this case—with about 15 % fewer parameters in comparison with
ResNet-152. Nevertheless, the fast training behavior of ResNet-152 and VGG-19 suggests
that using them for use cases with limited data and resource availability is still a good
choice.
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Figure 3.10: Comparison of backbone networks. Non-pretrained models for prediction of DS are trained using dif-
ferent backbones. The blue lines show the SugarViT model with ViT backbone, whereas the orange lines show the
same model but with a ResNet-152 backbone. Green lines show it with a VGG-19 backbone. Training loss (top), val-
idation MDO (center) and validation MAE (bottom), against the training epoch are presented.

3.5.3.2 Pretraining

Now, the training and validation metrics of the pretrained SugarViT compared to a non-
pretrained model that is trained “from scratch” are discussed. Also, the results for the
two training variants mentioned in Section 3.5 by using channel dropout or only RGB
information during training are shown. For channel dropout, the validation is done
without channel dropout—as for the other methods—in order to preserve comparabil-
ity. Some performance plots are shown in Figure 3.11. During the training process, all
training loss components converge to similar values, whereby the pretrained models
converge, as expected, substantially faster. The validation loss shows similar behavior.
In addition, a slight overfitting can be observed for all trainings, as the loss is increasing
after reaching a minimum at about epochs 10 — 15 for the pretrained and about epochs
50— 80 for the non-pretrained models. The overfitting cannot be observed in terms of val-
idation MDO. For both validation loss and validation MDO the pretrained models reach,
besides the faster convergence, slightly better values compared to the non-pretrained
models. Overall, the convergence for the channel dropout training is tendentially slower
than for the RGB-only and even slower compared to the full model. However, there is
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no significant benefit visible of using channel dropout during training. Apparently, the
model already uses cross-channel information sufficiently well. “Distracting” the model
from single-channel traits by randomly canceling out single-channel information seems
to be not required.

All in all, a stable and well-performing preprocessing method is determined and
has assured that choosing a ViT backbone and pretraining the model on environmental
data is beneficial for the model performance. The model has the capability to use the
multispectral information across channels and is able to learn the low-level features of
the plant images. However, the model is only evaluated on the validation dataset so far
which is, being a random subset of the training data, quite similar to the training data.
In a next step, the SugarViT models are evaluated on unseen test data that is completely
unknown by the model, in order to see the generalization capabilities of the approach.
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Figure 3.11: Comparison of the pretrained and non-pretrained SugarViT model. The top plot shows training loss
by epoch separated into the 3 loss terms (cf. Equation (3.8)). Blue lines show the loss components by epoch for the
non-pretrained model, orange lines show the ones of the pretrained SugarViT model. The two plots below show
metrics, namely validation loss (center) and validation MDO (bottom), against the training epoch. Solid lines show
the pretrained, dashed lines the non-pretrained model. The colors denote the three different model variants.
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3.5.4 Evaluation on the Test Dataset

Conclusively, the test dataset DO7b (cf. Table 1.3) is used to evaluate SugarViT on
unseen data. Although stated that the MAE is not an appropriate metric for the DLDL
approach in SugarViT, it can give some insights on the prediction quality in the field
usage, since the expectation value of the predicted label distribution is used as the overall
model prediction. When analyzing large numbers of plants, the actual predicted label
distribution is not as interesting as the actual expected DS value. The purpose of the
distribution itself is more of interpretational nature in order to find weaknesses of the
model predicting the plant traits of choice. Thus, recap that the MAE of N DS predictions
is given by

MAE(DS) =

-

‘ DStrue (xz) - DSpred (XZ)

(3.11)
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Three model adaptations, i.e., with using all information, with using channel dropout
during training, and with only using RGB channels, are evaluated; each of them with
and without using pretraining. Certainly, recognitions can still be incorrect. However,
one can apply some techniques to reduce the errors. For instance, the input can be aug-
mented and the average of all augmented inputs is used as the final prediction for the
augmented image. One could use any augmentation that is also used during training.
However, “simple” augmentations like mirroring and rotation in order not to reduce the
performance, i.e., inference time or usage of computational resources too much should
be enough. Thus, one single image is augmented into 8 instances in total. Since the
model outputs are PMFs, one can just add them and renormalize them by dividing by 8.
Please note that using this augmented evaluation is always a tradeoff between prediction
robustness and inference time or computational effort. Thus, it is only recommended to
use this technique, if enough resources are available in order to guarantee a performant
workflow.

As stated in Section 3.5.3, overfitting is observed in the validation loss, while the
MDO is still increasing. Therefore, the training variants are evaluated by their best mod-
els with regard to both metrics separately. It can be observed that the models with the
best validation MDO, respectively, perform slightly better in test data evaluation. Appar-
ently, MDO and the KLD-based loss have different objectives. Thus, the “better” model
is in fact an ambiguous term. Here, we define the model with the better MAE as the
better model. According to that, the MDO seems to be more sensitive to mean shifts of
the distributions, while the KLD loss tends to be more sensitive on variance shifts. Those
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findings indeed open a discussion of using other training loss metrics like Wasserstein
distance but, however, this is beyond the scope of this chapter. Table 3.3 shows the MAE
and MDO values distributed in each true DS label for the models with the best valida-
tion MDO. For comparison, Table 3.4 shows the same values for the models with the
best validation loss. In all evaluations, the augmentations mentioned above are used.
The most remarkable observation is that all models show performance shortcom-
ings for plants with intermediate DS. A reason might be the limited amount of training
data in comparison to DSs that occur far more frequent. A weighted sampling as men-
tioned above tries to cope with this imbalance. However, the augmented data surely
is not “new” data in the actual sense. Unfortunately, those intermediate DS scores are
also the most ambiguous ones due to possible bias by margin of (human) interpretation
and evaluation. Moreover, the importance of the two non-RGB channels is visible since
the RGB-only models have a weaker performance in nearly all DS categories. This agrees
with the expectation since the symptoms of the CLS disease are mostly visible in the non-
optical spectrum, especially in the near-infrared channel. Thus, the NIR and REDGE
channel (cf. Table 1.2) carry valuable information and the experiments show that it is
indeed worth using multispectral imaging in favor of ordinary RGB imaging. Another
remarkable result is that, apparently, the model channel-dropout does not show signif-
icant improvement in terms of generalization to unseen data. It outperforms the fully
trained model in only a few DSs. In difference to the evaluation on validation data, the
non-pretrained models outperform the pretrained ones in most cases for the test dataset.
This is quite notable and opens the discussion if the pretraining possibly leads to a slight
overfitting to the data and gives another hint about the importance of generalization,
especially in agricultural-related use cases. Nevertheless, the idea of pretraining is still
important, since training times can be reduced by adaption of one trained backbone to
multiple labels of interest. Additionally, in use cases with low data coverage, finetuning
existing, pretrained models might be the only way to get performant prediction models.
For the usage of SugarViT in the field, there are still some points to mention regard-

ing further prediction improvements that are discussed in the next section.
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True DS Non-pretrained Pretrained
Full Ch. Dropout RGB | Full Ch. Dropout RGB
-1 0.08 0.12 0.10 | 0.11 0.11 0.09
0 0.09 0.06 0.11 | 0.04 0.08 0.05
1 0.23 0.23 0.27 | 0.23 0.23 0.22
2 0.79 0.65 0.77 | 0.74 0.76 0.70
3 0.86 0.84 1.06 | 0.94 0.93 1.16
4 1.28 1.23 1.06 | 1.34 1.05 1.08
5 0.86 0.86 091 | 1.00 0.70 0.75
6 0.97 0.80 095 | 0.93 0.81 0.72
7 0.88 0.93 1.05 | 0.93 0.95 0.99
8 0.99 1.02 1.22 | 1.00 1.12 1.35
9 1.10 1.17 1.22 | 1.17 1.19 1.55
10 0.80 0.91 1.17 | 1.14 1.25 1.20
Total 0.46 0.43 0.50 | 0.46 0.45 0.46
Total (corr.) | 0.74 0.73 0.82 | 0.80 0.76 0.82
(a) Mean absolute error (MAE).
True DS Non-pretrained Pretrained
Full Ch. Dropout RGB | Full Ch. Dropout RGB
-1 95.53 93.84 94.57 | 94.02 94.05 94.95
0 94.03 94.51 93.22 | 95.55 94.75 95.14
1 87.36 87.14 84.86 | 86.26 86.49 85.70
2 57.53 62.52 57.19 | 59.07 58.08 61.08
3 60.56 58.49 52.26 | 56.48 54.69 48.18
4 4410 45.09 52.28 | 41.59 50.73 50.16
5 59.18 57.77 56.03 | 53.79 64.96 60.23
6 53.53 60.84 52.67 | 54.63 59.27 61.86
7 57.34 53.78 52.76 | 56.93 53.47 52.12
8 53.61 52.01 45.01 | 53.69 48.33 40.48
9 55.28 53.11 53.41 | 55.74 54.89 42.68
10 71.81 66.66 59.36 | 58.24 57.35 61.52
Total 76.89 77.53 74.64 | 76.28 76.50 75.83
Total (corr.) | 65.74 65.48 62.80 | 63.83 64.75 62.84

(b) Mean distribution overlap (MDO) in %.

Table 3.3: Evaluation metrics for the model with best validation MDO on the test dataset separated by true DS
value. Below the single DSs, the metrics for the full dataset are listed, both with and without correcting for the label
abundance.
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True DS Non-pretrained Pretrained
Full Ch. Dropout RGB | Full Ch. Dropout RGB
-1 0.11 0.11 0.15 | 0.15 0.13 0.15
0 0.03 0.05 0.06 | 0.02 0.03 0.06
1 0.43 0.35 0.33 | 0.34 0.22 0.33
2 0.60 0.77 0.77 | 0.82 0.86 0.77
3 0.83 1.01 1.29 | 1.09 1.11 1.29
4 1.10 1.38 1.15 | 1.33 1.28 1.15
5 0.78 0.76 0.79 | 0.83 0.76 0.79
6 0.84 0.73 0.86 | 0.84 0.68 0.86
7 0.90 0.84 1.01 | 0.85 0.86 1.01
8 1.15 1.13 1.28 | 1.13 1.18 1.28
9 1.24 1.15 148 | 1.25 1.32 1.48
10 1.17 1.02 1.35 | 1.32 1.02 1.35
Total 0.54 0.51 0.57 | 0.53 0.46 0.54
Total (corr.) | 0.76 0.77 0.88 | 0.83 0.78 0.87
(a) Mean absolute error (MAE).
True DS Non-pretrained Pretrained
Full Ch. Dropout RGB | Full Ch. Dropout RGB
-1 93.41 93.47 92.63 | 92.39 93.06 92.75
0 95.95 95.35 93.24 | 95.74 95.52 95.38
1 76.67 80.97 79.28 | 83.49 87.05 82.01
2 66.30 53.17 56.24 | 56.22 54.29 58.85
3 58.58 55.21 47.08 | 49.23 47 .41 44.30
4 49.20 40.97 46.88 | 41.70 42.22 49.99
5 59.67 60.63 58.11 | 56.14 58.42 56.27
6 57.48 62.04 58.90 | 56.05 63.71 54.76
7 54.66 54.78 4797 | 56.14 53.15 48.59
8 47.21 45.52 43.51 | 47.47 44.69 42.17
9 53.11 56.11 4279 | 51.24 47.89 45.32
10 58.76 62.53 49.01 | 52.53 63.85 55.34
Total 72.19 73.74 70.90 | 73.96 75.89 72.85
Total (corr.) | 64.25 63.90 59.64 | 61.53 62.61 60.48

(b) Mean distribution overlap (MDO) in %.

Table 3.4: Evaluation metrics for the model with best validation loss on the test dataset separated by true DS value.
Below the single DSs, the metrics for the full dataset are listed, both with and without correcting for the label abun-
dance.
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3.5.5 Application in the Field

Figure 3.12: Exemplary application of SugarViT for disease severity prediction on unseen UAV data. Each prediction
is completely independent of its surrounding predictions. The model shows a highly consistent prediction behavior.

Frameworks like the one presented in Chapter 2 help to extract the plant positions
and single images for large-scale UAV image data. Thereafter, the trained SugarViT
model can be applied for new field experiments, enabling fast large-scale DS annota-
tions.

Figure 3.12 shows an exemplary application of SugarViT to a test dataset image us-
ing the described augmented evaluation. However, the model does not consider tempo-
ral and spatial dependency between the plant images so far. The error rate could further
be reduced by correcting single “obvious” outliers that do not fit into the temporal and
spatial vicinity of the other plants. Additionally, SugarViT has the advantage to actually
output a label distribution. Since the (fixed) training label std oy, is known for the
trained model, one can compare the std of the output (assuming a normal distribution)
Opred With it in order to see, how “confident” the model is in its prediction. Thus, for
each output, a “confidence”

g
gi= 2 (3.12)

Otrain
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that is 1 for an exact conformity of stds can be defined. For values ¢ > 1, the model is
more and more unconfident, whereas for values 0 < ¢ < 1, the model is over-confident in
its decision. However, please note that this is no proper confidence in a statistical sense,
since the expectation value could still be completely wrong. Since the expectation value
in an unlabeled dataset is unknown, this purely std-based value is a rather imprecise
yet helpful measure of the model’s confidence. Nevertheless, this value can serve as a
“warning message” in a deployed model that indicates the necessity to cross-check the
model output with the estimation of a human expert. The expert could then correct the
model output and complicated examples can be identified and used for retraining the
model. Thus, the confidence measure and, in the end, LDL enables the possibility for
a continuous learning process which is commonly referred to as Active Learning with
human feedback.

In order to provide integrity and usability of the model in the field, it is important
to have interfaces to widely used software and data formats. For instance, the libraries
GeoPandas and rasterio can be used to load orthoimages and plant positions as geopackage
or similar files in order to evaluate models on them. Afterward, the prediction can be
exported again to geopackage format or, for instance, as Pandas DataFrame objects. Thus, an
interface to widely used geographic information system (GIS) software that is frequently
used for georeferenced image data is provided.

3.5.6 Attention Maps

Due to the fact that the backbone of SugarViT is based on the attention mechanism
(cf. Section 1.2), one can analyze and—ideally—interpret which image features are more
or less important to the model’s decisions. As already described in Section 1.2, one help-
ful visualization method for that are so-called attention maps. Roughly spoken, attention
maps can visualize, “where the model looks at”. The ViT backbone in SugarViT consists
of 8 attention layers, with 4 attention heads each that can in principle be trained to focus
on completely different features. In order to accumulate the attention maps of each sin-
gle layer to one overall map, the technique of attention rollout [1] (cf. Section 1.2.5.3) is
used. Figure 3.13 shows the result for one randomly chosen image from the validation
dataset per DS class. A main observation is that SugarViT indeed focuses on the plant
itself and not, e.g., on the amount of visible soil around it. This is particularly visible for
the DS 0 example. Additionally, one observes that the model focuses on multiple image
regions that seem to be complementary for the decision-making process, which is ex-
actly the power of the attention mechanism compared to CNNs. CNNs learn filters that
are applied on the whole image. Thus, relations between pixel values can only be cov-
ered locally. The attention mechanism allows connecting those local features with other
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distant image regions and, thus, is considered to have more power of “understanding”

the image as a whole.
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RGB joint layer O layer 1 layer 2 layer 3 layer 4 layer 5 layer 6 layer 7

Figure 3.13: Attention maps for an example image per DS class. The first column shows the original input image
in its RGB representation. The second column is the joint attention map after performing attention rollout [1]. The
following columns are the attention maps of each of the 8 attention layers in SugarViT.
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3.6 Discussion

This chapter shows that simple normalizing methods like standardization can already
outperform more sophisticated and expensive normalization methods like histogram
equalization (cf. Section 3.5.1). For the DS estimation use case—where spectral dif-
ferences carry much information—a total standardization leads to better results than
a channel-wise standardization. However, it has to be stated that the image data has
been calibrated by a reflectance panel during acquisition, so the spectral information is
directly comparable. Thus, if the data cannot be calibrated for any reason, the channel-
wise standardization may be a good choice, since it also leads to acceptable prediction

qualities.

The comparison experiments have further revealed that—if enough data is
given—using a ViT backbone is a good choice. However, for lower data availabilities,
also convolution-based backbone networks can reach comparable performances. Fur-
thermore, it is observed that beyond-RGB imagery is beneficial for the prediction of DS
in sugar beet plants. This supports the findings of [89] and shows that image informa-
tion in non-optical bands improves the prediction quality. The ViT backbone is able to
use the additional information since the use of channel dropout during training does not

show significant improvements in the prediction quality.

Lastly, the pretraining on environmental metadata turns out to be beneficial for the
final prediction quality as well as the training speed (cf. Section 3.5.2). Accumulating
environment-related features like GDD and NPG contains information regarding the
plant growth stage and the disease stage, respectively, while being robust against sea-
sonally varying weather conditions. Thereby, different harvest seasons with very con-
trasting weather conditions become comparable. Additionally, the pretraining, environ-
mental annotation, and the subsequent finetuning on the annotation of interest can be an
approach for further generalization even on smaller datasets. The pretrained ViT back-
bone can be seen as a fixed, plant-image-aware feature extractor that has learned plant
specific traits. On top of that, a smaller model can be trained for different annotation pur-
poses, which accelerates and improves the training procedure substantially. Nowadays,
this concept is used in so-called foundation models (FMs) where a large, versatile model
is trained to recognize general patterns and is used in a multi-task fashion. For specific
tasks where the model size of the FM would exceed computational resources for local
training, smaller models can be trained on the basis of the large model. Pretraining also
enables the usage of large-scale image data. Even if, for instance, only few data is labeled
with expensive human-expert annotations, the unlabeled majority of the data can still
be used in a pretraining stage unfolding the full potential of the collected data. If data

labeling originated from multiple human experts that may have ambiguous estimations
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or assessment guidelines, the usage of LDL is able to incorporate detailed uncertainty
information in training process and, finally, in the model.

The use of attention mechanism instead of convolutional networks turns out to make
sense in this use case because of the long-distance relations of leaf spots. The inter-
pretability of resulting attention maps on single instances is often questionable. How-
ever, they can reveal if the model focuses on the right regions and features itself rather

than on spurious correlations.

3.7 Interim Conclusion

Generalization to data from unseen fields with unseen weather conditions and climate
is certainly one of the most challenging questions in data-driven machine learning ap-
proaches in agriculture. The findings in Section 3.5.4 emphasize that. The available data
in this work already comprises 4 growing seasons but only from some locations in Cen-
tral Germany. Whether the model performs comparably well in other regions is at least
questionable. Nevertheless, a model that is at least locally accurate already has a high
value for increasing the efficiency of DS assessment. Extrapolation to other environ-
mental conditions is challenging, but interpolation on the same field has the potential to
save valuable expert working time in the field, where the model can complement a few
spot-wise expert annotations on the whole field. As seen in Section 3.5.4, the high data
imbalance and label ambiguity still remain challenging, even with weighed sampling
and LDL, respectively. The disease assessment in individual objects as plants is hard
to standardize and schematize by exemplary images as, for instance, in the case of CLS.
Therefore, it is important to have a model that incorporates label uncertainties and is

transparent in its prediction uncertainties, like in SugarViT.

With this large-scale DS assessment available, further challenges regarding disease
assessment can be tackled. The retrieval of DS complemented by further environmental
sensors enables, for instance, detailed investigations on disease spread and its modeling.
Consequently, the approach could also find application in terms of disease control by, for
instance, punctual application of pesticides, lowering costs and environmental impact.
Perspectively, the concept behind SugarViT could also be applied in a wide variety of
other use cases in the field of UAV-supported phenotyping. [7, 25, F, 160]

If SugarViT is seen as a general framework for plant-related image-based regression
tasks, the model can be adapted to a wide variety of use cases in precision agriculture.
Indeed, there is potential to extend SugarViT to other crops and diseases that would
make it sufficiently versatile to be called an FM. This could be some follow-up work
if enough data is available. Additionally, the model could be extended to a multi-task
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learning approach where multiple annotations of interest are predicted at once. Thereby,
SugarViT could profit from its interrelation facilities.
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Disease Spread Modeling

The concept of this chapter is inspired by the publication [B]. However, many parts
of it have been significantly reworked and extended for this dissertation. In the previ-
ous publication, my contribution included the conceptualization of the disease spread
modeling workflow, the design and implementation of the software, conducting the ex-
periments, and writing the manuscript. The publication was a collaboration with col-
leagues from the Institute of Sugar Beet Research (IfZ) in Gottingen, where the data was

acquired and prepared.

4.1 Introduction

Over many years of agricultural research, extensive knowledge of phytopathology and
plant epidemiology has been accumulated. [86] For efficient pesticide application and,
thus, sustainable handling of environmental resources, precise knowledge about crop
diseases and their dynamics is essential.

In the past, many small-scale, empirical studies in controlled environments like [ 12—
14] were conducted. They serve to improve understanding of the pathogen and to es-
tablish a relationship with easily measurable parameters such as temperature, humidity,
etc. However, controlled environments are a substantial simplification of reality that
comes with biases and errors which can now, at least in part, be addressed with param-
eters obtained by remote sensing (RS). This technology furthermore allows researchers
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to consider spatial variables and incorporate the heterogeneity of environments. [F, 7,
101, 118] Accompanied by the progress in computational resources, data analytics, and
the success of artificial intelligence (AI) in many disciplines, the field commonly known
as precision agriculture was born. [100, 136] Nowadays, mostly classical machine learn-
ing (ML) methods like support vector machines (SVMs) and Random Forests, but also
some more advanced methods like convolutional neural networks (CNNs) are used in
a wide range of agricultural applications focusing on RS and geoscience. [6, 78]

In phytopathology, however, one of the major challenges is the complexity of inter-
actions between plant organism, pathogen, pesticide, soil, climate, etc. Many processes
are difficult or impossible to observe directly or show unpredictable behavior, especially
when transferring insights from controlled /in-vitro environments to real-world /in-vivo
applications. This is why phytopathological models need to incorporate lots of diverse
observables and parameters to yield precise outcomes.

Although the approach is rather generic, it is discussed here in the context of the
disease incidence and spread modeling of the fungal disease Cercospora leaf spot (CLS)
in sugar beet field experiments. CLS—caused by the fungus Cercospora beticola Sacc.—is
the most important and impacting foliar disease on sugar beet [119, 148]. This is why
various studies have been conducted about spread modeling and prediction of CLS on
sugar beet [ 34, 145, 155]. Additionally, so-called negative prognosis models have already
been developed and are used for the prediction of CLS infections based on environmen-
tal and easily accessible field data [115, 124]. In those infection models, many results
of the empirical studies and systematic correlations are successfully used. However, the
mentioned studies lack an analysis of the heterogeneity of the microclimate and none of
them consider information on the landform configuration and the state of development
of the plants.

This chapter aims to leverage contemporary ML methods to enhance pure simula-
tion models. It proposes a workflow and a modeling approach that unifies an agent-
based simulation driven by empirical phytopathological knowledge with a data-driven
ML model. In the end, the model should simulate a field and the disease spread dy-
namics of generic plant-pathogen-combinations. Furthermore, the workflow facilitates
the use of unmanned aerial vehicle (UAV) image data for the generation of large-scale
epidemiological datasets. Together with other data extraction and learning workflows
from UAV imagery as in Chapters 2 and 3, one can use large-scale data for precise predic-
tion of disease spread dynamics and adaptation to local conditions, while having flexible
models that can be generalized to various plants and diseases. An important first step
towards this goal has already been made in [H], where a hybrid modeling approach
combining mechanistic and data-driven methods for CLS epidemiology is elaborated.
Now, this work is extended by a more sophisticated ML model architecture and a more
generic modeling approach.
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The following spread modeling makes use of the data introduced in Section 1.5. Pre-
cisely, the datasets D03, D06, D07, D08, and D09 are used. For more details on the data,
see Table 1.3. Additionally, the results from the previous chapter about disease severity

prediction using the SugarViT model will serve as input for the spread modeling.

4.2 Plant-specific Parameters from Empirical Knowledge

In addition to image-based data acquisition, which is relatively novel compared to the
long history of agricultural research, there is a large body of empirical knowledge that
has been available for decades. This work explicitly wants to make use of these data
sources to guide and support the machine learning techniques. Today, many phytologi-
cal and phytopathological processes are well-understood, even if their particular obser-
vation usually is challenging.

Firstly, the concept of thermal time [84] is used. Non-plant-specific measures like
growing degree day (GDD) [28] or the reference evapotranspiration (ETo) [3] can be
calculated by using the environmental data (cf. Table 1.1). For GDD, the calculation
from Section 3.2.1 and Equation (3.1) is reused. As an extension to that, the ETo is
a more sophisticated measure including more weather parameters to estimate the net
evapotranspiration of a reference surface. It describes the total water consumption of a
plant, considering evaporation and transpiration. Since it uses a reference surface, it is
a non-crop-specific parameter for plant growth and can be estimated by the so-called
Penman-Monteith equation. [3]

Another usable high-level parameter is the plant development stage in BBCH
scale [94, 103, 164]. BBCH is an acronym of Biologische Bundesanstalt fiir Land- und
Forstwirtschaft, Bundessortenamt und Chemische Industrie and is a standardized scale
to describe the phenological development of plants. It is structured in principal growth
stages and secondary growth stages. For sugar beet, the principal growth stages range
from 0 (germination) to 9 (senescence). Each principal growth stage is further divided
into secondary growth stages ranging from 0 to 9, resulting in a two-digit code. Since the
plant development is highly dependent on environmental conditions, one can estimate
the development stage by using the GDD [56, 103]. For numerical reasons, the discrete
classes are transferred into a continuous scale by using a cubic spline interpolation. Fig-
ure 4.2 shows the relation between GDD and the BBCH development stage for sugar
beet.

These parameters are used cumulatively, i.e., they are summed up from the day of
sowing until the actual day. That way, they can be treated like a “phytological time”,
since they account for environmental conditions throughout the harvest season. Thus,

different harvest seasons of years with different environmental conditions become more
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Figure 4.1: Comparison between Julian day number (JDN) and the growing degree day (GDD) (top) and refer-
ence evapotranspiration (ETo) (bottom) used as “phenological time”. Different lines represent the daily mean of all
datasets used in this work. The transparent bands represent one standard deviation (std). The starting point of the
accumulation of GDD and ETo is different among the datasets, which is why the curves start at different JDN. How-
ever, the slopes of the curves are quite similar, making “phenological time” represented by GDD and ETo a well-suited
substitute for physical time.

comparable. This is why physical time is replaced with those measures for the analyses
in this work. Figure 4.1 shows the relation between the Julian day number (JDN) and
the parameters GDD and ETo. One can clearly see that the starting day of accumulation
is different among the datasets and years. This is due to different weather conditions
and sowing dates. However, the slope of the cumulative GDD and ETo is quite similar
among the datasets, which means that the environmental conditions are comparable
when using those measures instead of physical time.

Secondly, there are plant-specific parameters that mostly account for the potential
phenological development, for instance, growth stage, of individual plants. From Sec-
tion 2.4.2.3, one can derive the soil cover ratio of the field and transfer it to the single
plant images. It serves as a proxy for the plant size and, thus, its growth stage, espe-
cially before canopy closure, which is the time when 90 % of beet plants in adjacent rows
begin to touch or overlap [157]. From this value, one can then derive the plant radius, if
the sowing distance is given. Here, it is d = 24 cm for all experiments, so that the plant
radius r, can be calculated by

ry(t) = — (4.1)
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Figure 4.2: Relations of cover ratio, plant radius (top), and leaf stage (bottom) versus growing degree day (GDD). For
the cover ratio curve (top) and the conversion to plant radius, the growth function proposed in Section 2.4.2.3 is used.
The red dots mark the transition points of the leaf stage classes givenin[103] (bottom). Both values can be simulated
stepwise for each day, since the cumulative GDD or ETo can be calculated by each day’s environmental parameters.

where ¢(t) is the cover ratio function (cf. Equation (2.5)). The division by 95 % is due
to the empirically found maximum cover ratio in the regression experiment. Another
parameter aiming to quantify the plant development in the so-called leaf stage of sugar
beet [56]. It is represented by classes between V1 and V'10. Definition details of the class
definitions can be found at [103]. In this work, the discrete classes are converted into a
continuous scale by spline interpolation of its relation to GDD given in [103]. Figure 4.2
shows the relation of cover ratio, plant radius, and leaf stage with GDD.

Thirdly, disease-specific parameters like infection probabilities, incubation and fruc-
tification periods, as well as daily spore production (DSP) for CLS investigated mainly
in controlled environments are available from various sources [12, 13, 124, 154, 155].
Two essential time periods in the disease development of CLS are the incubation and
fructification time. The incubation time is defined as the time period from the infection
to the time, when first symptoms are visible. The fructification time is defined as the
time from the infection to the time, where the conidia (or spores) of the fungus begin to
spread [12]. For the use with variable environmental conditions, the absolute incubation
and fructification times are translated into cycles. The principle is as follows: let T'(d, h)
be the temperature of a day d and each hour h. For each of these hours, the inverses of
the incubation and fructification time ¢, ¢.,+(1'(d, h)) are calculated and accumulated.
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Figure 4.3: Functional relations between temperature, relative humidity, and disease development. The above plot
shows incubation and fructification time versus temperature from [12]. Below 12 °C and above 37 °C, fructification
was not observed. Thus, the fructification time is infinite in these domains. The bottom plot shows the relation be-
tween relative humidity and the spore production from [13]. The spore production increases exponentially with rel-
ative humidity. For determining the daily spore production (DSP), the hourly values are averaged over the day.

One incubation/fructification cycle is completed when the sum adds up to 1. Hence, for

the incubation/fructification cycle (. /gyt (d) at day d, it is

1

d
ginc/fruct<d) = 21: t (T(d7 h)) ‘

h=1 Uinc/fruct

(4.2)

Figure 4.3 shows the used functional relations between the temperature and the
fructification and incubation time as well as the relation between relative humidity and
the DSP. Moreover, [154] introduced a daily infection value (DIV) that counts the num-
ber of hours with a relative humidity > 90 % and uses the average temperature during
those hours to calculate a risk category for the considered day. The DIV will be used as
an input for the model as well. Table 4.1 summarizes all the used plant parameters along

with references for their calculation.
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Parameter (Symbol) Unit Reference(s)

Growing degree day (GDD) °Cd [56,103]

Reference evapotranspiration (ETo) mm/d [3]

Sugar beet plant development stage ordinal, BBCH [56, 94, 103, 164]
Estimated cover ratio (c) %o derived from Chapter 2
Estimated plant radius (r,,) cm derived from Chapter 2
Disease severity (DS) ordinal [E]

Incubation period / cycle (i) h/- [12], Equation (4.2)
Fructification period / cycle (gyct) h/- [12], Equation (4.2)
Daily infection value (DIV) ordinal [154]

Daily spore production (DSP) 1/(cm?d) [13]

Table 4.1: Plant parameters structured by non-plant-specific (top), plant-specific (middle) and disease-specific (bot-
tom) variables. The right column refers to the source(s) used to estimate or calculate the respective parameter.

4.3 Estimation of Infection Date
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Figure 4.4: Exemplary visualization for the retrieval of the infection date. The punctual severity predictions of the
SugarViT model (cf. Chapter 3) (blue dots) are fitted by an exponential function (orange line). The intersection with a
disease severity of 1.5 (green line) is identified as the incubation time (red dashed line). Starting from this point, one

retrieves the infection point (red solid line) by backtracking the incubation cycle.

Obviously, for training an infection model, one needs to have the infection day of in-

dividual plants. However, the date of infection is not visible directly. Visible symptoms

of the CLS disease only emerge after the incubation period has passed. Thus, the visual

severity annotation from Chapter 3 can help identify the incubation date. Because the
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incubation cycle is tracked, one can propagate back to retrieve the infection date. Conse-
quently, the retrieval strategy is as follows: first, take the disease severity (DS) prediction

from SugarViT and perform an exponential fit with the function
t
DS(t) := Aexp—+0b, (4.3)
T

where A, 7, and b are fit parameters. First visible symptoms of CLS can be seen between
DS 1 and 2. Therefore, the incubation date t;,. is determined by

1.5—0b
1

tine = Tlog (44)
Counting the incubation cycle from the day of sowing—i.e. pretending that the plant is
infected at its sowing—one evaluates the cycle values at the incubation date and sub-

tracts one cycle. Hence, at the infection date ¢, it is

Cinc (tinf) = Cinc (tinc) —1. (45)

Given that, the date where (.. is closest to the calculated value is defined as the date of
infection. Note that the JDN is taken here again. Figure 4.4 summarizes the infection

date retrieval strategy visually.
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Figure 4.5: Infection map for the D06 dataset. The plant positions are colored by their day of infection. The sowing
day is considered d = 0. The coordinates are given in universal transverse Mercator (UTM) coordinate system
centered at the experimental field.



4 Disease Spread Modeling 4.4 Gathering the Infection Data

Performing this calculation for each plant in the field experiments results in a first
estimation of the daily disease spread dynamics. It can be nicely summarized by an in-
fection map showing the plant positions colored with the corresponding infection date.
Figure 4.5 shows such an infection map for the D06 dataset. One can even see the differ-
ent treatments of the—in this case—12 subplots.

4.4 Gathering the Infection Data

The problem of the hidden infection date is solved and the temporal infection dynamic
of the plants is unraveled. In the following, the plant that is to be examined for possible
infection is called the ego plant. Now, the challenge is to identify plant-to-plant infection
data from the infection maps. Simply put, one cannot know with certainty which neigh-
bor plant in particular infects the ego plant from raw data. Moreover, there is also the
possibility that the ego plant gets infected without any infected neighbors. A reason for
this might be that the pathogen is already in the soil—from previous seasons or due to
inoculation in experiment sites—and the environmental conditions are favorable for an
infection, i.e. high infection pressure. By construction, the simulation model knows the
incubation and fructification cycles of each plant agent. Thus, the information which
neighbor plants are in which infection stage is inherently available. Given the infection
maps one can iteratively generate datasets for an ML training by extracting the envi-
ronmental data at the ego plant and the relevant plant-specific parameters for ego and
corresponding neighbor plants.

Of course, the spatial structure of the field has to be mapped in the data as well.
Since all locations of the plants including their elevation are available, one can calculate
the relative position vectors of each neighbor plant with respect to the ego plant. This
way, the model can gain a spatial understanding by using information about the spatial
distribution of the neighbor plants. All in all, the following data are gathered for the

infection model:

e Hourly environmental data at the ego plant at day d.
Temperature [°C], relative humidity [%], wind direction [°], wind speed [m/s],
precipitation [mm], global radiation [W/m?], leaf wetness [ %], spore concentration
[ng]

e Daily plant-specific parameters of the ego plant at day d.
Plant development stage [interpolated BBCH as function of GDD], cover ratio [%],
reference evapotranspiration (ETo) [mm/d], growing degree day (GDD) [°Cd],
Plant radius [cm], Number of fungicide applications until day d [count], daily in-
fection value (DIV) [ordinal |
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e Daily plant-specific parameters of the neighbor plants at day d.

Plant development stage [interpolated BBCH as function of GDD], cover ratio [%],

reference evapotranspiration (ETo) [mm/d], growing degree day (GDD) [°Cd],

Plant radius [cm], Number of fungicide applications until day d [count], Cer-

cospora leaf spot (CLS) incubation cycle [cycles], Cercospora leaf spot (CLS) fruc-

tification cycle [cycles], daily spore production (DSP) [1/cm?]

e Relative coordinates of the neighbor plants with respect to the ego plant [m].

e Binary infection label whether the ego plant got infected on day d or not.

In the next section, the infection modeling approach is concretized systematically.

4.5 Agent-based Infection Simulation Model

From the insights above, it be-
comes clear that at least some
processes inside single plants are
well described and readily quan-
tifiable. However, interactions of
the plant with many other in-
fluencing factors like soil, envi-
ronment, other plants, etc. are
complex which makes the model-
ing of infection probabilities chal-
lenging. As an initial model-
ing step, the modeling approach
is structured as an agent-based
setup sketched in Figure 4.6.
Each plant is an agent in a field
which itself is part of the envi-
ronment and has a fixed location
and parameters that are inferred
by sensor measurements. These
sensors are also located in the
field, have a location, and mea-
sure a certain quantity. Their

measurements are steered by the

control

S

disease

infection model

K

application date DS hazard
dose inc./fruct. cycle
DIV
e B
plant
sensor weather
- r\
Al o
location
leaf stage location station data
cover ratio measurand simulation
plant radius
. J
field
environment

Figure 4.6: Generic interaction principle of the modeling approach.
The plants are agents in a field and an environment that get sensor
measurements and can have a (controlled) disease. Beside these parts
of the model that can be simulated, machine learning (ML) is used to
build aninfection model that learns the complex interactions between
plants, disease, and environment to predict the infection hazard.

weather, which is part of the environment as well. A disease is modeled as an attribute

that a plant can have. It has its own parameters that are also measured or calculated
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by sensors. Moreover, a disease control agent can influence the disease in its severity or
spread dynamics.

Up to this point, all agents have deterministic attributes that can be calculated or ac-
cumulated for known (local) environmental conditions. So theoretically, all those agents
are simulatable in a certain setup. The interaction point that is not easily simulatable is
the infection model itself. In the modeling paradigm, the infection model gets plant pa-
rameters and sensor measurements in order to calculate an infection probability. Once
having this probability, one can again simulate a random process and, if an infection
happens, instantiate the disease on the newly infected plant. Furthermore, multiple in-
fections are not assumed to make the disease more severe. Hence, once a plant has been

infected, it cannot be infected with the same disease again.

4.6 Infection Hazard Modeling

Now that the modeling approach is structured, the infection model is concretized math-
ematically. First of all, a set of rules and nomenclature for the infection model is defined

as follows.

R1 The ego plant has a limited spatial neighborhood choosing the K nearest neighbors
by Euclidean distance.

R2 The infection model should consider a temporal window by choosing a reversed-
time window of D latest days starting from the current day d going to the past
including “today”. Hence, the window is D, := {d,d—1, ..., d— D+ 1}. For
d < D, the window is truncated or padded accordingly. This modeling assumption
is known in statistics as finite-memory, or D-step Markov, assumption [102,116]. Par-
ticularly in plant disease modeling, it has been shown that infection events mostly
depend on recent environmental conditions [53, 71, 124, 154 ] justifying this assump-
tion of a limited window. Furthermore, let D, := {1, 2, ..., d.,} be the complete

observation period with d,,, being the last day of the field experiment.

max

R3 Once infected, the plant cannot be infected again. Thus, for the infection date dl(fé of
(2)

the i-th ego plant, only the days d < d, ; are considered, so that the infection day dl(;}

is always the first day in the reversed-time window. If the plant never got infected, it
i (4)
isd <d_;.

Given this rule, let further Z)‘(;)hd = {d € Dot
the set of valid days for the i-th ego plant.

In survival analysis [57], this is commonly known as right-censoring [74].
d<diy}={dy, di}—1, .., 1} be

inf> Yinf ~

R4 The infection model may not use future data beyond the queried day d. It should
predict the infection hazards given today and D — 1 previous days. This is referred
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to as nowcasting. By combination with Rule R3 this implies that the model is only
applied on healthy ego plants.

R5 Neighbor plants are not filtered by their infection/health stage. The model should
learn, which neighbors are relevant for an infection and which are not. Hence, it is
ensured that the model can handle spontaneous infections as well as forced infec-
tions by neighbors.

R6 The infection event follows a Bernoulli process, i.e., the plant gets infected at day d
with probability p and stays healthy with probability 1 — p.

R7 The infection model should output a daily infection hazard h;(d) for the i-th ego
plant defined as the infection probability P(-) of the ego plant on day d given the

data in the hourly environmental data, the daily ego plant features and the neighbor
(i)

plants’ features and distances. Furthermore, an infectiononday d = d_;

implies that
the plant stayed healthy on all other days before. So formally, it is
G

d](li} > d7 %Zd) ;

h.

(3

(d) =P (d = dyyy
=P (d = dj,

> d, BYU(d'), Pogy i (d'), {Phy, (d), B4 1y, d' € D)

nbr,i

inf

(4.6)

where ER°Ur(d) € R**Fev is the hourly environmental data of E,,, measurands,
P

features, and P

d) € R are the daily plant-specific parameters of the ego plant from Pego
k

nbr,%
neighbor plant with P, features at day d. The vector Z, , represents the relative

(
ego,i
(d) € RPwr are the daily plant-specific parameters of the k-th

position vector of the k-th neighbor plant with respect to the i-th ego plant. The
history #;; summarizes all those data tensors. Furthermore, the data tensors are
defined as " € RP*24*Fav P, € R, and P

while omitting the ego plant index i. Note that the relative position vectors are

/ .
wbr € REP*E*Fur respectively

concatenated with the neighbor plant features, i.e., P, := Py, + dim(z},).

Given Rules R6 and R7 in particular, one can derive more details about the infection

process. Since the infection event is a Bernoulli process, the probability of an infection
(2)
inf

is the probability that the plant stayed healthy until day d. Thus, it is

on day d = d. . is expressible by the hazard h,(d) and the survival function S;(d), which

Si(d) =P (d < diy

d—1
Hig) = [ (1= hi(@)) . (4.7)
d’=1
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9

inf

Using the survival function yields the probability P(-) of an infection eventatday d = d

as

P(d= av

inf

H1q) = hy(d)S,(d). (4.8)

4.7 SpreadNet

In the following, the function h,(d)—defined in Equation (4.6)—is aimed to be approx-
imated by a neural network (NN) trained with the gathered infection data. This model
is called SpreadNet in the following. Having hourly weather data is very convenient for
the detailed analysis of infection potential by having insights into the day-night-cycle di-
rectly available. Moreover, previous CLS spread modeling approaches have shown that
hourly or intra-daily information is in fact beneficial for the prediction [124]. However,
one does not know per se how different weather parameters at different points of day-
time influence or correlate to each other. Thus, the processing of the time series data
is based on the transformer architecture [144]. With its attention mechanism (cf. Sec-
tion 1.2), it is able to correlate parameters across all daily hours without any convolution
thatis limited in its field of view like in CNNs. Additionally, the transformer architecture
is able to process variable-length sequences, which is beneficial for the temporal window
of D days. By calculation of the attention maps—as already used in Section 3.5.6—one
can interpret the model’s focus on certain parameters at certain times. This provides
insights into the infection process itself by mainly data-driven analysis.

Following sections will describe data preprocessing, the architecture of SpreadNet,
and the training and evaluation procedure.

4.7.1 Data Preprocessing and Augmentation

Before putting them into SpreadNet, the data tensors need to be properly normal-
ized—or standardized—so that each parameter is inside a reasonable numeric range
around zero. For the distance vectors Z;, one could naively think of a similar scal-
ing approach. However, providing this information directly in Cartesian coordinates
Ty = Tk — Tegor Yk — Yegor 2k — zego] — [Azy, Ay, Az,]" is not ideal. From epidemio-
logical modeling it is intuitive that the distance between plants is a crucial factor for the
infection probability. However, the absolute direction of the distance vector should be
less important. It is rather important which relative direction, for instance, the direction
of the neighbor plant and the wind direction have. Since there is no prior knowledge
about any anisotropy of CLS spread dynamics, the model should not get any inductive
bias [46] from the coordinate system. Hence, the coordinates are not split into longitude
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and latitude but rather into distance and direction by performing a coordinate transform.

Thus, cylindrical coordinates (7, ¢, Az) are introduced with

e = \/ Az + Ay, ¢, = arctan2(Axy, Ayy) , Az, = Az, (4.9)

where the arctan2 function is the generalized arctan function that accounts for the def-
inition gaps. The angle itself, however, is an inappropriate coordinate for processing in
NNs due to its periodical discontinuity. For instance, the distance between 359° and 1°
seems to be much larger than between 0° and 2° if considering pure numerics. Thus,
the angle ¢ is split into its trigonometrical functions on the unit circle, namely sin ¢ and
cos . Both are required to have an at least injective map. Since the angles are given as

¢ = ¢ mod 27, the map
®: [0,27) = [-1,1*; ¢ (sing, cosy) (4.10)

is bijective. As a favorable side effect, the results of this mapping are intrinsically normal-
ized due to the codomain being the unit circle. Finally, it is intuitive to bias the model to
the fact that nearby plants are more important than remote ones. Moreover, it might be
beneficial to have a higher numerical resolution for those nearby neighbors. Thus, the
distance data r is inverted ending up in the following representation for the neighbor
distance vectors given by

= [r7), singy, cos gy, Az . (4.11)

Note that the transformation @ is also applied to other directive parameters such as, for
instance, the wind direction for the same reasons.

Especially in this case, where only a limited amount of data from only a few field
experiments in one geographic region is available, data augmentation is crucial to avoid
overfitting and to improve the model’s generalization capabilities. The following aug-
mentation strategies are applied to the data tensors with a probability of p, . for each

augmentation type. The parameters for each augmentation are summarized in Table 4.2.

Random Environment Rotation In order to avoid any bias from the coordinate system
and the model’s dependency on absolute directions, the entire environment including
all position vectors and directional parameters is rotated around the vertical axis by a
random angle. Since only limited data from a limited geographic region is given, this
augmentation supports the model learning direction-invariant features.
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Random Neighbor Dropout Neighbor plants in J(;; are
randomly dropped with a specific dropout probability. This
way, the model cannot rely on specific neighbors all the time
and has to learn to generalize over different neighbor constel-

lations.

Random Data Dropout Sensors can fail or provide faulty
data. To simulate this behavior and to make the model robust
against missing data, single measurements—but not complete
series—are randomly dropped with a certain probability. This
is done for environmental and plant features independently.
Moreover, either single hours or days or the complete feature
vector of a feature are randomly dropped.

Random Coordinate Noise The plant positions are not per-
fectly known due to inaccuracies in finding the exact plant
centroid in the cataloging workflow (cf. Chapter 2). To sim-
ulate this uncertainty, random coordinate noise is added to
the position vectors of the neighbor plants by sampling from a
Gaussian distribution NV (0, 02) with zero mean and a certain
standard deviation (std) for each coordinate axis o, o,, and
o,. This noise only applied to a fraction p,;. of the neighbor
plants in each data sample.

Random Sensor Noise Sensor measurements are prone to
noise as well. Thus, random sensor noise is added to the
measurements of those sensors whose systematic or stochas-
tic measurement errors are given in the datasheets or specifi-
cations. In this case, Gaussian noise is added to the tempera-
ture, relative humidity, wind speed, and wind direction mea-
surements with a probability of p,, ;... Note that if after adding
noise the values exceed physical limits, e.g., relative humidity

< 0% or > 100 %, they are clipped to the valid range.

Random Plant Parameter Noise The plant parameters are

directly or indirectly calculated from sensor measurements

Random Environment Rotation

Pact 0.75

Random Neighbor Dropout

Pact 0.05
dropout 0.1
Random Data Dropout

Pact 0.02
Env. feature dropout 0.02
Env. hour dropout 0.04
Plant feature dropout ~ 0.02
Plant day dropout 0.04

Random Coordinate Noise

Pact 0.05
Pnoise 0.3

Noise distribution N(0, 62)
O Oy 0.0Im

o, 0.001 m
Random Sensor Noise

Pact 0.02
Pnoise 0.1

Noise distribution N(0, 02)
Utemperature 05°C
Orelative humidity 5%

o 0.3m/s

wind speed

o
Owind direction 3

Random Plant Parameter Noise

0.02

0.1

N(0, 62)
OBBCH 0.5

o 0.01
I1mm/d
3°Cd
0.2cm

Pact

Pnoise
Noise distribution

C
TETo
9GDD

Oy

Random Infection Day Jitter

Pact 0.05

A ax +3d
Shift distribution N(0, 02)
o 1.5d

Table 4.2: Data augmentation
parameters for SpreadNet.
Summary of all augmentation
parameters for training and
validation of SpreadNet.

and thus prone to errors as well. Random noise is added to those parameters based

on estimated measurement uncertainties. Similar to the sensor noise, Gaussian noise is
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added to the plant parameters with a probability of p,,.,. and they are clipped to valid
ranges if necessary.

Random Infection Day Jitter As the infection day is retrieved from visual disease
severity annotations combined with the backpropagation of the incubation cycle (cf. Sec-
tion 4.3), there surely is some uncertainty in this date. To simulate this uncertainty, the
infection day is randomly jittered by a discretized Gaussian noise around the retrieved

day. As an upper bound, a maximum shift A . is set to avoid too large deviations.

max

All of the above augmentation strategies are applied with a certain activation prob-
ability p,.. The specific parameters for each augmentation strategy used in this chapter
are summarized in Table 4.2. All the augmentations are applied independently during
training. For validation, only the random environment rotation and the random infec-
tion day jitter are used. Using augmentation during validation is rather untypical. How-
ever, since the amount of data is limited and the generalization capabilities of SpreadNet
are important, these two augmentations are applied in order to at least demonstrate the
model’s rotation invariance. Moreover, the exact infection day for the validation data is
a rather uncertain label, the robustness against small shifts in the infection day has to be
validated as well.

In the next section, the SpreadNet architecture and its design choices are discussed

in detail.

4.7.2 SpreadNet Architecture

In the following, the architecture of SpreadNet is concretized in detail. Figure 4.7 gives
an overview of the whole architecture. SpreadNet implements the hazard function h,(d)
defined in Equation (4.6) as a transformer-based NN that processes a spatio-temporal

window. It takes three input windows in reversed time (current day d and D — 1 past

days, cf. Rule R2):
e hourly environmental data EMoU € R24P*Ee for the latest D days,
e daily ego-plant features P, € RP*Fego,
e daily neighbor features (including relative coordinates) P, € RP*K*Fu,

e adaily validity mask Mg, € {0, 1}7,

nbr

e aneighbor validity mask M, € {0, 1}P*¥, and

e an absolute day index sequence a,,, € NJ’ containing the absolute calendar day for

abs

each position in the window.

The validity masks are necessary for days outside the time range from sowing to infec-
tion and for padding in a batch-wise processing setup. With these inputs, SpreadNet
performs the following steps.
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Figure 4.7: Overview of the SpreadNet architecture. The model takes a spatio-temporal window of hourly envi-
ronment, ego-plant and neighbor features, plus validity masks and absolute day indices. The hourly environment
is temporally encoded, processed by a cross-day self-attention block with per-day CLS tokens, and pooled to daily
environment embeddings. These are fused with ego-plant features and daily time encodings and enriched with ego-
conditioned neighbor information. A causal daily Transformer models temporal dynamics and yields per-day hidden
states, which are mapped to daily logits z; and hazards h;(d). A Noisy-OR aggregation produces a window-level
infection probability, and training is performed with a hybrid nowcasting survival loss that combines survival NLL,
current-day nowcasting, and temporal smoothness.
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4.7.2.1 Hourly Temporal Encoding

SpreadNet should learn hourly environmental patterns that influence the infection pro-
cess without being biased by the absolute hour of the day. Thus, the hourly data is
treated as a single sequence across all D days in the window. Thus, let L = 24D and
letl € {1,..., L} be the flattened sequence index in reversed-time order as before. The
environmental vector defined by e; € RFer can be collected into

L

Ehour . (el)l:1

€ RE*Fen | (4.12)
A temporal encoding ¢, is then added along this flattened hourly axis. ¢y, is either a
sinusoidal positional encoding as proposed in [144] or a learnable Time2Vec encoding as
proposed in [70]. For each position /, one obtains

él =€ + gbhour(l) ) (413)

yielding an encoded hourly sequence EM% € RE* Een,

4.7.2.2 Cross-Day Self-Attention Pooling

With the temporal encoding added, the time information is now explicitly available to
the model. Since all other data—as well as the goal to predict the hazard function—is
defined on a daily level, the hourly information needs to be pooled into daily environ-
ment embeddings so that they can be combined with the other data. However, a simple
averaging or max-pooling would not allow the model to learn complex correlations be-
tween different hours of the day or across different days. Thus, the hourly sequence is
forwarded to a multi-layer Transformer encoder fjupooi—wWhich is similar to the one
in the SugarViT backbone (cf. Section 3.4). With its self-attention (cf. Section 1.2.3) each
hourly representation of the environmental parameters can attend to any hour in the D-
day window. [144]

First, the hourly vector is projected into a hidden dimension / via a learnable linear

map with weights W,,,, € R¥*Fev and biases by, € R yielding

env env

S; = Wenv él + benv € IRH (414>

and the sequence S € R . Now, the 24 hourly representations of each day d are pooled
into a single daily environment embedding e, € R¥. As in the vision transformer (ViT)
architecture, the encoding of a so-called classification (CLS) token is used for this purpose.
To obtain one pooled representation per day d € D, a learnable day token c; € R¥ is
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inserted for each day. Thus, conceptually, the projected sequence is grouped into D daily
subsequences of length 24 yielding

24
S, = (sd,h)h:1 € RM*H (4.15)

For each day d, the day token is prepended so that
S = (Cgy Sg1, - s Sg04) € RUFZH (4.16)
Collecting all days and flattening them back into a single sequence gives

St :=(S}),.,, € RPITI (4.17)

Finally, the Transformer encoder fj,urpoo1 18 applied to this extended sequence to perform

the attention-based pooling,
St = frourpool (S7) 5 (4.18)
and its output is reshaped back into day-wise subsequences
S = (R4, 8y1s v » Bygo4) € RO (4.19)
The transformed day token ¢, serves as the daily environment embedding for day d, i.e.,
e, :=¢, € RH . (4.20)
Hence, one obtains the daily pooled sequence

E:=(e,), , €RPH. (4.21)

4.7.2.3 Fusion of Ego-Plant Features and Daily Time Encoding

From now on, the model operates on a daily time scale and the daily environment em-
beddings are fused with the ego-plant features. For each day d € D, let e; € R de-
note the pooled environment embedding from the previous step and p3° € R the
ego-plant feature vector. Firstly, the ego features are projected into the same hidden di-
mension H, again via a learnable linear map with weights W,, € R7*Feso and biases
b, € R7,

ego

Po = Wego P + bego € R (4.22)
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Secondly, the two representations are concatenated to form the raw fused vector

~ego

o = { Cd } € R2H (4.23)
P4

c IRH><2H

A linear fusion layer with learnable weights Wy cq0 and biases b eg0 € RH

maps this concatenation back into the hidden space,
Iy = quse—ego g™+ bfuse—ego € RY, (4.24)
yielding the daily sequence
R := (rd)de’D € RP*H (4.25)

Temporal information on the daily level is preserved by adding a daily time encoding to
each r;. Again, either sinusoidal or Time2Vec encoding ¢ 4., (d) € RH is used. Hence,

}d =TIy + ¢day (d> )

R i) e oot (4.26)

deD

where R is the final ego-day embedding sequence.

4.7.2.4 Ego-conditioned Neighbor Attention

Now that daily embeddings for the ego plant and environment are obtained, it is de-
sirable to join the spatial neighborhood information as well by introducing an attention
mechanism that is conditioned on the ego plant embedding and attends over the neigh-
bor plant embeddings. For each day d € D, there are K neighbors with feature vectors
pgl,’,ﬁ € RPwr. SpreadNet applies a single-head ego-conditioned attention to aggregate
neighbor information into a fixed-size embedding per day. First, the ego-day features 1,
and neighbor features are linearly projected to queries, keys, and values with learnable

weight matrices W, Wy, and Wy, yielding matching dimensions:

qd = WQ}d € [RH,
K,y = Wgply € RY, (4.27)

— nbr H
Vi = Wypgy € RT.
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This model part should combine ego and neighbor features by focusing on their patterns
rather than their magnitudes. Thus, both queries and keys are /,-normalized,

~ da » Kax
G, = , = ik (4.28)
¢ 9l bE (Lwa P
so that the dot-product yields the attention scores
Qg ) = Qdid,k (4.29)

as cosine similarities between ego and neighbor embeddings. After masking invalid
neighbors, a numerically safe application of the softmax function yields the attention
weights

eXP(%,k)
Zk/ej(d exp<a’d,kz’) ,

By = (4.30)

where X is the set of valid neighbors on day d. The attention weights 3, ; are now
directly interpretable as the importance of neighbor £ to the ego plant on day d. During
training, they can be randomly put to zero to encourage robustness by attention dropout.
With those weights, a neighbor aggregation for day d is computed as

ng = Z BaxVar € RT, (4.31)
keX 4

In the next step, a learned output projection,

is applied with learnable weights W, € R”*# and biases b, € R”. This matrix W,
plays an analogous role to the output projection in standard attention mechanisms [144].
It yields the final ego-conditioned neighbor embedding sequence. The ego-conditioning
in this step allows the model to learn the neighbor states as a function of the ego
plant’s condition and environment. Without the ego-conditioning—i.e., by applying
self-attention over the neighbors only—the model could not learn to focus on neighbors’
states that are relevant for the ego plant’s particular situation, but it could only learn
a general summary of the neighbors” conditions. Thus, the ego-conditioned neighbor
embedding sequence is

N:=(n,), , € RP*. (4.33)
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4.7.2.5 Ego-Neighbor Fusion

After computing the ego-day embedding T, € R¥ and the aggregated neighbor embed-
ding n;, € R¥, these two representations are fused by a single linear layer. First, the
concatenated vector is built as

oW 1= Lﬂ € R2H (4.34)
d

The fusion layer then applies a learned linear mapping with weights Wy . . € RE*2H

and biases b, i € R which yields

04 = quse—neiofiaw + bfuse—nei S R (435)
For interpretability, W, ...nei can be decomposed into two blocks acting on the ego and
neighbor parts separately:

quse W W

= [wself W € RIxA ) (436>

-nei nei] ) self» nei

so that
04 = wself}d + wneimd + bfuse-nei : (437>

This makes the role of the fusion layer more explicit. In particular, W, learns how to

sel
transform the ego-plant context into the representation space used by the temporal trans-
former, while W, ; controls how the aggregated neighbor information m, influences the
per-day context. For example, if the matrix elements in W, ; are close to zero, the model

effectively ignores neighbors; if W, has a large norm, the ego context is strongly in-

nei
fluenced by the condition and spatial configuration of neighboring plants. Moreover,
the bias by allows the model to shift the fused representation independently of the
inputs, for instance to represent an underlying infection pressure even in the absence
of infected neighbors. Finally, the fused representation o, is the final per-day context

vector. In tensor form, stacking over days yields

0 :=(o,), , € RDXH (4.38)

deD

which is then processed by the next model part.
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4.7.2.6 Daily Transformer Encoder

The sequence O is currently ordered in reversed time, i.e. index 0 corresponds to day d,
index 1 to d — 1, etc. For temporal modeling using a causal transformer encoder archi-
tecture as in [144] out of the box, the sequence has to be reordered into chronological
order so that day d — D + 1 comes first and day d last. This way, a causal attention mask
can be applied to ensure that day d can only attend to itself and earlier days, but not to
future days. Thus, the valid part of each sequence is reordered into chronological order,
the causal mask is applied, and finally reversed back. Let x; denote the number of valid
days for plant ¢ in the window obtained from Mg,,. For all plants with the same y = p;,
the model flips the first u entries of O:

Og‘ffﬁ‘ i= (0,4 Lyt1s > 954 15 Oig) - (4.39)
A causal attention mask M43l ¢ [, 1}#*# enforces that day j can only attend to itself

and earlier days:
0, k<j (allowed),
M]qlz:usal — { (440)

1, k>j (masked).

The chronological daily sequence is then processed by the transformer encoder with
multi-head self-attention layers and position-wise feed-forward networks as in [144]
(cf. Section 1.2.4). In principle, the same network that has been used for the SugarViT
model backbone (cf. Section 3.4) is used here. Hence, the transformer encoder yields
the output sequence

Uchron .— Transformer (O‘?hron Mcausal> (4.41)

2,10 2,10

and the resulting sequence U™" which is flipped back into reversed order to obtain
U € RP* aligned with the original indexing scheme.

4.7.2.7 Hazard Head and Daily Infection Hazards

A small multi-layer perceptron (MLP) classifier maps each daily hidden state u, € R¥
to a scalar logit z; € R:

2z, = MLP(u,). (4.42)
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A logit is defined as the logarithm of the odds of an event occurring. Here, it represents

the unnormalized score for the infection hazard on day d. Hence,

z, = logit(h;(d)) :=log (%) : (4.43)

Invalid (padded) days are forced to a very low logit so that the corresponding hazard is
essentially zero. The inverse of the logit function is the sigmoid function defined as

1

)= —. 4.44
o(@) 1+ exp(—x) (4:44)
Using it as an activation function, one transfers the logits into probabilities. Hence, it

yields the daily infection hazard as

1

aiEr— (4.45)

hi(d) = o(zq)
which is in line with the definition of /,(¢) in Equation (4.6). Collecting all valid days, it
is

Z:= (zd)d€D € RP, h:= (hi(d))dep c (0, )P, (4.46)

Temporal Aggregation via Noisy-OR Besides day-wise hazards h;(d), one may also
require the probability that an infection occurs at least once within the window of D
days. Assuming conditional independence of daily infection events given the inputs, the
probability of no infection in the window is the product of daily survival probabilities.
Hence, analogous to Equation (4.7), the probability of survival over the window of valid
days D4 for plant i is

(D)= [ @Q—hyia). (4.47)

de(Dyn D)
The window-level infection probability is then modeled as a so-called Noisy-OR [111]
aggregation of daily hazards which yields

P(d)

inf

€D)=1-5,(D)=1- ][] (1—hn(d). (4.48)
de(ﬂ)mdmﬂ)

vali

Now that the full SpreadNet architecture is defined, its training procedure is out-
lined.

— 115 —



4 Disease Spread Modeling 4.7.3 Hybrid Nowcasting Survival Loss Function

4.7.3 Hybrid Nowcasting Survival Loss Function

As the initial step, the loss function is defined. Training SpreadNet requires a loss that is
consistent with the discrete-time survival formulation from Equation (4.7), but that also
emphasizes accurate nowcasting (cf. Rule R4) of infections on the current day d. Three

components are combined to form a hybrid loss function that meets these requirements.

Survival NLL Let z;(d) be the daily logit for plant < and day index d, and h;(d) =
0(z;(d)). The discrete-time survival NLL [57, 137] for ego plant i can be written as

(2

d—1 .
| —logh(d) = log (1 —h(d)), d=dyy,
L‘gﬁ)rv = =1 (449)

d .
— Y log(1—hi(d)) . 4 < dyy.
d=1

(0

o are censored and not

following the definitions in Rule R2 and R3. The days d > d
considered in the model, and, thus, can be ignored in the loss function. In practice, the
loss is not evaluated over the complete history from day d = 1 onward, but only over
a finite time window as defined in Rule R2. This windowed evaluation remains a valid
training objective under the discrete-time survival formulation. With the windowed ap-
proach, the loss becomes a conditional likelihood that accounts only for the days within
the window. However, since the model assumes a Markovian structure of daily hazards,
this restriction does not affect the probabilistic interpretation of the loss. The “survival
factor” saying that the plant has survived until the earliest day in the window cannot be
influenced by the model parameters and therefore cancels out in the conditional likeli-
hood; with other words, if the plant had been infected before the window started, one

would not use it as a data point due to Rule R3.

Nowcasting BCE Now, the loss respects the survival aspect of hazard modeling. How-
ever, since the accurate prediction especially on the current day d (cf. Rule R4) is of major
interest, an auxiliary nowcasting loss term is added that directly optimizes the binary
classification of whether the infection occurs on day d or not. First, Let

(i) L, d= dfrzé )
y(d) = @ (4.50)
0, d<d;
be a binary nowcasting label for the current day d. With that, the BCE loss for the current-
day hazard h,(d) is

Lhow =~y (d)1og hy(d) — (1 — y*)(d)) log (1 — hy(d)) . (4.51)

— 116 —



4 Disease Spread Modeling 4.7.4 Sampling Strategy

Smoothness Regularization The infection event is based on environmental conditions
that typically evolve smoothly over time. Abrupt changes in the estimated daily hazard
from one day to the next are therefore unlikely. To incorporate this domain knowledge
into the model, a smoothness regularization term is introduced in order to encourage
smooth temporal evolution of the daily hazards within a window. The regularization is
modeled as an ¢, -based penalty for the daily logits over the valid days which yields

@ 1 -

smooth "~ D—1 d/_;D+2 ‘Zi (d/) — % (d/ - 1)’ : (452)

The above three components are combined into a hybrid loss named the hybrid now-
casting survival loss, which is a weighted sum of the survival NLL and the nowcasting
BCE penalized by the smoothness term. Hence,

Lioria = 0Ly + (1= @) Liow + ALroomn (4.53)
with the weighting hyperparameter o € [0, 1] and the penalty hyperparameter A > 0.
In the following experiments, the hyperparameters are set to specific « = 0.3 and A =
1 x 1073. The batch loss is obtained by averaging £1<3bﬂ 4 over all plants in the batch with

at least one valid day.

4.7.4 Sampling Strategy

In the modeling scenario, each single plant can only have at most one single infection
event during the season (cf. Rule R3). Therefore, if random plants and random windows
Z?ff) C Z)‘(th are sampled, the large majority of them are negative samples—i.e., no
infection in the window—Ileading to a strong class imbalance. A positive sample for the
i-th plant is defined as a window in that the infection day dl(;} is the latest day and a

negative sample as a window that does not include the infection day. More formally,
DY = {Dy|d S dy N 1D = D}, D~ UDpny Do) (4.54)

During training, the window length Dis sampled from a uniform distribution % (-) be-

tween a minimum D, ;, and maximum D, length to increase variability. In the follow-

min max
ing experiments, D, ;. = 3 and D,_,,, = 10 are chosen. Note that the effective window
length may still be shorter than Dif the sampled window exceeds the valid day range of
the plant. Performing this rather straightforward sampling strategy without any balanc-
ing between positive and negative samples only leads to a training data distribution that

is very similar to the real-world infection distribution. Thus, the model does not need
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to deal with any sampling bias or calibration issues at inference time. During valida-

tion and testing, however, fixed length windows of size D . are used to evaluate the

val/tes
model performance consistently over all plants and days. In the following experiments,
Dya1jtest = 71 chosen. SpreadNet is trained on a random split of 80 % of the plants in
datasets D03, D06, D07, and D11. The remaining 20 % of the plants are used for valida-
tion. The dataset D08 is held out for testing. Strictly splitting the training and validation
dataset by plants instead of windows ensures that there is no data leakage between train-
ing and validation. Otherwise, it happens that, for instance, the model sees data from
day d — 1 of plant ¢ during training and then is evaluated on day d of the same plant

during validation, which would lead to overly optimistic performance estimates.

4.7.5 Evaluation Metrics

During training and evaluation, the performance of SpreadNet is measured especially

focusing on its two main objectives:

O1 The model should accurately nowcast whether an infection occurs on the current
day or not.

O2 The model should accurately predict the infection day for each plant as precisely as
possible.

Therefore, two major classes of metrics are used.

4.7.5.1 Nowcasting quality (Objective O1)

Let p, denote the predicted probability of infection on the latest day of the k-th ego-
healthy window (i.e., a window that does not contain an infection event yet) in N total
predictions. By using the nowcasting labels from Equation (4.50) again, one obtains the
ground-truth labels y,, for each window and can evaluate the nowcasting performance

with the following metrics.

Brier score (BS) The Brier score [21] is simply the mean squared error of the predicted
probabilities:

N
Z (Pr. — ux)*- (4.55)
k:

Lower values indicate that the predicted infection probabilities are close to the observed
frequencies. Itis a good overall measure of prediction accuracy, combining both discrim-
ination and calibration aspects. However, if the class distribution is highly imbalanced,

the Brier score may be dominated by the majority class performance.
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Brier skill score (BSS) To assess the relative improvement of SpreadNet over a naive
baseline, the Brier skill score [151] is reported as well. The baseline model is assumed to
always predict the base infection rate j = + Zg: | Y- The BSSis then defined as

BSS = 1 D> BS, . = — i( )2 (4.56)
= BS ) ref " — N £ Yy Yi)™ - .

ref

A BSS of 1 indicates perfect predictions, a BSS of 0 indicates no improvement over the

baseline, and a negative BSS indicates performance worse than the baseline.

AUROC and AUPRC To quantify how well SpreadNet discriminates between days
with and without infection, the AUROC and the AUPRC are reported [29]. Since posi-
tive infections are rare, the AUPRC, which is more informative under class imbalance is

reported. Thus, it better reflects performance on the positive infection class. [92].

Expected calibration error (ECE) To assess the calibration of the nowcasting probabil-
ities, a binning-based ECE is used. Let [0, 1] be partitioned into M disjoint bins { B, }}_,
For each bin B,,, an average predicted probability (confidence) and the empirical infec-

tion frequency (accuracy) is defined as

1 1
conf,, Dk » acc,, = E Y- (4.57)
R 1Bl 5,

The (¢,-)ECE is then

M
ECE := Z |£j\?| |acc,,, — conf,,|. (4.58)
m=1

In a perfectly calibrated model it is acc,,, ~ conf,, in every bin, so ECE would be close to
zero. Regarding the use case, ECE quantifies whether, for instance, a predicted 10 % risk
of infection today corresponds to an actual infection frequency of about 10 % among all
(valid) windows.

4.7.5.2 Infection-time prediction (Objective O2)

For this objective, the predictions are recognized as full discrete-time daily hazard over
the entire observation period for each plant. Thus, one can evaluate how well the pre-
dicted daily hazard captures the actual infection timing. d ¢ denotes the true (absolute)
day on which plant ¢ becomes infected and aﬂmf its estlmate of SpreadNet. Further, let
9; € {0,1} be the event indicator, i.e. §; = 1 for observed infection and 4, = 0 for no
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observed infection of plant ¢ in the observation period. The predicted daily hazard tra-
jectory, i.e. the time series of all prediction daily hazards, can be written as {h;(d)}, for
plant i. From that, one can derive a discrete-time survival function

~

S.

(2

(d) =P (d < diyy

inf

Hia) =[] (1 —hi(d)), (4.59)

d’<d

and a discrete-time probability mass function (PMF) for the infection day

]A’z‘ (d = dl(rzl)f

Hiq) =ho(d) T] (1=hy(d)) . (4.60)

d’'<d
The following metrics are used to evaluate how well the predicted hazard trajectories
from SpreadNet capture the infection timing.

Integrated Brier score (IBS) For each day d, the survival BS is

1L - 2
BS(d) = 15 D _(Si(d) = ¥i(d))",  Vild) = Xpucqg- (4.61)
Descriptively, it is the mean squared error (MSE) between predicted survival and the in-
dicator function x ., of being still healthy at day d. The IBS [48] is calculated by discretely
integrating the BS over time. Hence, it is

1

IBS := ——
|Z)tot|

> BS(d). (4.62)
deD,

The IBS thus measures the time-dependent quality of the entire hazard trajectory; a lower
IBS indicates that the predicted survival curves closely match the empirical survival pat-

tern over time.

Harrell’s C-index To quantify whether plants that were infected earlier are, in fact, as-
signed higher risk, Harrell’s concordance index [51] is used. The concordance index—or
C-index—measures the ability of a survival model to correctly rank event times. It is de-
fined as the probability that, for a randomly chosen comparable pair of individuals, the
one who experiences the event earlier is assigned a higher predicted risk. Hence, for
each plant 7, one can infer a risk score 7; from the predicted hazard trajectory. The higher
it is, the more likely the plant is to be infected sooner. The i-th plant can be compared
to another plant j if at least one of them experienced an infection event (i.e., §; = 1 or
¢6; = 1) and if the plant with the shorter observed time-to-event is uncensored. Thus, if
d' < d(jz and 6; = 1. The C-index is then computed as the proportion of all comparable

inf in:
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pairs in which the plant with the shorter observed time-to-event has a higher risk score.
Formally,

Z. Z . X{;«.>@}X{d(i)<du>}5i

C:=
Z Z X{dmf<d1(r]\f}

(4.63)

Its value has the following intuitive interpretation:

e (' = 1: Perfect concordance; all comparable pairs are correctly ranked.
e (' = 0.5: The model’s rankings are completely random.
e (' < 0.5: Indicates that the model systematically ranks individuals incorrectly or

inverted.

The C-index can measure the global ranking performance of the model quite well. How-
ever, it is not sensitive to the absolute timing accuracy of the predicted infection days.

Thus, it is complemented with the following metrics.

Event-day MAE and RMSE  For plants with an observed (d; = 1) infection at day d
the conditional expected infection day predicted by the model is defined as the expecta-

inf’

tion value of the predicted day conditioned on an infection event occurring. Hence,

=1)
> d- (Bz(d> Hd/<d (1 - 7%<d/))) (4.64)

dfrz\)f = E[dfﬁ | Hia, 05 =1] = Z d-p; (d d(
deDy

ia)

id»

>, d-p; (d:di(rg

_ deDy, (460) dEDyy
de%ﬁpi (6; = 1[F;4) dg (ha(d) TT,_, (1= hy(d))

The event-day MAE and RMSE are then computed as usual between the predicted and

true infection days yielding

1 i i 2
RMSE := \/ 7 Z(Cﬁn} dyot)” (4.66)
i€

where J = {i | §; = 1} is the set of plants with observed infections. These metrics directly
express, in units of days, how early or late SpreadNet predicts the infection time, which

is particularly intuitive in the given setting.
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4.7.6 Model Training

With the defined architecture and loss function, the training procedure of SpreadNet
is described stepwise. The modular architecture of SpreadNet allows for very diverse
configurations allowing to trade off model complexity and performance for use cases
with different requirements on data availability and prediction performance. In order
to cover a wide range of configurations, four model sizes are defined: S, M, L, and XL.
The model size is measured by the total number of parameters. For all those models, the
training procedure is the same. Solely for the XL model, the learning rate is halved to
ensure a stable training run. As for SugarViT, AdamW is used as the optimizer. Addi-
tionally, a learning rate scheduling with a warmup phase and inverse square root decay
as in the original transformer paper [144] is applied. The specific hyperparameters for
each model size are listed in Table 4.3.
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Parameter SpreadNet model

aramete S M L XL
Dimensions
Eego 9 9 9 9
Py, 7 7 7 7
P, 9+4 9+4 9+4 9+4
H 128 128 256 512
Hourly temporal encoding (Section 4.7.2.1)
type Sinusoidal Sinusoidal Time2Vec Time2Vec
Cross-day self-attention pooling (Section 4.7.2.2)
# heads 1 1 2 4
# hidden layers 1 2 4 4
intermediate size 512 512 1024 1024
activation hidden layers ReLU ReLU ReLU ReLU
attention dropout 0.1 0.1 0.1 0.1
Ego-conditioned neighbor attention (Section 4.7.2.4)
attention dropout 0.05 0.05 0.05 0.05
Daily transformer encoder (Section 4.7.2.6)
# heads 1 4 8 8
# hidden layers 1 4 8 12
intermediate size 512 512 1024 1024
activation hidden layers ReLU ReLU ReLU ReLU
attention dropout 0.1 0.1 0.1 0.1
Hazard head (Section 4.7.2.7)
layer sizes 64 — 32 128 — 64 128 — 64 128 — 64
activation ReLU ReLU RelLU ReLU
normalization LN LN LN LN
dropout 0.3 0.3 0.3 0.3
Optimizer
algorithm AdamW AdamW AdamW AdamW
learning rate 1x107* 1x107* 1x107* 5x107°
weight decay 1x1072 1x1072 1x1072 1x1072
B (0.9,0.98) (0.9,0.98) (0.9,0.98) (0.9,0.98)
warmup steps 10000 10000 10000 10000
Loss function (Section 4.7.3
e 0.3 0.3 0.3 0.3
A 1x1073 1x1073 1x1073 1x1073
Total parameters 509 x 103 1.3x10° 9.9 x 10° 35.2 x 10°

Table 4.3: SpreadNet model configurations. To observe the effect of model size on performance, four different model
configurations are defined: Small (S), Medium (M), Large (L), and Extra Large (XL). The table summarizes the key hy-
perparameters and architectural choices for each configuration.
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4.7.7 Model Application during Simulation

Once SpreadNet is trained, it can be run side-by-side with the simulation. The simulation
is initialized at sowing date (day 0). On each day d, the following steps are performed:

1. For each healthy plant ¢, the model is queried with all parameters in the current

window Dg) to obtain the predicted infection probability p;(d) for the current day.

2. For each healthy plant i, a random number u; is drawn from a uniform distribu-

~

G — g.

inf

tion 2/(0,1). If u; < p,;(d), the plant is marked as infected on day d, i.e., d

Otherwise, it remains healthy.

3. The simulation state is updated to reflect the new infections, which may affect the

neighbor relationships and the environmental conditions for the next day.

Particularly, the disease-related infection and fructification cycles start to increase
from the predicted infection day afl(fé From this point onward, this infected plant will
be considered as a source/neighbor for other healthy plants in the subsequent days, but
not as an ego target anymore due to Rule R3. Although the other environment-related
parameters are not affected by a plant’s infection status, the infection of a plant may
lead to changes in the neighbor relationships for other plants. For instance, if plant ¢
becomes infected on day d, it will be considered as a neighbor for other healthy plants
in its neighborhood from day d + 1 onward. This change in neighbor relationships in-
fluences the predicted hazards for those healthy plants in the subsequent days, thus
affecting the overall disease propagation dynamics in the simulation. Due to that, the
model’s predictions and the simulation state are tightly coupled, creating a feedback
loop where the model’s predictions influence the simulation, and the evolving simula-
tion state influences future predictions. In time series modeling, this is often referred to
as an autoregressive or closed-loop model. This autoregressive interaction allows Spread-
Net to capture complex spatio-temporal patterns of disease spread in the field. However,
it also means that the model’s performance can have a significant impact on the accuracy
of the simulated disease spread, making it crucial to ensure that SpreadNet’s predictions
are accurate. The Bernoulli sampling step furthermore introduces stochasticity into the
simulation, which can be beneficial for capturing the inherent randomness in disease
spread. The feedback loop connected to this stochastic character can—however—Ilead
to a “butterfly effect”, where small differences in predictions can lead to diverging out-
comes in the simulation over time. This again emphasizes the importance to evaluate the
model’s performance not only on immediate nowcasting accuracy but also on its ability
to capture the overall disease spread dynamics over the entire season.

In the next section, the SpreadNet training and evaluation results are presented,
followed by a discussion of the findings.
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4.8 Results

This section presents the training results of SpreadNet. The performance of the four
model sizes (S, M, L, XL) is evaluated on both the validation and test datasets using
the defined metrics. The used metrics discussed in Section 4.7.5 help to understand
the model’s performance regarding the two main objectives of nowcasting infection
events (O1) and predicting infection timing (O2). However, the evaluation solely on the
ground truth datasets does not capture the full picture of how well SpreadNet performs
in the context of the simulation. As mentioned before in Section 4.7.7, the autoregressive
setup and the butterfly effect can lead to diverging outcomes in the simulation over time,
even if the model’s immediate nowcasting performance is good. SpreadNet’s prediction
on day d directly influences the new “ground truth” data of day d + 1.

This is why the following evaluation is structured in two parts. Firstly, the perfor-
mance of SpreadNet is evaluated on the original datasets using the defined metrics. This
provides insights into how well the model can nowcast infection events and predict in-
fection timing based on the observed data. Secondly, SpreadNet is applied side-by-side
to the agent-based simulation and the decay of nowcasting quality is analyzed.

4.8.1 Evaluation on the Datasets

The evaluation on the original train/validation and test datasets yields insights into the
plant-wise nowcasting and infection-day prediction capabilities of SpreadNet. On the
one hand, the metrics for both objectives are evaluated to understand the model’s per-
formance and to compare the different model sizes. In the end, the trade-off between
model complexity and performance can be seen by those metrics. On the other hand,
the model parts with attention layers involved can be analyzed to understand which
temporal patterns and neighbor relationships are most relevant for the model’s predic-
tions. This can provide insights into the underlying disease spread dynamics and help
to identify key factors driving the infection process. Furthermore, the relevance of input
features can be analyzed by saliency mapping in order to identify more or less important

input features.

4.8.1.1 Metrics

During the training process, the metrics proposed in Section 4.7.5 are monitored on the
training, validation and test subsets. The best observed value for each metric across the
training epochs for each of the four model sizes is reported in Table 4.4. For the vali-
dation set, it can be observed that the M model achieves the best performance across
nearly all metrics, indicating a good balance between model complexity and generaliza-
tion. However, on the test set, the larger models L and XL outperform the smaller ones.
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This suggests that the larger models may have an even better generalization capacity on
unseen data. Especially regarding the event-day MAE and RMSE, the models perform
significantly better on the test than on the validation set. The reason might be that the
test set (dataset D08) is a rather small set and does not provide as much variability in

terms of treatment schemes and spread dynamics than plants in the validation set may

have.
Nowcasting (O1) Infection-day prediction (0O2)
Subset Model BS BSS AUROC  AUPRC ECE IBS C-index =~ MAE  RMSE
[1073] [1073] [1073] [1072] [d] [d]
S 6.16 0.225 0.980 0.364 0.12 — — — —
Teainin M 5.93 0.258 0.983 0.412 0.08 - - - -
amning L 5.97 0.245 0.982 0.393 0.11 — — — —
XL 5.98 0.234 0.980 0.380 0.16 - - - -
S 6.26 0213 0.979 0.347 0.16 14.34 90.93 421 6.35
Validation M 6.19 0.221 0.980 0.361 0.12 14.02 91.10 412 6.26
L 6.21 0.219 0.979 0.360 0.17 14.15 91.20 415 6.27
XL 6.25 0214 0.979 0.351 0.26 14.37 91.17 421 6.33
S 759 0.149 0.982 0.348 1.02 14.88 94.84 2.54 3.51
Test M 7.23 0.189 0.981 0.365 2.46 12.54 94.80 2.58 3.62
L 6.52 0.269 0.984 0.524 2.00 11.30 94.88 3.11 3.94
XL 7.71 0.135 0.979 0.368 2.06 1421 94.90 2.30 3.33

Table 4.4: Performance metrics for SpreadNet variants. The table shows the best observed value for each metric
across the training epochs for each of the four model sizes (S, M, L, XL) on training, validation, and test subsets. Bold
values indicate the best performance for each metric. The metrics in the left half of the table evaluate the nowcasting
quality (Objective O1), while the metrics in the right half evaluate the infection-day prediction quality (Objective O2).
Latter metrics are not computed on the training subset as it requires the full hazard trajectory which is not available
due to the use of windowed training.

The remarkably large difference between AUROC and AUPRC is due to the low
prevalence of an infection event in the dataset. The AUROC is not sensitive to class im-
balance and can still be high even if the model performs poorly on the positive class. In
contrast, the AUPRC is more sensitive to class imbalance and provides a more informa-
tive measure of performance on the positive class, which is reflected in the much lower
values compared to AUROC. At first sight, an AUPRC ~ 0.36 seems to be rather poor,
but it is actually quite good given the low prevalence of infection events at about 0.7 % in
the dataset. A random model would achieve an AUPRC of about 0.007, so the observed
AUPRC values indicate a significant improvement over random guessing by a factor of
at least 50.

All SpreadNet variants are able to predict the correct infection day of plants with
an MAE of around 4 days. Since the infection day estimation is based on SugarVil’s
prediction on roughly weekly intervals, this is quite a good performance. The IBS values
are also low, indicating that the predicted hazard trajectories closely match the empirical
survival patterns over time. The C-index values of at least 0.97 suggest that the models
are very good at ranking plants according to their risk of infection, with those infected
earlier generally receiving higher risk scores.
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Further analyses are done with the SpreadNet M model, since it achieves the overall
best performance. For inference, the model with the best validation BS is chosen. For the
following analyses, the training subset is evaluated with all sampling and augmentation
parameters as specified before. Solely, the random window choice is replaced by full-
series sampling so that it matches the validation and testing methods.

In Section 4.7.4, it was mentioned that SpreadNet is trained on random data win-
dow lengths D ~ (3, 10). Inside this length range, one can observe a window length
dependency of the event-day MAE as shown in Figure 4.8. Particularly, the best test data
performance is achieved for a window length of 5 days. This is why further analysis is
done with this window length. The model is trained on random window lengths, which
allows it to learn to make predictions based on varying amounts of historical data. How-
ever, there may be an optimal window length that provides the best balance between
having enough historical information for accurate predictions and avoiding overfitting
to longer sequences. The observed performance peak at a window length of 5 days sug-
gests that this length may provide the most relevant information for predicting infection
timing while still allowing the model to generalize well to unseen data.

6.0 - \
5.5 A
5.0 A
=
" 4.5
<
=
4.0 A
3.5 1
m—train
3.0 A val
m— test
3 4 5 6 7 8 9 10

data window length D [d]

Figure 4.8: MAE for event day vs. data window length. The trained SpreadNet M model is evaluated on the MAE
for predicting the event day as a function of the data window length D used for prediction. The lines represent the
training, validation, and test subsets.

Besides the raw quantization of the model’s performance by defined metrics, it is
desirable to understand the model’s behavior and whether it captures meaningful pat-
terns in the data. This is why the focus of the next section is on the analysis of input
saliencies and attention maps.
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4.8.1.2 Saliency and Attention Maps

Complementary to the previously discussed attention maps, saliency maps are com-
monly used to analyze the relevance of input features by computing the gradient of the
model’s output with respect to its input. In order to obtain a more stable and informa-
tive saliency measure, the mean absolute value of the product of the gradient and the
input is computed, which is often referred to as “gradx”. This method helps to identify
which input features have the most influence on the model’s predictions. Furthermore,
the saliency is accumulated by calculating the mean over all samples. Hence, the (gradx)

saliency is defined as

of(x;)

&L‘i’j

z; , (4.67)

N
Sal(j) — i Z
gradx " A7 —

where NN is the number of samples, x; is the i-th input, j the feature index, and f is the

SpreadNet model. In vectorized form and element-wise multiplication (®), this can be

written as
1N
Salgradx = N Zl|xz © Vxlf(xz” ) (468)

resulting in so-called saliency maps.

Aggregated saliency maps provide insights into which features are most influential
for the model’s predictions across the entire dataset. Figure 4.9 shows the input saliencies
for all features aggregated over meaningful feature groups or windows.

For the environmental features at the ego plant, three meaningful aggregations are
possible. (1) The mean saliency over all hours and days shows a focus on environmen-
tal features of the night (0-2), early morning (5-6), noon (11-13), and evening (19-22)
hours. The most relevant day is the current day and the relevance of past days is contin-
uously decreasing. In the training and validation subset, a focus on the night hours of
the days —2 and —3 can be observed, which is not visible in the test subset. (2) When
the daily hours are accumulated into day- and feature-wise saliencies, the most relevant
features are wind speed and spore concentration. This makes perfect sense with regard
to the expected disease spread dynamics of fungal diseases, where infectious spores are
mainly dispersed by the wind. (3) An accumulation of the days into hourly and feature-
wise saliencies, moreover, shows wind speed and spore concentration during the mid-
night and morning hours are most relevant. Additionally, the spore concentration in the
evening hours is relevant.

For the ego-plant features, patterns look quite different comparing the training/val-
idation and test subset. As in (2), the accumulation is done by features and days. In the
test subset, the most important features are the current-day values for the BBCH stage,
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cover ratio, plant radius and the DIV. Cover ratio and BBCH are directly inferred from
the GDD but seem to be more relevant than the GDD itself. Mainly, the current day
and the last two days are important. For the training and validation subset, however,
a focus is on the ETo with increasing relevance for past days. A phytopathological ex-
planation for this could be that the plant’s water stress level, which is captured by the
ETo, is an important factor for the infection risk. The relevance of past days’ ETo values
could indicate that the plant’s water stress history has an influence on its susceptibility
to infection. But since this pattern is not visible in the test subset, it might be a spurious
correlation that does not generalize well to unseen data. Among all ego-plant features,
the CLS fungicide treatment feature seems to be the least relevant, which could indicate
that the model does not find a strong relationship between the fungicide treatment and
the infection risk in the given dataset. This could be due to various reasons, such as
the fungicide being applied too late to have an effect, or the disease pressure being so
high that the fungicide’s protective effect is not sufficient to significantly reduce the in-
fection risk. However, further analysis would be needed to confirm this hypothesis and

to understand the underlying reasons for this pattern.

Performing the same accumulation for the neighbor features, the most relevant fea-
tures are the cover ratio, the incubation and fructification cycles, and the plant radius.
This makes sense since the cover ratio and plant radius are indicators of the plant’s size
and density, which can influence the likelihood of spore deposition and infection by con-
tact of leaves. The incubation and fructification cycles are direct indicators of the disease
progression in the neighbor plants and, thus, have strong influence on the infection risk
for the ego plant. The relative location of the neighbor plant seems to be less relevant,
which could indicate that the model is not interested in the spatial pattern but only on

the raw distance of neighbors which is already encoded in the neighbor index.

Now, the attention-based model parts of SpreadNet are analyzed. Firstly, the at-
tention weights for the cross-day self-attention pooling (cf. Section 4.7.2.2) are shown
in Figure 4.10. The attention weights describe how much each hour contributes to the
pooling of hourly data into daily data. This allows the weights to serve as an indication
of how important or unimportant the model considers individual hours or periods of the
day to be. At least for the data fusion of the environmental parameters with the daily
parameters, the model seems to emphasize evening and night hours. This could be a
hint to the fact that the disease spread dynamics are more active during these hours, or
that the environmental conditions during these hours are more indicative of infection
risk. However, further analysis is needed to confirm this hypothesis and to understand
the underlying reasons for this pattern. In any case, the model estimates that these hours

are particularly representative for the environmental data.

— 129 —



4 Disease Spread Modeling 4.8.1 Evaluation on the Datasets

Another interesting observation can be done by analyzing the attention weights
for the ego-conditioned neighbor attention module (cf. Section 4.7.2.4). These atten-
tion weights describe how much each neighbor contributes to the prediction for the ego
plant. This allows the weights to serve as an indication of how important or unimpor-
tant the model considers individual neighbors to be. Since the neighbors are sorted by
distance to the ego plant, the weights can give a hint on the influence radius of the dis-
ease. The plot in Figure 4.11 shows that the model assigns higher attention weights to
neighbors that are closer to the ego plant, which is consistent with the expectation that
closer neighbors have a stronger influence on the infection risk of the ego plant. After
about 4 neighbors, the attention weight is at a low, nearly constant value indicating that
those 4 neighbors are considered to be the main drivers of the infection risk. Further-
more, this gives a hint on the influence radius of the disease, which can be made visible
by calculating the distance of the neighbors. The lower plot in Figure 4.11 shows that the
4% neighbor (index 3) is on average about 45 cm away from the ego plant.

In order to check if the model is capturing the overall infestation stage of the fields,
the cumulative number of infected plants over time can be analyzed. Equation (4.64)
is used to compute the predicted infection day and the cumulative number of infected
plants for each day after sowing is collected. This allows to compare the true and pre-
dicted cumulative infected plants over the harvest cycle. Figure 4.12 shows that the
model captures the overall progression of the disease infestation well, as the predicted
cumulative sums closely follow the true cumulative sum of infected plants. For the test
dataset, the model seems to predict the first infections to happen earlier than they actu-
ally happen in the true data. However, the overall shape of the curve is still quite similar,
indicating that the model captures the general dynamics of the disease spread, even if
there are some discrepancies in the timing of the initial infections. Additionally, the test
dataset is rather small, so the observed pattern might be not very representative for the
overall generalization capabilities of SpreadNet. Furthermore, one has to state that this
analysis is based on the true data and not on the simulation, where the model’s predic-
tions directly influence the future data. This would lead to new and possibly “difficult”
data points for the model, which can cause a butterfly effect and thus to diverging out-
comes in the simulation over time. This is why the next section focuses on the evaluation

of SpreadNet’s performance in an autoregressive simulation setup.
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Figure 4.10: Attention weights for the cross-day self-attention pooling module. The plot shows the hourly pooling
weights for the SpreadNet module described in Section 4.7.2.2 for all subsets. The mean and std denoted by the
shaded area is computed by averaging over all datasets. Differences between the training and validation subset are
barely visible, while the test subset shows a slightly different pattern.
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Figure 4.11: Attention weights for ego-conditioned neighbor attention module and mean neighbor distance. The
upper plot shows the attention weights for the SpreadNet module described in Section 4.7.2.4. Along with it, the
lower plot shows the distance of the neighbor index to the ego plant. The mean and std denoted by the line and the
shaded area, respectively, is computed by averaging over all datasets.
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Figure 4.12: Cumulative infected plants over the harvest cycle. The true (thick line) and predicted (thin lines) cumu-
lative infected plants show the progression of the disease infestation over time. The different predictions are based
on different data window lengths D that SpreadNet uses for the prediction.
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4.8.2 Evaluation on the Simulation
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Figure 4.13: New infections per day for all datasets. The plot shows the (true) number of new infections per day after
sowing for all datasets used for the spread modeling. Early and late days without new infections are not shown. The
different colors represent the different datasets.

The model has been trained on “fixed” data, where the ego plants are basically inde-
pendent of each other since wrong predictions on the ego plant do not affect the plants
parameters as a neighbor for other ego plants. However, in an agent-based simulation
setup, where SpreadNet is used as an autoregressive component, the prediction for an
ego plant indeed has direct influence on plant agents in its neighborhood. In this section,
the performance of SpreadNet is, therefore, evaluated on how stable the prediction qual-
ity is over time when applied side-by-side to the agent-based simulation. Thereby, one
is able to quantify what is further called nowcasting decay. For this purpose, a target-day
autonomy analysis is performed. Let d, be the target day on which the prediction quality
of SpreadNet should be analyzed. An autonomy window A = {d, — a, ..., d,} with length
a+ 1 and a > 0 is defined on which the simulation is rolled out by using SpreadNet as
infection model. The days {1, ..., d, —a — 1} are simulated by propagating the plant
development and using the environmental data and the infection days from the original
dataset. Thus, the larger a, the more days are predicted by SpreadNet autonomously.
In the following analysis, experiments with a € [0, 5] are performed. Furthermore, 4
independent rollouts are conducted in order to reduce the influence of stochasticity on
results. In order to have a more solid data basis for the simulation, the analysis is per-
formed on the dataset D06. It was used for training and validation of SpreadNet, but
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it contains more plants and more variability in terms of treatment schemes and spread
dynamics than the test dataset D08 (cf. Table 1.3).

Figure 4.13 shows the number of new infections per day after sowing for all datasets
used for the spread modeling. For DO6—the yellow curve in the figure—the most dy-
namic time period regarding infection events is roughly between day 80 and day 160.
Thus, the target days d, are chosen to be in this range with a stride length of 2 days,
resulting in 41 investigated target days.

Since the infection simulation is basically a binary classification, one can count true
positive (T'P), false positive (F'P), false negative (F'N), and true negative (T'N') infection
predictions to compute further classification quality metrics. Let 7(d,) = {z dl(l’?f = dt}
be the set of (true) infected plants at day d, and J(d,, a,r) = {Z J.(i)(a, r) = dt} be the

inf
set of predicted infected plants at day d, for the autonomy window a and rollout index

r. Then, the confusion matrix components are defined as

j(dta a, T) \ j(dt)‘ 9
FN(dy, a, 1) = |7(d)\ I(dy, a, )|, TN(dy, 0, 7) = |T(d,) 1 I(dy, a, 7)|
(4.69)

TP(dy, a,r):=|7(d,) N T(dy, a, 7)| FP(d,, a, ) :=
\

where the overlined sets denote the complement of the respective sets, i.e., the healthy

plants. For the quality evaluation, the following metrics are used:

True rates For all target days d,, autonomy windows a, and rollouts 7, the true positive
rate (TPR) and true negative rate (TNR) are computed as

TP(d,, a, )
TPR(d,, a, r) = ,
( ! ¢ r) TP(dt7a7 T>+FN<dt7a’7 T) (470)
TN(dta a, T) .
TNR(d,, a, r) :=

- TN(d,;, a,r)+FP(d,, a, 1)’

The TPR (also known as sensitivity or recall) measures the proportion of actual infected
plants that are correctly identified by the model, while the TNR (also known as speci-
ficity) measures the proportion of actual healthy plants that are correctly identified.
With other words, the TPR indicates how well the model can identify infected plants,
while the TNR indicates how well the model can identify healthy plants.
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Errorrates For all target days d,, autonomy windows a, and rollouts r, the false positive
rate (FPR) and false negative rate (FNR) are computed as

FP(d,, a, r)
FPR(d =
o) = ) S TN 7] @71)
FNR(d,, a, ) = FN(dy, a, 7) |
0 ST TP, a )+ FN(dy, a, 1)

The FPR measures the proportion of healthy plants that are incorrectly identified as in-
fected by the model, while the FNR measures the proportion of infected plants that are
incorrectly identified as healthy. With other words, the FPR indicates how often the
model falsely identifies healthy plants as infected, while the FNR indicates how often
the model falsely identifies infected plants as healthy.

Diagnostic odds ratio In medical testing, the diagnostic odds ratio (DOR) is a com-
monly used measure of the effectiveness of a diagnostic test. From the perspective of
this use case, it is defined as the ratio of the odds that an infected plant is correctly iden-
tified as infected to the odds that a healthy plant is incorrectly identified as infected.
Thus, it measures how well the model can discriminate between infected and healthy
plants. The DOR is computed as

dy,a,r
DOR(d o gﬁ%dﬁa,T)) TP(d,, a,r)-TN(d,, a, r) L7
( t a/7 r) = ;ﬁ%;{t’a 'r'g Fp(dt, a/7 T) . FN(dt7 , ) ( . )

If DOR = 1, the model is not better than random guessing. For DOR > 1, the model’s
discrimination capability increases with higher values.

Figure 4.14 shows the aggregation of each of the above metrics versus the auton-
omy window length a. Each metric M € {TPR, TNR, FPR, FNR, DOR} is shown by
computing the mean and std over the rollouts r € X and target days d, € D,. Thus, it is

— 1

M(a) = ——— M(d,, a, r), (4.73)
( ) |R|’Dt’r€Zj€dt€ZDt (t )

and the corresponding sample stds are computed in the common way by

oyla) == \/ W > (M(dy, a, 1) —M(a))”. (4.74)
t reRd,eD,

It can be observed that the overall TPR is rather low, while the FPR is rather high. This is

not surprising given the low prevalence of infection events in the dataset, which makes

it easier for the model to correctly identify healthy plants than infected plants. How-

ever, SpreadNet is still too conservative in its predictions. With increasing autonomy
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Figure 4.14: Target-day autonomy analysis summary. The plots show the simulation evaluation results by mean and
std (shaded area) of the true positive rate (TPR), true negative rate (TNR), false positive rate (FPR), false negative rate
(FNR), and diagnostic odds ratio (DOR) for different autonomy window lengths a. The mean and std are computed
by averaging over all rollouts and target days.

window a, the TPR and FPR decrease, while the TNR and FINR increase. This behavior
indicates that—as the autoregressive horizon grows—SpreadNet becomes even more
conservative in predicting infections; it labels plants as non-infected more frequently.
The decrease in TPR and the increase in FNR show that SpreadNet misses an increas-
ing fraction of truly infected plants, causing loss of sensitivity. The decrease in FPR and
increase in TNR show that SpreadNet raises fewer false alarms and correctly identifies
non-infected individuals more often resulting in a specificity gain. The fact that—si-
multaneously—the DOR nevertheless decreases, implies that the loss in sensitivity out-
weighs the gain in specificity so that the overall ability to discriminate between infected

and non-infected individuals deteriorates with increasing autonomy.

From a modelling perspective, this can be interpreted as a consequence of using
the model outside the distribution it was trained on. During training, the model only
sees true infection histories; during simulation with a > 0, it receives its own (possibly
biased) past predictions as input. If the model already has a tendency to underpredict
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infections, early missed infections lead to a simulated history with too few infected indi-
viduals. This in turn reduces the model’s future predicted infection probabilities, rein-
forcing the negative bias over time. As a increases, this feedback loop becomes stronger,
leading to systematically underestimated infection prevalence and degraded diagnostic

performance in the autoregressive setting.
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Figure 4.15: Target-day autonomy analysis heatmaps. The heatmaps show the simulation evaluation results by the
mean true positive rate (TPR), true negative rate (TNR), false positive rate (FPR), false negative rate (FNR), and di-
agnostic odds ratio (DOR) for different autonomy window lengths a and target days d,. The mean is computed by
averaging over all rollouts.

In order to get a more detailed picture of this increasing conservatism against au-
tonomy window length, the same metrics as above are shown in Figure 4.15 but now

only aggregated over the rollouts. Thus, it is

M(d,, a) = ﬁ ;M(dt, a, ). (4.75)
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Since the infection dynamics and the model’s performance vary over time, it is insightful
to analyze how the metrics evolve not only with the autonomy window length but also
across different target days. This allows to identify if there are specific periods during
the harvest cycle where the model’s performance degrades more rapidly with increasing

autonomy.

The heatmaps reveal that this degradation is not homogeneous over time. For lower
autonomy windows, the TPR is mostly higher, whereas the FNR tends to increase with
larger autonomy windows over large parts of the analyzed period. This is consistent
with the aggregated analysis above: once SpreadNet has to rely on its own predictions
over several consecutive days, missed infections in the beginning of the rollout reduce
the number of infectious neighbors in the simulated history. Consequently, the infection
pressure in later simulated days is underestimated, which makes further infections less
likely and primarily harms the detection of truly infected plants.

At the same time, the heatmaps show that this conservative bias can also have a
positive effect: it can improve the classification of healthy plants. This is particularly
visible for late target days, where the TNR increases and the FPR decreases. The effect is
strongest for target days 148 — 160, where the DOR is clearly higher than in earlier phases.
A plausible explanation is that, by this time, the main infection wave has already passed
and the number of new infections is decreasing. In that situation, predicting fewer new
infections is not only a model bias anymore, but also closer to the true disease dynamics.
As a result, the model produces fewer false alarms, which improves TNR and reduces
FPR. Even though the TPR still decreases with increasing autonomy window, the gain
in specificity appears to outweigh this loss more strongly in the late season, which is

reflected by the improved DOR values.

Overall, the heatmaps suggest that the autoregressive weakness of SpreadNet de-
pends on the epidemic phase. During periods of active disease spread, larger autonomy
windows mainly strengthen underprediction and therefore reduce sensitivity. Near the
end of the season, however, the epidemic becomes less dynamic, and the same conser-
vative behavior can even help by avoiding spurious late infections. This explains why
small autonomy windows are generally better for preserving TPR, while larger auton-

omy windows can still improve TNR and FPR for some later target days.

4.9 Discussion
The analysis of prediction results has shown that SpreadNet is able to predict infec-
tion events and, thus, is able to detect favorable environmental and spatio-temporal

conditions for disease spread dynamics. Moreover, the generalization capabilities look
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promising even on the rather limited test dataset. Although SpreadNet uses some fea-
tures that are derived from phytopathological knowledge, the learning process itself is
completely data-driven. Nevertheless, the analysis of attention and saliency maps has
revealed that the model captures meaningful patterns in the data that are at least ex-
plainable on a phytopathological level. This is a promising result, since it indicates that
the model is not just learning spurious correlations but is actually “intelligent” in a way
that its architecture allows to capture physical and biological laws.

However, the evaluation of SpreadNet in an autoregressive simulation setup has
shown that the model’s performance degrades over time when it is used to generate its
own input data. This is a common issue in models that are trained on fixed data and
then applied in a sequential manner, as errors can accumulate and lead to a divergence
from the true data distribution. This phenomenon, referred to as the butterfly effect,
highlights the importance of training models in a way that they can generalize well to
data generated by themselves, which is a challenging task. Future work could focus
on improving the robustness of SpreadNet in such autoregressive settings by training
it side-by-side with the agent-based simulation. This could involve techniques such as
reinforcement learning or online learning, where the model is continuously updated
based on the data it generates during the simulation.

The datasets used in this work are rather controlled field experiments which hardly
represent real-world conditions. Thus, more real-world data is probably needed to un-
leash the full potential of SpreadNet.

410 Interim Conclusion

Despite all possible limitations and open questions, it has already become apparent that
SpreadNet training reveals interesting details about infection mechanisms shown by the
saliency and attention weight analyses. It was shown that the large-scale DS annotations
provided by SugarViT can be used to get insights into the disease spread dynamics if
they are combined with environmental sensor data and expert knowledge provided by
phytopathological features and physical modeling.

Moreover, the agent-based (or plant-based) modeling approach has a major advan-
tage over classical epidemiological modeling approaches like S(E)I(R) models [5, 55,
72], since it allows capturing the heterogeneity of plants and their interactions in a more
detailed way. This is particularly important for plant diseases, where the spatial struc-
ture of the field and the local interactions between plants can have a significant influence
on the disease spread dynamics. The plant-based modeling approach allows capturing
these local interactions and heterogeneities, which can lead to more accurate predictions
and a better understanding of the underlying processes.
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It can be stated that the modeling and training approach of SpreadNet leaves open
questions for further research and improvements but already is a solid foundation and
shows promising results. With availability of data from realistic field conditions in com-
mercial agriculture, the potential of SpreadNet can be fully realized, enabling more accu-
rate and actionable insights for disease management and crop protection. With its ability
to capture complex spatio-temporal patterns and interactions between environment and
plant/disease developments, SpreadNet could be used as a powerful tool for forecast-
ing disease outbreaks, optimizing intervention strategies, and ultimately improving crop

yields and sustainability in future agriculture.
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Conclusion

In this final chapter, the main findings of all research steps are summarized and
framed in the context of the overall research question. The limitations of the presented
work are discussed and potential future research directions are outlined. Particular
attention is given to future developments from both a technical-scientific and a socio-

economic perspective.

5.1 Key Contributions

During all three main research steps, substantial insights into the combination of data-
driven machine learning (ML) models and expert knowledge from the domain of plant
pathology have been gained. Thus, the following section summarizes the key contribu-
tions of this dissertation regarding each of the three main research steps.

5.1.1 Plant Cataloging

For this initial step of the overall research work, it was shown that a simple approach
based on a few parameters that can be easily measured in the field can already achieve
good performance for plant cataloging. No trained ML model is needed for the extrac-
tion of plant positions. This is especially important for practical applications, where
complex models may not be feasible due to limited computational resources or lack of
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large annotated datasets. The proposed workflow is completely agnostic of the specific
crop type, planting patterns, and image resolutions, which makes it flexible and easily
adaptable to various scenarios. Moreover, it is semi-automated, meaning that it requires
a small number of user-defined parameters. However, these parameters mostly have a
physical scale so that they are easy to estimate and interpret for an application. This also
ensures that the workflow can be easily adapted to different conditions and knowledge
transfer is facilitated. Due to the modular and “black-box-free” nature of the workflow,
the parameters used in a certain step can be easily adjusted and optimized for the spe-
cific application. Thus, the workflow becomes transparent and allows for a better under-
standing of the underlying processes, which makes it a valuable tool for plant cataloging
in precision agriculture.

5.1.2 Disease Severity Prediction

This research step has shown that the combination of “cheap” data (unmanned aerial
vehicle (UAV) imagery and environmental sensor data) and “expensive” data (human-
expert disease severity (DS) ratings) can be used to conceptualize and train efficient
models like SugarViT. In many common agricultural use cases, the acquisition of this
expensive data is a major bottleneck for the development of data-driven models. Thus,
cheap (meta) data from easy-to-use sources or sensors can be a valuable resource to over-
come this bottleneck and enable the development of models that can be trained on large
unlabeled or sparsely labeled datasets. The proposed model architecture is flexible and
can be easily adapted to various tasks and data types, which makes it a powerful tool
for precision agriculture applications. By using the attention mechanisms, the model
focuses on the most relevant features in the data and outperforms convolutional archi-
tectures with comparable parametric complexity. Particularly for image processing, the
vision transformer (ViT) architecture can capture long-range dependencies and global
context which is shown to be beneficial for DS prediction. The integration of environ-
mental sensor data further enhances the model’s ability to capture the complex relation-
ships between the plant’s health and its surrounding environment, leading to improved
prediction performance.

All in all, the DS prediction demonstrates how prior knowledge about the data and
the problem can be effectively integrated into the model architecture and training pro-
cess. Simultaneously, the model architecture is not limited to the specific task of DS
prediction but can be easily adapted to various other tasks in precision agriculture and
allows the model to learn which features are most relevant and how they are correlated,
which are key aspects for the generalization capabilities of the model.
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5.1.3 Disease Spread Modeling

The elaboration of SpreadNet has shown that it is possible to model the spatio-temporal
dynamics of disease spread in plants by leveraging the ego-perspective of the plants and
incorporating information from neighboring plants. The use of transformer architec-
tures allows for capturing complex relationships among the data. Moreover, the model
does not require an underlying constellation of the plants—e.g., a graph—to be assumed,
but rather allows for flexible integration of neighboring plant information, which in-
creases the applicability of the model to various scenarios. By this approach, the model
is local and can be easily applied to large fields without the need for a global model that
captures the entire field. This is especially important for practical applications where
computational resources may be limited and/or the data is sparse. The proposed model
architecture is flexible and can be easily adapted to various tasks and features. Using
multiple layers of attention mechanisms with different physical purposes, the model
has a meaningful inductive bias for the problem of disease spread modeling. This not
only facilitates the integration of expert knowledge and physical understanding of the
problem, but also provides interpretable insights into the model’s decision-making pro-
cess. Furthermore, the loss function is designed to respect not only the accuracy of the
nowcasting predictions but also the conditional survival probabilities. This dual focus
is necessary to deal with the challenge of the low event prevalence and the resulting

imbalances to the infection event data.

All in all, the spread modeling demonstrates how prior knowledge about the data
and the problem can be effectively integrated into the model architecture and the loss
function. Simultaneously, the model architecture is not limited to the disease spread
modeling of Cercospora leaf spot (CLS) but can be easily adapted to various other set-
tings with different feature sets. The model is allowed to freely learn, prioritize, and
combine connections and correlations; however, it is always bound by the physical con-
straints and biological conditions of the system. These aspects are crucial for the gener-
alization capabilities of the model and—as a result—the phytopathological knowledge
transfer among various diseases on various crops. As an outcome of this research step,
an intelligent system is gained that can “understand” the spread dynamics and can assist
in the decision-making process for disease management. Furthermore, it educates the
user about the underlying spread dynamics and thus fosters the understanding of the
disease spread process, which is an important aspect for the adoption of such a system

in practice.
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5.1.4 End-to-End Workflow

If all the above steps are combined, a powerful end-to-end workflow is gained that
can be applied to various disease spread studies. Starting with the plant cataloging
step, no prior data but UAV orthophotos are needed to build a solid data basis for later
knowledge-guided ML steps. The workflow is designed to be intuitive from the ground
up, thanks to intuitive, flexible, and interpretable model inputs and outputs, which is
crucial for the practical application—also for non-experts in ML and data science. Due
to its modular nature, the workflow can be easily adapted to various scenarios and use
cases. Furthermore, it is not limited to the specific crop type, disease, or data types used
in this dissertation but can be easily adapted to various other settings, as long as the
plants are spatially separable in at least some orthophotos and some expert labels are
available for the DS prediction step.

In this sense, the contribution of the workflow is not limited to the sequential combi-
nation of individual modeling steps. It rather establishes a coherent framework in which
data acquisition, plant-level structuring, disease assessment, and spread-aware predic-
tion are linked in a way that remains transparent and practically interpretable through-
out the process. This is particularly relevant for agricultural applications, where model
performance alone is not sufficient, but traceability, modular adaptability, and the pos-
sibility of deployment under constrained field conditions are equally important prereq-

uisites for adoption [91, 166].

5.2 Limitations

Despite the promising results throughout all steps, some limitations of the presented
workflow were identified and need to be discussed. These limitations can be categorized

into methodological and data-related limitations.

5.2.1 Methodology

Most of the workflow steps in the plant cataloging in Chapter 2 are based on simple
computer vision (CV)-based image processing techniques. While this has the advantage
of being simple, robust, and interpretable, it also has some limitations. For instance, the
workflow may not work well for very small plants, heavily overlapping plants, or certain
sowing patterns. Moreover, the workflow is based on a few parameters that need to
be estimated by the user, which may introduce some subjectivity and variability in the
results. Although most of the steps are agnostic to the specific sowing pattern, steps like
the seeding line detection (cf. Section 2.4.3.2), weed filtering (cf. Section 2.4.3.3), or plant

re-indexing (cf. Section 2.4.3.5) assume a conventional sowing with more or less straight
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seeding lines. This is by far the most common sowing pattern in productive agriculture,
so in most cases, this assumption is not a problem. However, for certain crops and special
sowing patterns like intercropping or mixed cropping, some steps may not work well.
Nevertheless, due to the modular style of the workflow, the other steps still work, and
problematic steps can be easily adapted or excluded to fit the specific sowing pattern.
Alternatively, the field can be split into smaller subfields with more conventional sowing
patterns, and the workflow can be applied to each subfield separately.

The DS prediction with its SugarViT model is mainly driven by UAV data. This has
the advantage of being a cheap and easy-to-use data source, but it also has some limi-
tations. For instance, the DS prediction may not work well for very early stages of the
disease when the symptoms are not yet visible from the air. Moreover, the DS predic-
tion is based on a few expert labels that need to be estimated by the user, which may
introduce some subjectivity and variability in the results. The label distribution learn-
ing (LDL) approach already mitigates subjectivity by introducing label uncertainty, but
it cannot guarantee full subjectivity elimination. In addition, the uncertainty modeling
used for the expert labels still relies on a simplified assumption. The target distribu-
tions are derived from a fixed and symmetric uncertainty pattern, whereas real rating
uncertainty may depend on the disease stage, symptom visibility, rater experience, and
contextual factors in the field. As a result, uncertainty can be class-dependent, skewed,
or even multimodal, which is not fully captured by the current formulation. This sim-
plification is methodologically useful, but it may limit the fidelity with which human
expert uncertainty is represented during training. Due to the fast evolution of the vi-
sual disease symptoms, data is always scarcer in the middle-range than in high and low
DS levels. Thus, the model may have difficulties to learn to predict these levels accu-
rately. One could mitigate this effect by interpolation or an exponential fit to the data,
as performed in Section 4.3. So far, SugarViT is not a spatio-temporal model, which may
limit its performance for DS prediction. The time information is only implicitly captured
by the cheap data levels in the form of growing degree days (GDDs). Since the plant
cataloging step provides full image time series, a temporal extension of SugarViT is pos-
sible and may further improve its performance. The attention map results show that the
model focuses on the most relevant features in the data, but it is not fully clear how the
model combines these features to make its predictions. Thus, the interpretability of the
model could be further improved by analyzing the attention maps in more detail and by
using other interpretability techniques.

A major limitation of the disease spread model SpreadNet is the weak performance
when it is used within an iterative simulation. This is a common problem for data-driven
spread models, since the model output is fed back as input for the next time step, which
can lead to error accumulation over time. Moreover, the model may encounter unseen

data distributions during the simulation, which can further degrade its performance.
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Thus, the current version of SpreadNet is mainly suitable for nowcasting, short-term
forecasting, and identification of environmental conditions conducive to disease infec-
tion or spread. Since the performance on the nowcasting task is good, it can be assumed
that this shortcoming is not related to the model itself, but rather to the way it was
trained. As present, the training process does not include a feedback loop where model
predictions are fed back to the model. This would prime the model to its autoregressive

application. However, a training side-by-side with the simulation is substantially slower.

5.2.2 Data Availability

More serious than the methodological limitations in this dissertation are the limitations
on the data side. The data collected in the context of this dissertation is undoubtedly
comprehensive, and the acquisition process was laborious. However, the data lacks cru-
cial characteristics, making it difficult to draw firm conclusions about the generalizability
of the approaches developed on its basis. Firstly, the data is based on multi-purpose field
experiments with specific treatments and conditions. On the one hand, this guarantees
a high data diversification and thus a good basis for the development of data-driven
models. On the other hand, the data is not very representative for real-world scenar-
ios, since it is a highly controlled setup. Although multiple fields and four growing
seasons are involved in the dataset, they all come from the same region and, more or
less, the same sensors or measurement devices. Generalization to real-world scenarios,
other climate conditions, other sensors, or other crops, is—therefore—difficult to assess
with this dataset. This made it all the more important to tune or adapt the developed
approaches and models as little as possible to the dataset, which led to comparatively
general and—at least in principle—generalizable results. Moreover, the available data
only partially reflects the operational and organizational complexity of real agricultural
practice. Important sources of variation such as heterogeneous management routines,
farm-specific intervention strategies, economic constraints, documentation quality, and
varying technical infrastructures are only weakly represented in controlled experimental
settings. Consequently, the present data basis is well suited for methodological devel-
opment, but only to a limited extent for assessing how robustly the proposed workflow
can be integrated into routine field practice [129, 167].

The next logical step is a systematic validation of the proposed workflow on broader
and less controlled data sources. To assess and improve generalizability, future studies
should include heterogeneous datasets across regions, seasons, crop systems, disease

pressures, and sensing technologies [91, 166]. Such comparative evaluations can reveal
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domain-specific weaknesses, support targeted model refinements, and test transferabil-
ity under realistic field conditions. At the same time, they create opportunities to iden-
tify additional use cases beyond the scenarios covered in this dissertation. Against this

background, the following section outlines key directions for future work.

5.3 Future Work

Building on the limitations discussed above, future research should be approached
along two complementary perspectives. The first is a technical and scientific perspec-
tive, which concerns the further methodological development of the presented work-
flow, its validation under more heterogeneous conditions, and its extension toward more
comprehensive and practically deployable intelligent systems. The second is a socio-
economic perspective, which addresses the conditions under which such systems can
create value in agricultural practice, including usability, trust, accessibility, training, and
the availability of representative real-world data. Both perspectives are tightly intercon-
nected: scientific progress without practical adoption remains of limited impact, while
adoption without technically robust and generalizable methods is unlikely to be sus-
tainable. Against this background, the following subsections outline the most relevant

directions for future work.

5.3.1 Technical and Scientific Perspective

From a technical and scientific perspective, one central direction for future work is the
systematic extension of the proposed workflow toward broader generalization, richer
data integration, and more robust predictive capabilities. As discussed in the previous
section, the current approaches were developed on a comprehensive but still compara-
tively controlled data basis. A first priority is therefore the validation of all workflow
components on more heterogeneous datasets covering different regions, seasons, crop
systems, disease pressures, imaging configurations, and sensor technologies. Such eval-
uations are necessary not only to quantify transferability, but also to identify which parts
of the workflow are truly general and which require adaptation to specific domains.
Beyond validation, future research should further investigate the role of foundation
models (FMs) in agricultural phenotyping and plant health monitoring. Recent work
indicates that agriculture can strongly benefit from large, transferable models that are
pretrained across broad visual and multimodal domains and subsequently adapted to
specialized downstream tasks [99, 162]. In the context of this dissertation, such models
could provide a promising basis for DS estimation, plant organ detection, plant count-
ing, and related perception tasks. In particular, a pretrained FM could reduce the de-

pendence on large amounts of task-specific annotation and improve robustness under
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varying field conditions, illumination patterns, cultivars, and sensor setups. For the DS
task, this opens the possibility of combining the current knowledge-driven modeling
strategy with large-scale pretrained representations in order to preserve interpretability

and domain alignment while improving data efficiency and transferability.

A further important research direction concerns multimodal learning. The results
of this dissertation already show that the combination of visual and environmental in-
formation is beneficial. However, future models should integrate these modalities more
comprehensively and in a more explicitly structured way. This includes not only image
data and environmental sensor measurements, but also plant-level descriptors, temporal
context, management information, and possibly remote sensing (RS) observations from
aerial or satellite platforms. Such sensor fusion could yield a more holistic representa-
tion of crop health and disease development, thereby improving both DS prediction and
spread modeling. In particular, integrating temporally resolved image sequences with
environmental trajectories may enable models to capture latent disease dynamics earlier
and more reliably than with static snapshots alone.

In the case of disease spread modeling, future work should also move be-
yond the current focus on single-disease nowcasting toward more comprehensive and
intervention-aware forecasting settings. This includes the joint modeling of multiple
diseases, the explicit representation of competing or interacting stress factors, and the
inclusion of agronomic interventions such as fungicide applications, irrigation regimes,
canopy management, or cultivar-specific resistance. An initial representation of fungi-
cide application is already included in SpreadNet. More of those extensions would allow
the model not only to describe disease dynamics under observed conditions, but also to
support counterfactual analyses and scenario-based simulations. In practice, this would
be highly valuable for decision support, because it would enable the assessment of pos-

sible management strategies before they are implemented in the field.

Closely related to this is the need to improve the autoregressive simulation capa-
bilities of SpreadNet. The current results suggest that the model is well suited for now-
casting and short-term forecasting, but less robust when repeatedly applied in iterative
simulations. Future work should therefore address training strategies that expose the
model to its own predictions during learning, for example through autoregressive train-
ing schemes, online adaptation, or simulation-coupled optimization. Although such
procedures are computationally more demanding, they are essential if the long-term
objective is to develop predictive systems that can simulate realistic spread scenarios

over extended time horizons without severe error accumulation.

Another technically relevant direction is the translation of these methods into de-
ployable systems for real-time or near-real-time agricultural decision support. Recent
developments in cloud-edge-device collaboration and edge-enabled smart agriculture
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show that modern agricultural intelligence systems increasingly rely on distributed com-
putation across sensing devices, edge nodes, and cloud infrastructure [139, 163]. For the
workflow developed in this dissertation, this implies that future work should not only
optimize predictive performance, but also consider latency, computational efficiency, en-
ergy consumption, and robustness under limited connectivity. Lightweight model vari-
ants, staged inference pipelines, and hybrid cloud-edge architectures may therefore be-
come crucial for transferring the proposed concepts from experimental research settings

into regular agricultural operation.

Overall, the technical and scientific perspective points toward a future in which the
presented workflow evolves from a set of well-founded task-specific models into a gen-
eral, multimodal, scalable, and deployable framework for plant health monitoring and
disease-aware crop management. Achieving this goal will require methodological ad-
vances, broader validation, and closer integration of agronomic knowledge, modern ML,

and realistic deployment constraints.

5.3.2 Socio-Economic Perspective

From a socio-economic perspective, future work must address the question of how in-
telligent agricultural technologies can become accessible, trustworthy, and practically
useful for the people who are expected to work with them. Precision agriculture does
not fail primarily because of a lack of algorithms, but often because of barriers related
to cost, complexity, infrastructure, training, interoperability, and uncertainty regarding
actual benefits in day-to-day practice [129, 167]. Accordingly, the further development
of data-driven systems for plant health monitoring should not be understood as a purely
technical challenge, but as a broader transformation process that must account for social,

organizational, and economic realities.

A first priority in this context is usability. Even highly accurate models will remain
of limited value if their outputs are difficult to interpret or if their operation requires
specialized technical expertise. Future work should therefore focus on interfaces and
interaction concepts that present model outputs in a transparent, actionable, and agro-
nomically meaningful way. This includes intuitive visualizations of uncertainty, disease
progression, and risk levels, as well as recommendation formats that support rather than
replace human decision-making. In particular, systems should be designed for users
who may not have routine experience with artificial intelligence (AI) or ML, but who
possess substantial experiential knowledge of crops, field conditions, and local man-
agement practices. The aim should not be to obscure agronomic reasoning behind auto-
mated predictions, but to create human-centered decision support systems that combine
computational intelligence with the expertise of practitioners.
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Closely connected to usability is the issue of trust. The adoption of digital tech-
nologies in agriculture depends strongly on whether users perceive them as reliable,
understandable, and beneficial under practical conditions [129, 167]. For this reason, fu-
ture work should investigate how explainability, uncertainty communication, and model
transparency influence adoption behavior. In the context of this dissertation, the modu-
lar and knowledge-driven structure of the workflow already provides a favorable basis
for such work, because it avoids purely opaque end-to-end automation. This characteris-
tic should be preserved and expanded. Especially in sensitive decision contexts such as
disease management, farmers and advisors need to understand not only what a system
predicts, but also under which conditions these predictions are likely to be reliable and
where their limits are.

Another major socio-economic challenge concerns education, training, and long-
term support. The successful integration of data-driven systems into agricultural prac-
tice requires more than software delivery. It requires training concepts that enable users
to interpret outputs correctly, assess uncertainties, and adapt workflows to their own
operational settings. Future work should therefore include participatory development
processes in which farmers, advisors, and researchers jointly evaluate prototypes, define
relevant performance criteria, and identify barriers to adoption at an early stage. Such
an approach would help to ensure that future systems are not only technically advanced,
but also aligned with real informational needs, labor constraints, and farm-level decision
processes.

The availability of representative real-world data is another issue that lies at the
interface of scientific progress and socio-economic adoption. As already discussed,
controlled experimental data is indispensable for method development, but it is not
sufficient to establish practical trust and broad applicability. Future progress in data-
driven plant disease modeling will therefore depend on creating larger and more di-
verse datasets from non-controlled field environments. This is not only a technical data
acquisition task; it is also an organizational and economic one [129, 167]. Collecting
such data requires stable collaborations between research institutions, farmers, technol-
ogy providers, and possibly public agencies. Questions of standardization, incentives,
data governance, privacy, ownership, and fair benefit sharing will become increasingly
important as agricultural data infrastructures mature.

Finally, future work should also assess the broader economic and sustainability im-
plications of intelligent plant health monitoring systems. Their value should not be
measured exclusively by predictive accuracy, but also by their potential to improve re-
source efficiency, reduce unnecessary treatments, stabilize yields, lower labor intensity,
and support environmentally responsible management decisions [19, 39]. In this sense,
socio-economic evaluation should become an integral part of methodological research
rather than an afterthought. Only if technological innovation is linked to measurable
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agronomic, economic, and social benefit, it is possible to establish substantial adoption
in precision agriculture.

In summary, the socio-economic perspective emphasizes that the future of data-
driven plant disease management depends not only on better models, but also on better
integration into agricultural practice. Accessibility, interpretability, training, collabora-
tion, and data availability are therefore not peripheral concerns, but core prerequisites
for the long-term impact of the scientific advances of knowledge-driven intelligent sys-

tems for precision agriculture.
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List of Acronyms

AHE adaptive histogram equalization

Al artificial intelligence

AUPRC area under the precision-recall curve

AUROC area under the receiver operating characteristic curve

BBCH Biologische Bundesanstalt fiir Land- und Forstwirtschaft, Bundessortenamt und
Chemische Industrie

BCE binary cross-entropy

BS Brier score

BSS Brier skill score

CLAHE contrast-limited adaptive histogram equalization
CLS Cercospora leaf spot

CNN convolutional neural network

CPD coherent point drift

CV computer vision

DAC days after canopy closure

DBSCAN density-based spatial clustering of applications with noise
DIV daily infection value

DLDL deep label distribution learning

DOR diagnostic odds ratio

DS disease severity

DSP daily spore production

ECE expected calibration error

ETo reference evapotranspiration

FCL fully-connected layer



FFEN feed-forward network

FM foundation model

FNR false negative rate

FPR false positive rate

GCP ground control point

GDD growing degree day

GELU Gaussian error linear unit
GIS geographic information system
GLI green leaf index

GLONASS global navigation satellite system
GMM Gaussian mixture model
GPS global positioning system
GPT generative pretrained transformer
GSD ground sampling distance

HE histogram equalization

IBS integrated Brier score

IfZ Institute of Sugar Beet Research
IoT internet of things

JDN Julian day number

KLD Kullback-Leibler divergence
KML keyhole markup language
LDL label distribution learning
LiDAR light detection and ranging
LN layer normalization

LWIR long-wave (thermal) infrared
MAE mean absolute error

MDO mean distribution overlap
ML machine learning

MLP multi-layer perceptron
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MSE mean squared error

NDVI normalized difference vegetation index
NGRDI normalized green/red difference index
NIR near infrared

NLL negative log-likelihood

NLP natural language processing

NN neural network

NPG number of possible generations

OSAVI optimized soil-adjusted vegetation index
PDF probability density function

PMF probability mass function

R-CNN region-based convolutional neural network
REDGE red edge

ReLU rectified linear unit

RGB red, green, and blue channel

RMSE root mean squared error

RNN recurrent neural network

RS remote sensing

RTK real-time kinematic

SAR synthetic aperture radar

std standard deviation

SVM support vector machine

TNR true negative rate

TPR true positive rate

UAV unmanned aerial vehicle

UGV unmanned ground vehicle

UTM universal transverse Mercator

VI vegetation index

ViT vision transformer

WGS84 world geodetic system 1984
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