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Zusammenfassung

Das Syndrom ,Basses Richesses” (SBR) ist eine schwerwiegende, sich stark ausbrei-
tende Zuckerribenkrankheit. Syndrom ,Basses Richesses* wird vorwiegend durch das
y-3 Proteobakterium Candidatus Arsenophonus phytopathogenicus (ARSEPH) ausge-
|6st. Dieser Erreger wird hauptsachlich durch die Zikadenspezies Pentastiridius lepo-
rinus (Schilf-Glasflugelzikade) Ubertragen. Ein SBR-Befall reduziert den Zuckergehalt
und die Frischmasse der Ruben erheblich, wodurch der Anbau von Zuckerriben un-
profitabel wird. Durch fehlende effektive Kontrollmalinahmen ist SBR somit eine Be-
drohung fur die gesamte Zuckerribenwertschopfungskette in Europa. Erste Sorten mit
geringerem Ertragsverlust wurden bereits entdeckt, jedoch fehlen robuste Methoden
zur Selektion auf dieses Merkmal. Ziel dieser Dissertation ist es, Phanotypisierungs-
routinen zu etablieren, um das SBR-Toleranzniveau verschiedener Zuckerribensorten
zu bewerten. Zu diesem Zweck wurde krankes Pflanzenmaterial durch die Inokulation
von Zuckerruben mit infektiosen P. leporinus Adulten unter kontrollierten Bedingungen
generiert. Das kranke Pflanzenmaterial wurde mit digitalen nicht-invasiven, invasiven,
Zeitreihen- und Endpunktphanotypisierungsmethoden untersucht. Es wurde eine aus-
fuhrliche Datenqualitatsevaluierung von bildgebenden hyperspektralen Messungen
entwickelt. Diese bildet die Basis fur eine bildgebende hyperspektrale Zeitreihenana-
lyse der SBR-Pathogenese. Die relevantesten Wellenlangen wurden identifiziert und
Teile des Blattapparats mit hoher Bedeutung zur Klassifizierung von SBR mittels ma-
schinellen Lernens bestimmt. Die morphologischen Veranderungen des Blattapparats
und der Rube konnten mittels zwei- und drei-dimensionaler Messung parametrisiert
werden. Um die Veranderung des Blattapparats und der Ribe in den Kontext der Wirt-
Pathogen-Beziehung einzuordnen, erfolgte eine Untersuchung ausgewahlter physio-
logischer Parameter unter ARSEPH-Infektion. Die Analyse von Alkoholunldslichen
Reststoffen und des Markgehalts zeigt eine SBR-induzierte Erhdhung von strukturellen
Inhaltsstoffen bei toleranten Sorten, was durch eine erhdhte Bruchfestigkeit unterstutzt
wird. Diese Dissertation demonstriert die Anwendbarkeit von digitalen Phanotypisie-
rungsmethoden zur umfassenden Parametrisierung und Charakterisierung der Patho-
genese von systemischen Pflanzenkrankheiten wie SBR. Die Ergebnisse dieser Dis-
sertation legen einen wichtigen Grundstein fur die Etablierung einer ,high-throughput®
Selektion zur Beurteilung des SBR-Toleranzniveaus von verschiedenen Zuckerriben

Sorten unter kontrollierten Bedingungen.



Abstract

Syndrome “Basses Richesses” (SBR) is a severe, fast spreading bacterial disease in
sugar beet. The predominant causal agent of SBR is Candidatus Arsenophonus phy-
topathogenicus (ARSEPH), a y-3 proteobacterium. This agent is mainly transmitted to
sugar beet plants via the plant hopper species Pentastiridius leporinus (reed glass-
winged cicada). An outbreak of SBR reduces the sugar content and fresh mass of the
taproot profoundly, causing sugar beet cultivation to be non-profitable for growers. The
absence of effective control measures against SBR poses a significant threat to the
entire sugar beet value chain in Europe. Sugar beet varieties which present a mitiga-
tion to the substantial yield loss have been discovered but robust screening methods
for such varieties are needed. This thesis presents a set of phenotyping routines that
facilitate the assessment of different sugar beet varieties' levels of tolerance to SBR.
The creation of diseased plant material was achieved by subjecting sugar beets to
inoculation with infective P. leporinus adults under controlled conditions. The ARSEPH-
infected sugar beets were subjected to investigation through the application of non-
invasive, invasive, time series and endpoint digital phenotyping methods. A compre-
hensive hyperspectral imaging (HSI) data quality assurance pipeline has been devel-
oped. This pipeline served as the basis for a HSI time series investigation of the SBR
pathogenesis to identify the most important wavelengths and canopy parts for disease
classification via machine learning (ML). The morphological alterations of the canopy
and taproot were parametrized using two- and three-dimensional measurements. To
provide a contextual framework of the SBR-induced canopy and taproot alterations for
the host-pathogen interaction, an analysis of selected physiological parameters was
conducted on ARSEPH-infected taproots. The analysis of alcohol insoluble residues
and marc content indicates an increase of structural components in tolerant varieties
induced by SBR, a finding corroborated by increased tissue strength. This thesis
demonstrates the applicability of digital phenotyping methods to comprehensively pa-
rameterize and characterize the pathogenesis of systemic plant diseases, such as
SBR. The findings of this thesis lay the basis for the establishment of a high-throughput
screening method for the assessing of SBR-tolerance levels of different sugar beet

varieties under controlled conditions.
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CHAPTER 1: Introduction

1.1 The pathosystem syndrome ,,Basses Richesses*

Anthropogenic caused global warming has an enormous impact on agriculture all
around the world. The multifaceted ramifications of global warming in the agricultural
sector manifest in a decline of crop yields (Hu et al. 2024) causing less availability of
food in a growing world population (Vollset et al. 2020). The yield reduction following
global warming can be caused directly due to abiotic factors such as extremes of
weather (Vogel et al. 2019) or indirectly by favoring conditions for biotic factors such
as phytopathogens and insect pests. Insect pests can inhabit new areas when the
climate is shifting (Skendzi¢ et al. 2021). In central Europe the winter temperatures
rose on average about 2.5 °C since the mid-20" century (Sippel et al. 2024) which
increases the overwintering survivability of insects (Marshall et al. 2020). Additionally,
mean temperatures in spring increased by 2.1 °C, in summer 1.9 °C and autumn
1.5 °C between 1985 and 2020 (Twardosz et al. 2021) causing longer vegetation peri-
ods which enables more pest generations per year (Altermatt 2010; Stoeckli et al.
2012). In the past decades, Europe experienced a northward and altitudinal expansion
of mediterranean pests moving into central and northern Europe (Haris et al. 2025).
Insect pest damage can be categorized as direct damage caused by feeding on the
plant resulting in a loss of plant material and indirect damage occurring due to diseases
caused by phytopathogens transmitted by insects (Srisakrapikoop et al. 2020; Wielko-
polan et al. 2021). In this instance, the insects are acting as a vector. Through expan-
sion into new habitats, insect vectors introduce non-native phytopathogens to new ar-
eas and non-insect vectors are introduced to new microorganisms and phytopatho-
gens, respectively. In recent decades, several cases of insect pest expansion in central
Europe have been documented. These include the horse chestnut leafminer, the west-
ern corn rootworm and the emerald ash worm (Bazok et al. 2021; Grabenweger 2004;
Orlova-Bienkowskaja et al. 2019). Moreover, certain species have shifted their host
plant from wild plants to crops. After the introduction of maize to Europe 500 years ago,
Ostrinia nubilalis shifted from dicotyl plants to maize and became a major pest as the
European corn borer (Calcagno et al. 2017). More recently Pentastiridius leporinus,
the reed glass-winged cicada was able to shift its host to sugar beet, potato and carrot
(Behrmann et al. 2023; Gatineau et al. 2001; Pfitzer et al. 2022; Witczak et al. 2025).



The species P. leporinus belongs to the order Hemiptera within the family Cixiidae. Its
common name “reed glass-winged cicada” origins from common reed (Phragmites
australis L.) where it has been first reported by Linné in 1761. Pentastiridius leporinus
is a phloem sap feeding insect which undergoes a hemimetabolous development of
five nymphal instars during its juvenile stages before it emerges as an adult (Pfitzer et
al. 2022). In 1991 P. leporinus has been firstly associated with the spread of the sugar
beet disease syndrome “Basses Richesses” (SBR) in central France, where it caused
devastating damage followed by an income loss of around 50 % on over 1000 ha (Gat-
ineau et al. 2002). From that day onwards SBR has spread to Austria, Czech Republic,
Germany, Hungary, Romania, Serbia, Slovakia and Switzerland (Duduk et al. 2024;
EPPO 2025). However, the economic relevance of SBR varies significantly among the
countries mentioned. In Czech Republic, Hungary, Romania and Slovakia, the eco-
nomic influence is to be determined. Serbia is predominantly afflicted by a related pa-
thosystem called Rubbery Taproot Disease (Kosovac et al. 2023). Furthermore, Austria
and Switzerland have witnessed a recent increase in the pertinence of SBR (Kreitzer
et al. 2025; Mahillon et al. 2022). On the other hand, the abandoning of sugar beet
cultivation in the affected regions of France led to the interruption of the epidemic. In
contrast, Germany anticipates that approximately one third of its total sugar beet culti-

vation area will be affected in 2025 (Wirtschaftliche Vereinigung Zucker 2025).

Prior to the transition of P. leporinus to the host sugar beet, P. leporinus had not been
linked to any phytopathogens and thus was not regarded as an insect vector (personal
communication). Moreover, it was listed as an endangered species for extinction in
Germany (Nickel et al. 2016). Now P. leporinus adults can transmit two phytopathogens
during feeding on the phloem sap of sugar beet leaves and petioles (Gatineau et al.
2002): the y-3 proteobacterium Candidatus Arsenophonus phytopathogenicus (AR-
SEPH) and the phytoplasma (16SrXIl) Candidatus Phytoplasma solani (PHYPSO).
Both pathogens are associated with the outbreak of SBR in Burgundy and Franche-
Comté, France, in 1991 (Gatineau et al. 2001). However, ARSEPH was determined
the dominant causal agent in France (Sémétey et al. 2007a) and is still regarded as
the driving force of the SBR epidemic in central Europe. Even though in the recent
years higher pathogen prevalences of PHYPSO than ARSEPH are reported in Ger-
many and Austria (Kreitzer et al. 2025; Lang et al. 2025), ARSEPH provides an evolu-
tionary advantage to P. leporinus (Kais et al. 2023) which might enabled the host shift



to sugar beet and therefore most likely caused the tremendous population increase of

P. leporinus in Germany.

Candidatus Arsenophonus phytopathogenicus is a long, rod-shaped filamentous pro-
teobacterium which is phloem-limited and considered an endosymbiont (Kais et al.
2023; Sémétey et al. 2007b). Phloem sap feeding insects are known to have evolved
evolutional advantages by establishing insect-bacteria-symbiosis (Baumann et al.
2006; Novakova et al. 2009). In the context of an insect-bacteria-symbiosis, the endo-
symbiont plays a pivotal role in modulating the composition of the phloem sap in sus-
ceptible plants. This process involves the enrichment of the sap with nutrients, includ-
ing sugars (Kais et al. 2023) and amino acids (Sémétey et al. 2007b), thereby facilitat-
ing the sustenance of the host organism.

The origin of ARSEPH is still unknown. A coincidental infection of P. leporinus with AR-
SEPH is assumed because P. leporinus adults without an ARSEPH-infection have
been found in their original habitats (personal communication). Candidatus Ar-
senophonus phytopathogenicus has been localized in the abdomen, salivary glands,
midgut and oviduct of adult P. leporinus (Bressan 2014). Besides the horizontal trans-
mission of ARSEPH between infected plant material and the insect, the occurrence of
ARSEPH in the oviduct enables a vertical transmission to the offspring which is crucial
for the preservation of ARSEPH in P. leporinus populations. In contrast, PHYPSO is
not transmitted vertically to new generations of P. leporinus, so that PHYPSO is lost in
current laboratory rearing techniques (Pfitzer et al. 2022). Additionally, both ARSEPH
and PHYPSO have not been artificially cultivated yet, leaving vector-based transmis-
sion of the pathogens as the crucial and only method for artificial infection in controlled

experiments.

The propagation of the P. leporinus population was additionally promoted in France by
the dominant cropping system of winter wheat following sugar beet cultivation (Bressan
2014). The cropping system, sugar beet - winter wheat, provides an optimal environ-
ment and living condition for P. leporinus throughout all seasons. At the beginning of
May, P. leporinus adults immigrate from winter wheat fields into neighboring sugar beet
fields, mate and lay their waxed eggs in a batch of around 50 together, below ground
near sugar beet taproots (Pfitzer et al. 2022). After hatching, the nymphs feed on the
thin roots of sugar beet and use dry cracks in the ground for agitation. After sugar beet

harvest and sowing of winter wheat, P. leporinus nymphs feed on sugar beet taproot



debris and winter wheat roots. During winter, the diapause of the nymphs is assumed
(Bressan 2014). With rising temperatures in spring, nymphs continue to feed on winter
wheat roots, complete the juvenile development and emerge as adults which emigrate
into nearby sugar beet fields to start a new life cycle (Bressan 2014). Therefore, sub-
stituting winter wheat with crops that do not provide a food source for P. leporinus, or

even create a breach, is an integrated management option for controlling SBR.

Detring (2022) and Pfitzer et al. (2024) showed maize and soybean as dead-end hosts
to P. leporinus which consequently reduces the population by starvation when culti-
vated after sugar beet. Further integrated attempts to control SBR are tillage measures
which decimate the number of nymphs in the ground (Pfitzer et al. 2024). Additionally,
potent insecticides were approved in emergency admissions in 2025, to control the
number of P. leporinus adults during sugar beet cultivation, which need to be closely
monitored to justify the usage (Bundesamt fir Verbraucherschutz und Lebensmittel-
sicherheit 2025). In general, the high mobility and polyphagia of P. leporinus compli-
cate agronomic control measures because nymphs can move deep into the ground,
protected from tillage and adults evade into nearby herbaceous areas where they find

intermediate hosts.

After the transmission of ARSEPH from P. leporinus to sugar beet plants, SBR has a
long incubation time before first symptoms appear. Two months after infestation of
sugar beet with P. leporinus, first visible SBR symptoms are new small, narrow shoots
with chlorotic lamina, asymmetrical and lanceolate appearance which are followed by
yellowing and vegetation dieback of the older leaves (Bressan et al. 2008; Gatineau et
al. 2001). Additionally, a brownish discoloration of the taproot vascular bundles is visi-
ble in cross section, which is described in literature as a cause of lignification of the
phloem cell walls (Gatineau et al. 2002). Up to now, further phenotypic description of
SBR symptoms is missing but urgently needed to enable a robust screening for SBR-
tolerant sugar beet varieties. Certain varieties exhibiting tolerance to SBR, including
Fitis, Kakadu, Habicht, Ammer, Hibou (SES Vanderhave, Tienen, Belgium) and Multi-
vira (Maribo-Hilleshdég, Holeby, Denmark), have been identified within the currently
available variety pool (Bundessortenamt 2025). The difficulty controlling SBR with
known integrated management measures increases the demand for SBR-tolerant
sugar beet varieties. The complex pathosystem and pathogenesis of SBR aggravates

the screening for SBR-tolerant varieties. Precise digital phenotyping methods imply



broad opportunities to support and establish robust screening methods for sugar beet

varieties.

1.2 Digital plant phenotyping techniques

The phenotype is defined by Johannsen (1911) as a distinguishable description of all
organisms by direct inspection or by methods of measuring. Thus, phenotyping was
practiced long before the development of advanced biotechnology or even the discov-
ery of DNA. For instance, Johannsen (1903) based his findings on the uniformity of
pure lines through generations on the grouping of seeds in weight and size and follow-
ing the selection effect on the descendants. Even today, visual rating by experts is a
principal component in the field of plant breeding. Especially environmental impacts
such as pests and diseases are still visually scored in plant breeding which could be

supported by precise, objective digital phenotyping tools (Mahlein et al. 2019).

Digital cameras, basic image analysis software and early sensor-based tools such as
chlorophyll meters and handheld normalized difference vegetation index meters were
introduced to plant phenotyping in the 2000s (Mazzetto et al. 2009; Percival et al.
2008). Subsequent to the aforementioned methods, digital phenotyping techniques
such as three-dimensional (3D) scanning or hyperspectral imaging (HSI) have been
employed. These techniques are broadly available, but their incorporation into plant
breeding or variety screening has been limited. Even though advancements in green-
house automation, in conjunction with these methods, have facilitated high-throughput
screening (Furbank et al. 2011). The methods themselves are practically established
but need to be adapted to plant specific use cases (Mahlein et al. 2019). In phyto-
pathology fundamental research under controlled conditions is needed to spectrally
and morphologically characterize specific diseases and define certain parameters for
plant breeding or variety screening. But a standardized data collection and analysis
approach is missing (Mahlein et al. 2019) even though non-invasive phenotyping meth-
ods such as hyperspectral imaging of the canopy imply the opportunity of a spectral
analysis over the whole pathogenesis of a disease (Barreto et al. 2020; Bohnenkamp
et al. 2021; Mahlein et al. 2012, 2018, 2019; Okole et al. 2023; Thomas et al. 2018).

The doctrine of spectroscopy is based on the findings of Isaac Newton who described
the spectral nature of light and Joseph von Fraunhofer who used a spectroscope to
characterize optical properties of glass (Mouroulis et al. 2018). Generally, spectros-

copy analysis material compositions based on the interaction of light with matter which



was based on the findings from Kirchhoff and Bunsen (1860) who described charac-
teristic spectral lines of various chemicals elements when heated. The basis for this
analysis is the sensing of the emitted light from the material or object. Light in this
context is considered as electromagnetic waves which are categorized depending on
the wavelengths. The electromagnetic waves visible (VIS) to the human eye typically
lay between ~380-780 nm (Sliney 2016). Beyond the visible wavelengths, ultraviolet
light (UV) lays between 100-400 nm (Coblentz 1932), near infrared (NIR) between 780-
1400 nm and short-wave infrared (SWIR) between 1400-3000 nm (Sliney 2016). De-
pending on the plant phenotyping use case, multi- or hyperspectral sensors are used
to measure the emitted light from object of interests between 250-2500 nm (Mahlein et
al. 2018). Multispectral sensors can sense a fixed number of certain wavelengths, often
considered as spectral bands. Hyperspectral sensors can cover a broad spectral re-
gion by sensing a high number of narrow bands (Mahlein et al. 2018). The spectral
information of either multi- or hyperspectral data can be allocated in the spatial dimen-
sion by spectral imaging systems (Mahlein et al. 2018). If the spatial dimension is
added to the spectral measurements, measurements move from single spot to a cov-
erage of the whole object of interest. Hyperspectral imaging not only increases the
information in the data but also the complexity in conducting measurements which in-

creases requirements for the imaging system and its set up to produce reliable data.

Generally, HSI-systems are categorized into four different types: push-broom/line
scanner, filter-based sensor systems, snapshot and whisk-broom systems. Whisk-
broom systems obtain the spatial information pixel by pixel. The interaction of many
moving elements inside the camera enables a pixel wise measurement which results
in a higher abrasive wear than other systems (Paulus et al. 2020). One of the most
established systems is the push-broom/line scanner which records images line by line.
This approach implies that either the object or the sensor needs to be moved to enable
a second spatial dimension (Sousa et al. 2022). Mobile push broom cameras are
equipped with a rotating mirror to mimic the movement which allows a flexible applica-
tion for various use cases (Behmann et al. 2018). Stationary systems often work with
a motorized line scanner. Filter based systems either work with prisms which result in
a low spatial resolution or with filters on the sensor chip, in front of an imaging array or
as tunable optical filter in front of the cameras optic. Whereas on-chip filter-systems
result in low spectral resolution and are more common in multispectral approaches.

Tunable filters are often used as an installment on standard imaging devices, e.g.



microscopes (Kong et al. 2013). Thus, the decision to choose the right HSI approach
is highly dependent on the intention of use and the measurement setup. One of the
most established HSI-systems for plant phenotyping is the push-broom system, be-
cause it combines high spectral quality, technological maturity and easy integration into
high-throughput, making it ideal for controlled repeatable imaging of large plant popu-
lations (Behmann et al. 2015; Habib et al. 2017; Mahlein et al. 2012; Rehman et al.
2020).

Besides the consideration of the HSI-system itself, the illumination needs to be evalu-
ated. Halogen lamps are currently widely used for artificial illumination in HSI because
of their high and continuous energy output in the VIS and NIR spectra (Mahlein et al.
2015). Not only the type of illumination but also the positioning and angle can have a
tremendous impact on the data quality (Behmann et al. 2015). Every HSI-setup must
cope with the 3D-structure of the plant which can be allocated in a xyz coordinate
system. In this context, x and y describe the horizontal and vertical axis of the plant
and z the areal or depth axis. In terms of illumination, the z axis plays an important
role. Thus, plant HSI not only requires a suitable HSI-system but also high-quality illu-
mination. Upon this, the spatial data quality depends on the HSI-system as well as its
arrangement in the set up. Most HSI-systems have a fixed focal length binding the
focus area to a small distance in the z axis. Therefore, when 3D-objects such as plant
canopies are considered, sharpness of the hyperspectral image needs to be evaluated
as well. Based on an exhaustive review of existing studies, one must conclude that a
plant phenotyping specific workflow for the evaluation of HSI-setups in practice, is
missing but highly needed to ensure the highest possible data quality for extensive

machine-driven data analysis.

A measurement technique which focuses on the z axis in context with the x and y axis
of objects is 3D-scanning. 3D-scanning is an active approach which can measure the
3D-structure of an object by using controlled sources of structured energy emissions
such as lasers or light patterns (Harandi et al. 2023). A common technique for meas-
uring small objects such as plants is structured-light-scanning (Paulus et al. 2014b).
To receive the 3D-information of the plant, patterns of light with a known dimension are
projected onto the target, deformed and imaged by cameras (Winkelbach et al. 2006).
The resulting data is a 3D point cloud or mesh which has its data points precisely
allocated on the x, y and z axis. Subsequently, the geometry of an object or plant can

be derived. Therefore, it offers the possibility to geometrically characterize and quantify
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the alteration of abiotic and biotic stress on plant source and sink organs. Especially
systemic sugar beet diseases such as SBR which infect the vascular system are often
associated with reduced and stunted growth of source and sink organs (Gatineau et
al. 2001; Hilinhutter et al. 2012; McGrann et al. 2009). To effectively integrate 3D-scan-
ning into variety-screening, the description of distinct morphological parameters is
needed. Additionally, connecting morphological alterations to plant physiological
changes induced by plant diseases can support the identification of tolerance traits,
respectively. Specific physiological traits of sugar beet varieties such as marc contents
or alcohol insoluble residues (AIR) have been intensively studied in the context of post-
harvest processing (Hoffmann et al. 2018; Kleuker et al. 2021, 2022). Effects of plant
physiological parameters on the pathogenesis of systemic diseases such as SBR are
missing, even though SBR causes clear deformations on the sugar beet taproot and
canopy (Gatineau et al. 2001). Additionally, the hypothesized lignification of the phloem
cell walls in the taproot caused by SBR (Gatineau et al. 2002) might affect the taproot

structure and therefore texture.

The taproot texture is an important parameter for storability of sugar beets in clamps
on the field. Several studies have been conducted to connect physiological parameters
with taproot texture and tissue profiles (Hoffmann et al. 2018; Kleuker et al. 2019, 2021,
2022; Nause et al. 2020; Schnepel et al. 2016). The established methods could be
applied to phytopathological use cases such as SBR to evaluate the effect on the de-
scribed parameters. Especially the flexural strength of the taproot might be an addi-
tional pathogen specific characteristic of SBR. Higher prevalence of PHYPSO in sugar
beet in south Germany (Lang et al. 2025) have recently been associated with similar
symptoms as the Rubbery Taproot Disease (Curéi¢ et al. 2021). Effects of an ARSEPH-

infection on the taproot texture have not been described yet.

The diverging pathogenesis of PHYPSO and ARSEPH depending on the pathogen
abundance underlines the need for molecular diagnostics. Primers described from Zu-
bert (2021) to detect the heat shock protein 20 in ARSEPH enables quantitative path-
ogen detection in sugar beet tissue via quantitative polymerase chain reaction (QPCR).
Pathogen detection in ARSEPH inoculation trials via vector transmission provides in-
formation about the success of the transmission and infection resulting in infection
rates over experimental replicates. Infection rates are the reference data for the anal-
ysis of any phenotyping data in phytopathology, which underlines the necessity of mo-

lecular diagnostic for phenotyping of SBR.
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1.3 Analysis of complex phenotyping data

The analysis of complex phenotyping data in an integrated approach between different
methods to draw combined conclusions evolved as a key challenge for plant pheno-
typing. Especially in high-throughput and image-based phenotyping, vast and multidi-
mensional data sets are assessed which can create a bottleneck in data processing
(Mahlein et al. 2019) when relied on classical statistical methods like the analysis of
variance or principal components analysis (Fisher 1919; Hotelling 1933). The emer-
gence of machine learning (ML) enabled the handling of complex data sets and created
new methods for pattern recognition, making it a cornerstone in plant phenotyping data
analysis until today (Gill et al. 2022; Mahlein et al. 2019). But aligning with the oppor-
tunities for digital plant phenotyping, also ML-algorithms need to be adapted for the
specific use case. Classical linear regression ML-algorithms such as super vector net-
works can be used for basic classification purposes on one dimensional data (Cortes
et al. 1995) like plant height, volume or leaf area. Advanced ML-methods such as non-
linear regression and deep learning are needed if multidimensional data is considered
like hyperspectral images (Barreto et al. 2020, 2023; Yamati et al. 2024). Nonlinear
regression like Random Forest can analyze the course of the spectral curve in addition
to the single band reflectance values (Breiman 2001). Furthermore, deep learning, also
known as neural networks, can comprehend spatial information together with spectral
information (Barreto et al. 2020, 2023; Yamati et al. 2024). Thus, deep learning tech-
niques consider spectral and morphological changes of a plant leaf under pathogen
stress. In the field of phytopathology, biological conclusions drawn from phenotyping
data are very valuable for understanding a plant pathosystem. Therefore, explainable
ML should be aimed at, rather than the highest possible performance metrics of a ML

model.

In addition to data analysis, the utilization of ML-algorithms is imperative for the effec-
tive preprocessing of data. It is particularly noteworthy that imaging data comprises a
substantial amount of redundant information, including the background. Depending on
the experimental hypothesis and use case, image segmentation can be a crucial step
before data analysis in addition to the elimination of redundant data. For instance, the
plant canopy can be divided into different canopy organs such as leaves, flowers, fruits,
petioles, stems and buds. Depending on the phenotyping method and use case, a
differentiation between those organs might be necessary. Sugar beet canopies consist
of leaves and petioles in their first year of vegetation. Petioles and leaves have
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significantly different physiological properties and functions (Geiger et al. 1969) and
can therefore diverge in their reaction to stress. If a specific stress, such as SBR, is to
be phenotyped, the analysis of hyperspectral images of sugar beet canopies necessi-
tates segmentation between leaves, petioles, background and other objects, including
the tip of the taproot, which can be visible in the image. Thus, segmentation is crucial
for conducting spectral analysis of individual organs. This preliminary processing step
is referred to as "semantic segmentation”, a procedure that involves the systematic
classification of each pixel within an image (Ulku et al. 2022). Semantic segmentation
has become a relevant research topic in the field of computer vision. Several super-
vised algorithms have been established for image segmentation such as Mask R-CNN,
SAM or U-Net (He et al. 2017; Kirillov et al. 2023; Ronneberger et al. 2015). U-Net
compared to other image segmentation algorithms is a robust solution which can score
high accuracies if annotated data is limited.

Independently from the type of algorithm or network, humanly annotated data is re-
quired for supervised ML. In supervised ML the objective is to learn patterns from an-
notated inputs and find them in unknown data (Liakos et al. 2018). For accurate pre-
dictions, large amounts of humanly annotated data are needed which can create a
second bottleneck in HSI for plant phenotyping. Unsupervised ML does not require
annotated data and is looking for patterns by clustering the given data. Because there
is no reference data, the interpretation of the results is often complicated and difficult
to refer to any biological traits when plant data is used. Thus, for disease characteriza-
tion and classification supervised ML is often preferrable when annotated data is avail-

able.

Random Forest is a widely used supervised ML algorithm for classification and regres-
sion tasks in various types of research fields such as medicine, ecology and remote
sensing (Belgiu et al. 2016; Fox et al. 2017; Yang et al. 2009). The construction of
numerous "decision trees" during the training phase, in conjunction with the integration
of predictions, has been demonstrated to yield high and stable accuracies. Each "de-
cision tree" is trained on a random subset of the data, thereby introducing diversity
among the trees and helping to prevent the model from learning noise in the training
data (Breiman 2001). Random Forest is a popular choice for ML-algorithms due to its
ability to easily identify the importance of each feature used for training. This is
achieved by summing up the reductions in node impurity across all splits for which a

feature is used (Breiman 2001). Additionally, Random Forest is used as a backbone
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for feature selection methods such as Boruta. Boruta adds permuted features and
compares them to the real features. Features which cause a significant better perfor-
mance than the best permuted feature are considered relevant (Kursa et al. 2010).
Furthermore, Shapley additive explanations (SHAP) can be assigned a contribution
value to each feature, thereby quantifying the positive and negative effects of each
feature on a specific prediction. Thus, SHAP can rank the features and can evaluate
dynamics within a feature when feature values are shifted from high to low (Nohara et
al. 2022).

In digital plant phenotyping, defining the importance of elevated features in complex
data such as hyperspectral images or 3D point clouds is a crucial step to lay the foun-
dation for the characterization of certain stresses or diseases, especially when sys-
temic diseases such as SBR are focused on. Most systemic diseases do not have
distinct symptoms, unlike fungal induced leaf spots, which can be allocated in the spa-
tial dimension. This underlines the need for a comprehensive phenotyping approach
not only for SBR but also other systemic diseases in any other crop species. Assem-
bling such an approach and elevating high quality data on the phenotype of SBR to
support variety screening for highly needed SBR-tolerant varieties is the objective of

this thesis.
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CHAPTER 2: Research objectives

The main objective of this thesis is to establish a phenotyping routine for assessing the
systemic effects of SBR on different sugar beet varieties. To support this objective, high
quality data sets are needed to identify characteristic spectral traits during pathogene-
sis of SBR. However, the usage of HSI in plant phenotyping faces critical technical
challenges making quality evaluation of the collected data crucial. Moreover, a system-
atic approach, considering host-pathogen interaction and routines for a bioassay to
provide representative plant material for HSI is needed. In an integrated approach, the
digital phenotyping methods HSI and 3D-scanning combined with physiological and
molecular techniques, are aimed to be used for evaluating the alterations caused by
SBR on the canopy and taproot of different sugar beet varieties. By ML-driven data
analysis, crucial features and parameters should be elevated to characterize SBR to
assess the tolerance levels of different varieties. This results in the following objectives:
. The establishment of a data-driven quality assurance pipeline for HSI-sys-
tems. The pipeline should include evaluation methods for the spectral and spatial ac-
curacy of HSI-systems and the quality of the resulting data. Furthermore, an optimal
illumination scenario for HSI of plants under controlled conditions must be assembled.
The data-driven quality assurance pipeline for HSI-systems should be used on a phy-
topathological scenario for setting up a sophisticated ML-driven HSI-data processing
and analysis pipeline.

Il Characterizing and parameterizing the effects of SBR on sugar beet can-
opies and taproots with HSI, 2D- and 3D-scanning. Consequently, the development
of a comprehensive experimental workflow is imperative, encompassing the cultivation
of ARSEPH-infected plant material and the meticulous evaluation of spectral and mor-
phological data. For accurate analysis of the canopy hyperspectral information, hyper-
spectral images need to be segmented between leaves, petioles and redundant ob-
jects. This should be followed by an automatic assessment of relevant disease param-
eters and morphological alterations using ML-algorithms verified by molecular diag-
nostic.

M. Investigation of the effects of SBR on sugar beet taproots, with a focus on
the physiology and texture of different varieties. The investigation should include
an analysis of the alterations caused by SBR on marc content, AIR (celluloses, hemi-
celluloses, lignin, pectin), fresh mass, dry matter, volume, length and width of the sugar

beet taproot. Infection of ARSEPH must be verified via molecular diagnostic.
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computed to map the detected pattern to an orthographic view. The
same matrix was then applied to the leaf image, effectively warp-
ing it so that it appeared to be captured from a nadir perspective.
Subsequently, a masked version of the transformed leaf image was
generated using scikit-image (Van Der Walt et al. 2014), excluding
the background and preparing the image for parameter extraction.

Taproot 3D scanning

At harvest, the taproots of all cultivated sugar beet plants were
measured in 3D to analyze possible cross-sectional deformation
of the beet body induced by SBR. A structured light 3D scanner
(HP Pro S3; HP, Pato Alto, CA) including two monochromatic
cameras was employed to generate the 3D models of the tap-
roots (Supplementary Fig. S1C). The scanner can measure objects
30 to 500 mm in size with a resolution of up to 0.05 mm. Be-
fore scanning, the leaves were detached from the taproots, and
the taproots were placed upside-down on a turntable. To generate
occlusion-free 3D models, the taproots were scanned from eight
viewpoints. The registration of the individual point clouds of each
single taproot into a unified point cloud was achieved by leveraging
the rotational information provided by the turntable and utilizing
the iterative closest point algorithm for fine registration. The
turntable itself and other scanning artifacts were subsequently re-
moved from the model manually using the open-source software
CloudCompare (version 2.13.2).

Leaf and petiole segmentation and determining primary spectral
features for classification of ARSEPH-infected sugar beet

Analyses were performed in R (version 4.3.1; R Core Team,
Vienna, Austria) and RStudio (version 2024.04.2+764; Posit Team
2025). Normalization and smoothing were applied as preprocessing
steps to the hyperspectral data before canopy organ segmentation
and spectral analysis using the package “hsdar” (version 1.0.4;
Lehnert et al. 2018) for hyperspectral data management. There-
fore, the white reference hyperspectral image was cropped to the
size of the barium sulfide reference plate, and a vertical mean pixel
line for each spectral band corresponding to the line length of the
hyperspectral camera was calculated. The same was done for the
dark reference data. The resulting reference pixel lines were used
to normalize each pixel line from the acquired hyperspectral data
with the following formula:

Reflectance — hyperspectral image — dark reference hsi

white reference — dark reference white

exposure white reference

exposure hyperspectral image

After normalization, the first five spectral bands (400 to 409 nm)
were excluded from further processing and analysis due to sensor-
specific technical noise. The normalized hyperspectral data were
smoothed by applying he Savitz—Golay smoothing filter (filter order
= 3, filter length = 5) with the package “gsignal” (version 0.3.7;
van Boxtel 2021) to reduce noise in the spectral data (Savitzky and
Golay 1964).

RGB images were generated from the normalized and smoothed
hyperspectral images using the package “png” (version 0.1-8;
Urbanek 2022). The hyperspectral bands at 525, 550, and 600 nm
were chosen for visualization. The three classes background, leaves,
and petioles were defined by manual annotation of the RGB images.
The images were annotated for training and validating a convolu-
tional neural network for semantic segmentation of the three classes
of each RGB image to create masks for further analysis of the
hyperspectral data. Each pixel of 120 chosen RGB images was
manually annotated to one of the three defined classes using the
software GIMP (version 2.10.36; The GIMP Team). For annotating
the training dataset, images of 10 leaves of sugar beet plant rep-
etitions per date and variant were randomly chosen, whereas five
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leaf sugar beet plant repetitions and two dates of the time series
were preserved for validating the performance of the convolutional
neural network on segmentation of the three classes on unknown
plants and time points. A pretrained U-Net model with a ResNet18
encoder backbone was chosen for the semantic segmentation (He
et al. 2016; Ronneberger et al. 2015). The U-Net model has be-
come a cornerstone in the field due to its effectiveness in learning
from limited datasets and producing precise segmentation results.
Although the original U-Net model was designed for binary seg-
mentation; it was adapted for multiclass segmentation. Instead of
applying an activation function, the model outputs raw logits for
each class at every pixel location. A categorical cross-entropy loss
function was employed that operates on raw logits and is suitable for
multiclass segmentation tasks in which each pixel belongs to exactly
one class. The established ResNet18 backboned U-Net achieved a
segmentation performance (intersection over union) of 98% for the
class “background,” 95% for the class “leaves,” and 67% for the
class “petioles” (Supplementary Table S2). The performance of the
class “petioles” was reduced due to the high number of edge pixels
compared with the overall number of pixels in this class caused by
the natural shape of this plant organ. Segmenting the edges of an
object in the image is difficult because of the mixed spectral val-
ues. Furthermore, validating the performance of a class with a lot
of edge pixels is biased because human annotation of edge pixels
is challenging as well. Evaluating the generated masks from the
U-Net (Supplementary Fig. S2) and the low standard deviation of
the spectral signature indicates that the manual annotation might
have caused the bias in the performance by spuriously annotating
the edge pixels to the petiole class compared with the segmentation
results.

The masks generated by the U-Net were used to calculate an av-
erage spectrum for the leaves and the petioles from each of the 630
hyperspectral images. Two random forest machine learning models
(Breiman 2001) were trained using the package “randomForest”
(version 4.7.1.2, number of trees: 500; Liaw and Wiener 2002) to
classify ARSEPH-infected sugar beet plants based on hyperspectral
information from leaves and petioles and to extract the most impor-
tant wavelengths for classification. One model was trained with
the hyperspectral data of the leaves and the other with the hyper-
spectral data of the petioles. The hyperspectral images of both the
leaves and the petioles were annotated for visible SBR symptoms
as a reference for training and validating the models. A sugar beet
plant was labeled SBR symptomatic if new, small, narrow shoots
with a chlorotic lamina and a curved appearance were observed
(Gatineau et al. 2002). The training data comprised 12 plants from
the ARSEPH-infected group and 12 plants from the noninfected
group (a total of 552 hyperspectral images). The validation data
contained the remaining three plants of each group (totaling 138
hyperspectral images), resulting in a data split of 80% for training
and 20% for validating. During the training process, random for-
est ranks the given wavelengths for their importance for classifying
between infected and noninfected sugar beet plants. The extracted
importance of the leaf and the petiole model was normalized with
the following formula:

Normalized importance

importance — minimum importance

maximum importance — minimum importance

2D image calibration and extraction of geometrical parameters

The processed images were subsequently utilized for the extrac-
tion of six morphological parameters by employing customized
Python (Van Rossum and Drake 2009) algorithms. This included
the total leaf length, the leaf blade length, the petiole length, the
leaf blade width, the leaf area, and a leaf blade symmetry index.

The total leaf length was defined as the maximum distance from
the petiole basis to the leaf blade tip. The calculation of the leaf



blade length and the petiole length required the identification of the
leaf blade basis, which corresponds to the transition point between
the petiole and the leaf blade. Therefore, a 2D version of the defini-
tion proposed by Bomer et al. (2024) was implemented. The width
of the leaf blade was measured perpendicular to the length axis of
the leaf blade, thereby providing a quantitative description of the
maximum distance between the leaf edges. The leaf area could be
calculated by a simple pixel count, made possible by the previous
homograph-based image rectification. The leaf blade symmeltry in-
dex was similarly determined by manually marking the leaf vein
and counting the pixels of the leaf blade on either side of the vein.
The index was subsequently calculated by dividing the smaller side
of the leaf blade by the bigger side, ensuring a maximum index of
1 (perfect symmetry). The smaller the index value, the higher the
asymmetry of the leaf blade.

All extracted morphological leaf parameters were statistically
analyzed to determine if there were significant differences between
leaves of the noninfected and ARSEPH-infected sugar beet plants.
This analysis was performed using SciPy (Virtanen et al. 2020) with
a significance threshold of o = 0.05. Initially, the data were assessed
for normality using the Shapiro—Wilk test. Due to all parameters
showing deviations from normality, nonparametric Mann—Whitney
U tests were conducted.

3D parameter extraction and feature impact on Borut-SHAP

A processing pipeline for the 3D scans of the taproots was imple-
mented in Python to automate the remaining processing steps for
extracting cross-sections. The point clouds of the taproots were ini-
tially aligned along their length axis. Consequently, the root tip and
the center of the beet body were identified, and the point clouds were
rotated so that these two points lay on a line (z axis). Subsequently,
for each taproot, 15% of its height was removed at the top and 25%
at the root tip. This was performed to guarantee the reliability of
the downstream parameter extraction algorithms, as these have dif-
ficulties handling small and thin objects. From the point cloud that
was prepared in this manner, cross-sections in the xy-plane were cut
into wafers of 1.0 mm. This resulted in 707 cross-sections of the
noninfected and 665 cross-sections of the ARSEPH-infected sugar
beet plants.

The initial step in the extraction of the morphological parameters
of the cross-sections involved the projection of the cross-sections
onto the Xy plane, effectively eliminating the previous 1.0-mm-thick
wafer and reducing them to a 2D plane. Subsequently, a polygon
was fitted through the cross-sections’ 2D point cloud in accordance
with the method of Taubin (1991) This circle served as the foun-
dation for the subsequent collection of all other cross-sectional
morphological parameters. These parameters can be grouped into
the four main categories of shape descriptors (roundness, skew-
ness, axial measures), spatial descriptors (perimeter, area, convex
hull), notch descriptors (area, quantity, depth), and ratio measures,
which express proportions between the various extracted descrip-
tors. All extracted parameters are listed and explained in detail
(Supplementary Table S3).

To identify the most relevant morphological cross-sectional pa-
rameters associated with SBR, first, a correlation analysis was
performed to remove redundant information. For each pair of pa-
rameters with a correlation r > 0.95, the more difficult to calculate
parameter of the pair was removed from the dataset (Supplementary
Fig. S3). Subsequently, a feature selection procedure was conducted
(Supplementary Fig. S4) using the Boruta-SHAP algorithm (Keany
2022). The algorithm combines the robustness of the Boruta fea-
ture selection method (Kursa et al. 2010) with the interpretability
of SHapley Additive exPlanations (SHAP) values (Lundberg and
Lee 2017). The approach evaluates the importance of each param-
eter by comparing it against a randomized copy of the parameter,
which serves as a baseline. SHAP values were derived from a ran-
dom forest model and quantify each parameter’s contribution to the
prediction of the model.
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All predictor variables were standardized prior to analysis us-
ing z-score normalization. The Boruta-SHAP algorithm was run in
classification mode for 100 trials with a fixed random seed to en-
sure reproducibility. Features were accepted or rejected based on
their statistical relevance across multiple iterations. To visualize and
interpret the individual parameters’ effects, SHAP summary plots
were generated for all parameters.

Results

Spectral response from ARSEPH-infected sugar beet canopies and
the most important spectral features for classification of infection

Canopy reflectance of ARSEPH-infected sugar beet plants ex-
hibited an increasing change in the spectral response of leaves and
petioles over time (Fig. 3). The reflectance of the leaves from the
ARSEPH-infected sugar beet plants was continuously lower at all
three infection stages (early infection, first visible symptoms, late
infection) and showed differences with low standard deviations in
the region 410 to 700 nm at all three time points.

A clear shift with a large standard deviation was visible at 41 dai
in the region 700 to 1,000 nm, which was further increased at 62 dai.
The most important wavelengths (>85% importance) for classify-
ing ARSEPH-infected sugar beet by the spectral response of the
leaves at any time point were all between 604 and 632 nm (Fig.
3A).

The reflectance of the petioles from the ARSEPH-infected sugar
beet shifted from below the noninfected at 20 dai to above at
41 dai and decreased until late infection at 62 dai to a similar level
compared with the noninfected group (Fig. 3B). The most diver-
gent regions between two groups were at 20 and 62 dai between
410 and 460 nm. Whereas the average spectrum between 700 and
1,000 nm at 62 dai was similar between groups, the standard de-
viation was increased, especially for the ARSEPH-infected group.
The most important wavelengths (>85% importance) for classify-
ing ARSEPH-infected sugar beet by the spectral response of the
petioles at any time point were between 623 and 659 nm and be-
tween 421 and 432 nm. Considering the distribution of importance
across all bands (a total of 219 bands analyzed), 68 bands from the
petiole model and 50 bands from the leaf model had a normalized
importance >50%. Additionally, 147 bands from the petiole model
and 159 bands from the leaf model had a normalized importance
>25%.

Determination of ARSEPH-infected sugar beet is best classified
based on petiole hyperspectral data, with an accuracy of 97%. In
comparison, detection based on leaf hyperspectral data exhibited
an accuracy of 60% (Table 1).

Moreover, the models for classification between ARSEPH-
infected and noninfected sugar beet based on leaf and petiole
hyperspectral data showed excellent performance in classifying
noninfected sugar beet, with both scoring >90% accuracy.

Geometrical leaf parameters of ARSEPH-infected and noninfected
sugar beet

The leaves of ARSEPH-infected sugar beet plants exhibited sig-
nificant reductions in leaf area (19.7%), leaf length (6.9%), leaf
blade length (13.1%), and leaft blade width (12.1%), respectively
(Fig. 4A to D). There was no significant difference in petiole length
(Fig. 4E) or in symmetry (Fig. 4F) between ARSEPH-infected and
noninfected sugar beet leaves.

The interquartile range of leaves of ARSEPH-infected sugar beet
plants was broader for all six leaf geometric parameters compared
with the noninfected group, indicating greater variability in the data.
The leaves of noninfected sugar beet plants with narrower interquar-
tile ranges and less variability showed outliers in all parameters
except leaf area. With the exception of the symmetry index, there
were no outliers for any leaf parameters of ARSEPH-infected sugar
beet plants. The leaves of ARSEPH-infected sugar beet plants pre-
sented a reduction in the median of all geometrical leaf parameters



36



37



38



used to assess morphological changes to the leaves caused by an
ARSEPH infection to compare variety responses. Furthermore,
when the average petiole reflectance is considered, the analysis of
the spectral response of the canopy is a robust method for assessing
disease incidence. A major outcome of this study is that sugar beet
petioles are more important indicators of ARSEPH infection com-
pared with leaves. Averaging the reflectance over the whole canopy
might have obliterated effects on the leaves because the symptom
distribution and severity is not equal over the whole canopy, espe-
cially at earlier disease stages. Thus, using single leaves for analysis
can increase the accuracy and help to establish a robust estimation
of disease severity in the future, which is helpful for comparing
the tolerance of different varieties. Beyond the canopy, changes to
taproot 3D parameters caused by ARSEPH infection are unequally
distributed in the upper, middle, and lower regions of the taproot.
Therefore, it is advisable to set thresholds in line with the severity of
changes to focus machine learning models for variety comparison
on the regions with greatest signal change. However, the potential
for variation in parameters caused by SBR, as outlined in this study,
necessitates further empirical testing on more sugar beet varieties
with an established range in tolerance to SBR.
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Supplementary Table S1. Cycle quantification (Cq) results of the quantitative polymerase chain
reaction (qPCR) analysis. All inoculated samples and nine non-inoculated samples were chosen
for analysis. All samples, the known positive and negative sample and the dilution series were
repeated once.

C, repetition Mean C,
Sample Number 1 2
Inoculated 1 29.57 29.11 29.34
2 27.28 27.00 27.14
3 29.52 29.03 29.28
4 27.03 26.92 26.97
5 28.85 28.94 28.89
6 28.92 28.58 28.75
7 29.29 29.04 29.16
8 27.69 27.19 27.44
9 28.48 27.50 27.99
10 28.08 27.70 27.89
11 27.89 27.86 27.88
12 28.17 28.04 28.11
13 29.28 29.39 29.34
14 28.30 28.64 28.47
15 29.36 29.27 29.32
Non- 1 0.00 0.00 0.00
2 39.03 0.00 39.03
3 0.00 0.00 0.00
4 39.67 0.00 39.67
5 0.00 0.00 0.00
6 0.00 0.00 0.00
7 0.00 0.00 0.00
8 0.00 0.00 0.00
9 0.00 0.00 0.00
Dilution 100pg/ul 14.03 13.91 13.97
10pg/ul 17.03 17.11 17.07
1pg/ul 20.39 20.19 20.29
100fg/ul 23.86 23.77 23.81
10fg/ul 27.12 27.05 27.09
Positive 26.17 26.14 26.15
Negative 0.00 0.00 0.00
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Supplementary Table S2. U-NET segmentation performance of the classes background, petioles

and leaves.
Performance Intersection over Union  Precision Recall
Class
Background 0.98 0.99 0.99
Petioles 0.67 0.78 0.82
Leaves 0.95 0.97 0.97

Supplementary Table S3. Definition of 45
sections.

parameters extracted from the 3D taproot cross

Parameter Name

Definition

Roundness fitted center
Roundness centroid
Roundness fitted biggest circle

Polygon perimeter
Polygon area
Convex hull area

Convex hull perimeter
Notches area
Notches quantity

Biggest notch perimeter
Biggest notch area
Biggest notch height

Oriented rectangle area
Oriented rectangle perimeter

Oriented rectangle area outside polygon
Biggest circle area

Biggest circle perimeter

Biggest circle area outside polygon
Axis major

Axis minor

Skewness

Kurtosis
Relation axis minor vs. axis major
Relation polygon vs. convex hull perimeter

Relation polygon perimeter vs.

perimeter

biggest circle

Ratio of minimum to maximum distance from the polygon
to a fitted circle center.

Ratio of minimum to maximum distance from the polygon
to the centroid of the polygon.

Ratio of minimum to maximum distance from the polygon
to the largest inscribed circle.

Total length of the boundary of the fitted polygon.

Total enclosed area of the polygon.
Area of the smallest convex shape enclosing the polygon.

Perimeter of the smallest convex shape enclosing the
polygon.

Combined area of indentations (notches) between the
polygon and its convex hull.

Number of notches detected as indentations from the
convex hull.

Perimeter of the largest notch.

Area of the largest notch.
Maximum orthogonal depth of the largest notch.

Area of the minimum bounding rotated rectangle
enclosing the polygon.

Perimeter of the minimum bounding rotated rectangle
enclosing the polygon.

Area difference between oriented rectangle and polygon.

Area of the largest inscribed circle enclosing the polygon.

Perimeter of the largest inscribed circle enclosing the
polygon.

Area difference between the largest inscribed circle and
polygon.

Longest distance between any two points on the polygon
boundary.

Longest distance between any two points on the polygon
boundary perpendicular to the major axis.

Skewness of the radial distance distribution from the
center.

Kurtosis of the radial distance distribution from the center.

Ratio of minor axis to major axis length.
Ratio of polygon perimeter to convex hull perimeter.

Ratio of polygon perimeter to the biggest inscribed circle
perimeter.
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Relation polygon perimeter vs. oriented rectangle
perimeter
Relation polygon perimeter vs. axis major

Relation polygon perimeter vs. axis minor
Relation polygon vs. convex hull area

Relation polygon area vs. oriented rectangle area
Relation polygon area vs. biggest circle area
Relation polygon perimeter vs. polygon area
Relation convex hull perimeter vs. convex hull area
Relation notches area vs. polygon area

Relation notches area vs. convex hull area
Relation biggest notch area vs. notches area
Relation biggest notch area vs. polygon area
Relation biggest notch area vs. convex hull area

Relation biggest notch height vs. biggest notch
perimeter
Relation biggest notch height vs. polygon perimeter

Relation biggest notch height vs. axis major
Relation biggest notch height vs. axis minor

Relation biggest notch perimeter
perimeter
Relation biggest notch perimeter vs. biggest notch area

vs. polygon

Relation oriented rectangle perimeter vs. oriented
rectangle area

Ratio of polygon perimeter to oriented rectangle
perimeter.
Ratio of polygon perimeter to major axis length.

Ratio of polygon perimeter to minor axis length.
Ratio of polygon area to convex hull area.

Ratio of polygon area to oriented rectangle area.
Ratio of polygon area to biggest inscribed circle area.
Ratio of polygon perimeter to its area.

Ratio of convex hull perimeter to its area.

Ratio of total notch area to polygon area.

Ratio of total notch area to convex hull area.

Ratio of the biggest notch area to total notch area.
Ratio of the biggest notch area to polygon area.
Ratio of the biggest notch area to convex hull area.

Ratio of biggest notch height to its perimeter.

Ratio of biggest notch height to polygon perimeter.
Ratio of biggest notch height to major axis length.
Ratio of biggest notch height to minor axis length.

Ratio of biggest notch perimeter to polygon perimeter.

Ratio of biggest notch perimeter to its area.

Ratio of oriented rectangle perimeter to its area.
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CHAPTER 6: General discussion

This thesis characterized the syndrome “Basses Richesses” of sugar beet with differ-
ent phenotyping approaches and demonstrated the relevance of the collected param-
eters for comparing different sugar beet varieties in terms of their tolerance levels to
SBR (Figure 1).

Figure 1: Phenotyping routines for comparing variety-specific tolerance levels to syndrome
“Basses Richesses”. Top row (from left to right): Hyperspectral imaging, quantitative polymer-
ase chain reaction and two-dimensional measuring of leaves. Bottom row (from left to right):
Texture profile analysis, three-dimensional scanning and structural components analysis.

Especially spectral characterization of the SBR pathogenesis in time series is one of
the main objectives of this thesis described in Chapter 4. The fundament for such a
characterization is a spectral data set of high quality. Therefore, a sophisticated meas-
uring set up had to be practically established. The establishment of this set up was
based on the findings described in Chapter 3 which connects the method development
in Chapter 3 and application on a phytopathological use case in Chapter 4. Additionally,
robust infection protocols with the complex SBR-pathosystem were accomplished to
secure comparability of experimental repetitions and by this variety performance. In
this infection protocol, only ARSEPH could be considered. The symptoms caused by
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a single infection with PHYPSO and mixed infection (ARSEPH, PHYPSO) need to be
investigated with the proposed methods. Furthermore, advanced data processing and
analyzation pipelines were established to handle complex data sets which have been
demonstrated in Chapter 3 and applied in Chapter 4. To contextualize the phenotypic
findings of Chapter 4 in the host-pathogen interaction, physiological analyses of differ-
ent parameters were conducted in Chapter 5. Hypotheses on the connection between
physiological alterations and the phenotypic outcomes can be drawn from these re-
sults, as the basis for further research. The proposed methods can be integrated into
a greenhouse high-throughput variety screening for SBR-tolerance, either partially or
in their entirety. In order to ensure the efficacy of the proposed parameters for screen-
ing under field conditions, it is essential to investigate their stability in open environ-
ments. However, in the context of field high-throughput HSI, there is an absence of
robust measurement HSI-methods for validating the spectral characterization. This
suggests the preliminary validation of the parameters in the field by targeted non-im-

aging hyperspectral measurements.

6.1 Hyperspectral imaging in plant phenotyping

Hyperspectral imaging in plant phenotyping for phytopathological use cases faces sev-
eral obstacles which have been addressed in Chapter 3 of this thesis. Consequently,
the establishment of high-quality data sets, which are essential for accurate spectral
characterization of plant diseases, poses significant challenges. First and foremost,
the results need to be solely associated with the targeted disease. Controlled environ-
ments provide the circumstances to prevent stress any other than the desired. Never-
theless, even in controlled measurement conditions, there are several technical factors
that must be taken into consideration to ensure the attainment of high-quality meas-
urements. As stated in Chapter 3 of this thesis, the selection of the hyperspectral im-
aging system is of paramount importance when it comes to ensuring the integrity of
the resulting data. Furthermore, the findings in Chapter 3 demonstrate that the type
and angle of artificial illumination can exert a substantial influence on hyperspectral
measurements which correspond to the findings of Behmann et al. (2015) and
Bousquet et al. (2005). Bousquet et al. (2005) showed that the leaf Bidirectional Re-
flectance Distribution Function (BRDF) is influenced by the illumination angle for non-
imaging hyperspectral measurements. Chapter 3 lends further support and an exten-
sion to these findings by demonstrating that a 90° illumination angle engenders mirror-
ing effects in hyperspectral images of leaves. This issue can be addressed in HSI by
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adjusting the angle and avoiding direct illumination with diffusive screens in front of the

illumination source as demonstrated in Chapter 3.

In the pursuit of optimal spectral signal-to-noise (SNR) ratio in HSI, meticulous adjust-
ment of all technical factors is important. SNR is a measure that compares the level of
desired signal to the level of noise (Welvaert et al. 2013). The measurement method
and object of interest define the type of desired signal. In HSI for plant phenotyping,
the reflectance of the plant surface is regarded as the desired signal. The potential for
noise occurrence in this scenario is multifaceted, arising from various factors. In addi-
tion to the HSI-system's inherent technical noise, which can be mitigated by incorpo-
rating the system's dark current into the radiometric normalization process, illumination
in correspondence with the plant geometry and atmospheric effects influence the qual-
ity of HSI (Behmann et al. 2015; Griffin et al. 2003).

The importance of illumination in HSI-setups has been broadly investigated and dis-
cussed in this thesis. Radiometric correction of 3D-objects in 2D-HSI is a research
topic on its own (Behmann et al. 2015), as well as the influence of the atmosphere on
HSI (Griffin et al. 2003). Radiative transfer modeling (RTM) offers the opportunity for
atmospheric correction in HSI (Verhoef et al. 2003; Vermote et al. 1996). In RTM sen-
sor altitude, solar angle, visibility, aerosol type, water vapor ozone etc., are taken into
consideration for correcting the signal to receive the real surface reflectance (Gao et
al. 2009). After the Beer-Lambert law, which describes the loss of light intensity after
travelling through a medium, the influence of the atmosphere on hyperspectral meas-
urements decreases with the measurement distance but are never zero (lhalainen et
al. 2024; Mayerhofer et al. 2020). Nevertheless, the discrepancy in the measurements
of the reference material obtained, using the spectroradiometer and the hyperspectral
camera in Chapter 3, is most likely attributable to technical variations in the measure-
ment systems rather than the atmospheric effects. The plant probe attachment of the
spectroradiometer is applied directly onto the leaf, thereby decreasing the atmospheric
space. The hyperspectral camera operated in a 50-centimeter distance, thereby allow-
ing for greater atmospheric space. However, the influence of the atmosphere on close
range HSI in the VIS and NIR for plant phenotyping is mostly neglected in literature
(Mahlein et al. 2018; Mishra et al. 2017).

As discussed before, for long range hyperspectral measurements RTM is used for cor-

recting the atmospheric influence in the hyperspectral signal, but radiative transfer
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models do not account for 3D-effects which occur on plant measurements in controlled
and uncontrolled conditions. Two-dimensional radiometric normalization of hyperspec-
tral images picturing 3D-objects is still the state of the art in plant phenotyping (Paulus
et al. 2020). This method cannot picture the correct spectral signature of every part of
the leaf or plant canopy which produces noise in the hyperspectral imaging data (Beh-
mann et al. 2015). Smoothing is an essential pre-processing step for HSI-data to de-
crease noise and increase the signal-to-noise ratio (SNR). The Savitzky-Golay filter is
a standard technique for smoothing in HSI (Mahlein et al. 2012; Mishra et al. 2017).
The noise is reduced by considering a small set of points around the wavelength and
fits a smooth curve through those points. As a result, the noisy center point is replaced
with the value from that fitted curve (Savitzky et al. 1964). Additionally, some HSI-sys-
tems offer the option of spectral and spatial binning. Spectral binning combines the
adjacent spectral bands. Depending on the degree of spectral binning 2, 4 or even
more bands are binned reducing the amount of spectral information which may in-
crease the SNR (Jablonski et al. 2016). Thus, spectral binning might help to reduce
the noise in HSI-data when 3D-objects are considered. Spatial binning combines the
signal of neighboring image pixels into one single signal. Similar to spectral binning,
the higher the degree of binning, the more pixels are combined. Thus, spatial binning
can increase the SNR as well but results in a loss of spatial resolution (Paulus et al.
2020). It highly depends on the phenotyping task whether high spectral or high spatial
resolution is aimed at in HSI. Technically both can be achieved in close range HSI but
practically when fast acquisition speed and reduced data volume is targeted, high spa-
tial resolution should be prioritized in plant phenotyping. This is primarily because, at
some point, the increase in spectral resolution surpasses the improvement of HSI with
relevant spectral data due to the high correlation of neighboring wavelengths (Li et al.
2014). Furthermore, high spatial resolution is needed for precise segmentation tasks

in HS| demonstrated in Chapter 3 and 4.

However, Chapter 3 underlines the importance of high-quality HSI-data for phytopatho-
logical plant phenotyping. In this chapter, the foundation for the subsequent exploration
of sophisticated hyperspectral imaging techniques within the scope of this thesis is
established. The importance of high-quality HSI-data is particularly pronounced in the
context of systemic diseases such as SBR where the absence of discernible symptoms
in the spatial dimension necessitates a comprehensive measurement and analysis of

the plant.
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6.2 Combining multifactorial phenotyping results for syndrome “Basses

Richesses” tolerance variety screening

SBR has been spectrally and morphologically characterized in Chapter 4 of this thesis.
Therefore, a robust infection procedure has been established under controlled condi-
tions to assess high quality hyperspectral data of the sugar beet canopy, which is
based on the findings of Chapter 3. To analyze the canopy organs individually, a Res-
Net18-encoded U-Net (He et al. 2016; Ronneberger et al. 2015) was fine-tuned to seg-
ment hyperspectral images into background, taproot, crown, leaves and petioles. Res-
Net-18 provides deep hierarchical features that capture textures and semantics and
has compact architecture for fast training (Peng et al. 2025). Additionally, ResNet-18
is broadly available with pretrained weights resulting in a better generalization of the
individual finetuned models. However, ResNet alone provides downscaled, low reso-
lution feature maps which are restored in spatial resolution by U-Net which provides
detailed segmentations (Gkologkinas et al. 2025; Ronneberger et al. 2015). The highly
accurate segmentations between canopy organs enabled an organ-specific analysis
of the reflectance properties affected by SBR. Generally, plant organ-specific analysis
of the reflectance properties is necessary for certain use cases but insufficiently imple-
mented in HSI for plant phenotyping (Nethala et al. 2024) especially in the field of
phytopathology (Mahlein et al. 2019).

This thesis introduces a novel application of canopy-organ-specific analysis of reflec-
tion properties for a phytopathological use case in sugar beets, based on hyperspectral
images. In this approach, the hyperspectral information underwent a preliminary cate-
gorization based on the pronounced physiological differences between leaves and pet-
ioles. The necessity of this approach is underlined by the results which show a signifi-
cant higher accuracy in disease classification based on the hyperspectral information
from the petioles. Moreover, this approach facilitated the interpretability of the ML out-
comes, which is pertinent for both biological and physiological interpretation. In addi-
tion, the results obtained can be linked to localized molecular diagnostics of ARSEPH.
These diagnostics have demonstrated a higher pathogen prevalence in petioles com-
pared to the leaves (Mahillon et al. 2022) which indicates a plant response to the path-
ogen, because otherwise the immobile bacteria would be transported via the phloem
stream to the taproot. This underscores the necessity of attaining a more profound

comprehension of the plant and pathosystem to facilitate the execution of machine-
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driven data analysis, thereby ensuring the attainment of both rational and practical

outcomes.

Supervised ML pattern recognition is predicated on the references provided during the
training process (Liakos et al. 2018). Model performance is therefore dependent on the
detailedness and precision of the reference data. Considering the entire canopy during
the training process in Chapter 4 would have blurred the results. For spatially localiza-
ble symptoms of e.g. foliar diseases, standard area diagrams are used by raters to
estimate the current disease damage in percent (Bock et al. 2020). Systemic diseases
need qualitative ordinal scales based on certain descriptions of symptoms to catego-
rize the disease severity by raters (Bock et al. 2020). In Chapter 4, all petioles or leaves
were considered diseased if one leave or petiole presented distinct symptoms. Agyei
and Detring et al. (2025) demonstrated that SBR can exert a limited effect on the tap-
root vascular system during disease development. In the event of this occurrence, it is
possible that only the leaves and petioles will exhibit symptoms which are connected
to infected taproot tissue. Accordingly, the meticulous examination of individual leaves
and petioles within a time series has the potential to enhance the precision of disease
classification. Additionally, this approach facilitates the estimation of SBR disease se-
verity by quantifying the symptomatic leaves and petioles over the sugar beet canopy.
Therefore, a hyperspectral image segmentation would need to go beyond semantics
and provide single instances. Prominent instance segmentation models, such as SAM
or Mask R-CNN, have been demonstrated to possess the capacity of finetuning for

such specific use cases (Archit et al. 2025; Triki et al. 2021).

SBR does not only affect the sugar beet canopy in its phenotypic outcome as described
in Chapter 4. Additionally, morphological changes have been described and para-
metrized based on taproot 3D-scanning. Invasive 3D-scanning of the taproot is a val-
uable method for describing the effects of SBR on the taproot morphology. Moreover,
when geometric parameters such as volume, length and width are derived, the effects
of variety-specific factors of SBR on the taproot geometry can be quantified (Chap-
ter 5). Determining the variety-specific effects of SBR on taproot geometry presents
the possibility of screening varieties for SBR-tolerance. As 3D-scanning of the taproot
is an invasive method, it was always implemented at the end of the experiments in this
thesis. The aim was to keep the number of technical repetitions high to enable robust
conclusions from data analysis. In theory, 3D-scanning could be applied in a time se-

ries to find the earliest timepoint for meaningful variety comparison. Agyei and Detring
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et al. (2025) showed significant differences in volume between ARESEPH-infected and
non-infected sugar beets by non-invasive magnetic resonance imaging 49 days after
inoculation and for cambium ring width already 42 days after inoculation. Magnetic
resonance imaging facilitates precise measurements for the fundamental understand-
ing of the plant disease effects but lack of practicability for high-throughput screening
due to high costs and low measurement throughput. However, the practicability of in-
vasive 3D-scanning for below ground plant phenotyping has been demonstrated (Es-
ser et al. 2023, 2024; Paulus 2019; Paulus et al. 2014a, 2014b). Geometric parame-
ters, including taproot volume, width, and length, exhibit a strong correlation with yield.
This suggests the potential for SBR to exert an effect on yield during the later stages
of the vegetation period. Nevertheless, morphological parameters are more sensitive
shown in Chapter 4. Already small variances in morphological parameters present an
impact on the performance of the Boruta model. The analysis of the parameters with
Boruta and SHAP revealed the most sensitive to SBR. Based on this finding, parame-
ters can be selected and thresholds set for SBR-tolerance variety screening which

needs to be tested on varieties with different tolerance levels to SBR.

Furthermore, Chapter 4 delineates the assessment of additional geometric parameters
of the sugar beet leaves. In addition to the impact of SBR on the reflectance properties
of leaves, the disease also exerts a substantial influence on various aspects of leaf
morphology, including leaf area, length, blade length and blade width. A correlation has
been demonstrated between the shape of sugar beet leaves and their leaf area (Tsi-
altas et al. 2007). Furthermore, an association has been observed between leaf area
and sugar beet yield (Tsialtas et al. 2014). Consequently, varieties exhibiting a sub-
stantial decrease in leaf parameters may also undergo a notable alteration in yield.
Phytopathogens infesting the vascular system of plants are known to affect both source
and sink organs (Haider et al. 2024). It is assumed that the ARSEPH-induced changes
of the sugar beet canopy are followed by the alteration of the taproot vascular system,
but detailed host-pathogen interactions are still to be determined.

6.3 Syndrome “Basses Richesses” host-pathogen interaction

In Chapter 5 of this thesis, the effects of an ARSEPH-infection on the taproot structural
and textural characteristics of three sugar beet varieties are investigated. Significant
effects on the puncture resistance of the susceptible and flexural strength of the toler-

ant varieties could be described. The increased flexural strength of the tolerant
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varieties can be connected to the increased contents of structural components marc
and AIR. Gatineau et al. (2002) described SBR-induced lignification of the phloem cell
walls by autofluorescence and by phloroglucinol or Mirande’s green staining but never
quantified its amount. Since then, the visible brownish discoloration of the vascular
tissue was considered as lignification. This opposes the findings of Chapter 5, because
following this theory taproots with increased discoloration should have an increased
content of structural components and increased tissue strength. Based on the findings
of Chapter 5 it is questionable if the brownish discoloration is visible lignification. Lignin
in its natural form is colorless (Zheng et al. 2023) and depending on its concentration
and amount of free phenolic hydroxyl groups it appears dark brown (Mota et al. 2023).
Furthermore, increased lignin content causes higher tissue strength (Barros et al.
2015). If the visible brownish discoloration would be really lignin as described by Gat-
ineau et al. (2002), susceptible varieties which show a greater brownish discoloration
should consequently have a greater flexural strength (Yang et al. 2018). In fact, sus-

ceptible varieties have decreased flexural strength (Chapter 5).

Agyei and Detring et al. (2025) showed a complete disruption of the photoassimilate
transportation in ARSEPH-infected sugar beet tissue. Lignification of the cell walls as
a plant defense mechanism to pathogen attacks is not associated with complete rup-
ture of the vascular system but reinforcing physical barriers to hinder a systemic spread
(Morkunas et al. 2014; Smith et al. 2007; Tiwari et al. 2025). The possibility that toxins
produced by bacteria caused this damage is unlikely because bacterial titers are very
low in infected plant tissue (personal communication). Thus, other plant defense mech-
anisms with more self-destructive traits must be responsible for the rupture of the vas-
cular system. Hypersensitive response (HR) is a pathogen-induced areal cell death of
plant tissue to stop systemic infections (Balint-Kurti 2019). In HR, reactive oxygen spe-
cies (ROS) are produced, which are toxic to the pathogen and the plant. This phenom-
enon consequently results in plant tissue necrosis. SBR-induced taproot tissue necro-
sis was also described by Gatineau et al. (2002) as a result to an ARSEPH-infection
and aligns with the reduced flexural strength and rupture of the vascular system. It is
therefore hypothesized that the visible brownish discoloration is tissue necrosis rather
than visible lignification. The initial cause of this necrosis demands further investiga-
tion. Nonetheless, the hypothesis that lignification, in conjunction with the augmenta-
tion of other structural elements, serves as a trait responsible for tolerance to an AR-

SEPH-infection is substantiated by the findings presented in Chapter 5 of this thesis
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and corroborated by extant literature (Vance et al. 1980). Besides hindering a systemic
infection, lignification of the phloem can also interfere with nutrient supply between sink
and source in sugar beet (Ma 2024; Malavasi et al. 2016). SBR-induced insufficient
and imbalanced nutrition of the canopy might be an additional reason for the SBR leaf
symptom development. This underscores the necessity of a thorough investigation of

a pathosystem to elucidate the phenotype of a particular disease.

However, the reinforcement of cell walls with structural components has been identified
as a defense response that hinders systemic infection in other phloem-colonizing phy-
tobacteria (Dittmer et al. 2021; Koh et al. 2012). Candidatus Liberibacter asiaticus, the
causal agent of Huanglongbing in citrus trees and Candidatus Phlomobacter fragariae,
the causal agent of Strawberry marginal chlorosis, are two examples of other phloem-
limited proteobacteria (Bressan 2014). These organisms induce the blocking of the
phloem sieve tubes by callose deposition (Dittmer et al. 2021; Koh et al. 2012). Callose
is a linear plant polysaccharide that is synthesized in plants in response to various
environmental stresses (PirSelova et al. 2013). Furthermore, the synthesis of callose
has been demonstrated to provide mechanical support (PirSelova et al. 2013). There-
fore, it can be hypothesized that callose may also play a role in the defense of sugar

beet plants against SBR, a subject that has yet to be investigated.

This thesis delineates a comprehensive characterization of SBR symptoms through
the utilization of high-precision digital phenotyping methods. These results are then
contextualized with physiological analyses and molecular diagnostics. This character-
ization provides a foundation for the assessment of SBR-tolerance levels across dif-
ferent sugar beet varieties. Nonetheless, it has become evident that further research

is required to achieve a holistic understanding of the subject matter.

6.4 Further challenges and future perspectives

A comprehensive approach to understand the pathogenesis of SBR is presented in
this thesis which involves the integration of high-precision digital phenotyping methods,
such as HSI or 3D-scanning, with physiological analysis and molecular diagnostics.
This approach is further enhanced by sophisticated ML-driven data analysis, resulting
in a multifaceted characterization of the disease's pathophysiology. Nevertheless, fur-
ther research is necessary to improve the processing of HSI-data and verify the textural
and physiological alterations induced by SBR for the purpose of practical screening of

sugar beet varieties.
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As discussed in Chapters 3, 4 and 6 of this thesis, the significance of HSI-data quality
in ensuring the accuracy of data analysis conclusions has been thoroughly examined.
Nevertheless, further research is needed to improve HSI quality for plant phenotyping.
The implementation of 2D radiometric normalization on 3D plant models introduces
noise into the resulting data (Behmann et al. 2015). The introduction of the third di-
mension to radiometric normalization has been demonstrated to effectively address
several data noise issues, including surface orientation to illumination, distance-based
illumination falloff, shadow and occlusion detection (Behmann et al. 2015). Further-
more, BRDFs could be employed to derive more precise surface reflectance (Bousquet
et al. 2005). In practice, the implementation of depth-sensing methods entails the inte-
gration of stereo vision cameras within the HSI-system, thereby facilitating the acqui-
sition of a depth image concomitant with each hyperspectral image (Kazmi et al. 2014).
This approach enables the derivation of a plant 3D-model for correct 3D radiometric

normalization of hyperspectral images.

Especially systemic diseases such as SBR, which cannot be categorized in linear
standard area diagrams for diseases damage estimation (Bock et al. 2020), need pre-
cise measurements to enable robust data analysis for estimating disease incidence
and severity. The determination of SBR disease incidence in controlled environments
based on the reflectance properties of sugar beet petioles has been described in Chap-
ter 4. If the estimation of the disease incidence by the provided method is generalized
and robust under field conditions, it could support the monitoring of SBR caused by
single infection of ARSEPH. However, due to the late appearance of symptoms in the
field, it is not suitable for decision support in plant protection during the vegetation. A
determination of the disease severity would further support HSI based SBR-tolerance
variety screening which can be established based on the findings of this thesis. The
hyperspectral characterization of SBR-induced alterations can be used to establish a
disease classification on single instances of leaves and petioles, respectively. If single
leaves and petioles are considered high quality and accurate HSI-data is even more
important. Moreover, fine alterations of the reflectance properties, especially from pet-
ioles caused by SBR, need high precision measurements. High precision HSI of SBR
under controlled conditions has been established in this thesis. If in-field HSI is desired,
several other factors need to be considered such as intensity and incidence of solar

radiation, wind, or the soil in the background (Benelli et al. 2020).
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To establish a robust SBR disease detection, the separability of the described hyper-
spectral SBR-characteristics in Chapter 4 needs to be tested in a multi-stress environ-
ment. Additionally, high-throughput and high resolution HSI under field conditions is a
research field on its own and has not been established for broader use yet (Benelli et
al. 2020). But the description of the most important organs for disease classification
outlined in Chapter 4 might have made spatial information redundant. Hyperspectral
non-imaging point measurements of the sugar beet petiole for SBR disease classifica-
tion might be sufficient for disease classification under controlled and uncontrolled con-
ditions.

Nonetheless, the data quality of invasive phenotyping methods, such as 2D- and 3D-
scanning and texture analysis of the belowground taproot, is less vulnerable to trials
conducted under uncontrolled conditions than HSI. Thus, the established workflow in
this thesis for such methods can be easily applied to sugar beet grown under field
conditions and for other phytopathological use cases. However, the description of the
geometric and morphological parameters in Chapters 4 and 5 need to be tested for its
robustness in variety screening. Additionally, the findings of Chapter 5 on the SBR-
induced alterations of taproot structural components need to be verified. The hypothe-
sized SBR-induced HR and the possible production of ROS could be tested by dia-
minobenzidine staining of ARSEPH-infected taproot tissue (Abrahamson 2023) which
has not been investigated yet in literature. If SBR-induced increases in structural com-
ponents are confirmed to be variety-specific tolerance traits, physiological analyses,
such as AIR and marc content, can be seamlessly employed for greenhouse and field
SBR-tolerance variety screening. Marc content is particularly advantageous as it is an
environmentally stable variety trait (Hoffmann et al. 2018).

The main focus of this thesis is the characterization of ARSEPH-induced phenotypical
changes in sugar beet. Candidatus Arsenophonus phytopathogenicus has been the
dominant causal agent of SBR in the last 30 years (Agyei et al. 2025; Kais et al. 2023;
Mabhillon et al. 2022; Pfitzer et al. 2024; Salar et al. 2010; Sémétey et al. 2007a; Zibert
et al. 2021). Recently, the second pathogen associated with SBR, PHYPSO, which
had previously played a minor role in the SBR-pathosystem, became highly relevant
due to its extreme increase in abundance, particularly in Germany and Austria (Kreitzer
et al. 2025; Lang et al. 2025). This resulted in a shift of SBR symptoms if mixed infec-
tions with similar titer of ARSEPH and PHYPSO or single infections with PHYPSO oc-
cur. Therefore, to attain a holistic phenotypic characterization of the pathosystem SBR,
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it is imperative to examine the impact of mixed and single infections on the manifesta-

tion of symptoms in sugar beet.

The presented phenotyping routines in this thesis combined with sophisticated ML-
data analysis provide the potential to achieve a holistic phenotypic characterization of
the pathosystem SBR. Subsequently, this phenotypic characterization could be utilized
for SBR-tolerance screening for either PHYPSO or ARSEPH. For now, the achieved
results on the single infection with ARSEPH are applicable for tolerance screening un-
der controlled conditions. By presenting increased deposition of structural plant tissue
components as a possible tolerance trait against ARSEPH-infections, this thesis re-
vealed new insights in the host-pathogen interaction of ARSEPH and sugar beet which
are the fundament for further research on this topic. This thesis achieved a compre-
hensive characterization of ARSEPH-induced SBR symptoms by establishing digital
phenotyping routines which can be incorporated in a screening for assessing SBR-

tolerance levels of different sugar beet varieties under controlled conditions.
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