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Abstract

This thesis explores the detection of abiotic stress in plants using the EDEN ISS dataset. It
aims to develop algorithms for image preprocessing, identify key features for stress detection,
and implement suitable anomaly detection methods. The primary objective is to enhance
the accuracy and reliability of stress detection in controlled environments, particularly for
applications in space missions where sustainable food production is essential. The report
identifies the yellow pixel count and optical flow angle as critical indicators of plant stress.
These features proved effective in distinguishing between healthy and stressed plants. The
Green Threshold method emerged as the most efficient segmentation approach, while the
Local Outlier Factor (LOF) method demonstrated high accuracy and reliability in anomaly
detection. Extensive experimental tests validated the developed algorithms and models,
confirming their effectiveness. The study also highlights the need for more extensive, diverse
datasets. Future research should focus on expanding the dataset, improving algorithms,
and automating preprocessing steps to enhance efficiency and applicability. The developed
methods offer practical solutions for real-time monitoring and management of plant health
in controlled environments and are particularly relevant for long-duration space missions.
This research contributes significantly to controlled environment agriculture and lays the

foundation for future innovations in plant stress detection.

Abstrakt

Diese Thesis untersucht die Erkennung von abiotischem Stress bei Pflanzen unter Verwen-
dung des EDEN ISS-Datensatzes. Ziel ist es, Algorithmen fiir die Bildvorverarbeitung zu
entwickeln, Schliissselmerkmale zur Stresserkennung zu identifizieren und geeignete Anoma-
licerkennungsmethoden zu implementieren. Das Hauptziel ist die Verbesserung der Genauigkeit
und Zuverlédssigkeit der Stresserkennung in kontrollierten Umgebungen, insbesondere fiir
Anwendungen in Weltraummissionen, bei denen nachhaltige Lebensmittelproduktion uner-
lasslich ist. Diese Arbeit identifiziert die Gelbpixelanzahl und den optischen Flusswinkel als
kritische Indikatoren fiir Pflanzenstress. Diese Merkmale erwiesen sich als effektiv bei der
Unterscheidung zwischen gesunden und gestressten Pflanzen. Die Green Threshold-Methode
erwies sich als der effizienteste Segmentierungsansatz, wahrend die Local Outlier Factor
(LOF)-Methode hohe Genauigkeit und Zuverldssigkeit bei der Anomalieerkennung zeigte.
Umfangreiche experimentelle Tests bestatigten die Wirksamkeit der entwickelten Algorith-
men und Modelle. Die Studie hebt auch die Notwendigkeit umfangreicherer und diverserer
Datenséatze hervor. Zukiinftige Forschung sollte sich auf die Erweiterung des Datensatzes,

die Verbesserung der Algorithmen und die Automatisierung der Vorverarbeitungsschritte
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konzentrieren, um Effizienz und Anwendbarkeit zu verbessern. Die entwickelten Meth-
oden bieten praktische Losungen fiir die Echtzeitiiberwachung und das Management der
Pflanzengesundheit in kontrollierten Umgebungen und sind besonders relevant fiir Langzeit-
Weltraummissionen. Diese Forschung leistet einen bedeutenden Beitrag zur Landwirtschaft
in kontrollierten Umgebungen und legt den Grundstein fiir zukiinftige Innovationen in der

Stresserkennung bei Pflanzen.
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Introduction

1 Introduction

In this chapter, the goals and signi cance of the EDEN ISS project are explored, which aims
to develop automated systems for growing plants in extreme environments such as Mars or
the Moon. The central research question of this thesis is: Which features and models are best
suited for detecting stress in plants using the EDEN ISS dataset? This research is crucial for
future space missions, as the ability to produce food autonomously is essential for long-term
space travel and colonization. By leveraging advanced image processing and machine learning
techniques, the study aims to identify the most e ective methods for detecting abiotic stress

in plants, contributing to the development of sustainable, automated farming systems in
space. This chapter sets the stage for the detailed investigation and analysis, o0 ering an
overview of the research topic, motivation, problem statement, and thesis structure.

1.1 Topic and Motivation

The Eden ISS project is a signi cant milestone in space research, particularly in food pro-
duction in extreme environments. The research focuses on cultivating plants in a controlled
environment agriculture (CEA) and monitoring the CEA from a remote control center.
These studies are especially relevant for manned missions involving extended stays in space
or on other planets, such as Mars or the Moon. The goal is to develop an automated bio-
regenerative life support system (BLSS) capable of growing plants under extreme conditions,
minimizing the need for astronaut intervention while providing a sustainable cycle.

The central research question of this thesis is: Which features and models are best suited
for detecting stress in plants, based on the Eden ISS dataset? This question aims to identify
the most e ective features for monitoring and maintaining plants in stressed conditions.

The ability to produce food autonomously for space missions to other planets is critical.
Since astronauts' time is valuable, the automation of such systems is of great importance.
Identifying the best features for detecting abiotic stress is a step toward fully automated,
e cient plant farming systems that can operate independently of human intervention.
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The survival and well-being of astronauts on long-duration missions or in colonial settle-
ments on other planets depend on the ability to produce food locally. Plants cannot grow
naturally in these extreme environments, so a deep understanding of their growth and stress
detection is essential. The successful cultivation of plants in space conditions is crucial for
self-sustaining life on other planets.

Ongoing projects like EDEN ISS [Zel19], Luna ISS [Sc22], and the NEXT GEN EDEN ISS
[Sc22] highlight the relevance of this topic. Future NASA missions to Mars and simulations
for the Artemis program [Sm20], which marks America's return to the Moon, closely link
these projects. Companies like SpaceX and various international space organizations [He22]
are discussing and planning the construction of settlements on the Moon and Mars, making
the topic even more pressing.

This thesis contributes signi cantly to research by identifying and analyzing the best fea-
tures for detecting abiotic stress in plants. Such insights could form the basis for future
technologies in autonomous greenhouses on earth and space. The detection and analysis of
plant stress using various imaging technologies is a burgeoning eld within plant sciences.
Stress detection methods often rely on biotic indicators like viruses or other microorganisms.
However, there is a notable lack of abiotic datasets that trace stress back to speci ¢ nutrient
de ciencies or other non-living factors. Hyperspectral imaging has become a prominent tool
in this domain, particularly for stress detection. While ultraviolet (UV), multispectral, and
infrared (IR) imaging are commonly employed, there is a signi cant underutilization of RGB
imaging for these purposes.

Despite its potential, researchers infrequently use RGB imaging for plant stress detection.
The challenges associated with accurate phenotyping based on RGB data explain this un-
derutilization. The di culty lies in precisely extracting phenotypic traits from RGB images,

a complex process requiring advanced algorithms and robust data analysis techniques.
Research gaps remain in the e ective use of RGB images to detect plant traits and their role
in stress identi cation. The process involves several stages, from feature extraction and trait
selection to developing algorithms capable of discriminating between these traits. Conversely,
in-depth research into multispectral and hyperspectral imaging has shown promising results.
These advanced imaging techniques allow for more precise phenotyping to provide new in-
sights into various plant traits. These technologies can more accurately monitor changes in
leaf angle, plant aging, color variation, and the e ects of stress. The positive results of such
studies have the potential to lay the groundwork for innovative solutions in both agriculture
and space exploration, where understanding plant health and stress responses is critical.
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1.2 Problem Statement

This thesis addresses the research problem of identifying optimal features for detecting abi-
otic stress in plants using data from the Eden ISS project. Abiotic stresses, such as tem-
perature uctuations, water de cits, and other environmental extremes, signi cantly impact
plant growth and productivity. Understanding and identifying these stressors is critical for
thriving plant growth in controlled environments, especially on space missions with harsh
conditions and limited resources.

This research project focuses on the detection of plant stress using the EDEN ISS Greenhouse
dataset. The EDEN ISS Greenhouse, located in Antarctica, serves as a preliminary step in
testing plant production for extended space missions or cultivation on other planets. The
greenhouse operates almost completely independently of the external environment and is
monitored by a global team of experts via satellite communications. During its operation,
images of the grown plants were stored and transmitted, forming the data set for this master's
thesis on plant stress detection.

The primary goal of this thesis is to accurately detect anomalies and classify healthy and
diseased plants over time. This overall goal breaks down into several speci ¢ sub-goals:

N

Develop algorithms to pre-process images and identify key features for plant stress
detection.

Identify an appropriate machine learning model for anomaly detection within the
EDEN ISS dataset.

Conduct and evaluate experimental tests to validate the proposed hypotheses.

The scope of this study includes the analysis of plant image data collected under controlled
conditions as part of the Eden ISS project. It includes identifying and evaluating features
indicative of abiotic stress and the development of methods for automated stress detection.
However, the study is limited to the specic environmental conditions and plant species
studied in the Eden ISS project. Results may not directly apply to other environments
or species without further validation and adaptation. While the study aims to propose
automated systems for stress detection, the implementation and testing of these systems in
actual space missions is beyond the scope of the study.

By addressing these objectives, the research aims to signi cantly increase the understanding
of plant stressors and improve methods for detecting and managing plant health in controlled
environments. These advancements could have profound implications for the viability and
success of space-based agricultural systems.
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1.3 Thesis Structure

The structure of this thesis is designed to systematically explore the identi cation and de-
tection of abiotic stress in plants using the EDEN ISS dataset and other relevant datasets.
The chapters are organized to guide the reader through the background, methodology, ex-
perimental results, and study conclusions.

First, the introductory chapter provides an overview of the research topic, including the
motivation for the study, the problem statement, and an outline of the thesis structure.
This sets the stage for the detailed investigation and analysis that follows. The second
chapter reviews the state of the art in plant stress detection and analysis. It covers key
studies and ndings, highlighting gaps in current research that this thesis aims to address.
The third chapter o ers the necessary background information for understanding the study.
This includes an overview of the EDEN ISS project and its signi cance, a detailed expla-
nation of plant stress, focusing on abiotic stress and plant stress resistance, basic concepts
in image processing such as histograms, color spaces, and segmentation techniques, and an
introduction to relevant machine learning methods including supervised, unsupervised, and
semi-supervised learning, as well as anomaly detection techniques.

The fourth chapter describes the datasets used in the study, namely the EDEN ISS and
Plant Phenotyping datasets. It includes descriptions of these datasets, their structure, and
any preprocessing steps taken to ensure data quality.

The fth chapter outlines the research methodology, detailing the overall concept and ap-
proach of the study. This includes preprocessing techniques such as tray and plant detection
and segmentation, feature engineering processes including feature extraction and data anal-
ysis, and anomaly detection methods applied to identify plant stress indicators. The sixth
chapter presents the experiments conducted during the study and the results obtained. This
includes a comparison of di erent segmentation methods and detailed results from the EDEN
ISS dataset, including preprocessing, feature engineering, and anomaly detection.

The seventh chapter discusses the experiments' results, interpreting the ndings in the con-
text of the research objectives. It explores the implications of the results, the limitations of
the study, and potential areas for future research. Finally, the eighth chapter summarizes the
main ndings of the thesis, re ecting on the research questions and objectives. It provides
a conclusion based on the ndings and discusses potential future developments and appli-
cations of the research. This structured approach ensures an understanding of the problem,
the methodology used to address it, and the lessons learned from the research, paving the
way for advancements in plant stress detection in space and controlled environments.
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2 Related Work

2.1 State of the Art

Recently, research in the eld of plant phenotyping and stress analysis has advanced signi -
cantly, in particular through the use of cutting-edge technologies and methods. The EDEN
ISS project plays a central role in testing innovative approaches to plant production under
extreme conditions relevant to long-term space missions or agriculture on other planets.
Among the key technologies currently used in plant phenotyping are multispectral and hy-
perspectral imaging, which collect data in di erent wavelength ranges and allow detailed
analysis of plant physiology. These technologies provide critical information on plant health,
nutrient content, and other physiological characteristics. In addition, 3D imaging provides a
comprehensive view of plant structure and dynamics by creating three-dimensional models
that provide insights into plant growth and development. [St21]

Drones and robots collect data in large eld trials, providing a high spatial resolution that
enables precise monitoring and analysis of plants over large areas. Machine learning, partic-
ularly deep learning with neural networks, has proven highly e ective in recognizing patterns

in complex data sets and identifying stress symptoms. These algorithms can process large
amounts of image and sensor data and detect subtle changes and anomalies that indicate
stress factors. Therefore, current trends in plant phenotyping involve integrating these tech-
nologies to achieve highly detailed phenotyping in elds and greenhouses, supporting the
development of new plant varieties and the optimization of agricultural practices. [DCSA19]

In plant and agricultural research, researchers use high-throughput phenotyping systems to
support the development of new plant varieties and optimize agricultural practices. These
systems enable precise environmental control and detailed phenotyping. High-throughput
phenotyping systems are automated technologies that rapidly analyze large volumes of bio-
logical samples and capture their phenotypic characteristics. They use imaging techniques,
robotics, and data analysis software to measure size, shape, color, and growth characteristics.
[Gi22], [Ar18],

In addition to these high-throughput phenotyping systems, the EDEN ISS greenhouse plays




Chapter 2 Related Work

a critical role by focusing on sustainable and automated food cultivation in extreme envi-
ronments. This greenhouse contributes signi cantly to the advancement of controlled envi-
ronment agriculture by integrating advanced technologies for plant health monitoring and
stress detection, helping to develop resilient agricultural systems for future space missions
and challenging terrestrial conditions. [Ze19]

Despite this progress, several challenges remain. One major issue is the standardization of
data collection and processing methods, making comparing results di cult. Many current
models are highly data-driven and require large amounts of well-annotated training data,
often challenging to obtain in practice. Another obstacle is the generalizability of the models,
as researchers often optimize them for specic plant species or conditions, making them
di cult to apply to other scenarios. ldentifying and analyzing these limitations highlights
the need for further research to develop more robust and universally applicable methods.

2.2 Key Studies and Findings

Several fundamental studies have made signi cant contributions to the detection of plant
stress and provide valuable insights for developing and improving methods relevant to the
goals of this master's thesis. These goals include developing algorithms for image preprocess-
ing and key feature identi cation, selecting appropriate machine-learning models for anomaly
detection, and conducting experimental tests to validate the hypothesis.

The most signi cant study on which this work is based is the EDEN ISS study [Zel9].

A central element of this study is the plant health monitoring system, which Wageningen
University handled. The system automatically analyzes these images for anomalies and
suboptimal performance. Upon detecting abiotic stress, such as inadequate conditions, the
system generates warnings. This enables the team to take early countermeasures to optimize
plant conditions and minimize stress

Another signi cant study by Zorn et al. [Z016] investigates the e ects of various abiotic
and biotic stress factors on plants. This research demonstrates that detailed phenotyping
can precisely identify the causes of abiotic stress and trace them back to speci ¢ nutrient
de ciencies. Additionally, the handbook for the visual diagnosis of nutritional disorders in
plants provides a practical method for assessing abiotic damage on-site and distinguishing
it from biotic damage, allowing for targeted nutrient de ciency analysis.

Complementing these studies is the research by Geldhof [Ge21], which focuses on leaf move-
ment in relation to abiotic stress. This method uses a digital inertial measurement unit
(IMU) sensor attached to leaves or plant organs to capture real-time angular traits. The
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results prove the system can accurately monitor stress-induced leaf movements, facilitating
early detection and response to abiotic stress.

Finally, the study by Wesemann [Le20] plays a crucial role in detecting the timing of induced
stress. This study analyzes data from wind turbines and demonstrates that change-point
detection methods can accurately and automatically identify abnormal events. Over 90%
of the signals were correctly classi ed, highlighting the relevance of these methods for data
preprocessing and early threat detection.

The ndings from these fundamental studies form the basis for developing and implementing
the algorithms used in this thesis to detect anomalies in the EDEN ISS dataset and distin-
guish healthy from stressed plants. This thesis aims to identify an appropriate machine
learning model for anomaly detection and validate it through experimental testing. The
experimental tests are conducted to con rm the hypothesis that these new approaches can
improve the accuracy of plant stress detection.

2.3 Research Gaps

Detecting plant stress is a crucial research eld that is continuously advanced through the
use of modern technologies and methods. Despite signi cant progress in plant phenotyping
and stress detection, numerous unresolved questions and challenges remain. This chapter
identi es and analyzes existing research gaps and suggests ways to address these gaps through
future research e orts.

Despite the widespread use of multispectral and hyperspectral imaging, the potential of
RGB imaging in plant stress detection remains largely untapped. RGB images are cost-
e ective and easier to handle, but their application in stress detection is limited. Accurate
extraction of phenotypic traits from RGB images is a complex task requiring advanced
algorithms and robust data analysis techniques. Developing e cient methods for feature
extraction and selection based on RGB data is a signi cant research gap that needs to
be addressed. Additionally, there is a shortage of extensive datasets speci cally focused
on abiotic stress factors such as nutrient de ciencies, temperature uctuations, and water
de cits. The availability of such datasets is crucial for the development and validation of
new stress detection methods.

The results of various studies on plant stress detection vary signi cantly due to di erent
imaging technigues and stress detection methods. These inconsistencies make it challenging
to compare study outcomes and draw general conclusions. Another signi cant issue is the
need for standardized data collection and processing methods. Di erent approaches lead to
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inconsistent results and hinder the reproducibility of studies. Standardizing these processes
is necessary to ensure the reliability and comparability of results.

Current machine learning models have limitations regarding their generalizability to di erent
plant species and environmental conditions. Many models are optimized for speci ¢ scenar-
ios and cannot be easily applied to other contexts. Integrating advanced imaging techniques
like multispectral and hyperspectral imaging with machine learning models o ers great po-
tential for improving plant stress detection. However, more research is needed concerning
the optimal methods for combining these technologies to maximize accuracy and e ciency
in stress detection.

This chapter has identi ed and analyzed the key research gaps in plant stress detection.
The main gaps were highlighted by the limited use of RGB imaging, challenges in pheno-
typing, lack of datasets for abiotic stress, inconsistent results, technological and algorithmic
limitations, and the need for real-world applications and testing. Addressing these research
gaps is essential for advancing the eld and supporting sustainable agricultural practices
in extreme environments. Future research should focus on closing these gaps to improve
the e ciency and accuracy of plant stress detection and enable the practical application of
developed methods in real-world scenarios.
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3 Background

This chapter provides the essential background for understanding this research. It begins
with an overview of the EDEN ISS project, emphasizing its role in advancing sustainable food
production in space through CEA systems. Next, it explores plant stress, focusing on abiotic
and biotic factors and the methods used to detect and measure these stressors, which are
crucial for developing automated plant health monitoring systems. The chapter then covers
the basics of image segmentation, which is essential for analyzing plant images from the
EDEN ISS project. It also introduces the machine learning approaches to identify patterns
and detect plant stress. Finally, it discusses anomaly detection techniques to identify unusual
patterns in data, which is vital for monitoring plant health and ensuring optimal growing
conditions. Overall, this chapter lays the groundwork for the methodology and analysis in
the thesis, providing an overview of key concepts and technologies for detecting abiotic stress
in plants using the EDEN ISS dataset.

3.1 EDEN ISS Project

The EDEN ISS project represents a signi cant step forward in the quest for sustainable
food production in space. Technological developments are making long-duration space ight
possible and increasing the importance of food production in space and on other planets.
BLSS can close the air, food, and water loop in a self-sustaining environment, which will be
important in space.

The EDEN ISS project has designed, built, tested, placed, installed, and operated a CEA Fa-
cility named ISS Mobile Test Facility (MTF) in Antarctica as a rst step towards a functional
BLSS. The EDEN ISS operation will help understand the food production requirements in
space. Because the astronauts cannot be experts in every eld and their time is valuable
in space, they will be linked to a team of experts on the ground. The limitations make it
important to automate the BLSS in the future.

This remote-linked team will have access to all the sensors and data from the MTF and
will be responsible for monitoring the plants. Therefore, one focus of the project was on
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telemetry, imagery, and remote monitoring, which prepares the way for larger and more
e cient space-based agriculture.

Based on this scenario, the data from the MTF has been transmitted via a satellite link
to the Mission Control Center (MCC) in Bremen, which will monitor the MTF and the
condition of the plants.

To automate the monitoring of the Facility, plant health imaging systems play a key role
in the plant growth environment. These systems provide valuable biological feedback data,
enabling ne-tuning environmental conditions for optimal plant growth and can send warn-
ings when biotic or abiotic stress will be detected. [Ze19]

In detail, the MTF consists of two 20ft (approximately 6m) containers placed near the
Neumayer Station Il (NMIII), a research facility from the Alfred-Wegener-Institut (AWI)

for Polar and Marine Research. One container, the service section (SES), contains most of the
technical Systems, while in the other container, the Future Exploration Greenhouse (FEG),
the di erent plants will be grown. [Zel9]

To be independent of the environment, the MTF needs to replace the environment in which
plants need to grow with di erent systems. The replacements include the obvious elements
like air, light, nutrients, thermal, and oxygen. Because microbiological contamination in
space can be a great danger for the crew, plants, materials, and environments, there was
also decontamination and a bio-detection system in the CEA. Further systems were neces-
sary for controlling, monitoring, and communicating with the base station. [Sc26]

The monitoring system consisted of about 17 HD cameras for RGB images and cameras
that collected multi-wavelength images. Each camera took one image per day and sent
it over the satellite connection to the NMIII to the DLR control station and then to the

di erent partners, who were responsible for the speci c tasks [Ze19]. These systems must
be con gured according to the other systems and specic plants. As an example of the
dependencies, to capture RGB images, the light system (LS) for the plants has a specic
mode, which changes the light spectrum so the monitoring system can capture and save the
Images. Dierent plants need di erent light wavelengths for optimal growth, and the plant
species itself has to be selected based on the needs in space and the CEA [Za20].

In Figure 3.1 shows an overview of the FEG, which includes the position from the cameras,
the racks, and the tray where the plants have been grown.

At the time of this thesis, the MTF had to be shipped back to the DLR in Bremen, where
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Figure 3.1: Cross-section of the MTF with the FEG section on the right side containing
racks and trays for growing plants

maintenance work and further development based on the knowledge from the last years are
being done. The MTF will be transported to the EDEN LUNA test center in Cologne and
used to train moon astronauts. They will practice growing plants and familiarize themselves
with the technology in the building. The EDEN LAB is also placed in Bremen and has
systems similar to the EDEN ISS FEG [Sc22]. Following the EDEN ISS project, the EDEN
NEXT GEN project takes place and takes a step toward getting a CEA in space. This
project is a design study that focuses on building a CEA to t in a space rocket and having
the redundancy systems it needs for space. This project will also modify the systems based
on the knowledge from the EDEN ISS project. Based on the humans' positive psychological
response and fresh vegetables, an idea for building a CEA inside the NMIII was developed.
[Sc22]

3.2 Plant Stress

This section explains the basics of plant stress and then examines the causes and how they
a ect the plant. It starts with a basic overview of the categories of plant stress and then
describes how to identify the cause of plant stress and the visual characteristics of that stress
on the plant. An overview of plant resistance is given, including when it is too late for re-
covery and when the plant is acutely damaged. It also describes how to measure stress in
plants, which indices can be used, and which sensors can detect stress in plants at what stage.

11
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3.2.1 Overview of Plant Stress

Plant stress is already signi cantly impacting agricultural land and will become even more
important in the future due to climate change. Plants depend on several critical elements
to maintain and develop their growth. These include carbon, which serves as the primary
component for photosynthetic processes; light, which is essential for photosynthesis; nutri-
ents, which are essential for growth and metabolism; and water, which is fundamental for
hydration and nutrient transport.

Plant stress can be divided into two groups, as shown in Table 3.1, which includes further
subgroups. On the one handabiotic stress refers to non-living and physical elements in
an ecosystem more corresponding to the plant's environment. This covers stress from insuf-
cient or too much water, light, nutrients, air, and temperature. On the other hand,biotic
stress refers to living elements in the ecosystem, which include insects, microorganisms, and
herbivores. Both stresses can be connected, so a plant needs optimal growth conditions to
mitigate increased susceptibility to pathogens and other biotic stresses.

When recognizing biotic and abiotic stress, it is essential to remember that not only one
stress factor can a ect a plant. Most of the time, several stress factors a ect the plant si-
multaneously; for example, in dry, sunny, and warm summer periods, often a combination of
heat, water de ciency, and high light will a ect the plant. A primary symptom can weaken

a plant, and a secondary symptom, such as biotic stress, can infect the plant. It is also pos-
sible that multiple abiotic and multiple biotic stresses can cause a plant's visual expression.
Tracing back to the course can be de cient and may result in more than one unique result.
The impact of sub-optimal elements on plants underscores their vulnerability. Natural and
human-induced stressors, whether abiotic or biotic, can in uence vegetation, leading to re-
versible, irreversible, or acute damage, thereby shaping growth and developmental dynamics.
While biotic stresses directly threaten plants by infecting or consuming them, several ap-
proaches mitigate biotic stresses. Preventive measures, which include adherence to sound
agronomic practices and regular hygiene protocols, are fundamental strategies. Biological
control, which relies on natural enemies or speci ¢ pathogens, is a promising avenue for
mitigating pests. At the same time, using plant strengtheners that selectively enhance plant
iImmunity and the targeted selection of resistant cultivars can reduce susceptibility to bi-
otic stressors. Complementary cultural practices, including e ective crop rotation and soil
conservation techniques, are recommended to reduce the risk of biotic stress. Chemical pes-
ticides should be used as a last resort and with extreme caution, given their potential adverse
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Table 3.1: Various stress factors encountered by plants [BG21]

Type of stress
. High irradiance photoinhibition and photooxidation
Light . :
Low irradiance
Temperature High/heat
Abiotic Low (chilling/frost)
Drought
Natural Flood
Mineral de ciency
Insects
Biotic | /ruses
Fungi
Bacteria

e ects on the environment and human health. The optimal approach to sustainable biotic
stress management in agricultural settings often emphasizes the synergistic integration of
di erent methods.

3.2.2 Abiotic Plant Stress

Unlike biotic stress, abiotic stress can be prevented by adapting the plant's nutrition. Abi-
otic stress can be divided into di erent stress factors, which are the critical elements listed
above that a plant needs to maintain and develop its growth.

Temperature Stress: Every plant species has a di erent optimum temperature range for
best survival and a di erent minimum and maximum threshold. Temperature stress can
have a signi cant impact on plants, whether the temperature is too high or too low.

Low Temperatures Stress:Low temperatures stress has several types of damage, including
desiccation, chilling, and frostbite, the severity of which depends on the duration and inten-
sity of the cold. Plant resistance to cold injury varies from species to species. Some plants
su er chilling injury at temperatures as high as 10-15 degrees Celsius, while others are only
a ected at 0-5 degrees Celsius.[BG21] Still, other plants develop frost tolerance, while others,
such as hardy or woody plants, are highly immune to cold injury. The e ects of cold injury
can be diverse, including changes in membrane structure and composition, reduced proto-
plast ux, altered respiration and photosynthesis, abnormal metabolite production, slowed
growth, leaf curling, necrosis, stem decline, abnormal fruit ripening, and altered reproduc-
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tive behavior. Plants adapt to cold injury by altering various biochemical and physiological
processes.

High-Temperature Stress:Due to increasing changes in global mean temperature and light
conditions, high temperatures stress is becoming more important. Climate change can re-
duce the cultivable area for some species by 63-100%.[BG21] Similar to low temperatures,
high temperatures can be further categorized into responses to excessive, moderate, and low
temperatures. High temperatures or heat stress damage plants, reduce growth and devel-
opment, scorch leaves and fruit, and cause sunburn. As with low temperature, there are
di erent threshold limits from species to species.

Light Stress: Light is an important factor in the assimilation of CO2 through photosyn-
thesis. However, there are limits to the amount of light a plant can receive, and each plant
species is di erent and has di erent limits to the amount of light it can receive. To avoid
light stress, plants change the angle of their leaves, curl their shoots, densely cover the upper
surface of their leaves with trichomes, hair-like structures with various crucial functions for
plant survival, and thicken their cell walls.

Water Stress: Non-woody plants are highly dependent on water, which makes up approxi-
mately 80-90% of their composition and is essential for maintaining all metabolic processes.
Water plays a central role in several physiological functions in plants. Its availability can
become a signi cant stress factor if it is limited or not readily accessible to the roots, espe-
cially at high transpiration rates. Both water de cits and surpluses, such as ooding, can
lead to water stress.

In the case of ooding, the excess water in the soil reduces oxygen availability, limiting
root respiration and overall plant health. This phenomenon alters the dynamics of cellular
processes within plants. In response to the water de cit, the water potential within the
cells decreases, causing stomatal, tiny openings on the surfaces of leaves and stems that
regulate gas exchange and closure. Plants typically exhibit hydro passive stomatal closure
to minimize transpiration losses. Consequently, this closure restricts gas exchange, reduces
transpiration and photosynthesis rates, interferes with mineral nutrient uptake, and disrupts

ion and homeostasis balances.

Under water stress conditions, plants adapt by adjusting their root-to-shoot ratio, often
resulting in inhibited growth and reproduction. In addition, the altered growth pattern of
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the plant may manifest itself in attempts to expand or spread di erently. Prolonged periods
of waterlogged soil due to ooding or excessive irrigation further exacerbate plant stress. The
accumulation of water limits the availability of oxygen to the roots, resulting in potential
damage depending on the adaptability of the plant species and the soil conditions.

The extent of damage caused by water stress also depends on various factors such as plant
species, developmental stage, genotype, and the magnitude and duration of water stress. It
underscores the complex interplay between environmental conditions and plant biology and
highlights the critical role of water in shaping plant growth, development, and resilience.
Nutrien and Salinity Stress: Other stress factors are nutrients and salinity. Too much
or too little concentration of nutrients or salinity can be harmful depending on the plant's
symptoms, intensity, and duration. The following remark in the Subsection 3.2.2 will be
shown here to highlight the importance of nutrients.

Without minerals, no life is possible for plants, animals, and humans! An
inadequate or unbalanced mineral balance must, therefore, inevitably lead to
complaints, reduced performance, and ilinesses in plants, animals, and humans.
[Transl. by the author.] [Z016]

This quote emphasizes the need for plants to have a balanced nutrient and salinity con-
centration. It also clari es the need by saying that animals and humans need a balanced
mineral concentration for a healthy life.

To achieve balance, we have to measure concentration or use an indicator and then add
or reduce nutrients. As in the quotation described, plants are rough, similar to humans or
animals. In this case, when a human feels ill, we go to a doctor, who then tries to identify
the problem by asking questions and performing tests. Similarly, it is possible to reduce the
issues from the plants to speci ¢ nutrients by checking di erent indicators from the plants,
like in the Figure 8.1 in the appendix.

To identify the cause of the stress, a good and detailed phenotyping of the plant is necessary.
The pathway analysis to identify which speci c nutrients are the cause of the symptoms is
based on di erent characteristics, such as where and on which part of the plant the stress
symptoms rst appear, whether the symptoms are at the beginning or at an advanced stage
and whether secondary infections by microorganisms are part of the symptoms. Moreover, it
considers whether the environmental factors before and during the development of nutritional
damage are to be classi ed as favorable or unfavorable.
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In addition to the outward appearance of plant stress, whether caused by abiotic or biotic
factors, indices and metrics play a critical role in the comparative analysis of plants. These
are used not only to measure the extent of stress but also to assess the vitality and health of
the plants. These metrics are based on various remote sensing techniques that can capture
the spectral signature of plants, including satellite and drone imagery.

The Normalized Di erence Vegetation Index (NDVI) is one of the most prominent and widely
used indices. It uses the near-infrared (NIR) and red (R) spectra to provide information
on chlorophyll activity and, thus, vegetation health. By calculating the ratio of re ected

radiation in the NIR and R spectral regions, NDVI can provide valuable insight into biomass
production and the overall physiological condition of plants. [Rh11] The formula for NDVI

IS:
NIR R

NIR + R

where NIR represents the near-infrared channel, aridl represents the red channel.

In addition to the NDVI, more speci c indices have been developed to measure di erent
aspects of plant health. The Green Leaf Index (GLI) determines the grazing impact on
wheat and is sensitive to green leaves or stems. [Bh20] The formula for GLI is:

NDVI =

26 R B

GLI = 2G+ R+ B

where G represents the green channeR represents the red channel, an& represents the
blue channel. A positive value indicates the presence of green leaves or stems, while a
negative value represents soil or nonliving matter.

Similarly, the Visible Atmospherically Resistant Index (VARI) aims to provide resilient in-
formation on vegetation health using the ratio of green, red, and blue light to atmospheric
disturbances. [BEK19] The formula for VARI is:

G R

VARI=GiR B

where G represents the green channeR represents the red channel, an® represents the
blue channel. This index minimizes atmospheric e ects and can estimate vegetation fraction
with an error of less than ten percent.

A promising approach to assessing plant health is using UV spectrometry, which measures
uorescence in plants. This technique can detect subtle changes in pigment composition and
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physiological processes such as photosynthesis, making it an important tool for diagnosing
plant health.

In addition, combined approaches such as multispectral and hyperspectral cameras are being
used to gain a more comprehensive understanding of plant health. These advanced tech-
nologies capture a wide range of spectral bands and make it possible to extract detailed
information about the physiological state of plants. However, despite their potential, such
technologies often require signi cant nancial investment and speci ¢ expertise to apply and
interpret.

3.2.3 Plant Stress Resistance

Plants are exposed to low abiotic or biotic stress; they often activate various physiological
and molecular mechanisms to increase their resistance or tolerance to those stressors. This
phenomenon is known as priming, where plants, after an initial exposure to a mild stress,
become more resilient to subsequent stress events through enhanced and faster activation
of defense responses, or acclimation. When plants experience mild stress, they can change
at the cellular, biochemical, and molecular levels, which prepares them to better cope with
future stress events. These changes can include alterations in gene expression, production
of stress-related proteins, accumulation of antioxidants, and adjustments in hormone levels.
For example, exposure to mild drought stress can produce osmoprotectants, such as proline
or sugars, which assist the plant in maintaining cellular water balance during future drought
conditions. Similarly, encountering low levels of pathogen attack can stimulate the activation

of defense genes and the production of antimicrobial compounds, thereby enhancing the
plant's ability to resist subsequent pathogen invasions.

Figure 3.2 illustrates the average progression of stress resistance in plants, categorizing plant
stress into eustress and distress. Eustress positively impacts plants by enhancing their ro-
bustness against future stressors, while distress negatively a ects them, potentially causing
damage.

The diagram shows di erent time phases within these eustress and distress areas after the
onset of stress. Under low-stress conditions (shown by the thick solid line), the successive
phases lead to the hardening and stabilization of the plant. However, under severe or addi-
tional stress conditions (shown by the dashed lines), these phases can lead to damage and
possibly death of the plant. The numbers on the curves correspond to specic scenarios:
(1) severe stress leading to acute damage and death of the plant, (2) minor stress leading
to hardening and stabilization, with debonding occurring after the stress is removed, (3)
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Figure 3.2: Positive and negative of stress on a plant over time [GSL22]

additional stress leading to chronic damage, and (4) removal of damage after severe stress
returning the system to its initial state (represented by the thin solid line). [GSL22] Di erent
plant species have di erent stress resistance and recovery phases. This diagram emphasizes
the importance of early detection of stress. Early detection and removal of stress give the
plant enough time to recover. Conversely, failure to detect stress early can lead to acute
damage or death. [BSAQ9].

3.3 Image Segmentation

This section provides a basic understanding of image segmentation, a core concept in com-
puter vision crucial for extracting meaningful information from visual data. By exploring the
fundamental principles and methodologies of image segmentation, readers will be equipped

18



Chapter 3 Background

with the essential knowledge to understand image analysis and interpretation in computer
vision applications. This section will also touch on related tools like histograms and color
spaces, which play a role in the segmentation process.

Histograms are essential tools for understanding the distribution of pixel intensities within

an image, providing insights into exposure, contrast, color distribution, and potential image
defects. They are widely used in image enhancement, segmentation, and classi cation. Color
spaces, such as RGB, HSV, CMYK, and LAB, are di erent methods of representing and or-
ganizing color based on application requirements [SQP02]. Each color space has advantages
and is suited to speci c applications like digital displays, image processing, printing, and
color measurement.

Image segmentation is crucial in image processing and computer vision, allowing images to be
divided into semantically meaningful regions or objects. Various methods and techniques for
Image segmentation are explored based on the concepts of discontinuity and similarity [Go08].
Image segmentation often relies on two fundamental principles: discontinuity and similarity.
Discontinuity refers to abrupt changes in the intensity values of an image, typically caused
by edges or boundaries between objects. Similarity, on the other hand, refers to neighboring
pixels having similar properties such as color, texture, or intensity.

A standard method for capturing discontinuities is edge-based segmentation, where edges or
contours in the image are identi ed. The Canny edge detection is an example of an algorithm
used for this purpose [KB09].

In contrast to edge-based segmentation, region-based segmentation groups pixels based on
similarity. Methods such as clustering or generating superpixels are often used to group
similar pixels. Combining edge-based and region-based approaches often leads to more robust
segmentation results. For example, edge information can be used to guide or enhance the
region formation process [Lul7].

Image segmentation is an essential step in image processing and computer vision. Various
technigues can be applied to divide images into meaningful segments by combining concepts
of discontinuity and similarity. The choice of the appropriate method depends on the image's
speci ¢ characteristics and the segmentation task's requirements. Careful selection and
combination of these methods can lead to precise and robust segmentation results applicable
in a variety of domains, including medical imaging, robotics, surveillance, and autonomous
driving.
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3.4 Machine Learning

Machine learning is a pivotal area of arti cial intelligence, aiming to identify patterns and re-
lationships within data to facilitate predictions or decision-making processes. The selection
of an appropriate machine learning approach is contingent upon the nature of the avail-
able data and the desired outcomes. The primary categories include supervised learning,
unsupervised learning, and semi-supervised learning.

3.4.1 Supervised Learning

Supervised learning involves training a model with labeled data, where each training instance
comprises an input vector and the corresponding desired output vector. The objective of the
model is to discern the relationship between inputs and outputs to accurately predict the
outputs for new, unseen inputs.

A paradigmatic example of supervised learning is email spam lItering. In this scenario, the
model is trained using a substantial dataset of emails labeled as either spam or non-spam.
The model learns to recognize specic patterns and features indicative of spam, thereby
enabling it to classify new incoming emails appropriately. The quality of the training data is
paramount; more precise and comprehensive labeled data enhance the model's learning and
predictive capabilities [Pal2].

In supervised learning, various neural network architectures are employed, particularly when
handling large and complex datasets. Convolutional Neural Networks (CNNs), for instance,
are designed for processing data with a grid-like topology, such as images. CNNs utilize
convolutional and pooling layers to extract and condense features from input data, proving
especially e ective in image recognition and classi cation tasks, such as identifying tumors
in medical imaging [Da19].

3.4.2 Unsupervised Learning

Unsupervised learning entails the use of models to analyze unlabeled data, with the goal of
uncovering hidden patterns or structures. Unlike supervised learning, there are no prede ned
outputs for the model to learn.

An illustrative example of unsupervised learning is customer segmentation in marketing.
Here, customer data, including purchasing behavior and demographic information, is ana-
lyzed to identify groups of similar customers. These segments can subsequently be leveraged
for targeted marketing campaigns. The quality of the data is critical, as only meaningful
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and well-structured data can reveal reliable patterns and clusters [Ga23]. Autoencoders are
a type of neural network frequently employed in unsupervised learning. These networks
are trained to compress high-dimensional data into a lower-dimensional form (encoding)
and then reconstruct it (decoding). Applications of autoencoders include dimensionality

reduction, image denoising, and generative modeling [ZIE17].

3.4.3 Semi-supervised Learning

Semi-supervised learning integrates elements of both supervised and unsupervised learning
by utilizing a combination of labeled and unlabeled data. This approach is particularly
advantageous when there is a limited amount of labeled data but a large volume of unlabeled
data available.

An exemplary application of semi-supervised learning is speech recognition. A model can
be trained with a small set of labeled speech recordings (words or sentences) and a large
set of unlabeled speech recordings. The labeled data helps the model learn the fundamental
structure of the language, while the unlabeled data further re nes this structure, improving
recognition accuracy. The representativeness and high quality of the labeled data are crucial
to providing the model with a robust foundation [Ma09].

Recurrent Neural Networks (RNNSs), including Long Short-Term Memory Networks (LSTMs),
are particularly e ective in semi-supervised learning contexts, especially for sequential data.
RNNs are adept at processing sequences and modeling temporal dependencies, making them
suitable for tasks such as speech recognition and machine translation. LSTMs, in particular,
are useful for handling data with long-term dependencies [SNL19].

3.5 Anomaly detection

Anomaly detection is an essential area of data analysis that focuses on identifying unusual
patterns or deviations in datasets that deviate from expected behavior. These anomalies can
indicate signi cant events such as fraud, technical failures, or health issues. The applications
of anomaly detection are diverse. In nance, it is used to detect fraudulent transactions to
minimize losses from criminal activities. For example, an unusually large transfer from a
rarely used account might be marked as potentially fraudulent. In medicine, it enables
early detection of diseases by analyzing patient data and identifying abnormal patterns
in biological signals. For instance, detecting an unusual heart rhythm in a patient could
indicate a serious cardiac problem. In industry, it monitors technical systems to identify
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malfunctions or failures early, such as detecting an unusual vibration pattern in a machine
that could indicate an impending failure. In cybersecurity, anomaly detection plays a crucial
role in identifying unusual activities in networks, such as a sudden increase in tra c to an
unusual IP address.

Anomaly detection is based on identifying data points or patterns that signi cantly deviate
from the rest of the dataset. These deviations, or anomalies, can be attributed to various
causes such as errors, fraud, or rare events. There are three main categories of anomalies:
point anomalies, contextual anomalies, and collective anomalies. Point anomalies are in-
dividual data points that signi cantly deviate from the majority of the data. An example
would be an unusually high transfer in a bank account. Contextual anomalies occur only
in a specic context. For example, a sudden increase in heart rate during sleep would be
considered anomalous compared to normal sleep data. Collective anomalies involve groups
of data points that together form an anomalous pattern, even if individual points may not
appear unusual. An example would be unusual purchasing behavior within a certain period,
such as a large number of high-value purchases in quick succession. [HC15], [Ar16]
Anomaly detection methods can be broadly classi ed into supervised, unsupervised, and
semi-supervised methods based on the availability of labeled data. Supervised methods re-
quire labeled training data to create models that distinguish between normal and anomalous
data points. Classi cation-based methods such as decision trees and neural networks are
commonly used. For instance, a decision tree can detect fraudulent credit card transactions,
while regression techniques can predict normal behavior patterns and identify deviations,
such as predicting normal stock prices and detecting unusual price movements.
Unsupervised methods do not require labeled data and rely on the structure of the data
to identify anomalies. Cluster-based methods group data points and identify those that do
not belong to any group. For example, k-means clustering can detect anomalies in sensor
data from an industrial monitoring system. Density-based methods like DBSCAN (Density-
Based Spatial Clustering of Applications with Noise) and Local Outlier Factor (LOF) detect
anomalies based on the density of their neighborhood, such as identifying unusual network
accesses based on access pattern density [Al21].

Semi-supervised methods use both labeled and unlabeled data. A well-known technique is
the One-Class SVM (Support Vector Machine), which learns a model of normal behavior
from the labeled data and identi es anomalies in the unlabeled data. An example of applying
One-Class SVM is detecting machine faults in a production line, where the model is trained
on data from normal operating conditions and detects anomalies in real-time. Novelty de-
tection with Local Outlier Factor can also be considered semi-supervised when it leverages a
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combination of labeled normal data and unlabeled data to improve the detection of new or
rare events. This method is particularly useful in scenarios where a comprehensive labeled
dataset is not available, but su cient labeled examples of normal behavior exist to guide
the detection process.
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4 Datasets

This chapter describes and explains the datasets used in this thesis. First, the EDEN ISS
dataset, which consists of the three species selected for this thesis and serves as the basis for
stress detection, is presented. Second, the Plant Phenotyping dataset, chosen to compare
segmentation algorithms, is discussed.

4.1 EDEN ISS Dataset

The EDEN ISS dataset consists of data recorded during the EDEN ISS project Section 3.1,
primarily focusing on RGB images of plants taken by cameras inside the FEG. In addition
to the RGB data, other sensors, such as temperature and humidity sensors, as well as multi-
wavelength images, were recorded during the project. However, this dataset will deal with
the RGB images and the three species: dragoon lettuce, kohlrabi, and cucumber.

4.1.1 Description of Dataset

The collected original data was transmitted via FTP to the NMIII station and then over a
satellite connection to the MCC in Bremen, where it was stored. A total of 17 HD cameras
captured the RGB images in the dataset. These cameras are positioned above the plant tray,
capturing daily images of various plant species selected based on speci c criteria.[Ze19] The
dataset is divided into 14 species, and some sample images are shown in the Figure 4.1.
The advanced imaging system in the EDEN ISS employs cameras in various positions to
capture these images. This imaging system integrates HD HIKVISION DS-2CD2542F-I
cameras into the growth system, which can capture both top-view and lateral images. Seven
visual HD cameras are installed on the ceiling of the rst to third levels of the rack, with
two cameras per level/one for each tray. One camera is used to cover the entire upper level.
These cameras also point downward towards the trays, ensuring detailed top-view imaging
of the growing plants.

The second position is where eight visual HD cameras are positioned along the corridor, with

24



Chapter 4 Datasets

(@) (b) ()

Figure 4.1: Example images from the dataset showing planting trays with (a) dragoon
lettuce, (b) kohlrabi, and (c) cucumber.

two cameras per rack mounted on the rack structure pointing at the opposite rack. These
cameras capture lateral-view images, o ering a di erent perspective on plant growth and
health. To conclude, an overview of the tray's structure is shown in the Figure 4.2.

Figure 4.2: Schematic representation of the racks (black), trays (green), and camera
positions (yellow) in the greenhouse [Ze19]

The yellow circles represent the side view cameras, and the yellow squares represent the top
view cameras. On each side of the container are four plant growth racks (black outlines)
labeled L1 through L4 for the left side and R1 through R4 for the right side. Each rack is
divided into four growth levels (green outlines) consisting of two plant growth trays[Ze19].
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4.1.2 Structure of the Dataset

The dataset primarily consists of image les and associated metadata. The images are
organized in folders based on time series. The plants are identi able by the names of the
trays and can be sorted using a con guration le.

Example of the structure:

/dataset
/lettuce 1
HDCam_L2-2C_20200626 2358.jpeg
HDCam_L2-2C 20200627 2358.jpeg

/lettuce_2
HDCam_L2-2C_20180509_2358.jpeg
HDCam_L2-2C_20180510_2358.jpeg

config_file.json

The images are saved with their original names. The naming convention for the images
follows a structured format that includes the camera position, tray identi cation, and times-
tamp. For example, in the lename HDCam_R1-2C 20200112 2358.jpegiDCam indi-
cates the camera type, R1-2C species the tray position, and 20200112 2358 denotes
the timestamp (year, month, day, hour, and minute). This naming convention ensures that
each image is uniquely identi able and traceable to its speci ¢ context within the dataset.
A folder structure was created to identify the various images of the tray's growth, along with
a labeling le. A con guration le was incorporated to further enhance the dataset. This
le provides crucial information about the trays, the start and end of the time series, and
the plant species involved. However, it is important to note that the labeling process was
conducted by non-experts, which introduces the possibility of incorrect classi cation of plant
species. The con guration le config_file.json contains the following information:

{
"start_image": {
filename : HDCam_R1-2C_20200112_2358.jpeg ,
timestamp : 2020-01-12T723:58:00
b

"end_image": {
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filename : HDCam_R1-2C 20200225 2358.jpeg ,
timestamp : 2020-02-25T23:58:00
12
alignment : Left,
"species": "Kohlrabi",
split_line_x: 2220
}

The con guration le stores the names of the rst and last images of the time series, speci es
the species, and details the location within the tray. Thesplit_line_x  coordinate divides
the trays for species included in this study.

4.1.3 Data Quality and Preprocessing

To ensure the integrity and relevance of our dataset, images that did not contain plants
or were taken during the germination phase were excluded. Additionally, time series data
from shelves without plants were removed. During the recordings, the lighting system of
the EDEN ISS was modi ed to a speci c spectrum, resulting in some images being blurry
or obscured by overgrown plants. These images were retained in the dataset to preserve
the traceability of any missing images and ensure comprehensive documentation. Figure
Figure 4.3 presents examples of problematic images within the dataset.

@) (b) (© (d)

Figure 4.3: Examples of problematic images: (a) Outlier with poor image quality. (b)
Image with incorrect lighting. (c) Image obscured by overgrown plants. (d)
Blurry image.

The dataset is available upon request. A publication of the dataset is also planned for future
dissemination.
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