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Chapter 1

General introduction

It is said that in the 19%™ century, British people were not particularly fond of
crooked cucumbers, as the curvy shapes of the fruits made it infeasible to cut
proper slices for a sandwich. In an attempt to overcome the challenge of growing
straight cucumbers, George Stephenson invented a cucumber straightener (see
Figure 1.1), which was a glass sleeve that was put around a growing cucumber to
force it to become “perfectly straight and level as the barrel of a gun” (Perreault,
2018).

Jumping ahead two centuries, today, plants used in horticulture are still subject to
many requirements. Those requirements are set by stakeholders such as breeders,
growers, retailers, and consumers and include aspects like yield, disease resistance,
stress tolerance, shelf life, and taste. The expression of these traits for a certain
plant is known as the phenotype of that plant. Whether the phenotype of a plant
meets the requirements depends on the genetic composition of the plant and on
the environment in which the plant grows. Both the environmental as well as the
genetic component provide opportunities to optimise the phenotype of the plant.
In the example presented above, a change in the environment, the addition of a
cucumber straightener, led to a change in the phenotype: straight cucumbers.
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Figure 1.1 — Advertisement for cucumber glasses to grow perfectly straight
cucumbers. Image from http://www.oldgardentools.co.uk/
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General introduction

One of the first examples in which the genetics of the plant were changed to get a
desired phenotype dates back to the early days of agriculture, approximately
10,000 years ago. Farmers selected the plants in their fields that they liked most,
and used these plants to produce next seasons seeds (Wieczorek & Wright, 2012).
By repeating this over and over again, desirable phenotypic characteristics that
have a genetic basis were inherited to next generations. The discovery of Mendel’s
laws of inheritance in the 19" century started the development of genetics as a
scientific field of study, enabling research to improve the process of crop
improvement through plant breeding (Allard, 2019).

Outline of the general introduction

In section 1.1 of this general introduction, we first give a brief background on plant
breeding. The need for high-quality phenotypic datasets is explained and the lack
of these datasets is identified as the ‘phenotyping bottleneck’, potentially limiting
the progress made in plant breeding programs. The concept of ‘digital phenotyping’
is then introduced as one of the technologies that could ease the phenotyping
bottleneck. In section 1.2, an overview of developments in sensor technology and
data science that contribute to the field of digital phenotyping is presented.

Plant architecture is the three-dimensional (3D) organisation of plant parts and was
selected as a use case to explore technological developments for digital plant
phenotyping. The 3D organisation of plant parts also motivates the use of 3D sensor
data. The added value of using 3D data was investigated in this thesis by comparing
methods based on 3D data to methods based on two-dimensional (2D) data. The
use case of plant architecture is further explained in section 1.3. The digital
phenotyping system to collect the 2D and 3D sensor data is then introduced in
section 1.4 and the objective and main hypothesis of this thesis are defined in
section 1.5. The general introduction ends with an overview of the outline of the
remainder of this thesis.



Chapter 1

1.1 Plant breeding and the phenotyping bottleneck

Plant breeding is the art and science of developing improved plant varieties (Fehr,
1991). The breeding process involves selecting and crossing plants that have
specific desirable traits, to generate offspring that has a combination of those traits.
Different strategies to find the optimal combination of plants to cross are available,
based on the phenotype or on the genotype of the plant. In this section, we first
discuss these selection strategies. The progress made in breeding programs is
explained using the breeder’s equation, after which the phenotyping bottleneck is
introduced as a factor limiting this progress. The concept of digital phenotyping is
then presented as a technological approach to remove the phenotyping bottleneck.

Selection strategies

Phenotypic selection (PS) is a method in which plants are selected based on
observable characteristics, such as size, colour, shape, or response to stress. PS is a
common approach in plant breeding, especially for traits that are relatively easy to
assess. However, as mentioned, the phenotype is the result of the genetic makeup
as well as of the environment of the plant. So, without additional information, it is
not possible to know if an observed phenotype is caused by genetic or by
environmental factors. Therefore, considering that trial fields are never completely
uniform, there is a risk that plants are selected that happen to be in a more suitable
environment, while not necessarily having the best genetic makeup.

In contrast, marker-assisted selection (MAS) is based on the genetic composition of
the plants, instead of on the observable characteristics. MAS uses one or few
molecular markers as a proxy for one or few genes that have an effect on the
phenotype of the plant. One of the most important aspects of MAS is unravelling
the association between the markers and the phenotypic traits of interest. Finding
this association depends on high quality phenotypic data and can be done through
various methods such as Quantitative Trait Locus (QTL) mapping or association
studies. MAS is especially useful for traits of which the desired phenotype is
controlled by a single gene (monogenic traits), specifically when these traits are
difficult or time-consuming to assess phenotypically.
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General introduction

Genomic selection (GS) is a specific form of MAS that uses a much larger amount of
genomic data, mostly in the form of molecular markers. GS associates high-
throughput genotyping data with phenotypic data through statistical models, to
predict the genetic value of a plant for a given trait. In this way, GS allows breeders
to select plants with superior genetic value for the target trait, even before the
plants have been tested in the field. GS can be more accurate and efficient than PS.
A breeding program based on GS is most efficient when using high quality
phenotypic datasets. (Crain et al., 2018; Heffner et al., 2010; Zhu et al., 2021)

The breeder’s equation

The improvement in the average value of a trait in a population, as a result of
selection strategies applied in a breeding program, is known as genetic gain. The
realised genetic gain can be used as a measure of the progress that is being made
in a breeding program. Besides realised genetic gain, the breeder’s equation can be
used to estimate the expected genetic gain. The breeder’s equation is often written
as R = h?-S,in which R is the response to selection, or the expected genetic gain,
h? is the heritability of the trait, and S is the intensity of selection.

Heritability is a measure that indicates how much of the variation of a trait is due
to genetics. A high heritability indicates that a large part of the variation in the trait
is due to genetics, meaning that the trait can be improved by selection. On the other
hand, a low heritability means that a large part of the variation is due to
environmental factors, meaning that the expected progress due to selection is
lower. The intensity of selection, S, is an indication to what degree selection for a
certain trait is taking place. The selection intensity can for example be increased by
selecting less plants using more stringent selection criteria for the desired trait. The
selection intensity can also be increased by selecting an equal amount of plants
while increasing the size of the population to select from. A higher selection
intensity for a certain trait leads to a higher expected genetic gain for that trait.
(Acquaah, 2007; Cobb et al., 2019; Rebetzke et al., 2019)

The phenotyping bottleneck

The phenotype of a plant is the collection of observable plant characteristics. Plant
phenotyping is a scientific discipline that focuses on the assessment of these traits.
Traditionally, the assessment of these traits is done by human observers. Human-
based phenotyping is, besides training of the person who assesses the plants,
relatively easy to implement as no machinery is required. Furthermore, the
phenotypic assessment can be directly used by the observer to decide whether a
plant will be selected or not.
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Chapter 1

However, the need for other phenotyping methods is increasing, as human-based
phenotyping has some disadvantages. First, human-based phenotyping can be a
labour-intensive task. Plant breeders typically work on a whole set of traits that
need to be assessed. Furthermore, the selection intensity and thus the expected
genetic gain can be increased by increasing the number of plants that is being
assessed. Unfortunately, limited availability of time often leads to plant breeders
focusing their phenotyping efforts on plants with the highest chance of being
selected for crossings, leading to incomplete phenotypic datasets. Limited
availability of time also leads to datasets with a low temporal resolution. A second
issue with human-based assessments, is that the collected data tends to be
subjective and sensitive to errors, due to interpretation differences between
observers, or per individual observer during the course of the day. Thirdly, traits are
often scored in classes having a low resolution. For example, the presence of
defects on a fruit is often scored as yes or no, while a measurement of the area of
each defect would provide more information. Finally, human-based assessments
are limited to the human senses. For example, our eyes are only sensitive to a small
part of the electromagnetic spectrum. Furthermore, accurate assessment of taste
and smell requires expert panels, making the implementation on a large scale
impractical.

The limitations of human-based phenotypic assessments reduce the level of genetic
gain that can be achieved by plant breeders (Araus et al., 2018). As explained in the
previous sections, regardless if plants are selected based on phenotype or
genotype, all selection strategies would benefit from the availability of high-quality
phenotypic datasets. Such datasets lead to higher heritability values, increasing the
expected level of genetic gain. Furthermore, the selection intensity is limited due
to the high labour requirement involved in collecting phenotypic data for large
plant populations. Again, being able to collect phenotypic datasets for larger plant
populations leads to a higher expected genetic gain. The current lack of the desired
high-quality phenotypic datasets of large plant populations is known as the
phenotyping bottleneck. (Rossi et al., 2022; Tripodi et al., 2022; Yang et al., 2020)

Digital phenotyping

Digital phenotyping uses sensors and computer algorithms to assess plant
characteristics. Automation of digital phenotyping systems drastically reduces the
amount of labour required to collect phenotypic data, making it possible to collect
phenotypic data of larger plant populations and at a higher temporal resolution.
Furthermore, depending on implementation details, computer algorithms provide
objective and quantitative datasets. Plant measurements are also no longer limited
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General introduction

to human senses. For example, cameras that are sensitive outside the visible part
of the spectrum allow to extend the set of traits to beyond what is observable for
humans. (Awada et al., 2018)

So, whether the focus is on reduction of labour through automated phenotyping,
on higher accuracy through precision phenotyping, or on observing beyond the
human senses, digital phenotyping technologies are key to increase the
effectiveness and the efficiency of modern breeding programs.

1.2 Digital phenotyping to address the phenotyping bottleneck

The essence of digital plant phenotyping is to use sensors that capture data of
plants and to analyse this data to extract relevant phenotypic measurements. This
section is not meant to give a full overview of all digital phenotyping technology
that has been presented in literature, but rather to provide some insights into the
different aspects that are important to consider when working with digital
phenotyping technology. For reviews of digital phenotyping technology we refer to
other work. For example, the work of Tripodi et al. (2018) presents an overview
focusing on phenotyping of vegetable crops in protected horticulture. In the work
of Yang et al. (2020), a broader overview of progress on phenotyping is given,
presenting developments that have been used in controlled environments and
under field conditions, as well as for post-harvest phenotyping. Finally, the review
of Yao et al. (2021) focuses on robotics for indoor and outdoor plant phenotyping.
Robotics allow to automate data acquisition, which is an important aspect for
increasing the scale at which a phenotyping system can be implemented, both in
the size of the plant population that can be handled, as in the temporal resolution
that can be achieved.

Inthe remainder of section 1.2, first, the focus is on what should be measured, next,
sensors that can be used to collect the raw data are introduced, and finally,
methods to translate the raw sensor data into plant measurements are discussed.

1.2.1 Plant phenotyping: what to measure?

Plant phenotyping can be done on different scales, from cell level, to plant parts,
whole plants, or even canopies (Dhondt et al.,, 2013). An example of plant
phenotyping on cell level is the identification and counting of cells on the epidermis
of the leaf based on microscopic images (Mele & Gargiulo, 2020). On a larger scale,
measurements can be obtained of detached plant parts, like leaf disks, whole
leaves, or fruits, or on growing plants. These plants can be grown in environments
such as climate chambers, greenhouses or open fields, each having their own
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advantages and disadvantages. For example, in a climate chamber, the
environmental conditions can be very well managed, which is useful to study the
effect of different environments on the phenotype. On the other hand,
greenhouses or open fields are often more in line with commercial growing systems
and it can be useful to assess the plants in these conditions also.

The most obvious parts of the plant to assess are the above-ground parts, the
shoot. However, relevant traits can be identified throughout the entire lifecycle of
a plant, from seed, via the shoots and the roots of the plant, to the fruit and finally,
back to the seed (Yang et al.,, 2020). Digital plant phenotyping includes the
measurement of relevant traits for all developmental stages of the plant and for all
plant parts, including seed, root, shoot and fruit.

The first traits that come to mind when thinking about plant phenotyping might be
visible aspects of plants, such as shape, colour and size of seeds or fruits, or the 2D
or 3D architecture of the roots or the shoots of the plants. However, also aspects
that are not directly visible can be assessed. For example, internal fruit quality can
be assessed non-destructively with techniques such as MRI or X-ray (Nicolai et al.,
2014). Furthermore, the stress response of plants is a relevant trait to assess when
breeding for more resistant or tolerant varieties. For example, a review by Tanner
et al. (2022) indicates several approaches to study plant-pathogen interactions on
a microscopic level, either looking at the pathogen itself or at the response of the
plant to infection.

1.2.2 Sensors: how to measure?

Different types of sensors can be used to collect phenotypic data. For example,
Huang et al. (2020) used sap flow sensors in a study to model evapotranspiration in
cucumber and in the work of Chen and Opara (2013), several methods to asses
texture in fruits and vegetables were presented. However, most digital
phenotyping applications rely on visual sensors. The most frequently used sensor is
a camera that captures colour images, which are analysed by computer-vision
based algorithms. Three forms of resolution are relevant when working with a
phenotyping system based on imaging: spatial resolution, spectral resolution, and
temporal resolution.

The spatial resolution defines the ability of an imaging system to distinguish
between two objects that are close to each other. In 2D sensors, the spatial
resolution is determined by the size of the smallest detectable unit in both the x
and y dimensions, depending on the number of pixels in the x and y dimensions.
Similarly, in 3D sensors, the spatial resolution is determined by the size of the
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smallest detectable unit in the x, y, and z dimensions. The size of the smallest
detectable unit depends on the sensor, including optics, and on the distance
between the sensor and the measured object. Higher spatial sensor resolution
generally means that smaller parts of the plant are identifiable in the data.

The spectral resolution defines the ability of an imaging system to distinguish
between different wavelengths of light. The spectral resolution is defined by the
number of spectral bands a sensor can capture and by how narrow or broad these
bands are. For example, a greyscale image contains only one spectral band that
often covers the entire visible part of the electromagnetic spectrum. Colour images
typically divide the same part of the spectrum over three narrower bands, to obtain
a separate measurement for red, green and blue reflectance. The spectral
resolution can be increased further by measuring more and narrower spectral
bands. Furthermore, bands outside the visible part of the spectrum can be added,
for example in the infrared (IR), ultraviolet (UV), or X-Ray part of the spectrum.

The temporal resolution refers to the ability of a phenotyping system to capture
data at frequent intervals over time. The temporal resolution of a phenotyping
system depends on the acquisition time per plant and on the amount of plants a
system needs to monitor. Temporal resolution is important to consider because
plants are dynamic over time. By measuring at high temporal resolution,
researchers can gain insight into plant development and the response of the plant
to biotic or abiotic stress (Kjaer & Ottosen, 2015).

An important aspect for automated phenotyping systems is to bring the plant and
the sensor together. This requires a system in which either the sensor is attached
to a mobile platform that carries the sensors to the plant, or the plants are grown
in a system that is able to transport the plants to the sensor. By bringing the sensor
to the plant, measurements can be obtained in the growing environment of the
plant. Sensor carriers for this purpose include robotic platforms that move through
greenhouses, tractors or robotic field platforms, unmanned aerial vehicles (UAVs),
and satellites (Yao et al., 2021).

1.2.3 Data analysis: from sensor data to plant measurements

Research to relieve the phenotyping bottleneck focused mostly on how sufficient
and high-quality data could be acquired. With the increasing availability of systems
that produce large volumes of sensor data, the phenotyping bottleneck was
extended by the interpretation bottleneck (Smith et al., 2021). The interpretation
bottleneck refers to the lack of computer algorithms to translate the raw sensor
data into valuable information. It is beyond the scope of this introduction to provide
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a complete overview of computer-vision algorithms that are available for this
purpose. Rather, the distinction is made between traditional computer-vision
methods and methods based on deep learning. For a recent review on computer
vision technologies for plant phenotyping we refer to the work of Li et al. (2020).

Traditional computer vision methods for plant phenotyping are based on a set of
predefined rules to analyse images. Typically, hand-designed features are extracted
based on colour, shape, and texture. These features are used to identify relevant
parts of the image, from which measurements can be extracted, or for example to
classify content of images as good or bad depending on a set of thresholds.
Traditional computer vision methods can be effective when images are taken under
controlled conditions, limiting the level of variation present in the dataset.
However, generalisation of the algorithms to uncontrolled conditions or to other
crops is often limited.

In contrast, supervised deep-learning based methods for plant phenotyping involve
using deep neural networks that learn the features and patterns that are relevant
for the task from a large training dataset. These methods can be trained to assess
plants and their characteristics without the need for manual feature definition,
allowing them to adapt to a wider range of plant species and conditions. However,
the required datasets for training are labour-intensive to generate and the
algorithms can be computationally intensive to train, requiring specialized
hardware and expertise.

Overall, both traditional computer vision methods and deep learning methods have
their strengths and limitations for plant phenotyping, and the choice of method
depends on the specific needs and goals of the experiment or application.

1.3 Plant architecture of cucumber as a use case

In section 1.1, the need for large, high-quality phenotypic datasets was identified
and the phenotyping bottleneck was introduced as one of the reasons that these
datasets are often not available. Digital phenotyping was then proposed as a
concept that could contribute to the solution of this problem. Section 1.2
introduced various approaches with respect to what part of the plant could be
measured, what sensors are available, and what data analysis methods could be
used for translating sensor data into plant measurements. To focus our research, in
this section, we present the use case of plant architecture measurements in
cucumber.
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Cucumber is an important fruit-vegetable crop. Furthermore, the fast crop
development and the relatively open structure of the crop, as compared to for
example sweet pepper, were practical reasons to select cucumber as a model crop
for our use case. Although measuring root systems is relevant, we focused on the
above-ground parts of the plant. The architecture of the above-ground plant parts,
or the 3D organisation of these plant parts, is defined by traits like plant height, leaf
or branching angle, leaf size, and internode length. These traits are relevant for a
number of reasons. First, the position and orientation of the leaves has an effect on
the amount of intercepted light, which on its turn influences plant productivity.
Second, developments in automated crop handling might lead to specific
requirements with respect to the plant architecture and finally, changes in plant
architecture over time can be an indicator of plant stress. (Najla et al., 2009; Paulus,
2019; Sibomana et al., 2013). Internode length is one of the traits that make up the
plant architecture and was used as a model trait in this thesis. Nodes are points
along the stem where leaves or branches are attached. Internode length is the
distance along the stem between two consecutive nodes. By measuring internode
length frequently, detailed information about the plant development over time can
be obtained.

As plant architecture is about the 3D organisation of plant parts, it was expected
that 3D data would be a more appropriate choice than 2D data. However, the state-
of-the-art of 3D computer-vision methods, especially in the plant domain, is not as
far developed as the state-of-the-art of 2D computer-vision methods. In this thesis,
we aim to push forward the state-of-the-art in 3D computer-vision methods for
plant phenotyping.

However, adding a third dimension does not only increase the potential level of
information in the data, but also increases the complexity of the algorithms that
have to be developed for analysing the data. Therefore, we started with the
development of a method based on 2D data. The 2D and 3D methods were
compared to each other, providing insight into the added value of 3D data for plant
phenotyping.

In summary, this thesis explores digital phenotyping technology to develop
methods for measuring plant-architectural traits. Cucumber was used as a model
crop and internode length was used as a model trait. Furthermore, 3D sensor data
and the corresponding deep-learning based methods to translate the 3D data into
plant measurements were selected as promising technologies. The developed 3D-
based methods were compared to a 2D-based approach, to gain insight into the
added value of 3D data for digital plant phenotyping.
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1.4 A phenotyping system to collect 2D and 3D data

To develop the methods identified in the previous section, a digital phenotyping
system was required that could generate a dataset containing both 2D and 3D data
of a population of cucumber plants. Therefore, in preparation for this PhD project,
a custom phenotyping system was designed in collaboration with WIWAM
phenotyping robots (WIWAM, 2022).

The phenotyping system was installed in a climate chamber and consisted of two
platforms. The first platform drove in-between the plant rows and could be docked
in the second platform. The second platform then moved the entire system from
one plant row to the next. The platform that drove in-between the plant rows was
equipped with a vertical scanning axis of 2.5m height, on which the sensors were
mounted. An IMPERX B4820 16 MP CCD camera with an image resolution of 4904
x 3280 pixels (IMPERX, 2018) was used to collect 2D images. Furthermore, a
Phenospex F500 dual scan system (Phenospex, 2017) was installed to collect 3D
point clouds of the same plants. The Phenospex PlantEye F500 is a multispectral 3D
scanner for plant phenotyping, which also provided spectral reflectance
information (red, green, blue and NIR) for each point in the point clouds.

The data was collected in 2018. Twelve cucumber plants were grown in the climate
chamber. The plants were placed on plant gutters with an in-row plant distance of
1 meter. This prevented that plants were occluding each other. The 2D images and
the 3D point clouds were taken from the same plants, using multiple viewpoints
per plant, over a period of 11 days. During this period, the plants grew from an
average plant height of 76 cm to an average plant height of 195 cm. For specific
details about the dataset and how it was collected we refer to the chapters in which
the data was used. An example of the data is shown in Figure 1.2.
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Legend:
Stem
@ Petiole
@B Leaf
Gr. point
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Figure 1.2 — An example of a 2D image (left) and an example of two 3D point clouds
(right). The point cloud of the smaller plant was taken at the beginning of the data
acquisition period, while the point cloud of the larger plant was taken at the end of
the data acquisition period. The colours in the point cloud represent the different
plant organs that were considered in chapters 3, 4, and 5, as specified in the legend.
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1.5 Objective, main hypothesis, and thesis outline

The main objective of this thesis is to provide insight into the added value of 3D
data and 3D-based methods for plant phenotyping of plant-architectural traits. To
achieve this objective, methods based on 2D data and methods based on 3D data
were developed and compared to each other. The main hypothesis that is tested in
this thesis is:

“phenotyping methods based on the acquisition and analysis of 3D data
lead to improved phenotypic measurements of plant-architectural traits
as compared to measurements obtained using 2D-based methods.”

This hypothesis was tested in the light of internode length, a model trait that is part
of the plant architecture.

The first approach to measure internode length was based on the 2D dataset. In
chapter 2, an automated digital phenotyping method to measure 2D internode
length is presented. A deep convolutional neural network was trained to detect the
nodes in the images. The nodes detected in images from multiple viewpoints
around the plant were combined and the 2D internode length was then estimated
as the Euclidean distance between two consecutive nodes. The estimated
internode lengths were compared to two different reference measurements. The
first reference measurement was based on a fast manual estimation of the
internode length and the second reference measurement was obtained by
measuring each individual internode with a measuring tape. Although our 2D digital
method was more accurate than the fast manual method, the highest accuracy was
obtained with the measuring tape.

One of the main limitations of the 2D method was that a fixed plant-camera
distance had to be assumed for the conversion from pixels to mm. However, 25%
of the plants showed a curved growing pattern, meaning that the estimated
internode lengths for these plants were significantly less accurate. Therefore, a
method to estimate internode length based on the 3D data was developed next.

Although the focus was on internode length, a fully segmented point cloud was
considered valuable for future applications. Therefore, the focus was first on
predicting for each point in the point cloud to which plant organ it belonged.
Chapter 3 introduces a method to segment the point clouds into plant-parts. In one
of the experiments, the training data set was manually labelled twice and the
agreement between the two training sets was used as a way to evaluate the quality
of the training data. The design of the phenotyping experiment and the effect of
the number of classes that had to be recognized was analysed in a second
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experiment. Overall, it was shown that our method provides a suitable base for
poi