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Abstract

Functional-Structural Plant (FSP) models are useful tools for understanding the complex dynamics
of tree growth. Integrating accurate tree trait data into these models can significantly enhance their
predictive power. The role Terrestrial Laser Scanned (TLS) time series can have in the integration
of tree trait data is not well understood. This thesis evaluates the extent to which TLS time series
derived tree traits can be used as inputs or as complementary data in FSP models for cultivated apple
trees. Tree traits were derived from TLS time series of a cultivated apple tree orchard, including
branch angle, length, and vertex count. These traits were assessed for direct and indirect use in FSP
models. The study identified branch angle as a direct input for FSP models, despite its significant
variability over time. Dormant winter scans and summer scans returned stationary patterns, showing
significant similarity in branch length and vertex count across scenarios, which underpins the potential
for TLS time series as indirect input through stochastic modelling to refine FSP model functionality.
The study demonstrates the viability of using TLS time series derived tree traits to discern patterns
in apple tree growth, enhancing FSP models. However, the dynamic nature of tree growth and the
influence of various factors limit the direct comparison of TLS-derived parameters with synthetic
parameters.

Keywords: Terrestrial Laser Scanning, Functional-Structural Plant Models, Tree Architecture,
Apple Trees, Tree Trait Dynamics.
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1 Introduction

A plant can be seen both as an individual and as a population of body parts. The population of body
parts forms the plant by a collection of developments through internal signalling and actions of shared
genetic information (Louarn and Song, 2020). Each increase in the plants structural dimensions
is a unique expression, driven by the genetic makeup of a plant, its physiological processes, and
environmental factors (Evers, 2011), with structure comprising of the explicit topology (connection
between organs) and geometry (orientation, inclination and shape) of the plant. At the individual
level, this is also referred to as plant architecture (Buck-Sorlin, 2013).

This means that in effect, plant architecture in its interconnection and spatial distribution shows
us the life history of the plant, making architecture a viable predictor for plant fitness (Louarn and
Song, 2020). This is why understanding plant architecture is essential for comprehending the above-
ground growth and development of plants (Pretzsch, 2021). plant architectural behaviour is especially
important in the horticultural sector where the development of this behaviour is measured from shoot
growth and branching (Wang et al., 2020). As buds have the potential to develop into vegetative
or reproductive shoots, the distributions of shoot type and probability of flowering are closely related
to fruit yield Costes et al. (2003). Understanding the patterns leading to - and developing from
the tree architecture could improve management strategies for training and pruning (Lauri, 2008).
Innumerable variations in plant architecture exist as each component reacts to its local environment.
Thus, branching architecture must be studied as an emergent behaviour in order to model plant
fitness through plant architecture (Evers, 2011).

Functional Structural Plant (FSP) models are suited to this task as the models represent the plant
as a network of elementary units which enables modularity, where model components and experimental
data can be interchanged (Sievänen et al., 2014). FSP models can be used to assess the network of
elementary units over time, simulating branching, extension and growth. This means FSP models can
study emergent behaviour through the assessment of the network over time. Assessing the network
over time as a collection of plant components, measured individually is a laborious task due to the
structural complexity of larger organisms such as trees (Godin et al., 1999a).

In recent years, non-destructive methods to derive structural traits from trees have emerged
(Calders et al., 2015). These methods have matured from experimental stage to operational stage
(Disney, 2019). The structural traits could be useful for the study of plant component networks
over time. The non-destructive methods are emphasized in Louarn and Song (2020) for the use
of FSP models where experimental data on tree architecture is obtained from Light Detection And
Ranging (LiDAR). By emitting laser pulses and measuring their return times and intensities, LiDAR
technology enables researchers to create detailed 3D representations of the environment, enabling
plant measurements through structure modelling it is possible to model the plant structure as a
skeleton, formed from a collection of lines representing the hierarchical and topological relations of
the plant (Bucksch, 2011). The method of generating a skeleton consisting of lines from a points
in a point cloud is called skeletonization. Extracting growth measurements from dense point clouds
generated by Terrestrial Laser Scanning (TLS) has potential to deliver more insight on growth based
on automatic extraction of structural plant components over multiple time frames by creating a faster
collection of experimental data.

Using tree architecture for fitness or performance is not a new area of research. Qualitative and
quantitative studies have been done to assess production, especially in fruit bearing trees (Costes et al.,
2003). If LiDAR tree trait data proves to be effective in extracting the aforementioned structural
elements which could be used in FSP models, the increase in experimental data can increase the
robustness of research into the relation between plant architecture and fitness.
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1.1 Research needs

Da Silva et al. (2014) has stated it is still unclear whether a modelling approach can validate the
assumption that tree architecture can have impact on performance in fruit trees. This statement is
made in 2014. Modelling approaches have since matured and attempts have been made to integrate
new fields, with non-destructive methods being used to characterize plant architecture (Louarn and
Song, 2020). This thesis aims to increase the understanding on what role tree traits derived from
LiDAR time series can have in improving a functional structural modelling approach to understand
growth in cultivated apple trees. Research done by Pallas et al. (2020) has already shown digitized
plant representations from Terrestrial LiDAR returning accurate tree metrics of cultivated apple trees
using point clouds collected in winter.

For perennial plants, most of the studies rely on retrospective measurements (Guedon et al., 2010).
The transition from retrospective analysis to emergent plant behaviour is driven by the identification
of repetitive or similar patterns (Costes et al., 2003). These patterns are found by studying the levels
of organisation, rules of development and gradients within plant structure (Guedon et al., 2010).

While TLS time series have been used to identify tree traits, usage of scans made during the
growing season for tree trait estimation is limited to leaf area and volume (Pallas et al., 2020) as
occlusion and resolution are mayor limitations of LiDAR scans (Lau et al., 2018). Little research has
been done whether architectural patterns during a growing season can be found using TLS derived
tree traits. The TLS time series could be used to explore the behaviour of these tree traits over the
measured growing season.

Models have been made to simulate the growth of apple trees, starting from its fundamental
growth units (Costes et al., 2008) (Poirier-Pocovi et al., 2018). Apple trees varieties display complex
architectures (Costes et al., 2003). The cultivated apple tree simulations can be used to assess
whether the behaviour of LiDAR derived tree traits over time are similar to the behaviour found in
synthetic data.

1.2 Research aim

1.2.1 Research objective

More research is required to prove that LiDAR derived growth measurements can be used to increase
model accuracy in a horticultural setting. This thesis aims to study growth as an a continuous process
by deriving tree traits as growth behaviours from a TLS time-series. Extracting tree traits from TLS
time series in comparison to extracting tree traits from a single time frame adds a temporal dimension
to growth measurements, which could be used to validate and extend previous research done on the
relation between plant architecture and fitness.

1.2.2 Research questions

1. To what extent can TLS time series derived tree trait data be used complementary to model
inputs in FSP models to study growth for cultivated apple trees?

2. How do TLS time series derived tree traits compare to synthetic derived tree traits on the
structural behaviour of cultivated apple tree growth?
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