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Abstract: Light availability and distribution play an important role in every ecosystem as these affect
a variety of ecosystem processes and functions. To estimate light availability and distribution, light
simulations can be used. Many previous models were based on highly simplified tree models and
geometrical assumptions about tree form, or were sophisticated and computationally demanding
models based on 3D data which had to be acquired in every season to be simulated. The aim of
this study was to model the shadow cast by individual trees at high spatial and temporal resolution
without the need for repeated data collection during multiple seasons. For our approach, we captured
trees under leaf-off conditions using terrestrial laser scanning and simulated leaf-on conditions for
individual trees over the remainder of the year. The model was validated against light measurements
(n = 20, 436) collected using 60 quantum sensors underneath an apple tree (Malus domestica Borkh.)
on a sunny and cloudless summer day. On this day, the leaves and the shadow were simulated with a
high spatial (1 cm) and temporal resolution (1 min). The simulated values were highly correlated with
the measured radiation at r = 0.84. Additionally, we simulated the radiation for a whole year for the
sample apple tree (tree height: 6.6 m, crown width: 7.6 m) with a resolution of 10 cm and a temporal
resolution of 10 min. Below the tree, an area of 49.55 m² is exposed to a radiation reduction of at least
10%, 17.74 m² to at least 20% and only 0.12 m² to at least 30%. The model could be further improved
by incorporating branch growth, curved leaf surfaces, and gravity to take the weight of the foliage
into account. The presented approach offers a high potential for modelling the light availability in
the surroundings of trees with an unprecedented spatial and temporal resolution.

Keywords: TLS; QSM; LiDAR; leaves; shadow; tree shading; apple tree; agroforestry

1. Introduction

Light availability, distribution, and spectral composition are environmental factors
that play a critical role in ecosystems. For plants, light availability is the main driver
of photosynthesis and it controls the net assimilation rate, which in turn drives biomass
production. The available solar radiation, the length of the growing season and the available
leaf area are limiting plant growth, when plants are not limited in their growth by nutrients
or water [1,2]. Conversely, excessive light can also cause light stress in some species,
depending on their shade tolerance [3]. The spectral composition of light, sometimes
referred to as light quality, also influences plant growth and development [4,5]. On the
ecosystem level, light availability influences species composition and diversity [6,7]. On
the microclimatic level, a number of environmental parameters and processes, including
soil temperature and moisture, air humidity, and evapotranspiration are sensitive to light
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availability [8]. These microclimatic conditions can in turn significantly impact ecosystem
processes and biodiversity [9]. Besides light availability, spatial light heterogeneity also
evidently plays a role in species diversity [10]. However, not only the spatial but also the
temporal variation of radiation is crucial to ecosystems. Sun flecks, i.e., the short and small-
scale occurrence of high radiation intensity, are crucial for the carbon fixation of shaded
leaves and understory vegetation on both the daily and annual scales [11]. Measuring light
at high spatial and temporal scales could thus improve our understanding of ecosystem
dynamics and processes in various ecosystems [9].

Agroforestry systems (AFS) are one type of agricultural management system where
light availability is of particular importance. AFS can be defined as a combination of
perennial woody plants such as trees and shrubs interacting with crop and/or livestock
within the same management unit [12]. The interactive influence of the trees on the crop
or livestock is highly relevant. The effects of tree shade on crop yields have been studied
for a broad variety of silvoarable systems, i.e., AFS with crop production. While some
studies found yields to decrease, especially with increasing shading intensity [13,14], other
studies found no differences between shaded and non-shaded sites or even found yield
increases [15,16]. Presumably, the extent of the shading effect depends on various factors,
such as the type of crop and tree species, tree spacing and crown expansion, management,
climate and soil type [17]. For silvopastoral systems, the positive impact of tree shade on
livestock is well documented [18,19]. The reduction in livestock heat stress by the inclusion
of trees on ranch land can serve as an adaptation strategy to climate change [20]. However,
many farmers currently perceive shading by trees generally as a disadvantage due to crop
yield reduction concerns [21]. This perception could change for the better in the context of
climate change, rising temperatures, and resulting challenges in crop yield maintenance.

Light availability in ecosystems is typically measured directly or indirectly at specific
points in time or space. For example, hemispherical photos can be used to assess the
availability of light in forests indirectly via photographing the sky from the ground using
an ultra-wide angle or fish-eye lens. The images are then analysed to assess canopy
characteristics that allow conclusions to be drawn about light availability [22,23]. The leaf
area index (LAI), a ratio between the leaf and the ground area, is another indirect approach
to estimate light availability [4,24]. LAI sensors measure the light transmission through a
canopy at defined points or along transects [25]. Engelbrecht and Herz [26] compared direct
and indirect light measurements. They concluded that indirect light measurements are
not sufficient to measure light accurately. Quantum sensors can be used to measure light
directly and with high accuracy. However, direct measurements with quantum sensors
are expensive and time-consuming, especially when covering large areas [26]. All of these
methods for estimating or measuring light may vary in their accuracy, but all demonstrate
spatial and/or temporal limitations in their application.

An alternative to in-situ light measurements are light simulation approaches. Light
simulations neither require the maintenance of a sensor network over long time periods
nor replicated measurement campaigns over the season. When the shape and location of
any object are known, its shadow can be calculated. However, for objects with complex
structures such as trees, the simulation of shade is less straightforward. Especially for large
trees which comprise thousands of leaves and branches, shade mapping is challenging.
Nevertheless, simulations have the big advantage of the fact that shadow can be mapped at
any desired point in time and space. However, many light simulations involving trees that
are either kept simple and are based on simple geometric assumptions or are very complex
and aim to model shading as realistically as possible. The complexity of the light models
varies both in terms of the geometric representation of the trees and the underlying light
simulation algorithms. The simpler models rely on a small number of geometric primitives
such as cylinders, cones, and ellipsoids to represent tree trunks and crowns and use simple
algorithms to calculate shadows [27–30]. At the other end of the spectrum are sophisticated
models that require high-resolution 3D data from trees and use complex algorithms such
as ray tracing or radiative transfer models [31,32]. While simple models are limited in their
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accuracy, complex models are computationally demanding and require 3D data from all
seasons to simulate light availability over the course of a year. Depending on the objective
of the model application, either a simple or a complex model may be advantageous. To
estimate the approximate size of tree shading and if 3D data are unavailable, simple models
may be preferable. If the aim is to model microclimate, for example, and high-resolution 3D
data are available, complex models are required. When modelling light availability in AFS,
neither of these extremes of model complexity are desirable. Very simple models are likely
to overestimate shading [27] or fail to map shading heterogeneity [29] due to the lacking
inclusion of crown structure and architecture. Very complex models, on the other hand, are
likely to be too costly due to the high computational and data requirements [30,33].

For the light simulation in AFS, it may better to use models that fall between these
extremes in terms of complexity, e.g., approaches that use complex tree models but simple
shading algorithms. To represent the complex structures of the trees, terrestrial laser
scanning (TLS) can be used. TLS produces dense, high quality point clouds and is frequently
used in forestry sciences to capture and analyse the various aspects of individual trees or
forest stands [34–37]. A typical application of TLS in forestry is the derivation of forest
inventory attributes such as tree position, stem diameter and height [38]. TLS can also be
used to estimate parameters that are difficult or impossible to obtain from traditional field
measurements, such as intricate branching structures [34,39]. More advanced tree-related
TLS applications include species identification, stem quality assessment, and micro-habitat
mapping [34]. In the field of agricultural sciences, TLS is currently considered impractical
for surveying crops [40]. However, there have been horticultural studies using TLS to
analyse fruit trees in orchards [41,42].

For many applications, it is necessary to simplify the complex 3D point clouds using
parametric structural models. This simplification can be achieved, for example, through
the use of quantitative structure models (QSMs). QSMs are simplified 3D models that
represent the stem and branches of trees as a collection of geometric primitives, classically
cylinders [43]. QSMs quantitatively describe the geometric, volumetric, and topological
characteristics of individual trees [44]. A wide range of parameters can be derived from
them, some of which are difficult or impossible to determine through fieldwork, such as
whole tree volume and fine branching structures. As QSMs only represent the woody
structures of trees, foliage would have to be simulated if light was to be simulated over
the course of a whole year. This approach has been previously used by Rosskopf et al. [45],
Bohn Reckziegel et al. [46] and Calders et al. [47]. They created leaf-off tree models using
TLS and QSMs, simulated leaf-on conditions, and calculated the shade cast using geometric
operations. The advantage of this approach is that data need to be collected only once
under leaf-off conditions. However, Rosskopf et al. [45] represented the foliage as ellipsoids
around the branches rather than simulating individual leaves. In the study by Bohn
Reckziegel et al. [46], individual leaves were simulated, but the leaves were always oriented
on a horizontal plane, which do not resemble realistic leaf angles. Calders et al. [47], on the
other hand, used angled individual leaves but used a complex radiative transfer model
that is computationally very demanding.

In this study, we present and validate an improved shading simulation based on TLS
data and QSMs with simulated leaves. Our work represents an advance over previous
approaches as we efficiently implemented realistically angled individual leaves and made
our code available as an R package. Here, we validate our approach by scanning a de-
ciduous tree in winter without leaves, measuring the radiation under the tree in summer
with leaves, modelling the shade with simulated leaves, and comparing the measurements
with the simulation. Furthermore, we simulate shade over a full year and combine it with
radiation data to estimate the reduction in radiation under the sample tree over the course
of a year.
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2. Materials and Methods

In the following, the simulation process is explained, including the proposed data
preparation. An overview of the entire workflow, from data acquisition to the final product
of our leaf and shadow simulation, is shown in Figure 1. Next, the validation process is
described. Finally, the simulation is applied to a single tree for a whole year as an example.

Derivation of
leaf distribution

Derivation of QSMs

Data acquisition &
pre-processing

Simulation of leaves & shade

Multi-scan approach

For each time step

Choose
leaf polygon

Define leaf distribution

Co-registration

Filtering points

Multi-station adjustment

Tree segmentation

Subsampling

Choose parameter set

Model 5 QSMs per 
parameter set

Select best parameters

Model 25 QSMs with 
best parameters

Branch extraction

Measurement of 
diameter, length, leaf 
number

Leaves per metre

Division into 
diameter classes

Simulate leaves

Set temporal & spatial resolution Set time & place to derive sun position

Ground projection of cylinders Ground projection of leaves

0–1 cm 53 leaves per metre

1–2 cm 8 leaves per metre

2–3 cm 5 leaves per metre

✓

✗

✗

Merge shadows Rasterise shadows

1. Find vertices
2. Project vertices
3. Derive convex hull

A C

B

D

Figure 1. Overview of the general workflow for modelling leaves and shadows. (A) shows the data
acquisition using TLS and the pre-processing of the data in RiSCAN PRO. (B) shows the derivation
of QSMs using TreeQSM. (C) shows the derivation of the leaf distribution from field data. (D) shows
how the leaves and the shade are simulated.
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2.1. Simulation Workflow
2.1.1. Data Preparation

First, TLS data need to be acquired and pre-processed (Figure 1A). We recommend
scanning trees from multiple directions to achieve the full coverage of all tree parts. The
scans must then be co-registered with each other. It has been shown that multi-station
adjustment can improve co-registration and the QSMs obtained in subsequent steps [48].
Furthermore, point clouds need to be filtered to remove noise. We also recommend filtering
the points according to their range, as the quality of the point clouds decreases with
increasing scanning distance [49]. The individual trees must be segmented from the point
clouds and the ground must be removed. Depending on the resolution of the point cloud,
it is recommended to subsample the point cloud to reduce the computational cost of the
QSM derivation.

In order to reconstruct the QSMs (Figure 1B), we utilise TreeQSM v2.4.1 [44,50]. This is
an established software that has already been validated several times [50–52]. TreeQSM is a
library for Matlab (MathWorks, Natick, MA, USA) that is used to derive QSMs from single
tree point clouds. The software uses an iterative and stochastic process to identify stem and
branch segments and fit cylinders into them. TreeQSM requires the optimisation of several
hyperparameters. The optimal hyperparameter values vary depending on various factors
such as tree size and point cloud density [44]. To select the best hyperparameter values, an
initial set of plausible values must be selected, then several models per hyperparameter
combination must be calculated and compared. It is necessary to calculate multiple models
because TreeQSM contains stochastic elements and produces different results at each
model run. The developers suggest performing a simple grid search over the chosen
hyperparameter space [44]. Typically, the best set of hyperparameters is determined by
choosing the hyperparameter values that yield the smallest average distance between the
3D points and the fitted cylinders. Using the optimised hyperparameter values, a final set
of QSMs must be calculated.

Next, the leaf distribution needs to be parameterised (Figure 1C). For this purpose, it is
necessary to sample the branches of the studied tree species. The aim of the sampling is to
determine the average number of leaves per metre of branch length in all relevant diameter
classes. Typically, leaves are only attached to small diameter branches. Leaf density per
diameter class can be determined in different ways. We suggest to perform a series of
diameter and length measurements along with counting the leaves in order to categorise
branches and corresponding leaves into branch diameter classes.

2.1.2. Simulating Leaves and Shade

The complete code for simulating the leaves and the shadow is written in R [53]. A
package for reading QSMs from TreeQSM into R is available from https://github.com/
zoeschindler/qsm2r (accessed on 23 May 2024) [54], while the leaf and shadow modelling is
available at https://github.com/zoeschindler/qsm2shade (accessed on 23 May 2024) [55].

The leaf simulation process is shown in Figure 1D and explained in more detail in
Appendix B. In the following, the algorithm is roughly outlined. The package uses the
QSM of an individual tree as a starting point and models leaves onto the cylinders based
on a specified leaf distribution. According to the leaf distribution, the number of leaves per
cylinder is determined based on cylinder length and diameter. For the leaf shape, simple
2D polygons are used to maintain computational efficiency. The angle between the leaf
surfaces and the ground can be set to any desired value.

For the shadow simulation, it is necessary to choose the desired temporal and spa-
tial resolution. Theoretically, any spatial resolution and any temporal resolution down
to seconds can be used. In practice, the resolution is limited by the length of the time
series to be examined, the extent of the desired output raster and, above all, available
computer memory. Next, the time frame and the location of the tree must be specified. This
information is necessary to calculate the position of the Sun in relation to the tree for each

https://github.com/zoeschindler/qsm2r
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time step. In the following steps, the program loops through the derived Sun positions and
calculates shade cast of the woody tree parts and leaves for each time step.

The module for calculating the shadow is based on the tree’s woody biomass compo-
nents, i.e., the stem and branches represented as leafless QSM. This follows the methodology
introduced by Rosskopf et al. [45], adapted to increase computational efficiency. For a
detailed description of the algorithm, see Rosskopf et al. [45]. In general, vertices on the top
and bottom circles of the cylinders are obtained, the vertices are projected to the ground
using parallel projection, and a convex hull is derived around the projected vertices of each
cylinder. The main difficulty is to calculate the vertices that delimit the cylinder shadow
on the ground. Projecting the leaves onto the ground is straightforward because the leaf
polygons are 2D objects with a known order of vertices. Therefore, the vertices can be
projected onto the ground and can simply be rearranged into polygons.

Finally, the shadows of all cylinders and leaves are merged and rasterised to the
previously specified raster extent and resolution. For the rasterisation, the terra package [56]
was used. The used function assigns polygon values to grid cells whose centres lie within
the rasterised polygon. When additionally providing radiation data, shaded cells receive
the diffuse radiation as a value, while non-shaded raster cells receive the global radiation
sum as a value. If the aim is only to predict whether shading will occur, but not the
light or shading intensity, it is sufficient to conduct the simulation without additional
radiation data.

2.2. Model Validation

To validate our shadow simulation, we measured the radiation on the ground under
an apple tree (Malus domestica Borkh.) on a cloudless summer day in August 2023 under
leaf-on conditions using quantum sensors (hereafter referred to as “summer scan”). The
setting was scanned with TLS to enable the accurate georeferencing of the quantum sensors.
The same tree was scanned again in February 2024 to obtain data under leaf-off conditions
(hereafter referred to as “winter scan”). The winter scan was spatially aligned with the
summer scan and then used to create QSMs. The leaf simulation for apple trees was
parameterized using additional leaf density data collected during a field work campaign in
summer 2022. Using these data, the leaves and the shade were simulated with a spatial
resolution of 1 cm and a temporal resolution of 1 min. Finally, the results of the simulation
were compared with the sensor measurements.

2.2.1. Study Site

All parts of this study were conducted at sites close to Freiburg im Breisgau, in
southwest Germany. Freiburg is located in the temperate oceanic climate zone (Köppen–
Geiger: Cfb, [57]). The long-term average temperature between 1991 and 2020 was 11 ◦C,
while the average annual rainfall sum was 896 mm [58]. The apple tree used for the
validation of the shade and leaf model had no direct neighbouring trees and was managed
in a similar way to an extensively managed orchard. At the time of the first data collection
in August 2023, the tree had a diameter at breast height (DBH, measured at 1.3 m above the
ground) of 19 cm, a height of 6.6 m, a crown base height of 2.1 m, an average crown width
of 7.6 m and a crown projection area of 44.8 m². For the parameterisation of the simulated
leaves, one to two branches each of 70 apple trees (n = 135) located in five orchards near
Freiburg were removed and examined. All these trees originated from systems similar to
orchards. The trees had a DBH between 11 cm and 62 cm.

2.2.2. Terrestrial Laser Scanning

For both the summer and the winter scan, the apple tree was surveyed using TLS (Figure 1A).
For both TLS campaigns, a RIEGL VZ-400i (RIEGL Laser Measurement Systems GmbH,
Horn, Austria) terrestrial laser scanner was used. During both scanning operations, the tree
was scanned from multiple positions around the tree to obtain a complete representation of
the entire crown. After data acquisition, the scans were automatically registered and filtered



Remote Sens. 2024, 16, 2189 7 of 24

in RiSCAN PRO v2.18.1 (RIEGL Laser Measurement Systems GmbH, Horn, Austria). As
described below, the data were further processed in CloudCompare v2.12.4 (https://www.
cloudcompare.org/ accessed on 23 May 2024). Figure 2 illustrates the processed single-tree
point clouds from both scanning campaigns.

August 2023 February 2024

0 2 4 6 m

Figure 2. Point clouds of the tree scanned in August 2023 (summer scan, left) and in February 2024
(winter scan, right). The colours of the points indicate the height above the ground.

For the summer scan, we used a pulse repetition rate of 1200 kHz and an angular
resolution of 0.04◦. Since the quantum sensors were repositioned during the radiation
data collection, the setup was scanned both before and after said sensor repositioning.
The point clouds were filtered for isolated points (<5 neighbours in 10 cm radius), highly
deviated points (deviation ≥ 15), dark points (reflectance ≤ −10 dB), and distant points
(range > 15 m). The data of both setups were exported separately to CloudCompare, which
was then utilised to manually georeference the quantum sensors.

For the winter scan, we employed a pulse repetition rate of 1200 kHz, but a higher
angular resolution of 0.03◦. We chose a higher resolution due to recent findings regarding
the limitations of TLS and QSM for capturing fine branches [49]. Except for point brightness,
the point clouds were filtered with the same settings. The point clouds were filtered less
harshly for brightness (reflectance ≤ −15 dB) to ensure the high coverage of all woody
structures. In addition, the registration of the scans was enhanced using the multi-station
adjustment tool (MSA2), which has been shown to improve QSMs [48]. In CloudCompare,
the ground and vegetation near the trunk were manually removed. To reduce noise, the
statistical outlier removal tool was employed (k = 5, n = 1). This tool calculates the average
distance of all points to their k nearest neighbours and removes points that are further away
than the average distance plus n times the standard deviation. Finally, the point cloud was
subsampled to a minimum point spacing of 5 mm and manually aligned to the summer
point cloud.

2.2.3. Quantitative Structure Models

We employed TreeQSM v2.4.1 [44,50] to reconstruct QSMs from the filtered and sub-
sampled winter scan (Figure 1B). We delineated a hyperparameter space based on previous
experience. For each of the six resulting different hyperparameter sets, five QSMs were com-
puted. The best hyperparameter set was selected based on the smallest average distance
between the fitted cylinders and the point clouds. Using the optimised hyperparameter
set, a final set of 25 QSMs was compiled. We derived multiple QSMs to later average the
simulation results across all QSMs to account for the inherent uncertainties in the QSM
reconstruction. To reduce the number of cylinders in the QSMs, these QSMs were simplified

https://www.cloudcompare.org/
https://www.cloudcompare.org/
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using a function contained in TreeQSM, which replaces two consecutive cylinders with a
single cylinder. Figure 3 shows one of the final QSMs of the sampled apple tree.

0 2 4 6 m

Figure 3. QSM of the tree scanned in winter mode, with simulated shade (left) and with simulated
leaves and shade (right).

2.2.4. Simulating Leaves and Shade

Data from 70 trees and 135 branches were used to parameterise the leaf distribution
(Figure 1C). The branches were sourced from different crown sections and were randomly
selected. For each branch, it was recorded whether it was from the lower, middle, or upper
third of the crown and whether it was from the inner or outer crown layer. The outer crown
layer was defined as the outer 2 m of the crown. The diameter of the branches’ cut faces
ranged from 6 mm to 22 mm. Larger branches were not sampled because leaves were
mainly attached to parts of branches with small diameters, and extracting larger branches
could impact tree health and form. Each branch was divided into 1 cm diameter classes
based on the length and diameter measurements using a caliper and tape measure. The
number of leaves on the branches was counted and assigned to the different diameter
classes. We compared leaf densities within the different crown sections, but found no large
differences (see Figure A1). Therefore, the leaf density per branch length in the diameter
classes was averaged over all measured branches, regardless of the crown sections from
which the branches were sampled.

When simulating the leaves (Figure 1D) with the measured diameter distribution, the
leaves were very sparsely distributed. This arises from the tendency of QSMs to overesti-
mate the radii of the cylinders [48,49]. This effect is particularly strong for small branches
because (1) they are typically further away from the TLS device during the scanning and the
quality of the point cloud deteriorates with increasing scanning distance [49], and because
(2) even small diameter overestimation on small branches leads to a large overestimation
relative to their actual diameter [48]. To account for this cylinder inflation effect, we shifted
the leaf density distribution by one class, i.e., the leaf density of class 0–1 cm was assigned to
class 1–2 cm, and so on. After the diameter classes were shifted, the smallest diameter class
that no longer had a leaf density was assigned its original value, so that this value was now
assigned to the two smallest diameter classes. To derive the required leaf size, the length of
several leaves in the summer scan was measured using CloudCompare. On average, the
leaves had a length of 10 cm. Visual comparison between the summer point cloud and the
winter QSM with simulated leaves showed good agreement. Figure 3 shows an example
result of the leaf and shadow simulation for the sampled apple tree. Table A1 contains the
leaf parameters used for the simulation. For other tree species, these parameters would
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have to be adjusted. Furthermore, depending on the minimum branch thickness of the
respective tree species, our approach of shifting the leaf density in the diameter classes
might require a different shift to achieve plausible results.

2.2.5. Light Measurements

To validate the simulated shadow with reference data, light measurements were taken
under the apple tree using quantum sensors. On 10 August 2023, 60 light sensors were
placed on the ground north of the stem base. On that day, the weather was cloudless and
there was no rain. From 8:00 to 18:00 CEST, the average diffuse radiation was 30.3 J/cm²/h
and the average global radiation was 242.3 J/cm²/h [58]. We used SQ-110 quantum sensors
(Apogee Instruments, Logan, UT, USA) and recorded the measurements with Adafruit
Feather 32u4 Adalogger data loggers (Adafruit Industries, New York City, NY, USA). These
sensors record radiation in a spectral range from 410 nm to 655 nm, corresponding to
photosynthetically active radiation (PAR). Each logger was wired to 12 sensors that were
mounted to wooden frames (2 m × 3 m) to increase their visibility within the TLS data, to
elevate them above the grass sward, and to level them (see Figure 4).

A

B

C

Figure 4. Overview of the validation setup. (A) Location of Freiburg im Breisgau within Germany
(dark turquoise) in the state of Baden-Württemberg (light turquoise). (B) Photo of the survey setup.
(C) Top-view on the tree, with brighter colours indicating larger height. The rectangles are the wooden
frames with mounted quantum sensors (dots and diamonds). The dark pink dots are sensors that mea-
sured in the same position all day, while the light pink diamonds are sensors that were repositioned.

The sensors recorded the incoming light radiation once per minute from 10:35 to
17:15 CEST. During this period, the wooden sensor frames were repositioned twice, between
11:55 and 12:10 CEST and between 15:20 and 15:35 CEST. The data collected by the sensors
during these time windows were excluded from the analysis. We repositioned the wooden
frames that over time became fully exposed to the Sun, since the goal was to collect data at
the edges between light and shade influenced by the tree crown. The sensors were manually
georeferenced in CloudCompare using the TLS data. Scanning was only accomplished for
two of the three time slots as we initially had issues connecting the TLS device with the
GNSS base station. Therefore, not all original frame positions could be reconstructed after
the first repositioning event. For this reason, only the data derived from the three frames
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that remained in situ in the first and second time slot were georeferenced and available
for further analysis. For the second and third time slots, data from all five loggers were
georeferenced and available for analysis.

2.2.6. Simulation vs. Measurements

To enable the comparisons between the simulated and measured values that are not
affected by the daily radiation pattern, we classified the PAR measurements. The sensors
recorded slightly different values, even when positioned under the same light conditions.
These small differences are likely due to small differences in their sensitivity and opening
angle, as the thin wooden batons were slightly twisted. Therefore, we manually determined
thresholds to determine full light or shadow. For each time step i, PARi ≥ max(PARi) −
190 µmol m−2 s−1 was defined as “light”, PARi ≤ min(PARi) + 75 µmol m−2 s−1 was defined
as “shade”, and all values in between were defined as “semi-shade”. The classification
of each sensor’s measurements is shown in Figure A2. Furthermore, we calculated the
relative PAR for each measurement, where 0 = full shade and 1 = full light. The relative
PAR was calculated by scaling the values between the minimum and maximum observed
PAR values at each time step.

For the simulation, the leaves were simulated based on the manually measured leaf
distribution and the leaf size measured from the summer scan. An overview over the
simulation parameters is given in Table A1. We simulated the shade for the sampled time
frame using a temporal resolution of 1 min and a spatial resolution of 1 cm. We simulated
the leaves and the shade for each of the final 25 QSMs. To obtain one final result per time
step, we determined whether a cell was shaded or not based on a majority vote, with the
most frequent value across all 25 output rasters being the assigned value. From the final
output, the values at the sensor locations were extracted (see supplementary materials).
Finally, correlations between the simulated and measured values were tested.

2.3. Example Application

To demonstrate the capabilities of our simulation workflow, we simulated leaves and
the shade under the study apple tree for one year. According to phenological data from the
Deutscher Wetterdienst [58], the bud burst of apple trees in Germany in the years 1996–2016
began on average at the beginning of April, and half of the leaves had fallen by the end of
October. Therefore, within our simulation, we assume that apple trees do not bear leaves
from November to March. Since we measured the leaf size in August, we assume that we
recorded the full leaf length. For the simulation, we assume that the leaves are only half as
long in April because they are just starting to grow, and that they have a full leaf length for
the remainder of the vegetation period. To account for increasing the leaf density due to
new leaf growth, we reduced the leaf density to 75% of full leaf density in April and May.
To simulate leaf shedding in autumn, we reduced the leaf density by half in October. For
this shade simulation, we chose a temporal resolution of 10 min and a spatial resolution of
10 cm. For each time step, we obtained and averaged the diffuse and global radiation of
the last 5 years (2019–2023) from the Deutscher Wetterdienst [58]. Diffuse radiation was
assigned to the shaded area and global radiation to the non-shaded area. The results were
aggregated once for the whole year and once for the growing season. For this simulation,
only one randomly selected QSM was used.

3. Results
3.1. Leaf Distribution

The results of our manual measurements on the branches show that the leaves were
mainly attached to branch segments with a small diameter. As branch diameter increased,
the number of leaves per branch length decreased. In the diameter class from 0 cm to
1 cm, there were on average 53.4 leaves/m, in the class from 1 cm to 2 cm, there were
7.6 leaves/m, and in the class from 2 cm to 3 cm there were 4.6 leaves/m. These values are
the arithmetic means within the diameter classes, weighted by the sampled length within



Remote Sens. 2024, 16, 2189 11 of 24

each class per branch. Data points describing longer branch segments were weighted
more heavily.

3.2. Simulation vs. Measurements

The radiation measured by all sensors over the sample period (n = 20, 436) is shown
in Figure 5A. The values between the minimum and maximum measurements resem-
ble a random scatter. However, when inspecting the data from every sensor separately
(Figure A2), it becomes evident that the scattering is not randomly distributed. Instead,
it shows small-scale changes in light availability, likely caused by the shadows of small
branches or sun flecks. The measured radiation pattern is similar to the reference data from
the Deutscher Wetterdienst [58]. Full-light measurements resemble the global radiation,
and full shadow measurements resemble the diffuse radiation (see Figure 5).
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Figure 5. Radiation during the validation period. (A) Radiation measured using the quantum sensors,
with colours indicating the respective logger. Logger 6 is the repositioned logger 3. (B) Reference
radiation data from the Deutscher Wetterdienst [58], coloured according to the type of radiation
(diffuse, direct, global).

The rasterised simulation output is depicted in Figure 6 for several points in time. As
can be seen, we were able to simulate shading at a high temporal and spatial resolution.
The high spatial resolution allows us to discern the shadows of individual branches on the
ground, as well as small sun flecks between the shadows of outer branches and where the
canopy was sparse.

Figure 6 shows both the simulation outputs and corresponding categorised light
measurements. In the areas where the simulation predicted full sun, the sensors mostly
show corresponding values. In the areas in which shadow was simulated, the sensors
predominantly recorded full shade or partial shade. The areas in which semi-shade was
measured are located at the edges of the simulated shade and in light patches within the
crown shadow (see Figure A3). The simulation and the measurements obtained throughout
the entire sampling campaign are compared in Figure 7. As illustrated in the confusion
matrix, full light was predicted in the simulation for the large majority of measurements
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with high radiation (98.33%), and shade was predicted for the majority of low radiation
measurements (91.38%). Light measurements of the quantum sensors that were categorised
as semi-shade were assigned by our model to either the light (43.03%) or shade category
(56.97%), as our model does not contain a corresponding category.
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Figure 6. Simulation and measurement of the radiation under the apple tree at different points in
time. The dark turquoise area indicates simulated shade, while the light area indicates simulated
light. The dots indicate the positions of the quantum sensors. Depending on the brightness of the
dots, the sensors recorded full light (light grey), semi-shade (dark grey) or full shade (black). The
stem base is placed at (0|0).
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categories based on our model. The category "semi-shade" refers to measurements between full shade
and full light. The colours refer to the fraction of the reference class that was correctly classified.

In order to statistically compare the simulation with the measurements, various cor-
relations were calculated using Pearson’s correlation coefficient r. All correlations were
found to be significant at p < 0.001. The correlation between the simulated values (shade:
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0, light: 1) and the measured PAR values was r = 0.82. When using the relative PAR, i.e.,
the PAR values scaled between the minimum and maximum PAR values per time step,
the correlation is slightly stronger at r = 0.84. Since the aim of our model is to predict full
shadow or full light, without semi-shade, we also calculated the correlation between the
simulation and the measurements excluding all semi-shade measurements. In this case, the
simulation correlates with the measured PAR with a correlation coefficient of r = 0.88, and
with the relative PAR with a correlation coefficient of r = 0.91.

3.3. Example Application

The results of the shadow simulation for an entire year and for the vegetation period
of one year are shown in Figure 8. For both periods, the shadow is located to the north of
the tree in the form of an ellipse. The base of the tree trunk is located near the centre of the
ellipse. The closer to the centre, the greater the radiation reduction. In the simulation for a
whole year, an area of 49.55 m² is subject to a light reduction of at least 10%, 17.74 m² to a light
reduction of at least 20% and 0.12 m² to a light reduction of at least 30%. The maximum light
reduction is 55% with an area of 0.03 m² directly at the stem base. When simulating the light
reduction for the vegetation period only, an area of 57.08 m² experiences at least 10% light
reduction, 25.01 m² experiences at least 20% light reduction, 4.34 m² experiences at least 30%
light reduction and 0.04 m² experiences at least 40% light reduction. The greatest reduction in
light availability observed in this simulation is 57% over an area of 0.03 m² at the stem base.
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Figure 8. Simulation of the radiation under the apple tree for a whole year or the vegetation period
only. Colours indicate the level of light reduction below the tree, compared to open land conditions.
The stem base is placed at (0|0). The black outline shows the outline of the crown projection area.

3.4. Computational Efficiency

For the computation, we used a computer with 128 GB of DDR3-RAM and a 16-core
processor (3.40 GHz each). The leaf and shade simulation for the final 25 QSMs over the
entire measurement period in a temporal resolution of 1 min, i.e., 401 time steps including
the measurement breaks, and a spatial resolution of 1 cm within an area of 375 m² around
the tree took about 2.75 h. Thus, on average, the calculation for one QSM took about 7 min.
It should be mentioned that most shadow simulation applications probably do not require
such a high temporal and spatial resolution. The leaf shade simulation for a single QSM
over one year in a temporal resolution of 10 min, i.e., 26,466 time steps excluding night
time, and a spatial resolution of 10 cm within an area of 300 m² around the tree took about
3.5 h.
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4. Discussion

In this study, we present a shade simulation approach that is based on the 3D data
of trees and simulated leaves. To validate the approach, we used a dense and extensive
network of 60 quantum sensors and measured the light availability under the tree for one
day. Upon validation with the light measurements, we found the simulation to strongly
correlate with the measurements (r ≥ 0.82). Finally, shading under the sample apple
tree was simulated over the course of a year. The computation times were considerably
reduced compared to a similar previous study. In the following, we discuss the accuracy,
advantages, and disadvantages of the approach and illustrate potential applications in the
context of AFS.

4.1. Simulation Accuracy

This study demonstrates that it is possible to efficiently simulate leaves and the
resultant shade with high accuracy. Our results show good agreement between the light
measurements and the shading simulation. From the results, it is evident that the model
is very accurate for full light and full shade, but has weaknesses regarding semi-shaded
areas. This is underpinned by the different correlations between the measurements and
the simulation when including or excluding semi-shade measurements. Caused by the
lack of a semi-shade category within our model, this can be attributed to the simulation
approach itself. Nevertheless, we are confident that our approach is a good compromise
between model accuracy and model complexity. The slight transparency and blurred edges
of shadows, i.e., semi-shade, are likely negligible in an area and value when simulating
and aggregating across longer time frames, but the absence of such areas becomes evident
when simulating radiation at a spatial high resolution for single points in time.

Although we already achieved a high level of predictive power, our model could
be further improved by taking the effect of gravity and tree growth into account. In our
approach, simulated leaves are placed on a scanned scaffold structure derived from scans
taken under leaf-off conditions. However, we expect that branch placement, especially in
terms of height, likely varies between leaf-on and leaf-off conditions due to the additional
weight of the leaf biomass. Previous studies showed that the ratio of leaf to wood biomass
can reach up to 14%, although this varies between tree species [59]. A lowering of total
branch angle of wild cherry (Prunus avium L.) was previously measured using TLS over a
three-year period [60], here the additional branch weight was due to the branch extension
over time, and the same effect can be expected with an increased branch weight due
to increased leaf biomass. Wood characteristics such as hardness or bending strength
vary depending on various factors [61] and the likely effect of branch reactions to added
weight. Therefore, it would be extremely difficult to implement gravity in our model and
replicate real branch angles under leaf-on conditions. Furthermore, there is a time lag when
simulating shading in another season than that in which the data were collected. If the
tree is scanned in the winter before the simulation, it has marginally shorter and thinner
branches in the simulation than it would actually have during the simulation period. In a
retrospective simulation, as carried out in the validation process, the branches of the QSM
are longer and thicker than they would actually be. However, branch growth in terms of
length and diameter is hard to predict, since tree growth depends on various factors such as
light availability, water supply, temperatures, soil fertility and individual tree management
such as pruning [62].

Matching every simulation approach based on remote sensing data, our approach is
also limited by the data quality. Currently, TLS is considered to produce the more accurate
3D point clouds of trees compared to other techniques, especially regarding small trees
and branches [63,64]. Nevertheless, recent studies have shown the limitations of TLS for
capturing small diameter branches, whose diameters are overestimated and the lengths are
underestimated [48,49] especially at an increasing distance from the scanner. Due to the
small dimension of the tree and the multi-scan approach, we were able to minimise this
error source. Still, our approach is susceptible to these effects because the leaves are added
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and distributed within the branch scaffold based on branch diameters. To circumvent these
issues, we shifted the leaf distribution by one diameter class.

Aside from issues inherent to the approach, the calculated accuracy of our simulation
is also limited by the validation approach. First of all, we only derived one static set of
leaves for each QSM. However, over the course of a day, branches and leaves move due to
wind but also due to circadian rhythms, which can alter leaf angles due to variable turgor
pressure or as a reaction to solar radiation [65]. Neglecting these movements may have
affected our accuracy, but this effect is likely small. Despite this minor uncertainty, our
tool can be applied to simulate different leaf sets with different leaf angles for every time
step. Furthermore, there is likely some noise in the light measurements. For the validation,
we aimed to place the quantum sensors within regions on the ground where we assumed
our model would have the most difficulty in making predictions. For all of these reasons,
we posit that the actual accuracy of our approach may be slightly superior to that which
we estimated.

The accuracy of our approach might also be slightly affected by the unevenness of the
ground, the utilisation of 2D leaves and leaf clumping. Leaf spatial distribution has been
shown to have a significant effect on the differences in branch-scale light interception [66].
Currently, our approach assumes a flat terrain to maintain computational efficiency. Slope
and small undulations are not accounted for within the model. This could have led to
small inaccuracies, as the ground below the tree was not perfectly even, thus, skewing the
shaded area. To implement a ground texture, the shadow would have to be projected onto
a mesh along the direction of the sun, which would require more complex mathematical
operations. Furthermore, we implemented leaves as 2D polygons. Although it would be
computationally more expensive, 3D leaves may produce more realistic results. This could
be part of the reason why we slightly tended to overestimate light. To implement 3D leaves
in a way that enables complex leaf shapes containing concave elements, the shape would
have to be divided into a number of simple geometries, e.g., triangles, which would have
to be projected separately onto the ground. Furthermore, some noise might be explained
by leaf clumping. Our approach assumes a homogeneous leaf distribution, but in reality,
leaves are often clustered. The implementation of leaf clumping would likely involve some
random factors, which could introduce instability into the model.

4.2. Comparison with Other Approaches

Comparison with other shading simulation approaches is hampered by the lack of
validation with the real measurements of previous studies [45–47]. Validation is often
bypassed, as it can be tedious and requires a large number of data points over a large area,
in our case, collected using quantum sensors [26]. To enable a fair comparison between
different shading models, a large and publicly available benchmark dataset would be
required. Although we acquired a large dataset (n = 20, 436), we assume that an even
larger dataset over longer time periods under different environmental conditions, e.g.,
including individual trees and stands, flat and sloped terrain and different tree species,
would be necessary to validate our approach across those conditions.

Similar problems arise when trying to compare the computational efficiency with
prior approaches. Most similar previous studies did not report the required computation
time [45,47]. One similar study that did reported the time required for computation
suggested the simulation of the shade of one QSM of a similar-sized tree, in a spatial and
temporal resolution of 10 min and 10 cm, took 16 h to simulate shading for one month
without leaves and 52 h for one month with leaves [46]. Assuming the same leaf phenology
as we applied, this would result in a total computation time of 444 h for one simulated year.
Comparing this with our reported computation time, our approach was faster by a factor of
approximately ×125. Even though the simulations might not be completely comparable due
to the different number of cylinders in the QSMs and since they rasterised their polygons
over a larger area, it is obvious that our code works faster. Both our study and that from
Bohn Reckziegel et al. [46] are based on the code from Rosskopf et al. [45]. Here, we were
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able to increase computational efficiency by vectorising mathematical computations and
parallelising the computation.

Compared to other approaches, our approach stands out due to a technically unlimited
spatial and temporal resolution. The spatial resolution is factually unlimited since the
approach relies on vector data, which can be rasterised to any resolution. The temporal
resolution is only limited by the availability of data regarding the sun’s position. Further-
more, in contrast to some other approaches, e.g., approaches based on the turbid medium
analogy [67] or on crown ellipsoids with a clumping factor [29], we are able to showcase
the heterogeneity of tree shadows in terms of the gaps in the canopy or between outer
branches (see Figure A3). In general, the simulation of single leaves likely produces more
realistic results than other approaches aggregating leaves [45] or even the whole crown as
shapes such as ellipsoids [29]. Another advantage of our method over other approaches
is the reduced need for 3D data acquisition. For other approaches that are purely driven
by remote sensing data (e.g., [31,32,68]), it is necessary to capture the deciduous trees
both under leaf-on and leaf-off conditions if light is to be simulated for a whole year. Our
approach provides efficiencies, since once data concerning leaf distribution are available,
each target tree only needs to be scanned once without leaves. Therefore, the time and
material costs of data acquisition can be reduced.

For our approach, detailed information is required regarding branch diameter and
length, leaf size and frequency alongside their distribution between branch diameters.
Although they entail their own shortcomings, other approaches that rely on the repeated
collection of 2D data do not require such additional information. These parameters are
likely affected by an array of environmental conditions. For instance, factors such as water
and light availability, air temperature, plant size, and the occurrence of a late-frost can
influence leaf size and canopy transparency [69–73]. For this reason, such data might
only be transferable to sites where trees experience similar environmental conditions and
management. For example, pruning can influence tree growth and health [62,74,75], which
in turn might alter leaf distribution and size. Another limitation of our approach is that the
light is modelled indirectly by calculating the shadow cast and inferring light availability
from radiation data. This requires local solar radiation data, in which the local effects
of clouds are already included. However, this limitation probably applies to other light
simulations as well. In our case, we recorded the data on a cloudless day.

4.3. Example Application

The basic aim of this study was to utilise 3D remote sensing data for the evaluation
of shading caused by trees in AFS. Using our presented approach, it is possible to predict
the amount of incoming solar radiation on the ground under trees, which is available to
crops planted in an AFS, at any location around a tree at any point in time. In general, light
management within the farmed landscape is of high importance, as it may result in reduced
yields, dependent on crop, location and the degree and duration of shading [76,77].

Our example application across one year showed that radiation was more strongly
decreased within the vegetation period than across the whole year. This is likely caused by
the smaller difference between diffuse and global radiation and the denser shade due to the
foliage. In a recent meta-analysis, crop-specific meta-regressions as a function of reduced
solar radiation were presented as a result of shading and intercropping experiments [77].
Laubet al. [77] modelled increased yields up to a 50% reduction in solar radiation for berries,
fruits, and fruity vegetables before yield reductions become evident as shading increases
further. Larger reductions in yield were suggested for other crop types such as leafy
vegetables, grains, tubers, and legumes from relatively small reductions in incoming solar
radiation. Applying this research to our simulation, under the conservative assumption
that crops were not planted within a radius of 2 m from the stem, a maximum reduction in
solar radiation reached 34% during the vegetation period, and 29% over the whole year.
Applying the work of Laub et al. [77] to our simulation, we can suggest that there would be
no negative shading effect for fruit and berry crops and only moderate impacts on cereals
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and grains below our sample apple tree. Furthermore, shading effects are not uniform in all
directions as the shade is localised to the north of the tree. As demonstrated, the simulated
radiation reduction may be used to estimate shading effects on crop yield.

In our simulation, we used a spatial resolution of 10 cm. Since every grid cell with a
shadow polygon below its cell centre is fully categorised as a “shade”, our simulation likely
slightly overestimates the shading and, therefore, gives conservative estimates. Further-
more, it should be mentioned that our assumed phenology might not be perfectly accurate
for the chosen tree. We utilised aggregated average data derived from a third party [58] as
a baseline estimate. However, we acknowledge that there will be variation in phenology
due to specific site conditions, topography, and individual tree characteristics [78,79]. To
obtain the highest quality shading simulation, the specific phenology of the individually
investigated trees could be assessed.

Currently, our tool calculates radiation for single trees, which can be considered one of
the smallest building blocks within AFS. In the future, the approach could be enhanced to
accommodate groups of trees, hedgerows, or other woody landscape features. By upscaling
the approach, it could be incorporated into planning tools that provide decision support at
the field or farm level. Such a tool could assist practitioners in early planning stages such
as at the time of tree planting. This may include decisions such as tree species choice (in
terms of tree size, leaf density, or time of leaf burst alongside defined production goals)
as well as their spatial arrangement and density. Equally important aspects to consider
are the matching of suitable crops that interact with the tree canopy, i.e., those that display
a matching shade tolerance to the induced site conditions. For example, C4 plants are
known to react more negatively to shading than C3 plants, which can sometimes benefit
from increased shading [15]. Furthermore, essential management activities such as the
pruning of primary branches for the production of valuable timber can be more effectively
planned to influence shading intensity [80] and can moreover be targeted for maximum or
minimum impact on a crop at selected times of the year.

5. Conclusions

In this paper, we present and validate a shade simulation approach based on TLS data
and leaf simulations on tree structure models. The validation using a dense network of
quantum sensors showed good agreement between measured and simulated light. Our
approach enables simulations at extremely high spatial and temporal resolutions and offers
improved computational efficiency compared to previous models. Since the leaves are
simulated, TLS data must only be collected once during winter dormancy, increasing
efficiency and decreasing cost. This work further demonstrates the versatility of TLS and
QSMs beyond the sole modelling of 3D structures.

Future research could use our model to investigate tree shading in agricultural land-
scapes, e.g., to estimate yield changes or to optimise the spatial arrangement of AFS to
minimise or maximise shading. Although our approach has demonstrated many ad-
vantages, it has some limitations that highlight possible future developments. Future
improvements could include the use of 3D leaf shapes instead of 2D leaf polygons. Im-
plementing sloped and uneven terrain using digital terrain models could also improve
the simulations and is a challenging but logical next step. In addition, accounting for
downward branch movement or growth over multiple seasons could further improve the
accuracy of the simulations. Expanding the model to include larger tree sizes and more
tree species could also be a priority. However, although there is room for improvement,
we consider the simulation approach in its current state an efficient compromise between
model accuracy and model complexity.
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Figure A1. Leaf density depending on crown section and diameter class. Leaves per metre of branch
length in the diameter classes per (A) crown layer and (B) crown third.
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Figure A2. PAR measurements of all sensors during the survey period. The sensor names are a
combination of the logger number and the sensor label. Logger 6 is the repositioned logger 3. The
points are coloured according to their assigned light category.
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Table A1. Parameters used for the simulation. The tree location is described by “tree latitude” and
“tree longitude”". The “spatial resolution” and “temporal resolution” give the respective simulation
resolution. The “leaf width” and “leaf length” refer to the size of the leaf polygon. The “leaf stem
length” refers to the length of the leaf petioles. The “leaf axis angle” refers to the angle of the leaf axis
to the ground, with 0° being horizontal leaves and 90° being vertical leaves. The “leaf density” refers
to the leaf density used for the cylinder diameter classes.

Simulation Parameter Value Used for the Validation

Tree latitude 48.0
Tree longitude 7.8
Spatial resolution 1 cm
Temporal resolution 1 min
Leaf width 6 cm
Leaf length 10 cm
Leaf stem length 1 cm
Leaf axis angle 45°
Leaf density 0–1 cm → 53.4 leaves/m

1–2 cm → 53.4 leaves/m
2–3 cm → 7.6 leaves/m
3–4 cm → 4.6 leaves/m
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Figure A3. Simulation and measurement of the radiation under the apple tree at 16:00 CEST. The
dark turquoise area indicates simulated shade, while the light area indicates simulated light. The
dots indicate the positions of the quantum sensors. Depending on the brightness of the dots, the
sensors recorded full light (light grey), semi-shade (dark grey), or full shade (black). The stem base is
placed at (0|0).
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Appendix B. Leaf Simulation

The code for the simulation of the leaves is available at https://github.com/zoeschindler/
qsm2shade (accessed on 23 May 2024) [55]. In the following, the methodology of the leaf
simulation is described in detail.

1. Leaf polygon: In a first step, a 2D leaf polygon must be defined. The leaf base must
lie at the coordinates (0|0), the leaf axis aligns with the x axis. The leaf polygon must
be a simple polygon, i.e., not intersect itself. Currently, three different leaf shapes are
implemented, but other manually created polygons can be used as well.

2. Leaf distribution: In a next step, the leaf distribution is defined. For each branch
diameter class, the lower and upper limits of the diameter classes, the average branch
length between the leaves and a scaling factor are required. The scaling factor is later
multiplied with the coordinates of the leaf vertices and enables different leaf sizes for
each diameter class. The size of the diameter classes can be chosen at will (e.g., 1 mm,
5 mm, 10 mm), as long as each diameter class covers an equally large value range.
Additionally, the leaf density and size can vary between different crown sections. For
this purpose, the crown can be stratified into different horizontal crown sections (e.g.,
lower, middle, and upper third of the crown) and/or different crown layers (e.g.,
inside and outside) to account for differences within the crown with regard to light
availability that might influence foliage density along the branches and twigs.

3. Leaf starting points: Based on the leaf distribution, the leaf starting points are deter-
mined for each cylinder. For cylinders that are longer than the average branch length
between leaves, the leaf starting points are distributed evenly along their length.
For cylinders smaller than the required length, the cylinder length is divided by the
average branch length between leaves, and this fraction is then used to randomly
draw from a binomial distribution whether a leaf will be added or not.

4. Leaf bases: The leaf base of each leaf is positioned at a small distance from the leaf
starting point to simulate leaf stems (petioles). By default, this distance is 1 cm long,
but can be adjusted. The leaf stems point in random directions orthogonal to the
respective cylinder axis.

5. Leaf creation: The leaf polygon is then scaled, rotated, and translated to the desired
positions. The polygon is scaled for each different scaling factor specified in the leaf
distribution. The leaf polygons are then rotated using rotation matrices so that the leaf
axis extends the leaf stem axis. The leaf surfaces are by default angled at 45° to the
ground. The leaf angle can be adjusted in the options. Finally, the polygon vertices
are moved to their respective leaf bases.
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