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Abstract

Daylight is a significant factor in the decision-making process of urban planners and architects when in-
tervening in an urban environment. A considerable element in such a complex environment, assessed in
daylight simulations, is greenery, particularly trees, due to their interaction with sunlight and their shading
effects.
This thesis investigates the impact of diverse tree 3D representations produced by Actueel Hoogtebestand
Nederland (AHN) point cloud data when performing daylight simulation on scenes integrating them. The
assessed tree 3D representations are point cloud based representation using small cubes instead of the points
from the original point cloud, voxels, alpha shapes of individual trees, and convex hull of branch points. The
tool for the daylight simulation was the Daylight Availability Workflow of Climate Studio plugin in Rhino
software which produces time series of simulated illuminance values based on the location and the local
solar data, the scene, the material properties of the objects of the scene and surface on which simulation is
performed. Specifically, regarding the assigned materials for the voxel presentation, two approaches were
followed; one related to the predefined opaque material properties in Rhino software and the other to trans-
parent materials defined by the density point inside a voxel. The reference of the simulations was a dataset of
actual illuminance values recorded by the sensor located on the west facade of the CCC building, where is the
position that the simulation was conducted. Also, to examine how the seasonal changes influence the simu-
lation results, simulations for two months, February and June, were performed. For the June simulations, a
synthesized point cloud was generated by combining the AHN points with additional points representing the
tree canopy.
Next, results from all days in both months the results showed that the point cloud based representation
caused a significant overestimation of simulated illuminance values, whereas the Alpha Shape and Convex
Hull representations resulted in underestimation. In contrast, the simulation outcomes for voxel represen-
tations depended on their material properties (opaque or transparent), spatial allocation, and size. It was
proven that for February via the voxel representations of sizes close to 0.10 m there was the best fit between
simulations and sensor data, yet it is not clear which voxel material is the most optimal for all the different
sky conditions. However, in June the simulations were not as accurate as in February, as the synthesized point
cloud representation probably did not include a sufficient number of points and as the simulation system
performed less accurately for days under clear sky conditions.
Consequently, the study demonstrates that voxel representations with sizes around 0.10 m provide the most
reliable results for tree modeling in daylight simulations in February, while clarifying the limitations that
gave rise to to the poorer performance of alternative representations and of June simulations.
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1. Introduction

The light from the Sun is invaluable, since it fuels the entire ecosystem on Earth with energy. In this sense,
natural light is widely acknowledged to greatly bene�t people's health. Speci�cally, it supports the human
circadian system, which regulates biological rhythms. Disruptions in these rhythms can lead to various
health problems, including neurobehavioral disorders, cardiovascular problems, immune dysfunction, and
hormonal imbalances (Hraska, 2015) [34]. In addition, mental health is also affected by natural light. People
who are not exposed to adequate hours of daylight are prone to experience sadness, fatigue and clinical de-
pression. Also, interaction with natural light reduces symptoms of Seasonal Affective Disorder (SAD), which
is type of depression related to reduced daylight during winter period (Bertani et al., 2021) [11].
Urban designers recognize the importance of natural light and therefore integrate it into urban planning and
architectural design. Beyond enhancing well-being, it mitigates the environmental footprint of buildings.
Insuf�cient exposure to sunlight increases energy consumption for arti�cial lighting and heating (Bazir et al.,
2024) [9]. The interest in energy ef�ciency was sparked in the advent of the 1980s oil embargo leading to the
development of Building Performance Simulation (BPS), supported by advances in personal computers. Over
the following decades, continuous improvements in computer hardware further enhanced BPS accuracy and
usability and resulted in making BPS substantial for design decision making (Ayoub, 2019) [6].
In addition, trees play a vital role in the urban environment by shaping microclimates. Their shade and
cooling effect contribute to lower temperatures, improving thermal comfort for city residents. From this
perspective, the inclusion of trees in urban daylight analysis is essential to accurately estimate daylight avail-
ability (Balakrishnan and Jakubiec, 2022) [7].
However, there are some challenges about representing accurately the trees so as to be used in a daylight
simulation. Characteristics such as height, branching structure, leaf density, and crown permeability are of-
ten disregarded by using generic 3D models to represent trees. Furthermore, seasonal variation adds further
complexity, as many species undergo substantial changes dramatically throughout the year. Consequently,
the condition of trees should be considered in relation to the speci�c time period of the daylight simulation.
To address this complexity, point cloud data can be employed not only to represent trees, but also as a ba-
sis for generating a variety of other tree 3D representations. In general, 3D representations can range from
simpli�ed to highly detailed, re�ecting low or high idealization precision, which expresses how accurately
real-world objects are de�ned and represented after measurement. In the context of trees represented with
point cloud data contribution, the degree to which a 3D representation aligns with the actual tree structure
depends on the quality of the point cloud data and, consequently, on the chosen representation method.
For instance, the tree crown, which is widely regarded in studies on urban microclimate (Xu et al., 2021)
[73] can be accurately described by point cloud data or reconstructed using skeletonization algorithms that
�t cylinders to branch points, provided the point density and distribution are suf�cient and noise is limited
(Du at al., 2019) [22]. On the other hand, when point cloud data are sparse, tree crown representations based
on geometric abstractions, such as shapes derived from tree tops, crown width, crown base (de Groot, 2019)
[32] or convex hull and alpha shape of branch points ((Xu et al. (2021) [73], de Groot (2019) [32], Zhu et al.
(2008) [20]), can be adequate in many cases. However, they may fail to capture the actual canopy structure
due to limited point density and are not suitable for studies requiring leaf-off tree representations or analysis
of in-crown structure. Lastly, although voxel-based representations derived from point cloud data can com-
pensate for inadequate point density through appropriate aggregation, which is dependent on voxel spatial
distribution and size (Buchalov á et al., 2025 [13]), and capture canopy porosity by integrating point counts or
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laser return intensity, the resulting representation deviates from the actual canopy structure (Xu et al., 2021
[73]).
Regarding trunk representations, beyond direct point cloud data, many studies focus on �tting cylinders
derived from skeletonization applied to point cloud input (Du et al. (2019) [22], Fan and Nan (2020) [27]).
The scanning method plays a signi�cant role in trunk reconstruction. Point clouds may be obtained from
either in-situ laser scanning by Unmanned Aerial Vehicle (UAV) or Mobile Laser Scanner or from airborne
Light Detection and Ranging (LiDAR) surveys. Airborne laser scanning often provides an insuf�cient number
of points representing tree trunks compared to other laser scanning methods, due to the obstruction by the
crown or unfavorable viewing geometry from the aircraft to the tree and the inability to intervene in the
scanning process.
Lastly, several studies have already addressed the representation of leaves. Beyond direct point cloud repre-
sentation, leaves can also be reconstructed using approaches that produce realistic surfaces. These approaches
involve either model-free methods that rely solely on the given point cloud data, or model-based methods
that incorporate additional factors such as prede�ned parametric surfaces or physiological characteristics of
leaves (Ando et al., 2021 [4]). Once again, point cloud quality plays a critical role in all of these methods,
with its in�uence being particularly strong for the �rst-mentioned representations. Alternatively, leaves can
be represented by prede�ned surface models that are entirely independent of the input point cloud (Du et al.,
2019 [22]). However, especially in urban-scale studies, leaves are often generally not individually represented,
but rather leaves are considered only in an aggregated form, in�uencing canopy volume, density, and light
transmittance (Xu et al., 2021) [73].
Studies of this nature can be facilitated by the availability of open-source geospatial databases. In the Nether-
lands, the AHN program provides open georeferenced point cloud data in the compound CRS Amersfoort
/ RD New + NAP height (EPSG:7415), using Amersfoort / RD New (EPSG:28992) for horizontal coordinates
and NAP height (EPSG:5709) for elevations. The program began in 1997 with AHN 1 and was completed in
2004, continued with AHN 2 between 2007 and 2012, offering improved accuracy, and proceeded with AHN 3
starting in 2014, which introduced open data access for AHN 1, 2, and 3 and was completed in 2019. Next,
AHN 4 was implemented between 2020 and 2022. Lastly, AHN 5 acquisition covers years from 2023 to 2025.
For this research, the study area was the Co-Creation Centre (CCC) building in the Green Village of TU Delft
Campus and nearby area with Acer platanoeides trees. Using AHN 5 point cloud data, several tree 3D rep-
resentations were generated. Then, daylight simulations were performed in Rhino with the ClimateStudio
plugin, which is widely adopted among researchers and practitioners, using illuminance measurements from
sensors on the west facade of the CCC building as reference. These simulations were used to identify the tree
3D representation which led to the best simulated illuminance values.
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1.1. Research motivation

The motivation for this research stems from two main factors. First, most urban daylight simulation stud-
ies that incorporate trees rely on hemispherical imagery or point cloud data obtained from Terrestrial Laser
Scanning (TLS) or UAV photogrammetry/ LiDAR rather than Airborne Laser Scanning (ALS). Consequently,
there is a need to explore more which type of tree 3D representation derived from ALS point cloud data
can provide reliable results in daylight simulation, since these data are widely used by both researchers and
practitioners.
Additionally, despite growing attention to trees in urban environmental modeling, seasonal variations in tree
conditions are often overlooked. As a result, most studies do not distinguish between leaf-on and leaf-off
stages in daylight simulations, treating trees as static shading elements throughout the year. This simpli-
�cation can lead to signi�cant inaccuracies, as the presence or absence of foliage greatly in�uences light
transmission, shading patterns, and overall daylight availability within urban environments. This research
therefore aims to address this limitation by explicitly accounting for seasonal tree variation in daylight simu-
lation analysis.

1.2. Research Objectives

This section presents the main research question and sub-questions that will be answered through this MSc
thesis. The primary research question is:

To what extent can the tree ALS point cloud data increase the accuracy of daylight simulations?

The sub questions that emerge are:

1. How can ALS point cloud data be used for tree 3D representation in urban daylight simulation?

2. What is the difference in accuracy of the results of the daylight simulation between diverse tree 3D
representation approaches?

3. How can the results of daylight simulation be evaluated?

4. What is the impact of seasonal alterations of the tree canopy in urban daylight simulation?

1.3. Scope of Research

This research aims to investigate how a tree ALS point cloud can be leveraged in daylight simulation within
an urban environment and examine the results in terms of their accuracy and alignment with the real-world
conditions.
For this research, the study area was the CCC building in the Green Village of TU Delft Campus, which is
a sustainable glass building, where a diversity of research projects is supported (Figure 1.1) and the nearby
tree area.
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Figure 1.1.: CCC Building and nearby tree area (source: Co-Creation Centre and Nonohouse [43])

On the roof of CCC Building four illuminance sensors are installed namely global horizontal sensor, roof east
sensor, roof west sensor and roof south sensor. Theodoropoulou (2023) [60] provided the insightful scheme
shown at Figure 1.2 depicting the positions of the sensors. These sensors measure illuminance at their re-
spective positions every �ve minutes, which is recorded in UTC time.

Figure 1.2.: Scheme of the distribution of the sensors on the roof of CCC building (Theodoropoulou, 2022)
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Information on tree species in the study area was �rst sought in the dataset Bomen in beheer door gemeente
Delft [30], but no records were available. Field visits were therefore conducted, and three mobile applica-
tions—Plantify [18], PlantNet [51], and PictureThis [50]—were used for identi�cation. All three identi�ed the
species as Acer platanoides (Norway maple).
The forestry area sizes about 3,900 m² and consists of approximately 50 Acer platanoides. It is a medium to
large deciduous tree that can grow to a mature height of up to 40 meters, depending on the conditions in
which it is cultivated (Invasive Species Spotlight: Norway Maple [12]). Leaf drop begins in autumn, when day
lasts approximately 10 hours. Before the leaves, the �owers appear in spring for two to three weeks. Then,
Acer platanoides seeds need just three months of exposure to temperatures below 4 °C to germinate and typ-
ically sprout in early spring. Lastly, its leafout generally begins, when air temperatures reach approximately
12°C and daylight extends to at least 13 hours (Acer platanoides [70]).

The geospatial data employed in this study were obtained from the AHN 5 point cloud (LAZ format), covering
the study area. To examine seasonal foliage variations, a synthetic point cloud was generated, consisting of:

1. Points from cleaned AHN 5 point cloud containing only the trees of the study area.

2. Points from samples on synthetic leaves created using the AdTree algorithm [22].

The geometrical representations which have been constructed for the trees using each of the point cloud �les
are demonstrated at Table 1.1 :

Table 1.1.: Geometrical Representations
Point Cloud - based Case

Alpha Shape Case
Voxel Grid Case

Convex Hull Case

Next, the ClimateStudio plugin within Rhino was used to perform two types of daylight simulations. The
�rst simulation type employed the representations based on the cleaned AHN 5 point cloud, corresponding to
February conditions, while the second one utilized the synthesized point cloud, representing June conditions.
Lastly, the simulated illuminance values were analyzed based on the records of the west sensor for February
and June 2023.

1.4. Thesis Outline

Chapter 2 reviews related work, covering point cloud acquisition, tree 3D representation methods, and day-
light simulation principles. Chapter 3 describes the research methodology, including the overall pipeline and
evaluation strategy. Chapter 4 presents the technical implementation, detailing the data, tools, and process-
ing work�ows. Chapter 5 provides the analysis and evaluation of the simulation results. Finally, chapter 6
concludes with the main �ndings, discusses limitations, and suggests directions for future work.
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2. Theoretical Background and Related Work

This section reviews past research relevant to the topic of this thesis. The collected information provided
knowledge, inspiration and valuable information for decisions regarding the methodology and approaches
to addressing the challenges in this research. This section will focus on three main components: the data
collection methods previously used for tree point cloud, a discussion of common approaches to tree 3D
representation, the background of daylight simulation and past studies on methods to estimate impact of
trees in urban daylight simulations.

2.1. Data collection methods

The �rst step for tree 3D representation is the data collection. According to Okura (2022) [49] one of the
typical approaches for this step is implemented via 3D laser scanners, which measure the distance traveled
by emitted light using phase differences. The output of this method is a point cloud.
3D laser scanners appear in different forms. Du et al. (2019) [22] and de Groot (2020) [32] utilized the AHN
3 point cloud data from the open-source airborne (LiDAR) datasets of the Netherlands for their research on
automatic tree 3D reconstructions. Regarding the way the airborne LiDAR system functions, it estimates the
range between the airborne sensor and a ground target by measuring the time of �ight between emission of a
laser pulse and detection of the backscattered return from that target. At Figure 2.1 from Dowman (2004) [21],
the combined airborne LiDAR system can be illustrated. Except for the laser scanner, the aircraft is equipped
with a Global Positioning System (GPS) receiver and Inertial Navigation System (INS). In order to determine
an accurate global position, Differential Global Positioning System (DGPS) is implemented. It is based on the
fact that any two receivers that in relatively close proximity will be affected by similar atmospheric errors.
It involves two GPS receivers, the one is at accurately prede�ned position (base or reference station) and the
other on the aircraft. The base station receiver determines its position from satellite signals and computes
the offset between its known true position and the GPS-derived position, which is affected by atmospheric
delays, satellite clock offsets, and orbit errors. This offset is used to generate a correction that is transmitted
to users. The aircraft then applies the correction from the nearest base station to enhance its own GPS solution
(”Computational modelling of terrains” notes [38], [26],[25]). At the same time, orientation is obtained from
the INS, which estimates yaw, pitch, and roll using measurements from the onboard Inertial Measurement
Unit (IMU). (”Computational modelling of terrains” notes [38])
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Figure 2.1.: Combined airborne LiDAR system (Dowman, 2004)

A key characteristic of airborne LiDAR tree measurements is the ability to record multiple returns from one
pulse, �rst from the top of the canopy, then from lower layers and potentially the ground if the beam passes
through gaps, whenever the backscattered signal exceeds detection thresholds (Chazette et al., 2016)[14].
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Figure 2.2.: Pulse traversing the canopy yields a �rst return or echo from a high branch, then later echoes
from lower layer (Chazette et al., 2016).

Although airborne LiDAR is highly useful, sources of error from acquisition to �nal product should not be
overlooked. First, at the acquisition stage, LiDAR sensor properties (e.g. pulse repetition frequency, scan angle,
sensing range, and scan time) can cause signi�cant artefacts in the point cloud. In addition, environmental
conditions (weather and atmospheric effects) and navigation errors from the GPS receivers and the onboard
IMU, together with limits in positioning and timing resolution, can also reduce accuracy (”Computational
modelling of terrains” notes [38], (Kharroubi et al., 2022) [37]). Moreover, occlusion is a major source of error
in airborne LiDAR measurements. More speci�cally, the relative geometry between the aircraft and ground
objects can produce variable �ight-line overlap and occlusion, leading to spatial inconsistencies in point den-
sity (”Computational modelling of terrains” notes [38]).
For forested environments, some researches have been conducted to predict the effects of occlusion caused
by airborne LiDAR scanning for applications such as generating digital elevation models (DEMs) and analyz-
ing forest structure. In such researches, laser scanning can be implemented through UAV, which provides
researchers and surveyors with greater control over the data acquisition process. Gassilloud et al. (2025) [28]
and Maio et al. (2025) [44] using (UAV), sensor position reconstruction and a ray tracing algorithm to estimate
occlusion, provided evidence about the effect of �ight UAV parameters on the level of occlusion and made
some recommendations for survey planning.

2.2. Approaches tree 3D representations

Trees can be represented geometrically in multiple ways. According to Okura (2022) [49], relevant approaches
include point cloud, voxel, mesh, parametric surface, and primitive-based representations.
Point cloud representation is widely used, because it provides an explicit and detailed depiction of trees, as
with other 3D objects. Figure 2.3 illustrates an example from the study point cloud in this thesis. The scene
captures a variety of objects, ranging from streetlights to tall buildings, as recorded by airborne LiDAR.

9



2. Theoretical Background and Related Work

Figure 2.3.: Example from the AHN 5 dataset (tile 37EN2 16.LAZ), illustrating various objects captured by
airborne LiDAR.

About voxel representation, voxel is a distinctive object in 3D grid, which is used to describe a 3D object or
�eld. The typical voxel model consists of a standard regular 3D grid with box shaped voxels of the same
size along every axis functioning as a 3D equivalent of a 2D pixel. (Wikipedia: Voxel [72]) A set of voxels,
including a highlighted one is depicted at Figure 2.4. However, variations in voxel geometry exist, such as
grid of voxels of different sizes along one or more axes, or skewed voxel orientations, or alternative shapes
such as octahedra (”3D Modelling of the Built Environment” notes [5]).

Figure 2.4.: Example of a voxel grid, with a single voxel in the shade. (Source: Vossman and M. W. Toews
[66] (CC BY-SA 2.5)).

This representation can support the visualization and analysis of diverse scienti�c data, including geospatial
datasets. For example, Li et al. (2024) [39] introduced SVDTree, a hybrid tree modeling approach that applies
a denoising diffusion model to a masked tree image, transforming it into a Semantic Voxel Structure (SVS)
where voxels encode geometric and semantic categories (trunk, branches, leaves), which then guide 3D tree
reconstruction through a skeletonization method and a space colonization algorithm (Figure 2.5).
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Figure 2.5.: SVDTree processing chain (Li et al., 2024)

Additionally, voxelization can be applied to convert point cloud data into a voxel grid, where each voxel stores
geometric and attribute information derived from the points it contains. The process begins by de�ning the
bounding box of the point cloud and determining the number of voxels that �t along each axis according to
the chosen voxel size. Based on these calculations, the point cloud space is segmented into discrete voxels,
each encoded with an object identi�er and associated value(s) representing the characteristics of the points
within it (Xu et al. (2021) [74], ”Voxelization Algorithms for Geospatial Applications: Computational Meth-
ods for Voxelating Spatial Datasets of 3D City Models Containing 3D Surface, Curve and Point Data Models”
notes [48], ”3D Modelling of the Built Environment” notes [5]). The procedure can be modi�ed by using
sparse voxel models, which store only the occupied by points voxels instead of the entire domain de�ning
the bounding box (”3D Modelling of the Built Environment” notes [5]).
Additionally, a dense spatial discretization of the regular computational grid is often required in regions
where the objects of interest are located. The most common approach is to subdivide the coarse grid cells in
these areas into smaller cells along each axis. However, if the designated area is not rectangular, this process
may generate redundant �ne cells outside the target region, leading to additional computational cost (Szucki
et al., 2012) [57] (Figure 2.6).

Figure 2.6.: Representation of selected resolution re�nement: (a) Grid re�nement of the bounding area
de�ned by the object of interest; (b) Re�nement of only the cells occupied by the object of interest,
resulting in the creation of some unnecessary �ne cells (Szucki et al., 2012).

In their research Weiser et al. (2021) [69] reconstructed segmented individual trees from terrestrial laser
scanning (TLS) point clouds with stems as meshes while voxelizing crowns using different strategies (Figure
2.7).
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Figure 2.7.: Individual tree point cloud and two of its different representation (Weiser et al., 2021)

In addition, mesh representations employ interconnected polygons (typically triangles) to form surfaces.
Point/voxel-based representations are often transformed to polygon meshes. Two characteristic examples of
mesh representations are convex hull and alpha shape. ”Convex hull of a point set in Euclidean d-space is
de�ned to be the smallest convex set containing the points” (Bentley et al., 1982) [10]. Given the aim of this
research, only the 3D convex hull is of relevance (Figure 2.8).

Figure 2.8.: Example of convex hull of 3D points (Lorie Toma's lecture slides [63]).

On the other hand, the alpha shape can be regarded as a generalization of the convex hull. Intuitively, given
a �nite set of 3D points and a, a real parameter and assuming that the 3D space is �lled with Styrofoam and
the points are of a hard material, a sphere of a as radius acts as a carving tool and stops where the points are
located. The obtained result, after straightening the edges, is the alpha shape. About parameter a, it controls
the level of detail, enabling the representation of concave boundaries within a point set. If a = ¥, the a-shape
coincides with the convex hull of S. As a decreases, the a-shape contracts and progressively forms cavities.
(Edelsbrunner and M ücke, 1994) [24] (Figure 2.9).
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Figure 2.9.: Example of alpha shape implementations. From left to right: 1) original point cloud, 2) The
convex hull of the original point cloud, 3) Aplha shape with a equal to 0.005 m, 4) Aplha shape with a
equal to 0.001 m (Cao et. al, 2024)

Even though Weiser et al. (2021) [69] utilized mesh to reconstruct the stem of the trees, Zhu et al. (2008)
[20] proposed using alpha shapes to reconstruct the outer boundary (silhouette) of tree crowns (Figure 2.10).
It is also worth noting that although Trochta et al. (2017) [65] do not speci�cally study tree representations,
their work underscores the importance of mesh-based tree representation. In particular, they developed the
3D Forest software, which extracts tree and crown parameters from TLS data, including crown surfaces and
volumes computed using convex and concave hulls.

Figure 2.10.: Example of implementation of Zhu et al. (2008). From left to right: 1) original point cloud, 2)
outer boundary points, 3) resulting boundary mesh model.

Moreover, speci�cally leaves can be represented following different approaches such as implementing method-
ologies that reconstruct 3D surfaces using the input point cloud, such as Poisson surface reconstruction, or
�tting parametric surfaces to the point data, such as Non-Uniform Rational B-Splines (NURBS). In addition,
Ando et al. (2021) [4] proposed a method that reconstructs a leaf using its skeleton extracted by the leaf point
cloud, �at leaf shape produced by its skeleton, and a distortion component that captures 3D deformations
deviating from the �at shape but constrained by the leaf skeleton.
de Groot (2020) [32] contributed valuable insights into constructing 3D tree model in various Levels of Detail
(LODs). The �rst step was �ltering vegetation from non-vegetation points based on standard deviation in
height within neighborhoods (high values portrait vegetation points) and height offset of 2 meters and above.
Next, Watershed Segmentation methodology was applied to segment individual trees from classi�ed vege-
tation, using Digital Elevation Model (DEM) as input. Lastly, after cleaning the processed data, tree models
used for different LODs were proposed depicted in Figure 2.11. For this research, LOD3.0 and LOD3.1 are
relevant, since they focus on constructing the trunk implicitly using cylinders, while explicitly modeling the
crown from point cloud data leading to more detailed tree 3D model compared to the other LODs.
It is worth-mentioning that, apart from Watershed Segmentation methodology, the last years a plethora
of methods which execute tree segmentation from point cloud data. Two categories of these techniques
are bottom-up and top-down methods. The bottom-up methods initially perform point clustering of trunk
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points and subsequently connect segments from it into individual trees (Jiang et al., 2023) [35], while the
top-down methods utilize points of tree peaks as seed points to identify separate trees (Zeng et al., 2025) [75].
Wang developed the TreeSeparation [68], which perform either both top-down or bottom-up tree segmentation
on point cloud data after con�guring the following parameters: Searching radius, Vertical resolution,
Minimum number of points per cluster. Another approach on tree segmentation is executed by making
use of graph pathing algorithms. Wang et al. (2021) [67] proposed a combined graph structure that integrates
a k-nearest neighbors graph (K-NNG) for k = 10 and Delaunay triangulation discarded the long edges of De-
launay graph and increase connectivity between the points that the same time. Using the hybrid network,
nodes are grouped by tracing paths to their lowest neighboring node. More speci�cally, all nodes that reach
to the same lowest node are assigned to the same group.

Figure 2.11.: Prosposed LODs by de Groot (2020)

Another common approach to 3D tree representation focuses on the tree's structural representation, as the
form of branches is a fundamental characteristic of trees. Many implementations are graph-based, using
point cloud as input and following skeletonization methods. These methods rely on connecting neighboring
points and constructing branch structures by solving the shortest path problem (Okura, 2022) [49].
A notable example of skeletonization is the method developed by Du et al. (2019) [22], who generated an
automated algorithm, namely AdTree, to implement tree 3D reconstruction using an individual tree point
cloud. This method begins by extracting the initial tree skeleton applying Minimum Spanning Tree (MST)
algorithm. The skeleton is then simpli�ed by merging vertices, which were located quite close to each other,
cylinders are �tted to approximate the geometry of the branches and trunk, followed by the addition of
synthesized leaves to enhance realism.
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2.3. Daylight Simulation

In the context of daylight simulation, the one of the most important metrics is illuminance. It describes the
quantity of incident light that falls onto or illuminates a speci�c surface area. In SI units, illuminance is
measured in lux (lx), which is equivalent to lumens per square meter (lm � m �2 ) (Illuminance [71]).
For daylighting it is necessary to involve modeling the sky's celestial hemisphere, which produces two
location-based components: direct sunlight and diffuse daylight (Ayoub, 2019) [6] For this purpose, a spe-
ci�c sky model, which is a mathematical model of the real sky's luminance distribution or cumulative sky is
applied to represent solar irradiance over a prolonged period (Murdoch, 1985) [46]. Ayoub (2019) [6] refers
to the sky models by the chronological order they were developed. One of the most widely used sky models
are the following:

1. Uniform Sky: It was based on a simpli�ed luminance distribution and did not take any direct sunlight
into account.

2. CIE Standard Overcast Sky: It is widely used for Daylight Factors in cloudy European climates and
disregards direct sunlight due to prevailing cloudy conditions.

3. CIE Standard Clear Sky: It represents sunny conditions.

4. Intermediate Sky: Since both CIE Standard Skies depict two extreme conditions, Intermediate Sky
satis�es the transition between clear and overcast skies and supports a more complex luminance distri-
bution.

5. Perez All-Weather Model: It is popular among implementations of daylight simulation, predicts solar
irradiance and is consistent with weather data �les.

6. Utah Sky: It is a physically-based color gradient model and models and accounts for non-visual effects
of daylight.

Subsequently, especially for the external luminance estimation, solar irradiance measurements are exploited,
commonly acquired from weather stations along with other meteorological data (Crawley, 2007) [20]. These
weather datasets provide typical single-year records representing historical data for particular locations. They
include hourly records in UTC time of diverse weather elements, among which Global Horizontal Irradiance
(GHI), Direct Normal Irradiance (DNI) and Diffuse Horizontal Irradiance (DHI) are included and needed to
estimate diffuse daylight. Such datasets are commonly available in the form of Typical Meteorological Year
(Typical Meteorological Year (TMY)) �les, which are widely used in daylight simulations (Ayoub, 2019) [6],
primarily distributed in the EPW format.
Below the de�nitions of GHI, DNI and DHI by ”User Guide to the CAMS Radiation Service (CRS)” are provided
[19]:

• ”Global Horizontal Irradiance is the radiation that is received by a horizontal plane from all directions.”
[W/m 2]

• ”Direct Normal Irradiance is the part of the radiation that is received from the direction of the sun by a
plane facing the sun.” [W/m 2]

• ”Diffuse Horizontal Irradiance is the part of the radiation that is received on a horizontal plane from all
directions except that of the sun.” [W/m 2]

For any location in Europe time series of these solar radiation data are provided by Copernicus Atmosphere
Monitoring Service (CAMS). Figure 2.12 shows the scattering and absorption of solar radiation by clouds,
aerosols, ozone, and water vapour, resulting in the separation of irradiance into its main components, DNI,
DHI, and GHI. The Heliosat-4 method estimates the downwelling shortwave irradiance reaching the Earth's
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surface under all-sky conditions. It is based on two models, McClear and McCloud. The former receives
aerosol properties, total column water vapour and ozone content as provided by the CAMS global forecast and
reanalysis services every 3 hours and computes clear-sky irradiance. At the same time, the latter takes cloud
properties from images of the Meteosat Second Generation (MSG) satellites in 15 min temporal resolution
using the cloud processing scheme APOLLO (AVHRR Processing scheme Over cLouds, Land and Ocean)
and estimates the attenuation of radiation caused by clouds. Eventually, after combining and processing the
products of both models, this method provides global, direct, and diffuse irradiance on a horizontal plane,
as well as direct irradiance on a plane perpendicular to the sun's rays (”User Guide to the CAMS Radiation
Service (CRS)” [19], Schroedter et al. (2022) [53], Gu et al. (2017) [52]).

Figure 2.12.: Illustration of solar irradiance interaction with the atmosphere and derivation of Global
Horizontal Irradiance, Direct Normal Irradiance, and Diffuse Horizontal Irradiance (source: User Guide
to the CAMS Radiation Service (CRS) [19])

Before proceeding to the practical implementation, a few signi�cant concepts should be addressed. Global
illumination is a computer graphics technique that simulates rays from a light source which bounce off
the surfaces of objects of a scene many times (indirect illumination), rather than only accounting for rays
traveling directly from the light source (direct illumination). This approach produces more realistic and
natural-looking virtual environments (Figure 2.13). In theory, phenomena such as re�ections, refractions,
and shadows are considered forms of global illumination, since their simulation requires accounting for how
one object in�uences the lighting of another, and not only considering direct light from a source.

16



2.3. Daylight Simulation

Figure 2.13.: Scene with direct illumination only (left) compared to a scene including global illumination
effects (right). (source: HOOPS Luminate: Global Illumination[58])

To simulate global illumination at every point on every surface in the scene, the Rendering Equation must be
solved. It de�nes the radiance leaving a surface at position x in direction v and is expressed as:

Lout (x, v) =
Z

W
Lin (w) f r (x, w, v) cos q dw + Eout (x, v) (2.1)

where:

• L out (x, v) = outgoing radiance at point x in direction v (from point x toward the scene observer),

• L in (w) = incoming radiance from direction w,

• f r (x, w, v) = bidirectional re�ectance distribution function (BRDF), which is the proportion of light re-
�ected from direction w to v at position x,

• q = angle between the incoming light direction w and the surface normal n,

• E out (x, v) = emitted radiance at point x in direction v,

• W = the unit hemisphere centered on the surface normal n at point x, representing all possible incoming
directions w. (Figure 2.14)

The rationale of the Rendering Equation (2.1) is that the incoming radiance terms on its right-hand side gener-
ally correspond to the outgoing radiance from other points in the scene. This suggests that this mathematical
problem has a recursive nature which introduces considerable complexity. However, the value of f r (x, w, v)
typically diminishes after several bounces, implying that later contributions to the integral are limited. This
property allows the integral to be approximated, while still producing high-quality rendering results.
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Figure 2.14.: Representation of outgoing radiance at point x in direction v (red arrow), resulting from the
contribution of incoming radiance L i (x, w i ) from all directions w i within the hemisphere W centered on
the surface normal n (Kahl, 2022 [36]).

Two algorithms used for scene rendering are Ray Tracing and Path Tracing. Firstly, the Ray Tracing algorithm
is implemented by the following steps:

1. A primary ray is cast from the camera (observer's position) through each pixel into the scene.

2. The closest intersection of the ray with an object in the scene is computed.

3. At the intersection point:

• A shadow ray is traced toward each light source to account for the direct illumination that reaches
the point and is re�ected toward the eye.

• Re�ection and refraction rays are generated according to the laws of optics, potentially intersecting
other objects in the scene.

4. Step 3 is applied recursively for each new intersection, until a recursion limit is reached or further
contributions become negligible (Figure 2.15).

When primary rays are traced from the viewpoint rather than from the light source, the process is referred to
as Backward Ray Tracing. This approach is generally more ef�cient, as it considers only the rays that contribute
directly to the image by reaching the viewpoint.
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Figure 2.15.: Representation of recursion in the Ray Tracing algorithm. (source: Scratchapixel: Overview
of the Ray-Tracing Rendering Technique [54])

With respect to the Path Tracing algorithm, it is a Ray Tracing technique that exploits the assumption that
not all bounces contribute signi�cantly to global illumination. It employs Monte Carlo integration, which is
based on repetitive random sampling to compute numerical results. The steps that are followed according to
this algorithm are the following:

1. Multiple primary rays are shot from the camera (observer's position) through each pixel into the scene.

2. The nearest point where the ray intersects an object in the scene is determined.

3. At the intersection point:

• A shadow ray is cast toward each light source to determine the direct illumination, as in Ray
Tracing.

• A random direction is sampled (according to the surface's (BRDF) to trace a new ray.

4. Step 3 is applied recursively for each new intersection, while accumulating emitted light and re�ected
light contributions along this path, until a recursion limit is reached or further contributions become
negligible.

5. In the end, all paths per pixel using Monte Carlo integration are averaged. (Figure 2.16).
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