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Abstract
It is important that the quality of life within cities is optimal. This quality can be enhanced by precise
management of urban green spaces. That is why urban vegetation should be mapped fully. The main
research goal is to realize 3D urban vegetation structures and descriptive parameters based on a LiDAR
point cloud. These vegetation structures consist trees, shrubs and hedges.
These 3D urban vegetation structures are computed in R by using the AHN3 as the only data source.
The AHN3 is a Dutch national point-cloud based elevation model. The fact that the AHN3 is a low
density ALS point cloud (34.4 points/m2 in the test area) causes it to be an insufficient data source to
correctly extract individual trees in an mixed urban environment. That is why the focus lies on extracting
(clustered) vegetation structures.
Several individual tree delineation (ITD) algorithms have been tested and compared. The results of these
algorithms were the input for creating 3D convex hulls of trees. These 3D convex hulls give an
simplified representation of the higher vegetation structures. Based on these ITD segments are also
parameters extracted that describe the trees.
Classification of the lower vegetation structures turned out to be too challenging to correctly extract.
Extraction of lower vegetation is currently poorly represented in literature. Because of this, are there no
R libraries that support the extraction of lower vegetation structures. K-means clustering was tested in
order to classify lower vegetation. However, did this clustering fail because of objects (such as cars and
benches) in the point cloud that have similar height and intensity distributions.
The primary suggestions for further research are firstly, that LiDAR forestry applications should not
only focus on single tree delimitation, but shift more towards the delimitation of clustered and adjoining
vegetation structures. And secondly, that more attention in this field of work should go towards lower
vegetation extraction. Only then does one get a complete overview of 3D vegetation structures in the
urban environment.
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1. Introduction

1.1

Topic and context

With the vast majority of Dutch inhabitants living in an urban environment, it is important their living
quality within the city must be optimal. This can be enhanced by carefully managing and improving
urban green spaces (World Health Organization, 2017). To manage urban vegetation it is necessary to
map it fully.
LiDAR (Light Detection And Ranging of Laser) was be used to extract the vegetation structures. Urban
vegetation structures consist of both higher vegetation (trees), and lower vegetation (shrubs and hedges).
LiDAR makes it possible to map vegetation structure in 3D, which was one of the main goals of this
thesis. The LiDAR data set that was used for this study was the AHN3. This is a point cloud-based
elevation model covering the entirety of the Netherlands.
Performing individual tree delineation (ITD) based on LiDAR data has great potential in obtaining tree
inventory and information about these trees on a large geographical scale. These individual trees has
been used to map e.g. biodiversity (Zhao et al., 2018), carbon stocks (Coomes et al., 2017) and tree
species (Shi et al., 2018).
1.2

Importance of modelling vegetation in an urban environment

Accurately modelling the 3D urban vegetation in and its corresponding parameters is important for
various reasons. First of all, will these 3D models be excellent as a data source for further analysis done
by urban planners, policymakers and data analysts. After the completion of these models, they will have
a complete three-dimensional overview of the vegetation in their city. The urban planners might use
these models to compute the amount of shadow that the trees create. The amount of shadow blockage
does not only depend on the height and width of the tree, but also the density and structure of the
branches and the leaves (Ortega-Córdova, 2018). By using LiDAR properties such as the intensity and
the number of returns, a lot can be said regarding the amount of light permeability of trees. LiDAR is a
better contender for giving information on the internal structure and variation of vegetation in contrary
to photogrammetry. Detailed information about LiDAR and why it outperforms photogrammetry will
be discussed in the theoretical background (chapter 5).
Researchers and analysts could use these models to compute how much the trees actually mitigate the
urban heat island effect (Armson, Stringer, & Ennos, 2012), and how much they shrink the amount of
air pollution. (Baró et al., 2014) Furthermore, they will be able to map the habitat and the possible
colonization of the fauna that is living in the city (Goddard, Dougill, & Benton, 2010). Policymakers
might be interested in the outcomes to assess (equal) distribution of green within a city, as well for
maintenance purposes. These examples represent a fraction of the possibilities of what these models can
be used for.
1.3

Reading guide

Chapter 1 introduces the topic of this thesis and mentions its importance. The problem definition and
the focus of this thesis will be addressed in chapter 2. Following, will the research objective and research
questions (RQ) be formulated in chapter 3. In chapter 4 are the materials used in this study described.
11

Chapter 5 consists of the theoretical background. This chapter can be read if readers need extra
background information about the subjects that will be addressed in the other chapters. Chapter 6
describes how the research question will be answered. The results of this thesis are presented in chapter
7. Paragraph 7.1 answers RQ1, paragraph 7.2 answers RQ2, paragraph 7.3 answers RQ3 and paragraph
7.4 answers RQ4. The discussion regarding the results will be explained in chapter 8. Chapter 9 consists
of both conclusions and recommendations.
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2. Problem definition

2.1

3D city models

3D city models are utilized increasingly in various domains. As the advancements in remote sensing
techniques and computer graphics keep on going, the interest for 3D data also increases (Smelik,
Tutenel, Bidarra, & Benes, 2014). These 3D city models are primarily being used for planning and
analysis purposes. The developments of these models have mainly been focussing on applications
regarding buildings. Vegetation that is present in these urban models is often not representative of
reality. Nowadays are trees in city models often represented by default 3D tree models, and are 3D
hedges and understory very rare to even encounter. The fact that the current 3D urban vegetation models
are lacking realism (or even existence) is making them insufficient for various spatial analyses (OrtegeCórdova, 2018).
2.2

Automatic Individual Tree Crown Detection

Two-dimensional Automatic Individual Tree Crown Detection (ITCD) applications have been
extensively evolving over the last years by using LiDAR data, although only a limited amount of
research was conducted on the actual shape reconstruction and parameter extraction of vegetation,
especially on large scale (Zhen, Quackenbush, & Zhang, 2016). ITCD research is done with ALS point
clouds that have a comparable point density as the AHN3 (Liu, Lim, Shen, & Yebra, 2019; Zhen, 2013).
Liu et al. uses a combination of a canopy height model (CHM) algorithm and a vertical point-based
algorithm to detect individual trees, as well as focussing on understorey trees. According to the authors
it was not possible to compute the accuracy of the identified understory trees since there were no field
measurements. Although they concluded that it is required that a certain amount of points needs to
represent the understory tree, which was in their case a minimum of 100. Larger trees can have blocking
effects on understory trees, and that causes the algorithm to (possibly) fail in detection.
2.3

Tree crown reconstruction algorithms

There are various techniques that are commonly used for reconstructing a tree crown shape. One of the
most popular ones is to use a convex hull algorithm to create envelopes as a result of triangulation of
the point cloud that serves as the outer curving shapes of the tree (Koch, Kattenborn, Straub, &
Vauhkonen, 2014; Peronato, Rey, & Andersen, 2016). In order to get a more detailed shape than the
convex hull approach, the concept of 3D alpha shapes can be used as introduced by Edelsbrunner and
Mücke (1994). In this algorithm is the alpha parameter used as a size-criterion to controls the level of
detail that the triangulation produces.
Weinacker (2004) used superquadrics to reconstruct tree shapes. By resembling shapes like cylinders,
ellipsoids, and cubes consisting of fluctuating levels of detail and being capable to adjust to deformations
within the tree, good results are possible. Kato et al. (2009) developed an approach to derive tree
parameters based on a method called ‘wrapped surface reconstruction’. This method used an isosurface
and radial basis functions to receive an identical tree crown. The radial basis functions that are used in
this methodology use exact interpolation and therefore leaves less room for errors. Another study by
(Wang, Weinacker, & Koch, 2008) uses a voxel-based methodology to segment single trees and model
the 3D tree crowns.
13

2.4

Focus of this thesis

This thesis is focussing on the digital reconstruction of vegetation structures in the urban environment.
These vegetation structures consist of (agglomerating) trees, shrubs, and hedges. The goal is to retrieve
3D shape reconstruction of all these vegetation structures in an urban environment. Besides
reconstructing the 3D vegetation structures it is also the goal to derive vegetation parameters that
describe these structures. By the time of writing, there are no studies conducted on realizing this by only
using Airborne LiDAR data that has comparable specificities to that of the AHN3. This shortcoming of
information results in an incomplete 3D overview of the vegetation in urban areas and therefore
inadequate decision making is inevitable (Livesley, McPherson, & Calfapietra, 2016).
This thesis is an exploratory study to find out what information about vegetation structures in an urban
environment can be extracted from a low-density ALS point cloud such as the AHN3. In the end, it
should be clear what can and cannot be said regarding these vegetation structures. The study will mainly
be limited to functionalities that are feasible within R. R was chosen as a programming language because
of both the existing libraries that are based on peer-reviewed publications and the broad spectrum of
data science functionalities it supports.
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3. Research objective and research questions
The main research objective for this thesis is to realize 3D urban vegetation structures and descriptive
parameters based on the AHN3.
Multiple research questions (RQ) are formulated to assist in reaching the main research objective:
RQ1: What information can be extracted from LiDAR point clouds regarding vegetation
structures?
RQ2: Can 3D models and descriptive parameters of urban vegetation structures be extracted
from the AHN3?
RQ3: How accurate are the 3D models and the extracted parameters?
RQ4: How to visualize and publish the 3D models? (i.e. if these appear to be extractable)

15

4. Materials
4.1

Study area

The focus of this research is to map and model the presence of vegetation structures in urban
environments. An area of 2.5 ha in Wageningen is chosen as a testing site (figure 1). Wageningen has
a preference above many other places in the Netherlands since the AHN3 is relatively new here. The
AHN3 in this area dates from the first quartile in 2018. The particular area in Wageningen is chosen
because of the heterogeneousness of the vegetation. It is a mixture of a public park, residential houses
and gardens, and trees planted by the municipality.

Figure 1. Test area for this research, located in Wageningen
4.2

Data description

The AHN3 tile corresponding with the test site is 39FZ1. The point cloud within this tile is downloaded
in a .LAZ format. A .LAZ file is essentially a compressed .LAS file. A .LAS file is the standard file
designed to save and exchange LiDAR data (Isenburg, 2015). The point density within this test area is
34.4 points/m2 and the waveform is recorded in a discrete manner.

16

4.3

Software choices

The major part of the analyses was done in R. This programming language is specially made for
statistical analyses and data science purposes. The major part of the analysis is therefore automated in
R. The package ‘lidR’ created by J. Romain (2019a) was of great help during this thesis, because of the
wide range of functionalities it provides. Examples of these functionalities are several ways to perform
ITD, computing CHM’s and detecting treetops.
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5. Theoretical background

5.1

Light Detection and Ranging (LiDAR)

Light Detection and Ranging (LiDAR) is an active remote sensing technique which is capable of
measuring the three-dimensional space by using accurately timed laser pulses to measure responses
emitted from objects these pulses collide with. The LiDAR return signals result in altimetry
measurements in the form of 3D point clouds (Luscombe et al., 2015). These altimetry measurements
in the form of X/Y/Z coordinates are computed by combining functions of three components. The first
component consists of a global positioning system (GPS) that records the X/Y/Z location of the scanner.
The second component is the inertial measurement unit (IMU) that measures the angular orientation of
the scanner relative to the ground. Finally, there is the scanner itself that records the emitted laser pulses
(Duh, 2019).
LiDAR systems can be separated into two types: aerial systems and ground-based systems. The groundbased systems can be distinguished between stationary and mobile systems. Airborne laser scanning
(ALS) is an aerial LiDAR approach where the laser scanning system is attached to a flying object. This
object can be a satellite, an aeroplane or a drone (UAV). Major advantages of ALS are that it is relatively
easy to scan a large area and that both vertical and horizontal structures can be mapped. On the contrary,
does ALS also have its disadvantages. Two severe disadvantages are that not all LiDAR returns hit the
ground due to obstruction of objects, and that the mapping of vertical objects can be limited. These
limitations occur especially in the lower regions of objects, were LiDAR can have difficulties
penetrating through objects (Holmgren, Nilsson, & Olsson, 2003).
Another disadvantage of primarily space-borne and aeroplane based systems is the fact that the point
density of the point cloud is relatively low compared to UAV systems as well as to ground-based LiDAR
systems. The higher the flight altitude, and the faster the flying object is flying while scanning, the lower
the point density of the resulting point cloud will be. However, the covered area per flight does increase
when flying at relatively high altitudes and speeds. (Renslow et al., 2015).
Terrestrial laser scanning (TLS) is a scanning approach where the LiDAR system is static and groundbased. TLS results in point clouds of a much higher point density and better accuracy than ALS.
However, due to the fixed position of the TLS and the different observations distances of the targets,
there is a significant difference in point density between regions based on this distance (Sun, Xu,
Hoegner, & Stilla, 2018). Disadvantages of TLS are that it takes much more time to scan an area and
that it is more labour intensive than ALS (Brede, Lau, Bartholomeus, & Kooistra, 2017). For these
reasons is TLS primarily used for small plots. TLS is often used for high-resolution mapping of
landscapes, small vegetation plots and the urban environment (Walsh, Page, Brewington, Bradley, &
Mena, 2018).
Mobile laser scanning (MLS) is also a ground-based LiDAR approach, although contrary to TLS, the
system is attached to a moving vehicle or person. The big advantage of MLS is that it is possible to map
a significantly larger area than TLS while containing the high accuracy and evenly distributed spread of
density of points (Sun et al., 2018). The point of view of both MLS and TLS is comparable to the
perspective of what the human eye would see.
18

The majority of commercial ALS collect discrete return point data (Sumnall, Hill, & Hinsley, 2016).
This means that with every time a LiDAR pulse hits an object the number of returns increases by one.
If a pulse hits an impenetrable object such as a roof or the ground (and nothing else), the number of
returns will be one. However, this works differently for vegetation, as can be seen in figure 2.

Figure 2. Discrete LiDAR returns in vegetation
(ESRI, 2019).
If the reflected pulse exceeds a certain threshold that is set within the sensor, another measurement will
be recorded for that pulse. These measurements add up until the maximum number of returns is reached
that is allowed by the sensor (generally 5) (Evans, Hudak, Faux, & Smith, 2009). By utilizing these
discrete number of returns it is possible to gain certain information about permeable vegetation
structures. The additional information regarding the number of returns have been used in studies for
amongst others individual tree crown delineation (Kaartinen et al., 2012) and above-ground biomass
estimations (Allouis, Durrieu, Vega, & Couteron, 2013; Cao et al., 2014).
Besides the number of returns, LiDAR instruments also measure intensity, which is defined as the ratio
of strength of reflected light to emitted light. This is primarily influenced by the reflecting capabilities
of the object that the pulse hits (Song, Han, Yu, & Kim, 2012). It is known that intensity decreases with
the distance between the target and the scanner and that the intensity increases with the reflectivity of
the target in the near-infrared (NIR). Using the intensity values of the points should help classification
purposes since vegetation has a higher reflectance in the NIR than the ground does (Yunfei et al., 2008).
LiDAR is widely used in various domains. The amount of possible use cases is tremendous and keeps
evolving. To give an impression of the possibilities, some examples will be given. Fewtrell, Duncan,
Sampson, Neal, & Bates (2011) uses TLS as input data for their model to predict possible flooding
scenarios in Alcester, UK. White & Wang (2003) made digital elevation models (DEM) from ALS to
analyse changes in the morphologic of the North Carolina coastline. Finally, Pananurak, Thanok &
Manukid (2008) use MLS to create an adaptive cruise control system. Thanks to this system it is possible
for a vehicle to automatically adjust its velocity based on the distance that is between an obstacle and
the vehicle itself.
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5.2

LiDAR in forestry and vegetation monitoring

Point clouds can also be used to acquire several vegetation parameters within forestry applications.
These applications do heavily depend on what kind of LiDAR technique was used to acquire the point
clouds. ALS with a point density of 1 – 20 points/m2 are primarily used for the creation of canopy height
models and individual crown delineation (Brede et al., 2017; Liu et al., 2019; Zhen, Quackenbush,
Stehman, & Zhang, 2015). TLS and MLS with point densities generally ranging from 100 to 1000
points/m2 are often used to compute tree metrics of single trees and detailed 3D tree reconstruction
(RIEGL, 2019; M. Rutzinger, Pratihast, Elberink, & Vosselman, 2010; Martin Rutzinger, Pratihast,
Oude Elberink, & Vosselman, 2011). Examples of these tree metrics are tree location, tree height, crown
width, crown density, height of the first bifurcation, and the diameter at breast height (DBH) (Chen &
Minxue, 2013).
Accurate parameter extraction highly depends on a sufficient amount of return pulses within the trees.
This is one of the major complications of an airborne LiDAR system (Volkova, 2014). TLS and MLS
are often deployed when seeking to derive these parameters, since these systems are measuring from
below, and are closer to the targets.
5.3

The Actueel Hoogtebestand Nederland

The Netherlands has a long-lasting love-hate relationship with water. The birthstone of the current
national height datum was already founded in 1682, where a stone marked the water level that was
considered dangerous for the inhabitants of Amsterdam. This marking was named the Amsterdams Peil.
More or less 200 years later (between 1875 and 1885), the first accurate national elevation survey was
done. To distinguish the results of this survey from previous ones, the name was changed to Normaal
Amsterdams Peil, and the height datum in the Netherlands is still currently called that way (Weele,
Rijkscommissie voor Geodesie (Delft), & Meinema), 1971).
Now, in modern times, the possibilities in surveying techniques is growing. Besides that, there is a
growing demand for accurate large-scale surveying data (Roth, Knöpfle, Strunz, Lehner, & Reinartz,
2002). Thanks to the fact that the Netherlands has a continuous and endless war against the water, they
are frontrunners in using these new techniques to make digital nation-wide elevation models.
The first digital elevation model originated in 1996 and was named the ‘Algemeen Hoogtebestand
Nederland’ (Meijeren, 2017). This Actueel Hoogtebestand Nederland (AHN) is a point cloud-based
elevation model of the Netherlands. These point cloud datasets are acquired by flights with aeroplanes.
The latest version of these elevation models is called the AHN3 and has a point density ranging
approximately from 10 points/m2 to 30 points/m2 (AHN, 2019). This point density is relatively high for
a large-scale ALS project, although it is low in comparison with point clouds gathered by UAVs, TLS
or MLS. This dataset is openly accessible and is downloadable via the Dutch governmental platform for
publishing geo-data (PDOK, 2019).
The AHN3 is used for various purposes. Water boards use it extensively to determine if the water has
enough space to flow, and where it will flow if there is an excessive amount of water. Besides that it
used among other things for dyke management, creation of 3D building datasets, the granting of permits,
locating ancient settlements, and creating solar panel potential maps (Actueel Hoogtebestand Nederland
(AHN3) - PDOK, 2019; Bregt, Grus, van Beuningen, & van Meijeren, 2016).
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The AHN3 does already have a point classification. This is an information source that will assist in the
analysing processes. The classification of the AHN3 consists of five classes, that represent unassigned,
ground, building, water and civil structures (The American Society for Photogrammetry & Remote
Sensing, 2011). By filtering away all the classes were there is no interest in, i.e. building, water and
reserved, already a lot of unwanted points can be eliminated. In the terms and conditions report of the
AHN3 that the contractors are obliged to adhere, it states which class represents which real-life objects.
The exact methodologies which the contractors use to classify the point clouds are unknown, mainly
because these are considered as trade secrets (I. Alkemade, (technical adviser AHN), personal
communication, October 29, 2019).
5.4

Competitor 3D reconstruction by LiDAR; photogrammetry

Another popular 3D reconstruction technique in the surveying domain is photogrammetry. By using this
technology information can be obtained about real-life objects by processing and analysing photographic
images (Aber, Marzolff, & Ries, 2010). While UAV-based photogrammetry can provide accurate 3D
models of trees, there are downsides when comparing this technique to laser scanning. A large drawback
of using photogrammetry is the fact that it is impossible to look through a tree’s canopy (as illustrated
by figure 3), that is why photogrammetry is primarily used on defoliated trees that grow in a so-called
“open-grown” environment, meaning that there is as little overlap of tree crowns as possible (Scher,
Griffoul, & Cannon, 2019). Kattenborn, Sperlich, Bataua & Koch (2014) for instance use UAV-based
photogrammetry for segmentation and 3D modelling of palm trees. The researchers are satisfied with
the individual segmentation result, however, they desired to have more geometrically detailed 3D
models. These 3D models were not extractable from the photogrammetric images.

Figure 3. Left: Point cloud based on detected ambient light captured by photogrammetry.
Right: Point cloud as a result of LiDAR, where laser pulses penetrate the canopy (Rising, 2016).
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6. Methodology

6.1

Approach literature research

A literature study has been conducted in order to answer RQ1. The goal of this literature study was to
collect and summarize various researches related to LiDAR in combination with vegetation structures.
This literature assessment consisted of making a schematic overview of the findings. In this overview
was the generic information stated about the particular research such as author(s), number of citations,
date, and publication journal. The in-depth findings consist of: LiDAR type (ALS, TLS or MLS), point
density, which algorithm was used, what the end-goal of the research was, whether the research
succeeded, strong points, limitations, if possible computation duration, and in what geographical setting
the research was conducted.
The schematic overview of potentially applicable researches was written by using various scientific
search engines as sources. This overview can be seen in appendix 11.14. Based on this overview a
selection could be made about which vegetation parameters could seem achievable, and which 3D
representation techniques could be applied. The measure used for this research selection was primarily
based on a couple of matters:
-

-

To what extent is the point cloud in the research comparable with the AHN3. If e.g. a TLS point
cloud with a 1000 points/m2 density performs merely satisfactory in the original research, it is
very unlikely that the AHN3 will perform at a satisfactory level.
Besides, that is the fact whether a point cloud consists of full-waveform – or discrete returns
important for which algorithms are applicable to the point cloud.
What is the goal of the research? Was their goal e.g. to construct detailed trees skeletons, or
were more simplified 3D representation the end goal. The goal of this thesis is not to retrieve
very detailed 3D models of single trees (which are commonly made with TLS) since that is
highly unlikely with a low-density ALS point cloud. Therefore is a decrease in detail expected,
and are simplified 3D models more feasible.

The outcomes of this study will be described in chapter 7.1
6.2

Extracting urban vegetation structures and its parameters

The results of RQ1 are the main source for finding the right answers in RQ2. Several outcomes that are
represented in the schematic overview of RQ1 were tested within the test site. Whether methodologies
could be tested depended highly on the availability of R packages that were able to implement the theory
from literature. The testing was executed with R version 3.5.0. in combination with RStudio 1.1.463.
The default parameters in the R packages were most of the time tuned by trial and error to retrieve the
best fit of parameters for the test area. Several vegetation parameters were tested within the test site.
These consist of ITD, stem detection, computing the tree crown area, calculating the point of the first
bifurcation, and modelling the tree in 3D.
The detailed explanation about how exactly all the R functionalities are used are explained in chapter
7.2. That is the chapter that describes the results of RQ2.
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6.3

Assessment of the results

Because there are no comparable datasets that include 3D models of trees and/or the parameters involved
in this study it is somewhat difficult to assess the results of this study. The ITD results are primarily
assessed based on the algorithm that they are made from. Generally, can the main fundamentals of the
ITD algorithm be seen in the segmentation results. The resulting behaviour of the algorithm is then
compared and assessed based on the behaviour of the algorithm in their original study. Besides, that will
be stated how many segments an ITD algorithm produces. This indicates whether the algorithm
computes too much or too many segments.
Assessment of the 3D models was done based on a visual assessment. The following steps have been
followed. First, it was examined whether large errors occurred in the 3D models. A large error is e.g. a
3D model that is distributed over an unrealistically large extent. The second step was to compare the 3D
modelled shaped with the points of the AHN3. Then it becomes clear whether points are still
unintendedly outside the tree shape, or whether holes exist in the point cloud which are not represented
in the tree shape.
6.4

Visualizing and publishing the results

The main thought that was important for visualization and publishing purposes of the 3D models was
that the 3D files should be applicable in various mainstream 3D (geo-spatial) software. Besides that,
should the files be interoperable in a way that users can transform these files to other formats in which
they have interest in.
The search for a fitting 3D file format started by simply using the internet to find file formats that are
nowadays commonly used. Several file formats started to appear in these searches, such as: STL, OBJ
and 3DS. OBJ was chosen as the best file format in this case. That is because it describes 3D geometry
in a simple ASCII format and also supports vertex normals and UV mapping. The latter two allow the
vertices to have a texture and interact with 3D lighting.
Not only does the OBJ format have the previously mentioned technical benefits, it is also widely
supported in common 3D software. OBJ files can e.g. be used in: 3D printing software, 3D supporting
GIS and CAD software (such as ArcGIS Pro and Autodesk) and 3D graphical software such as MeshLab
and Blender.
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7. Results

The first section of this chapter describes the results of RQ1. First, the initial findings per vegetation
parameter from LiDAR will be discussed, and afterwards will be stated which approach per parameter
was used for analysis with the AHN3.
7.1

Vegetation parameters extractable from LiDAR

The vegetation parameters that can be extracted from LiDAR point clouds in the collected researches
will now be explained. An overview of the parameters that will be explained in this chapter can be seen
in the table below.
Vegetation parameter

Methods found in literature

Diameter at breast height

-

Quantitative Structure Models
3D Normalized Cut segmentation
Manual selection and iterative optimization
Linear Regression Analysis
Random Forest

-

Criterion based on maximum height above the mean
height of highest points of an individual tree
Quantitative Structure Models
CHM slicing algorithm
Highest LiDAR return within stem cylinder
Local maxima filter on DSM

Crown diameter

-

Fitting smallest enclosing circle on tree segment
2D convex hull around individual tree cluster
Quantitative Structure Models
Wrapped surfaces of trees
Geometric model of an extended superquadric
3D prismatic crown models
Set of rules that identify crown boundaries
3D alpha shapes

Crown volume

-

Allometric equations to 2S vector crown envelopes
Quantitative Structure Models
Calculus divergence theorem
Geometric model of an extended superquadric
3D prismatic crown models
3D alpha shapes

-

Density-Based Spatial Clustering of Applications
with Noise in combination with Balanced Iterative
Reducing and Clustering using Hierarchies
Wrapping isosurface algorithm in combination with
Radial Basis functions
Normalized cut segmentation

Tree height

Individual tree detection

-
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-

Point of first bifurcation

-

K-means clustering algorithms
Local maximum watershed algorithm in
combination with extended superquadrics
Resampling points to local 3D voxels
Point-based multiscale local maxima algorithm
3D alpha shapes

-

Parameter extraction based on wrapped trees
Changepoint detection in vertical tree profile

-

Supervised k-means clustering based on height and
intensity
Geometrical and intensity based ruleset

Shrub detection
-

Table 1. Vegetation parameters which are extractable from LiDAR
Diameter at breast height (DBH)
The DBH is one of the most reoccurring parameters that is extracted in the collected researches. DBH
is a common approach for defining the diameter of a tree trunk. These measurements are taken at an
adults’ breast height, which is typically 1.3m above the ground. Wilkes et al. (2018) and Gonzalez de
Tanago (2015) both use Quantitative Structure Models (QSM) coming from TLS to calculate the DBH.
Rentsch et al. (2011) derives the DBH from a 3D Normalized Cut segmentation technique applied to
full-waveform (FWF) ALS. Brede et al. (2017) manually inspect their UAV and TLS point clouds with
z-values ranging from 120 to 140 cm. An iterative optimization was used on these subsets to fit DBH
circles within the selected points. Vauhkonen (2010) has estimated the DBH from different ALS data
sets. The techniques that he used are Linear Regression Analysis (LRA), Random Forest (RF),
AutoLiDAR and ForestLiDAR. Both LRA and RF performed the best and resulted in similar errors and
biases.
Tree Height
Tree height is a popular and reoccurring parameter that is extracted in many of the collected researches.
Höfle & Hollaus (2010) derives the tree heights as the highest laser point fulfilling the criterion of being
within a maximum height above the mean height of the highest points of an individual tree segment.
Wilkes et al. (2018) derived tree heights from QSM. Kato et al. (2009) use a plane that slices areas in a
canopy height model (CHM) from bottom to top. Pixels that have a height lower than the height of the
plane get a value of 0 assigned, all other pixels get a value of 1 assigned. This process creates binary
images. Connected component labelling was implemented to these binary images to label and classify
the pixels. A sliced image at a specific height was compared with another sliced image of the next height
in order to see differences between the two images. When the total number of labels diminishes in
comparison to the next image, the sliced plane knows it passed local peaks of the surface. These peaks
will be collected as treetops. Reitberger et al. (2009) derives tree heights from the highest LiDAR return
that lies within the cylinder that represents the tree stem. In the research of Reitberger, the stem is defined
as the centerline of the cylinder plus a radius of 1 meter. Weinacker et al. (2004) uses local maxima
filters within digital surface models (DSM) to extract treetops and heights.
Wang et al. (2008) extracts their tree heights from 3D prismatic crown models. Morsdorf et al. (2010)
computes tree heights from z-values within each vegetation strata cluster that represents the max values
based on the difference between 95% percentiles. Rutzinger et al. (2011) uses 3D alpha shape thinned
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point clouds to derive tree heights. Rentsch et al. (2011) computer the tree height by taking the difference
between the highest point within the segment and the interpolated height coming from the digital terrain
model (DTM). Liu et al. (2019) uses a modified local maxima CHM-based algorithm in combination
with a point-based vertical algorithm to extract tree heights. Vauhkonen (2010) defines the tree height
based on the position of treetops in his 3D alpha shape models.
Crown diameter
Höfle & Hollaus (2010) retrieve their crown diameters by fitting the smallest enclosing circle to the
boundary of the tree segment. They include the mean deviation to the maximum diameter to make sure
that their measurements provide sensible diameter values. Wilkes et al. (2018) derives crown diameters
by fitting a 2D convex hull around individual tree point clusters. Gonzalez de Tanago (2015) derives
crown diameters from QSMs made from TLS point clouds. Kato et al. (2009) uses wrapped surfaces of
trees to compute crown diameters. Weinacker et al. (2004) uses the geometric model of an extended
superquadric (ESQ). The function that needs to be minimized involves i.a. the crown diameter. Wang et
al. (2008) derives crown diameters from 3D prismatic crown models. Rutzinger et al. (2011) extracts
their crown diameters at three height levels of the crown, the upper third, the middle, and the lower third.
By fitting 2D enclosing circles at these three heights they also derive information that is used for the
crown shape. Liu et al. (2019) uses a set of rules to identify crown boundaries. Examples of these rules
are large changes in elevation, crown boundary identification, and gap identification. Based on these
identifications, crown diameters can be derived. Vauhkonen (2010) uses 3D alpha shapes to estimate
the crown diameter.
Crown volume
Wilkes et al. (2018) estimates crown volumes by applying allometric equations to 2D vector crown
envelopes that have crown height and crown radius as attributes. Gonzales de Tanago (2015) derives
crown volumes from QSMs. These QSMs 2.0. (introduced by Raumonon et al. (2013)) allow to fit mesh
shapes in the form of triangulation or 3D Tin model so that irregular shapes that deviate the general
cylinders can be mapped precisely. Kato et al. (2009) computes crown volumes by suing the calculus
divergence theorem. The equation of this theory is used on a triangulation based wrapped surface of the
tree crown. Weinacker et al. (2004) are able to retrieve crown volumes coming from models based on
the geometric model of ESQ. Wang et al. (2008) computes crown volumes from 3D prismatic crown
models. Rentsch et al. (2011) derives crown volumes from 3D alpha shapes that represent the modelled
crown surfaces. Vauhkonen (2010) computes his crown volumes from 3D alpha shape models.
Individual tree detection
Individual tree detection (ITD) is a popular goal of LiDAR forestry studies, however, this can be
complicated to accomplish with a low-density ALS point cloud such as the AHN3. This paragraph will
summarize several studies on how they tackled the ITD.
Wilkes et al. (2018) uses a point cloud-based clustering method to individually segment tree crowns. A
discrete ALS dataset with a point density of 2 points/m2 is used in this study. Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) is used as a first step to segment the point clouds into
discrete tree crown and canopies. These large segments are then used as an input for Balanced Iterative
Reducing and Clustering using Hierarchies (BIRCH), this results in 2D polygons of individual trees.
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Kato et al. (2009) uses a discrete ALS dataset with a point density of 15 points/m2 to wrap the surface
of irregular tree crowns. First of all, it was necessary to define treetops in the computed CHM. Defining
these treetops was relatively easy for coniferous trees. Deciduous trees are however more complicated
since they can have multiple treetops per tree. The study uses density and height variance-dependent
segmentation if the original marker-controlled segmentation (introduced by Chen et al. (2006)) failed.
For crown surface wrapping purposes it was needed to remove points representing the interior of the
tree. A 2D convex hull approach was used for the filtering in order to preserve complexities in the tree
crown. The actual wrapping of the tree crown was done with isosurface algorithms and Radial Basis
Functions (RBFs). The isosurface algorithm uses triangular polygons from a subset of voxels to create
triangular meshes. The RBFs calculate Euclidian distances from any point(s) to the closest point on the
surface of the tree crown. This results in distances of all computed points to the closest surface in 3D.
Afterwards, is the isosurface algorithm used to create a 3D wrapped surface of zero distance with respect
to the RBFs.
Reitberger et al. (2009) uses multiple ALS datasets in his study for the 3D segmentation of trees. The
datasets are a discrete point cloud with 10 points/m2, a FWF point cloud with 25 points/m2 and a FWF
point cloud with 10 points/m2. This study compares the performances of these datasets by using
normalized cut segmentation for 3D segmentation. The point cloud gets divides into a voxel space to
make a bipartite graph. This chart is made up of voxels and similarities between the voxels. The
normalized cut segmentation cuts the graph in hierarchical order from segments that have low similarity
with each other to segments that have high similarity with each other. An advantage of this methodology
is that it capable to segment small trees that are partially blocked by larger trees.
Hu et al. (2017) focus on realistic tree reconstruction. The FWF ALS dataset used in the study has a
point density of 40 points/m2. Point cloud segmentation is done by a normalized cut method. Trunk
points are added, and redundant points are reduced by a thinning algorithm. A skeleton is created with
a bottom-up greedy algorithm from a k-dimensional tree structure. Finally, a pipe model is used to
increase realism.
Gupta et al. (2010) uses a FWF ALS dataset with a points density of 4.5 points/m2 for extraction and
3D reconstruction of tree crowns. Various modifications of k-means algorithms were used for the
clustering of tree crowns. 3D reconstruction of the individual tree crowns was done by using the QHull
algorithm (introduced by Barber et al. (1996)). The QHull algorithm allows for computing convex hulls
for n-dimensions. The modelled tree crowns are visualized as 3D polytopes.
Weinacker et al. (2004) studied the 3D modelling and classifying of coniferous and deciduous trees by
using a discrete ALS dataset. The ITD is done by a local maximum watershed algorithm. The classifying
of the trees is done by linear stepwise discriminant analysis. The 3D modelling is based on extended
superquadrics (ESQ). ESQ is based on a mathematical expression that originally involves i.a. radius in
x, radius in y, radius in z, curvature perpendicular to XY-plane and curvature parallel to XY-plane.
However, more this model was extended in order to cope with the complexity and asymmetry of tree
shapes. Parameters that were part of this extension influence tapering, displacement, bending, cavity,
and torsion.
Wang et al. (2008) uses a FWF ALS dataset with a point density of 5.5 points/m2 for vertical canopy
structure analysis and 3D single tree modelling. The 3D ITD is done by resampling points in a local
voxel space. At different heights within these voxels are series of 2D projection images extracted. Tree
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crowns are detected and extracted from these projection images. 3D prisms are then fitted based on the
2D crown regions and the height difference of the image layers. A 3D crown model is constructed by
combining all these crown prisms.
Liu et al. (2019) segments individual trees with a FWF ALS dataset with a point density of 23.3
points/m2. Individual crown delineation is done by a point-based multiscale local maxima algorithm
that is made to improve performance CHM based segmentation. This modification allows the
segmentation of understorey trees, which is normally impractical when only using CHM-based
segmentation.
Vauhkonen (2010) uses multiple ALS datasets but gives an example of 3D modelling with a 4 points/m2
point cloud. He computes 3D alpha shapes which are based on Delaunay triangulation.
Point of first bifurcation
The point of first bifurcation is the height of the lowest branch on a tree. This height generally represents
the start of the tree crown. Kato et al. (2009) derive the point of first bifurcation based on 3dimensionally wrapped trees. Volkova (2014) extracted the point of first bifurcation based on
changepoint detection in the vertical tree profile.
Shrub detection
Shrub detection by using ALS is far less popular as for using ALS to detect trees. To give an impression
does a Web of Science topic search (title, abstract keywords and Keyword Plus (= list of terms Web of
Science chooses based on cited references)) result in 618 results when searching for ALS + tree, and 25
results when searching for ALS + shrub.
The detection of shrubs based on a low-density ALS point cloud is challenging because of multiple
reasons. Firstly, since in the urban environment shrubs quite often appear as part of the understory.
Understory is partly blocked by overshadowing objects and that is why fewer LiDAR beams returns
from shrubs. Secondly, can shrubs have many different shapes and sizes, which makes them hard to
classify. Thirdly, do shrubs stand out less in the urban environment than for example trees (Martinuzzi
et al., 2009). In figure 4 can be seen how objects such as cars look alike.

Figure 4. Shrubs do not always stand out in the urban environment.
Cars (in the top side of the figure) can be mistaken by classification
algorithms for shrubs (in the bottom side of the image)
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To minimize classification errors of shrubs are researches pushed into the direction to also use LiDAR
intensity. Intensity of a LiDAR beam has not been used widely in ALS based vegetation studies. This is
due to the difficulties that arise when interpreting the digital numbers (DN) (= intensity measurements)
measured by the ALS. These challenges arise when instrument specifications (such as the time-varying
pulse energy and the unknown receiver response function) are not known. However, are in this study
these unknown not a large issue. That is because all the data comes from one short flight strip and there
are only minor topographical differences. The larger issue arises from the scattered and diffused
characterization of vegetation. Because vegetation is vertically and horizontally scattered within the
LiDAR footprint itself, is it hard to create a straightforward relationship with the vegetation elements
and the associated DNs that are measured. Nevertheless, it can be the case that there are still vegetation
objects that have more or less constant intensity measurements.
Based on the previously mentioned hypothesis did Morsdorf et al. (2010) research discrimination of
multi-layered vegetation strata. They used a supervised k-means clustering algorithm to detect several
classes within vegetation- and ground points. These classes consist of pine, oak, shrub and bare ground.
As control input for their k-means algorithm they used a two-dimensional feature space based on LiDAR
intensity (DN) and LiDAR vegetation height (m). This feature space was filled with hundreds of points
representing the previously mentioned four classes. Multiple CHMs classified per class was the result
of their study.
Han, Zhao, Feng, & Chen (2014) also researched extracting multilayer vegetation, but in contrary to
Morsdorf et al. (2010), they did it in an urban environment. Han et al. (2014) applied three rules to their
ALS intensity data in order to distinguish vegetation and non-vegetation. This vegetation class consisted
of grass, shrubs and trees. The three rules that they have applied are based on intensity and geometrical
information of the LiDAR returns. The parameters that are used within these rules are the: normalized
height, normalized intensity value, the intensity mean and the intensity standard deviations. The outcome
of their study is a classification mapped on a 3D grid.
7.2

Vegetation parameters extractable from the AHN3

Several parameters have been chosen to test for further analysis in the test site. These decisions are
heavily based on the availability of functionalities in R (packages). The reason for this is that this thesis
is not about engineering new methodologies from the beginning, but to combine, implement and test
methodologies of existing researches. These parameters have been tested on trees that got an accurate
segmentation resulting from ITD. A tree is accurately segmented when the point cloud of a tree only
contains points of one single tree. That means that:
1. No conflicting branches from surrounding trees exist in the single tree point cloud
2. No ground points are in the single tree point cloud
3. No other non-tree points are in the single point cloud. These non-tree points can i.a.
origin from shrubs under the tree or anthropogenic objects such as lampposts.
Stem detection
Several methodologies are tested on the LiDAR dataset. The first one to be described is a methodology
published by de Conto et al. (2017). The research tests a mixture of methodologies that involve stem
denoising algorithms and stem modelling algorithms. The three stem denoising algorithms consist of
the Hough transformation, the Eigen decomposition of flat surfaces, and computation of voxel space
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neighbourhoods. The three stem modelling algorithms consist of the RANSAC circle fit, the IRTLS
cylinder fit, and the RANSAC cylinder fit. These algorithms can be used in R thanks to the TreeLS
package (de Conto, 2019). The researchers tested all the possible combinations of algorithms on single
tree point clouds with different point densities, these point densities ranged from 2,000/m 2 to 10,000/m2.
The most robust combination of algorithms turned out to be the Hough transformation paired with
IRLTS cylinder fit.
The Hough transformation was used to extract a tree stem map of the testing area. This transformation,
unfortunately, failed to extract tree stems from the point cloud. The algorithm extracted points that did
not coincide with the actual trees. This behaviour is similar to the results of the very low point density
tests in the research of de Conto et al. These false extractions are likely caused by the large difference
in point density between the point clouds used in the original research and the point clouds of the AHN3.
Because the stem denoising algorithm failed, the stem modelling algorithms could not be tested.
Crown area
Calculations of the crown area are based on the research of (Wilkes et al., 2018) and (Vauhkonen, 2010).
The initial outline of the tree crown is based on the X and Y coordinates per single tree point cloud. An
alpha shape algorithm with an alpha value of 0.8 was used to determine the outer points of these 2D
point clouds. The R package “alphahull” (Pateiro-Lopez & Rodriguez-Casal, 2019) and the function
“ashape” were used to compute these alpha shapes. These alpha shapes are essentially modified
Delauney triangulations which are able to capture raw shapes in point sets (Kirkpatrick & Seidel, 1983).
The outcome of the “ashpape” function are points (= coordinates) that represent the outer shapes of the
tree crowns. This outcome can be seen in figure 5. These outer points are casted into an polygon object
with the “sf” R package (Pebesma, 2018). The “concavemen” R package build by Gombin et al. (2017)
computes the concave polygons per pointset per single tree. The theory of the concave algorithm is based
on (Park & Oh, 2012).
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Figure 5. Outer points of a tree segment that represent the
maximum crown area
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Afterwards, it was a matter of calculating the area of these concave polygons to compute the crown area.
This resulted in the widest possible crown surface area per tree. There can however be a bias in these
calculations, i.e. if a tree crown does not have the largest radius at roughly the same height. As can be
seen in figure 6, the crown area of tree A will be correct, but the crown area of the skewed tree B will
be incorrect.

Figure 6. Bias in tree crown calculations caused by skewed
structures of trees
Point of the first bifurcation
The point of a tree where the tree stem splits for the first time is referred to as the point of the first
bifurcation (POFB). Unfortunately was the extraction of the POFB to inaccurate to good use on a large
scale. The reason for this were the many varieties in tree shapes and points distributions. Attempts on
detecting the POFB worked on some trees that looked-alike but failed on trees that had a different
structure. The statistical extraction method which is described underneath did have success on a severe
minority of the extracted tree segments.
The process starts with extracting the minimum and maximum Z coordinate of a single tree point cloud.
Based on the zMin and zMax, the point cloud is cut in 10 equal distance horizontal slices. Each point in
the point cloud is then assigned an ID (ranging 1 to 10) depending on in which horizontal slice the point
lies. The “bcp” R package (Erdman & Emerson, 2007) is used to calculate the rough initial changepoint
(i.e. point of the first bifurcation) in the table that yields the number of points per slice ID. This is done
by Bayesian Change Point (BCP) analysis. This analysis produces the probability of a change point for
every section in a series. BCP was used to compute the highest probability changepoint in only the first
six slices. The top four slices were discarded from the BCP since these have significantly more points
per slice in relation to the lower 6 slices. This is a logical effect, since the LiDAR point cloud is scanned
from an aeroplane, and thus more laser hits are returned at the top of the tree.
The BCP analysis results in a location of a changepoint within the 1 till 6 slice series. The slice before
and the slice after this changepoint are taken as input for another changepoint detection with the “mcp”
R package (Lindeløv, 2020b). The reason why this package is chosen to detect the precise point of
bifurcation because it is capable to use Bayesian regression in order to detect the largest flaw in a trend
represented by points, which are in this case Z and X coordinates of a single tree. This change point
31

detection, however, requires some computation time, and that is why first the more rough BCP analysis
is done, to narrow down the point dataset.
The MCP analysis results in change point distributions. The most relevant values that can be extracted
from these distributions are the posterior mean and the lower- and upper quartile of highest density
interval. The latter two values give information about the uncertainty of the posterior mean estimate
(Lindeløv, 2020a). The posterior mean as an outcome of the MCP analysis is taken as the POFB.
Individual tree detection
It is desired to take several preliminary steps to prepare the raw point cloud in order to improve the
actual detection of individual trees. These steps will now be discussed.
Several ITD methodologies require both the point cloud and a CHM as input. That is why a CHM is
created with “grid_canopy” function from the R package “lidR” (Romain, 2019a). The CHM can be
seen in figure 7. The methodology that is used to create the CHM was introduced by Khosravipour,
Skidmore, Isenburg, Wang, & Hussin (2014). Their research focussed on creating pitfree CHMs. Pits in
CHMs origin from high variations in the LiDAR returns. These pits negatively affect tree detection, so
these pits must be removed. A pitfree CHM is computed in two stages. The first step is to compute a
CHMs from first returns at different height levels. The second step is to combine the CHMs to a single
CHM. Five CHMs have been created in total. These five consist of a CHM from all the first returns, and
a CHM with returns that have a height of 2, 5, 10 and 15 meter and above. The five partial CHMs were
combined by using the maximum value at each location in each CHM to create a pit free CHM.
This method was enhanced to prevent any possible small pits from still occurring. These small empty
pits were a result of the small points in the raw point cloud, while in reality, lidar points have a width
and footprint. The points were replaced by a small disk to solve this matter. A disk of a 0.2 meter radius
consisting of 8 points surrounding the original point was chosen for this CHM.

Figure 7. Canopy
Height Model that
was used in this study
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The point cloud was normalized in order to remove topographical effects, so it essentially only contains
objects heights. A normalized point cloud is created by subtracting a Digital Terrain Model (DTM) from
the point cloud. The DTM was created by using the “grid_terrain” function from the “lidR” package. A
k-nearest neighbour (KNN) approach was used with an inverse-distance weighting (IDW). The number
of neighbours used for this interpolation was 6, and the power for inverse-distance weighing was 2. The
resolution of the output DTM is 0.5 meter.
The AHN3 contains 5 classes, these are: Unassigned (1), ground (2), building (6), water (9) and civil
structures (26) (AHN, 2017). The point cloud coloured by class can be seen in figure 8. Only points that
are assigned to class 1 (unassigned) are used for further analysis. This is the class that contains i.a.
vegetation.

Figure 8. The five classes that are present in the AHN3
ITD was done by using and comparing multiple ITD methodologies. Some of these methodologies
require priori known treetops location. These locations (see figure 9) are derived by using a layer
stacking algorithm on the normalized and filtered point cloud. This algorithm was introduced by Ayrey
et al. (2017) and implemented in the “LayerStacking” function from the “lidRplugins” R package
(Romain, 2019b).
The ITD methodologies that have been tested are introduced by Li et al. (2012), Dalponte et al. (2016),
Silva et al. (2016), Vega et al. (2014), a marker controlled watershed algorithm (Chen et al., 2006; Wan
Mohd Jaafar et al., 2018) and a simple watershed algorithm. These methodologies have been chosen
since they show promising results in their researches, and because they are implemented in the “lidR”
or “lidRplugins” R package.
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Figure 9. Tree tops derived by the Layer Stacking Algorithm. These tree
tops are used as an input for multiple ITD methodologies in this study
Convex hull of a tree
The idea of creating a 3D convex hull from a LiDAR point cloud to represent the shape of a tree origins
from the research of Gupta et al. (2010). The convex hull of a set of points is the smallest possible
convex that encloses all points in the point set. A divide and conquer algorithm implemented in the
Quickhull method is the base of the 3D computations (Barber & Dobkin, 1996). The Quickhull
methodology was implemented by using the “convhulln” function from the R package “geometry”
(Habel, Grasman, Gramacy, Mozharovskyi, & Sterratt, 2019). This function returns 2D triangles based
on sets of three point indices. As a bonus returns the function also the volume and the surface area of
the convex hull.
The convex hulls can be exported from R to any other program that can handle 3D objects. In order to
make this work, it is required to transform the convex hulls to a mesh. This was done with the
“to.mesh3d” function from the “geometry” package. Afterwards, the mesh can be exported to an. OBJ
or a .FLY file with the “Morpho” R package created by Schlager (2017).
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7.3

Results of the ITD, vegetation parameter extraction and 3D modelling

Segmentation of individual trees has been done by using six different algorithms. These algorithms can
be found in table X. The results of these algorithms will be described in this paragraph. All the
algorithms were tested by using plot-tuned parameters. These plot-tuned cases performed better than the
default values as described in the original researches.
ITD algorithm

Algorithm

LI (Li et al., 2012)

Point cloud based 3D growing region algorithm

DALPONTE (Dalponte & Coomes,
2016)

CHM based seed plus growing algorithm

SILVA (Silva et al., 2016)

CHM based seed plus Voronoi tessellation algorithm

VEGA (Vega et al., 2014)

Point cloud based multi-scale dynamic algorithm

MCWS (Marker-Controlled Watershed)

CHM based watershed that relies on priority seeds

SWS (Simple Watershed)

CHM based watershed

Table 2. ITD methodologies that were tested in this research
ITD by LI
LI introduced an individual tree segmentation algorithm that extracts trees sequentially from the highest
tree to the lowest tree. Primarily, it looks at horizontal spacing between trees, which is larger at the top
of a tree than at the bottom of a tree. Because of this approach, it becomes increasingly difficult when
trees start to overlap. To overcome this phenomenon, points are being classified sequentially from high
to low. When two points have a separation width higher than a specific threshold, they are excluded
from the target tree. When points have a separation width lower than the specific threshold, a minimum
spacing rule is used to classify the points.
Some of the default parameters of the algorithm were adjusted in order to better fit the tree types in the
plot. The parameters that were used are:
-

dt1 (tree spacing of trees if point Z < Zu) = 1.5
dt2 (tree spacing of trees if point Z >= Zu = 2.5
R (search radius) = 7
speed_up (maximum radius of a crown) = 20
hmin (minimum height of a tree) = 2
Zu (point elevation that decides whether to use dt1 or dt2) = 12

The point cloud segmentation with LI resulted in 146 segments. This was significantly more than the 83
manually detected trees in the test area. The segmentation by LI can be seen in appendix 11.1. Only two
trees in the entire segmentation have been segmented properly. These trees have a conifer-like shape as
can be seen in figure 10. Besides, that are these two trees not overshadowed by other trees or have a lot
of interconnecting branches of other trees. These conditions makes these trees ideal for the algorithm
that LI implements.
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Figure 10. Trees that have been segmented well by using LI
In the research of LI, it is stated that misclassification of points is may happen if the canopy of the tree
is unequally represented by LiDAR return pulses. The algorithm bases its segmentation on a relative
difference in spacing between the top of the tree and the tree base. Besides that, it uses a quantification
of the shape of a tree based on the horizontal profile of a tree. That is most likely the main reason why
deciduous trees do not segment well when using this algorithm.
Furthermore, does the LI method rely on detecting treetops as a first step. LI incorporates this by using
a global maximum filtering technique that finds the very highest treetop and then segments that tree by
using the rules set by the algorithm. When the segmentation of this first tree is finished, the algorithm
will remove this tree out of the original point cloud, and continue with the second-highest tree. This
approach theoretically appears desirable, although it will have its flaws in deciduous trees with more
complex crowns. Deciduous trees with complex crown tend to be more sensitive for over- or undersegmentation.
The previously mentioned tree spacing
thresholds (dt1 and dt2) need to be defined
with care in order to prevent a lot of under
and/or over-segmentation. Deciduous trees
have in general larger extending branches than
coniferous trees. If the spacing threshold is too
small, trees with these extending branches
may be over-segmented. On the other side, if
this spacing threshold is too big it could be the
case that overshadowed trees may be missed.
In figure 11 is the spacing threshold issue is
Figure 11. Illustration of the spacing threshold issue
illustrated. If dAB is used as a spacing
in LI
threshold point B will be correctly classified
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to tree #1. On the other side will point C be incorrectly classified to #1. The cause of this is the fact that
dBC < dAB (under-segmentation). If dBC would be used as the spacing threshold, then point B would be
falsely excluded from tree #1 (over-segmentation), and point C would be correctly excluded from tree
#1 so that tree #2 can be segmented and classified at a later stage.
In the results of segmentation with LI can be seen that a lot of false negatives (FN) and false positives
(FP) are created. FNs are trees that are not segmented by itself, but when this tree is assigned to a nearby
tree. Trees that are not there in reality, but do appear in the results are FPs. FNs are an indication of
under-segmentation, while FPs are an indication of over-segmentation. Examples of FNs can be seen in
figure 12, and examples of FPs can be seen in figure 13.

Figure 12. False negatives (FN) as a result of LI

Figure 13. False positives (FP) as a result of LI
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Concluding, is the LI segmentation inconsistent in accurately segmenting individual trees in this test
area. The adaptive spacing threshold does not deal well with under- and over-segmentation. In order for
this algorithm to function properly in this test area, some adjustment could be made. As stated in the
research, more object-oriented and shape-related rules will most likely improve accuracy in areas where
deciduous are more common than coniferous trees. Besides the stated improvements, it seems that the
algorithm would benefit by adding a rule that does not allow points to be segmented to a tree if there is
too much distance between points. This phenomenon can be seen in figure 14.

Figure 14. This image illustrates a segmentation error that could be solved by adding a rule that defines
the maximum distance between points
ITD by DALPONTE
The DALPONTE algorithm was introduced by Dalponte & Coomes (2016). In their research, they use
a region-growing algorithm that needs pre-defined treetops. The treetops are used as an initial region
that starts the growing process of a tree crown. Four neighbouring pixels from the CHM around the
initial region are added to the region if their vertical distance from the initial region is less than a certain
percentage of the initial region height and less than a certain maximum difference. The growing process
continues until no further pixels satisfy the defined rules. Afterwards, are all the first-return LiDAR
points (excluding low elevation points) in this region extracted, and is a 2D convex-hull applied to these
first returns. All the LiDAR returns that lie in this convex-hull become the final tree crown.
DALPONTE segmentation resulted in 122 segments. The result of this segmentation can be seen in
appendix 11.2. The majority is non-interconnecting trees are segmented properly, as can be seen in
figure 15.
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Figure 15. Properly segmented trees by DALPONTE
On the contrary, were two of the largest trees in the testing area split in multiple segments, an example
of this over-segmentation can be seen in figure 16.

Figure 16. Over-segmentation by DALPONTE
Besides some over-segmentation here and there, there was also a remarkable segmentation done
resulting in a tree crown with larges holes in it (see figure 17). These gaps are likely to be occurring
from an inaccurately detected treetop. As can be seen in figure 17 did the Layer Stacking tree detection
underestimate the true height of this treetop. This is the only tree in the testing area where this treetop
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detection error occurred, and also the only tree where these gaps appeared in the DALPONTE
segmentation, so it is plausible that this is indeed the cause.

Figure 17. Gaps in tree canopy caused by an underestimate in the height of a treetop
ITD with SILVA
The SILVA methodology also relies on priori known tree top locations. The ITD algorithm consists of
several steps. Firstly, do all the treetops receive a variable starting buffer. This buffer was equal to the
treetop height multiplied by 0.7. Preliminary observation of the trees revealed that tree crowns were
generally not greater than 70% of the tree height. Secondly, were adjoining buffers separated by using
the centroidal Voronoi tessellation approach which was introduced by Aurenhammer & Klein (2000).
Each tree polygon was then used to clip the CHM. These clips consisted of cells that had a value of ≥
30% of the treetop height. This excluding rule was set to eliminate low-lying noise. Finally, were the
final tree polygons used to give tree ID’s to the LiDAR points.
ITD with SILVA resulted in 99 segments. Various stand-alone trees were segmented properly, examples
can be seen in appendix 11.3. However, a downside is that even though all the branches and leaves are
part of one segmented tree, are a lot of the times also many ground returns involved in the segment
(figure 18).

Figure 18. Properly segmented trees by SILVA, although ground points also end up in tree segments
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The fact that SILVA uses Voronoi tesselation to segment the trees can clearly be seen in figure 19. The
majority of adjoining trees forming clusters were segmented with relatively straight lines. These straight
lines do not make for very naturalistic tree boundaries, which is a handicap these results have to cope
with.

Figure 19. Unrealistic straight line segments caused by Voronoi tessellation in SILVA
ITD with VEGA
VEGA introduced a dynamic multi-scale segmentation algorithm that is based on the point cloud itself,
so it does not require a CHM. The algorithm processes the point cloud from the highest Z value to the
lowest Z value. Candidate treetops are defined when the candidate point had a ≥ Z value than any of its
k-nearest neighbours. 2D distance thresholds have been set in order to minimize the error of the k-nearest
neighbour points having a higher probability in belonging to a neighbouring crown. Points were
removed when the distance from a candidate tree top was larger than the mean + twice the standard
deviation of a point subset that are closest to the candidate point in a 3D space.
The dynamic multi-scale aspect of the algorithm comes forward in the selection of tree apices.
According to the researchers should an optimal individual tree segmentation be able to handle adaptive
scales, i.e. because trees exist in various shapes and sizes. The tree apex selection was done by using a
multi-scale evaluation of scores given to each of the created segments. This looping scoring system
starts at the lowest scale (i.e. the lowest k-nn value) and works it way through to the highest scale, or
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vice versa. These scores are based on spatial matching, within scale merging, and between scale
selection.
Finally, is a new segmentation made following the previously stated rules, but without allowing new
apices to be made. By increasing from the lowest scale to the highest scale will unlabelled points be
joined a labelled tree segment. This increment of the scale was done to make sure that every point gets
linked to a tree segment.
The results of ITD with VEGA can be seen in appendix 11.4. This segmentation consists of a total of
93 segments. The best amount of neighbourhoods turned out to be a range of 500 until 600. A smaller
range of neighbourhoods resulted in a lot of over-segmentation, and a higher range results in undersegmentation. Stand-alone trees are segmented properly, examples of these trees can be seen in figure
20.

Figure 20. Properly segmentation trees in VEGA
The VEGA algorithm has quite some difficulties with trees that interconnect with each other. These
clusters are either or under-segmented, or over-segmented. There is barely consistency in this behaviour.
Besides that, it seems that the algorithm has the desire to connect nearby shrubs to tree segments. This
results in points that should not occur in this ITD segmentation, this causes troubles when there is the
desire to make further calculation with the segmented trees.
ITD with MCWS
A MCWS algorithm was used in various researches (e.g. (Chen et al., 2006), (Wan Mohd Jaafar et al.,
2018)). The algorithm uses the heights of the input CHM and the predefined treetops as a basis to
segment the point cloud. Watershed segmentation envisions the CHM as a topologic surface where the
heights of the trees are converted to catchment basins that collect water. All these basins will be filled
with water until a basin is filled to an extent where the probability of a raindrop falling to one basin or
another is equal. This location is then defined as a watershed line (i.e. the border of a tree). Watershed
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segmentation is, however, likely to over-segment, and that is why markers are added to add extra
constraints to the algorithm. Each marker corresponds to one object (= segment).
ITD with MCWS resulted in 97 segments, these can be seen in appendix 11.5. Almost all of the standalone trees have received a proper segmentation. Besides that are there also some clusters of trees that
have received correct segmentation (see figure 21 and 22). It can be seen that the algorithm very strictly
focusses on creating only segments were treetops are predefined, and this pays off.

Figure 21. Aerial view of properly segmented Figure 22. Font view of properly segmented
cluster of trees in MCWS
cluster of trees in MCWS
ITD with SWS
The SWS algorithm was introduced by Vincent & Soille (1991) to compute watersheds in images. This
technique nowadays can still be used to achieve segmentation of trees based off a CHM. Computation
wise, SWS works the same as the previously mentioned MCWS algorithm, but without the marker
constraints. SWS resulted in 111 segments, this results can be seen in appendix 11.6. It can be seen that
there are quite some trees that have gotten a good segmentation, examples of single trees can be seen in
figure 23. The majority of the good segmented trees are standard shaped non-overlapping trees.

Figure 23. Properly segmented trees with SWS
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Under-segmentation occurs when overlapping trees with the descending slope of a tree. This occurrence
can be seen in figure 24. The SWS algorithm cannot detect the gaps in between the trees because it is
based on only the CHM (figure 25). In this case, it is impossible for the algorithm to find a local
maximum in the adjoining trees of the large tree, and thus segments the three trees as a whole.

Figure 24. SWS struggling to find local maxima
(tree tops) based on only the CHM. These
adjoining trees are segmented as one

Figure 25. CHM of the trees in image 23.
SWS struggles with defining local maxima

There is however some inconsistency occurring in the SWS segmentation. One of the largest trees in the
testing area was heavily over-segmented (as seen in figure 26), and split in 5 segments. Some of these
segments had their own over-segmentation occurring with neighbouring trees.

Figure 26. Large over-segmented tree by SWS
In conclusion did the SWS segmentation work quite well for being entirely based on the CHM and no
additional data at all.
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3D convex hulls of tree segments
Convex hulls of the previously segmented points were made in order to create 3D models that represent
trees in the study area. All these models per segmentation method can be seen in appendix 11.7 – 11.13.
These models give a simplified representation of reality. They, however, excel in visualizing the overall
characteristics of tree shapes such as crown dimensions and tree heights. Besides that, they also indicate
whether trees form a cluster, or whether they stand alone. These impressions can be seen in figures 27
and 28. The volume of the convex hull per segment is also available as information. The correctness of
the created convex hulls highly depends on the accuracy of the tree segmentation. That means that these
convex hulls are only useful when the segmentation was done properly.

Figure 28. Aerial view of a
row of trees. It can be seen
which trees stand alone,
and with trees connect with
each other
Figure 27. General 3D representation of a cluster of trees
Visual assessment of the 3D convex hulls
A visual impression of the 3D convex hull in combination with the original point cloud can be seen in
figure 29. By combining the transparent 3D models and the point cloud in a single overview, one gets
an understanding about how much the 3D models over- and/or underfit in respect to the point cloud.

Figure 29. 3D plot of
transparent 3D convex
hulls (by SILVA), the
AHN3 unassigned points
and the 3D BAG.
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In general, do the convex hulls what they are supposed to do, and that is to give a simplified
representation of reality. However, are not all trees and/or tree clusters mapped as one would desire.
This is caused by the errors that occur in the ITD process, specifically under-segmentation of trees.
Points that do not belong to a tree segment and are quite far away from the original tree make for some
unrealistic 3D models. In figure 30 is an example illustrated of this matter. The 3D convex hull of this
particular tree is extended too far to the lower right, caused by an error in the segmentation process.

Figure 30. Undersegmentation in
ITD can result in
unrealistic 3D
models.
Under-segmentation can also make it seem that very large agglomerating trees clusters exist in an area,
while this is not the case. If a user of the 3D models would only use the models for analysis, it would
seem that there is a large tree cluster present in this area (figure 31). If however, a user would also
visualize the point cloud, it appears that there is, in fact, a clear boundary between the two tree clusters
(figure 32).

Figure 31. Under-segmentation causing faulty
tree clusters.

Figure 32. When combining the 3D models with
the point cloud, it appears that there is a clear
boundary between the two tree clusters.
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Over-segmentation in the ITD results in issues when calculating tree metrics. On the contrary, it is not
a problem when there is the desire to create 3D models. Figure 33 illustrates how over-segmentation is
not an issue, even though the tree in the right side of the image is divided into two separate 3D models.
In its totality is the tree still correctly mapped by the two separate 3D convex hulls.

Figure 33. Oversegmentation in ITD
does not cause
significant problems in
the 3D models.

After visual assessment, it seems that over-segmentation can even cause more accurate models than a
correctly segmented tree. In figure 34 is the largest tree in the test plot shown, which is heavily oversegmented. Since this tree is now represented by multiple 3D models it is actually closer to reality than
what it looks like when it is correctly segmented and modelled as one 3D convex hull. In figure 35 is
the same tree represented by a single 3D model. This results in a less detailed 3D model.

Figure 34. Heavily over-segmented tree which
is represented by multiple 3D models. This
results in a more realistic model.

Figure 35. The same tree as in figure 34, but
represented by one 3D model. This results in a
more simplified model.
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Crown area
A vegetation parameter that was extractable from segmented trees was the crown area. The crown area
in square meters is defined as the widest possible crown surface area per tree. This area was calculated
by defining a concave hull surrounding the most outer points of a tree segment. These outer points were
computed by calculating 2D alpha shapes. An example of crown areas with DALPONTE segmentation
can be seen in figure 36.

Concave areas with DALPONTE segmentation
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Figure 36. Crown areas as a result of 2D concave hulls surrounding the alpha shape extremes
Shrub detection
The methodology that was used in an attempt to detect shrubs was based on the research of Morsdorf et
al. (2010) and Han et al. (2014). They used LiDAR intensity and height information to distinguish
shrubs. In order to classify the points in the unassigned class of the AHN3, it is necessary to get an
understanding of the distribution in intensity and height values in this point cloud. The three most
dominant objects in the unassigned class are trees, shrubs and cars. That is why a distribution is made
(figure 37) that represents these objects. The 30 points used for this distribution have been selected
randomly throughout the test area. In figure 37 is shown trees points seem to have the lowest overall
intensity values of the three classes. Besides that is as expected the height an important indicator for
trees. The points that represent shrubs and cars are far more similar. The mean of intensity of the shrub
points is 90.8 with a standard deviation of 51. The mean intensity of the car points is 121.8 with a
standard deviation of 129.2. This means that the overall intensity of the car points is higher than for
shrubs, and the intensity values for cars also is more spread out than for shrubs.
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Distribution of Intensity + Height in unassigned class AHN3
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Figure 37. Intensity and height distribution of 30 randomly selected points in three
separate object classes.
There is however quite some overlap between the shrub and the car class, which makes them infeasible
to use in the k-means clustering approach as used in Morsdorf et al. (2010). In their research, there was
no such thing as cars in the original point cloud. Because they had no objects with a relatively similar
distribution in intensity and height values, they did succeed in classifying shrubs.
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7.4

Visualization and publishing the outcomes

The 3D convex hulls can be used in the majority of programs that can handle 3D objects. These models
are available as .OBJ files, which is one of the standards in the 3D geographical and graphical sector. In
order to give an example are the 3D convex hulls plotted alongside with the 3D BAG (Registration of
Buildings and Addresses) in figure 38.

Figure 38. 3D tree models plotted
alongside with the 3D BAG
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8. Discussion

8.1

Discussion of ITD methodologies

The ITD methodologies show promising results, but all had difficulties in delineating complex and
clustered trees. It was seen that all the algorithms succeeded in delineating trees that had conifer-like
shapes that did not interconnect with adjacent trees. The point cloud-based algorithms (LI and VEGA)
did not greatly outperform the CHM based methods, although that might be expected. LI and VEGA
should be better in detecting understory and overshadowed trees because CHM-based algorithms only
have data viewed from straight above. LI and VEGA, however, do not excel at detecting these
overshadowed trees. This is likely caused by the lack of LiDAR returns in the lower parts of the canopy,
i.e. the largest flaw in the AHN3 dataset for accurate vegetation extraction.
The inaccuracy of the ITD algorithms can also be caused by the fact that not a point cloud is used with
strictly vegetation points. In the used point cloud that was everything except: ground, water, buildings
and civil structures. This means that there were still object such as cars, light post and shrubs in the point
cloud. These objects were sometimes mistakenly added to a tree segment, or segmented as a tree.
DALPONTE, SILVA and MCWD all performed quite similarly. This is likely because they all have the
same fundamentals, i.e. the same CHM and the same a priori known treetops. Because there are small
deviations in the ITD performance of these three, it seems that the treetop detection may be more
important than opting for a watershed algorithm or a region-growing algorithm.
The majority of the vegetation parameters that were derived from the AHN3 relied on an accurate single
tree segmentation. That is why it was important that this segmentation turned out well. As previously
discussed was this segmentation not always accurate, and those errors propagate into the parameter
extraction.
8.2

Discussion of 3D tree models

The 3D convex hulls of the segmented trees give a general impressions of where trees are clustered or
trees do stand alone. However, in some cases do the convex hulls give unrealistic shapes to the trees.
This was caused by inaccuracies in the segmentation process. When looking at the convex hulls of
MCWS (Appendix 11.11) it can be seen that oddly enough there are some very large flat hulls created.
These hulls are a result of random points scattered around the plot receiving the same tree ID in the
segmentation process. Convex hulls with these characteristics need to be manually removed in the
dataset in order to be able to clearly see the correct convex hulls.
Initially, it was intended to try to create two separate convex hulls per single tree, i.e. one of the tree
crown, and one of the tree stem. This was intended to fix two things. The first reason is that it is
impossible to compute the tree crown volume if the convex hull does not only represent the tree crown.
Secondly, gives a convex hull of all the points of a tree not a representation close to reality. That is
because then, the convex hull starts at the ground (where the stem begins), and goes directly to one of
the widest points of the crown. This comparison can be seen in figure 39.
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Figure 39. The difference between one convex hull and two separate convex hulls is illustrated.
The process of splitting the tree points into stem and crown points was however not accomplished in a
large-scale automatic way. As previously mentioned it was too much of a challenge to find the POFB
of every tree segment correctly. And even if finding the POFB would work, are there more challenges
that arise which are hard to tackle on a large scale.
It does not per se mean that when a point
cloud of a single tree is split at its POFB
(see figure 40), that all the point are neatly
separated into crown points and stem
point. The problem does not lie with the
crown points, although they might miss
some. The problem lies with the points
that are underneath the POFB line. At
some trees are branches hanging below
the POFB line, and in some segments are
still points from understory present. All
these points should be removed in order
to model only the stem. Unfortunately, it
turned out to be too challenging to
automate this process for many types and
shapes of trees that exist in the study area.

Figure 40. Front view of a tree with its POFB indicated
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8.3 Discussion of shrub detection
Detecting shrubs turned out to be more challenging than it was expected. First of all, is there a lot less
research conducted to shrub detection than there is to tree detection. And the few good researches out
there are often in situated in different circumstances with different LiDAR systems. Differences that
appeared which are challenging to overcome are for example the use of FWF LiDAR, which has
beneficial effects when wanting to extract multi-layer vegetation.
Besides the LiDAR system, plays the environment an important role in shrub detection. In areas
dominated by forests, it is generally the case that LiDAR returns must bounce off shrubs if trees- and
ground points are already excluded from the point cloud. In the urban environment is that not that simple.
There are a lot more objects in the point cloud that could be mistaken as shrubs, such as cars, benches
and other anthropogenic objects.
The total distribution of all the points as seen in figure 41 is comparable to the distribution of the
randomly selected points that represent the three classes trees, cars and shrubs (figure 37). Yet did the
k-means algorithm fail the correctly classify the unassigned points. Even when taking specific starting
locations for the three clusters. The incorrect classification by k-means is most likely due to some of the
difficulties the algorithm itself has. K-means is known to struggle with non-clustered data and when
clusters have largely different number of observations. These two aspects can be seen in the point count
figure below. It could worth to look into more density-based clustering algorithms, such as DBSCAN.

Figure 41. Point counts of unassigned AHN3 class
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9. Conclusions & Recommendations

9.1

Conclusions

Modelling trees all over the Netherlands with a high accuracy using the AHN3 would be a major step
forward for various vegetation applications. In this research, it was found that the ITD algorithms that
were tested did not perform optimally in deciduous-dominated areas. Performance-wise, it did not matter
too much whether a point cloud-based algorithm was chosen, or a CHM-based algorithm was chosen.
CHM-based algorithms, however, require a lot less computation power and time. It seems that the
accuracy of the ITD depends more on the structure of the tree and the adjacent trees, and less on the ITD
methodology that was chosen.
The convex hull models that are created from the tree segments give an approximation of real-life trees.
These models give the user a straightforward impression of the distribution and density of trees in their
area of interest. Nevertheless, should these models be viewed with care, as they are sensitive to flaws in
the segmentation results. Beside that are the 3D tree models an interesting addition to the existing urban
3D models in the Netherlands (=BAG). They excel in visualizing 3D tree structures within the urban
environment.
Vegetation parameters such as crown width, tree height and tree volume could be computed with the
help of the tree segments. Stem detection algorithms had troubles with accurately detecting tree stems,
because of the small number of LiDAR returns at the tree stem.
The classification of lower vegetation (=shrubs) turned out to be far less present in the current literature,
this was not expected. Apparently is the ongoing trend to model trees in the urban environment. Because
of that is far less attention given to the lower vegetation, especially in urban areas. While there are R
libraries that combine LiDAR and forestry applications (lidR, rLIDAR), do these libraries not involve
functionality to extract lower vegetation.
9.2

Recommendations

For further research it would be useful to discover other libraries in various programming languages.
Individual tree segmentation can be done with many more approaches, for example: 3D Fractal
Dimension Analyses, Adjusted Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) or Mean Shift Segmentation. It could be that one of these methodologies out performances
the ones that are used for this study. Nevertheless, will the point cloud segmentation performance remain
highly depended on the availability of a higher density point cloud, especially in the lower parts of the
tree. Besides that, it could be that better results can be achieved in coniferous-dominated area since it
turned out that those tree shapes are easier for algorithms to extract.
Creating 3D models from a low-density ALS point cloud can be done in multiple ways. In this study
were 3D convex hulls used, but other options can be worth exploring. 3D reconstruction algorithms such
as 3D alpha shapes and 3D meshes might provide good results.
Besides trying new 3D reconstruction methods, it would be possible to improve the current 3D models.
Finding a robust method that can split a tree point cloud in crown points and stem points would greatly
improve realism and the level of detail in the current 3D convex hulls.
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Nowadays is every single research focussing on single tree extraction from LiDAR. This might be the
goal for particular researches but is not a must when looking at vegetation structures. Then it does not
matter whether a group of clustered trees consist of four or five trees. Advice is thus to move away from
having to individually identify trees, and start using low-density ALS to map vegetation structures.
As a final remark, would the addition of lower vegetation 3D models be a great addition to the 3D tree
models. This would give a much more complete perspective of urban vegetation structures. Let the (less
than expected) result of this study be an inspiration to researchers in this field that have to desire to
create complete vegetation structures in the urban environment.
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11.3 ITD segmentation with SILVA
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11.4 ITD segmentation with VEGA
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11.5 ITD segmentation with MCWS
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11.6 ITD segmentation with SWS
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11.7 3D Convex hulls of LI
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11.8 3D Convex hulls of DALPONTE
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11.9 3D Convex hulls of SILVA
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11.10 3D Convex hulls of VEGA
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11.11 3D Convex hulls of MCWS
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11.12 3D Convex hulls of MCWS (cleaned)
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11.13 3D Convex hulls of SWS
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ALS

ALS

ALS +
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Algorithm(s)

Succeeded Strong points

Limitations

CompTime

Setting

Parameters

Quick

Forest / Urban

3D fractal dimensions

35

Extration of vegetation
points

3D Fractal Dimension
Analyses

Yes

Quick and easy to
implement

Troubles with small
trees

Discrete

20

Assist the classification of
future iterations of a
national wide dataset

PointNet architecture
for semantic
segmentation using
deep learning

Yes/No

Low confusion in
classification of
ground

High confusion
between vegetation
and buildings

Urban

Lidar classifications

Discrete

6,7

Extract multilayer
vegetation coverage in
urban areas

Intensity median filter

Yes

Very accurate
(94.57%)

Missclassified
vegetation points due
to > 0.5m and high
intensity objects

Urban

Mean Intens, Std
Intens, Norm Intens,
Norm Z

Discrete

Separate vegetation
points from ground
points in a mountainous
area

Skewness change of
LIDAR intensity
information

Yes

Works well in
mountainous area

Struggles in very steep
areas

FW

Edge-based
segmentation
delineates potential tree
crowns, further
Derive a vegetation map
aggregated to single
layer as well as single tree
Yes
trees or group of trees
parameters in urban area
by using local
topological information.
Classification makes use
of FW PC

Full-waveform
point cloud info
derived on
segment level is
valuable for
eliminating nonvegetation

Confusion with
buildings (mainly the
edges) and young low
diameter trees

Yes/No

DBSCAN is
responsive to tree
morphology
without a priori
information of
canopy structure

Low point density so
CHM watershed
segmentation could
not be used. 25%
Understimation of AGB

Yes

Algorithm can "fix"
blind spots in point
cloud

Tropical large (DBH >
1m) trees are
challenging. High point
density and >= 3 views
are needed

Yes

Derived crown
volume estimates
were highly
correlated with
field
measurements for
both coniferous
and deciduous
trees.

Deciduous trees
experienced greater
under-estimation than
that for coniferous
trees

50

Assess urban Above
Ground Biomass by
directly measuring tree
structure

Adjusted Density-Based
Spatial Clustering
of Applications with
Noise (DBSCAN) and
Balanced Iterative
Reducing and Clustering
using Hierarchies
(BIRCH). Creates QSM

Discrete

Tropical tree
reconstruction and AGB
quantification

Segmentation of point
cloud into branches.
This gives the
topological tree
structure and the
resulting segments
(branches) can be then
geometrically
reconstructed
(Raumonen, 2013)

Discrete

Capture the exact shape
of an irregular tree crown
of various tree species
based on the lidar point
cloud and visualize their
exact crown formation in
three-dimensional space

Discrete

2

15

Wrapped surface
reconstruction, employs
radial basis functions
and an isosurface.

Quick

Forest

Urban

Tree position (4
versions), Tree height,
crown diameter

DBH, Tree height,
Crown area, Tree
volume, AGB, 2D tree
polygons

Quick

Rainforest

DBH, Specific wood
density, Average crown
radius, AGB

Forest

Tree height, Crown
width, Live crown base,
Height of lowest
branch, Crown volume,
3D wrapped surface

3D segmentation of single trees
exploiting full waveform LIDAR data

Efficient tree modeling from airborne
LiDAR point clouds

3D-modeling of vegetation from lidar
point clouds and assessment of its
impact on façade solar irradiation

Reitberger, J. et
al.

Hu, S. et al.

Peronato, G. et
al.

Comparative analysis of clustering-based
approaches for 3-D single tree detection Gupta, S. et al
using airborne fullwave LIDAR data

267

7

2

44

2009

2017

2016

2010

ISPRS Journal of
Photogrammetry
and Remote
Sensing

Computers and
Graphics
(Pergamon)

International
Society for
Photogrammetry
and Remote
Sensing

Remote Sensing

ALS

ALS

Discrete/FW

FW

ALS

ALS

FW

3D segmentation of
single trees

Conventional
watershed-based
segmentation for CHN
and stem position.
Normalized cut
segmentation for 3D
segmentation (uses
voxels)

FW helps with
significant
improvement of
detection rate

Limitations in younger
stands (tree height <
20 m) in the case of
first/last pulse data

Realistic tree
reconstruction

Normalized cut method
to segment PC, add new
trunk points and
simulate a direction
field to enrich the
sparse point clouds.
Reduce redundant
points using a
sequential thinning
algorithm, and use a fast Yes
bottom-up greedy
algorithm to locate
skeletons from a
connected graph, which
is constructed on a kdimensional tree
structure. To increase
realism, use a pipe
model

Very realistic and
quick

Evaluation is difficult.
Does not take tree
species into account

7 - 14

Using 3D representation
of trees to calculate
hourly irradiances on
building surfaces

The tree segmentation
and shape
reconstruction phases
are based respectively
on voxel and convexhull algorithms (by
Wang et al., 2008;
Gupta et al., 2010)

4-5

A comparative qualitative
study was conducted
using the iterative
partitioning and
hierarchical clustering
based mechanisms and
full waveform ALS data to
extract the individual
trees/tree crowns in their
most appropriate shape.

Various modifications of
k-means for clustering
trees/crowns. Qhull
algorithm for 3D
reconstructions of
clusters

10 - 25

40

Forest

Normalized cut:
coordinates, features,
maxima positions CHM,
stem detection

Forest

Tree skeletons, Leaves
according to botanical
rules

Yes/No

The 3D-representation
of vegetation is not
Three scenarios are
always very accurate,
modelled
mostly due to the
concerning
errors in the
translucentness of
segmentation phase
the trees
when considering
contiguous trees

Urban

Convex hull
representations,
Intensity scenerios for
trees

Yes

Modified k-means
algorithm found
most succesful
(usage of local
optima as external
seed points).

Forest

3D individual clusters

Yes

Outliers create a
problem in clustering
proces > they should
be removed

Quick

76

Development of filtering, segmentation
and modelling modules for lidar and
multispectral data as a fundament of an
automatic forest inventory system

Weinacker, H. et
al.

A Lidar point cloud based procedure for
vertical canopy structure analysis and 3D Wang, Y. et al.
single tree modelling in forest

Discrimination of vegetation strata in a
multi-layered Mediterranean forest
ecosystem using height and intensity
information derived from airborne laser
scanning

Morsdorf, Felix.
et al.
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96
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ALS

ALS

ALS

Discrete

FW

Discrete

4-7

3.7 / 6 - 8

Estimate the DTM and
DSM. Thereafter single
tree delineation is
following and finally
modelling and
classification of trees into
conifer and deciduous

Active contour theory is
used for DTM/DSM
creation. Local
maximum watershed is
used for single tree
delineation.
Classification is done by
linear discriminant
analysis and extended
superquadrics

Vertical canopy structure
analysis and 3D single
tree modelling

Main canopy layers by
statistical analysis of the
height distribution
probability of the
normalized raw points.
For 3D modelling are
the normalized points
resampled into a local
voxel space. 2D
projection images at
different height levels
are generated from the
voxel space. Tree crown
regions are detected
from the projection
images.

Obtain a quantitative
vertical stratification of
vegetation in a multilayered Mediterranean
ecosystem

Separation of different
vegetation strata was
implemented using
supervised classification
of a two-dimensional
feature space spanned
by ALS return height
(terrain corrected) and
intensity. The
classification was
carried out using
Gaussian mixture
models tuned on a
control plot.

Yes

ESQ is very flexible,
fits the used data

DTM could be more
precise when in
advance edges and
ridges are taken into
account. Single
delineation has
difficulties with small
or suppressed trees

Yes

Statistical method
seems to be
efficient and
reliable.
Parameters such as
crown height range
and volume are
achieved from the
crown model

Big trees with more
than 1 crown peak
might split.
Segmentation of study
cells might split trees

The mean canopy
height of the tree
layers are
estimated with
high accuracies
(some decimetres),
even on the
complex control
plot. Including
intensity as an
additional feature
helped in
separating layers
that could not be
separated by pure
echo height based
thresholds

Shrubs are
underestimated by
about 1m. The
interleaving nature of
the different classes in
the two-dimensional
feature space, which
negatively influences
separability of those
classes.

Forest

Crown border (e.g.
anisometrie, bulkness,
circularity etc.),
Complete 3D-form (e.g.
ratio of light- crownlength and crownradius, ratio of lightcrown-length and treeheight), The roughness
of the crown surface
(e.g. entropy, ESQ
crown shape

Forest

Crown height range,
crown volume, crown
contours

Forest

Maximum canoy
height, Average canopy
height, Crown base
height, Cover (%)
(density),

77

Tree modelling from mobile laser
scanning data-sets

3D segmentation of non-forest trees for
biomass assessment using LiDAR data

Comparing RIEGL RiCOPTER UAV LiDAR
derived canopy height and DBH with
terrestrial LiDAR

Rutzinger, M. et
al

Rentsch, M, et al

Brede, B. et al

57

4

33

2011

2011

2017

Photogrammetric
MLS
Record

Conference:
Earth
Observation of
Global Changes

Sensors

ALS

ALS /
TLS

Discrete

FW /
Discrete

Discrete

1000

10 /
1-2

140 /
3000

PC is segmented into
planar regions using a
3D Hough transform
and surface growing
algorithm. Large
horizontal and vertical
planes are removed.
The remaining small
segments and points are
merged by applying a
connected component
analysis. For these PCs
objects statistics are
Yes
calculated to remove
remaining nonvegetation objects. The
tree point cloud is
thinned by deriving the
vertices forming the 3D
alpha. A sphere with a
certain radius (alpha
value) is passed
iteratively from the
outside towards the
points.

Models have
realistic
appearance
regarding
dimensions of tree
crowns and stems.
The workflow is
also to be applied
to tree species
with very dense
foliage and to data
acquired in seasons
when trees are in
leaf, when the
inner branching
structure of the
tree crown is not
visible.

Thee branching
structure of the tree
crown is
parameterised and the
angle between
subsequent branches is
Long
constant for each
crown shape type,
which leads to
deviations from the
appearance of the real
tree

Urban

Crown and stem height,
crown and stem
diameter, crown shape

3D segmentation of
single trees for
calculcation of biomass
cutting potential

3D Alpha-Shape
algorithm, 3D
Normalized Cut
segmentation

Yes

Significant
improvement with
respect to the
common
approaches used
so far in which the
vegetation volume
is simply
approximated by
the product of
mean tree height
and base area, i.e.
the green volume

Would have more
difficulties in forest
area with higher
vegetation density

Grove / hedge

DBH,
Tree height, Volume
crown, Area crown

Comparing CH and DBH
with TLS and UAV

DBH: all points at a
height of 120 to 140cm
were selected,manually
inspected for the
suitability to fit circles.
An iterative
optimisation procedure
was used to minimise
the euclidean distance
between points and
circles

Yes

Even though ALS
sometimes did not
cover the stem
well (or only 1
side), it was still
able to fit circles
for DBH

A sufficient number of
points could not be
collected for all
sampled trunks, mainly
in the dense, narrow
spaced needle-leaf
plots.

Forest

DBH,
CHM

Extraction of tree
features from MLS datasets and the modelling of
trees for the purpose of
visualisation in 3D city
models

78

A hybrid method for segmenting
individual trees from airborne lidar data

Using small-footprint discrete and fullwaveform airborne LiDAR metrics to
estimate total biomass and biomass
components in subtropical forests

Estimating single-tree attributes by
airborne laser scanning: methods based
on computational geometry of the 3-D
point data

Liu, L. et al

Coa, L. et al

Vauhkonen, J

0

43

2019

2014

2010

Computers and
Electronics in
Agriculture

Remote Sensing

Dissertation

ALS

ALS

ALS

FW

Discrete/
FW

Discrete

CHM- based individual
tree crown delineation
(ITCD) algorithm and
integrating it into a
point-based algorithm.
A multiscale local
maxima (LM) algorithm
is developed to improve
the accuracy of LM
obtained from CHMs in
different spatial
resolutions

23,2

Individual tree
segmentation

2

To explore the
performances of forest
canopy structure
characterization from a
ALS dataset using two
different techniques
focusing on (i) 3-D canopy
structural information by
discrete (XYZ) LiDAR
metrics, and (ii) the
Primarly statistical
detailed geometric and
analysis, such as linear
radiometric information
regression and PCA
of the returned
waveform by fullwaveform LiDAR metrics,
and to evaluate the
capacity of these metrics
in predicting biomass and
its components in
subtropical forest
ecosystems

40, 7, 7, 4

Derive tree metrics from
3D alpha shapes

3D alpha shapes,
delauney triangulation,
random forest

Yes

This method
controls a better
balance between
the commission
and omission
errors of the
identified local
maxima in
comparison with
other algorithms.

Yes

Research
illustratres that
discrete and FWF
LiDAR can boost
eachothers
potential

Yes

Crown base height
was extracted with
good accuracies by
only using low
density ALS

If an understorey tree
is heavily blocked by a
dominant trees and
only a few points
belong to the
understorey canopy,
the algorithm may fail
to identify it. Another
weakness is the
computational time

Less supervised tree
detection results in
unreliable tree
delineation and tree
attributes

Long

Forest

Tree height, Crown
width, Understory trees

Forest

Above-ground, Root,
Foliage, Branch and
Trunk biomass

Forest

DBH, Tree height,
Volume, CBH, Crown
width
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