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Abstract 

High density point clouds of airborne laser scanning measurements can be used to 
identify several object classes as buildings, vegetation or water surface. Point cloud 
segmentation can support classification and further feature extraction considering that 
segments are logical groups of points belonging to the same object class. This thesis 
presents a segment-based classification method, in which depending on the point 
features and attributes in the pre-processing step, a segmentation algorithm is executed 
seven times on the point cloud in order to extract point clusters belonging to different 
classes. These parts are used as a training set for classifying vegetation, building roof 
and wall, ground, vehicle, water and power lines. It is aimed that these segments as 
incorporated in the classification process will provide results comparable with the state 
of the art. Airborne Laser Scanning (ALS) point cloud datasets from the Municipality 
of Vienna are used, in an area where all the classes of interest are present. The whole 
workflow was implemented in OPALS, a modular software developed from TU Wien 
with the purpose to process airborne laser scanning data. The developed approach 
shows high classification results (overall accuracy is 86.9 %) based on the manual 
classified dataset and an internal accuracy of 94.8 % of the training data. However, 
there are some limitations of the method in terms of robustness and universal 
applicability, which were detected when applying the trained model to the test data. 
This expresses the importance of calculating accurate point attributes and performing a 
proper segmentation and classification of the objects of interest.   

 

 

Kurzfassung 

Dichte Punktwolken aus Airborne Laserscanning (ALS) können verwendet werden um 
verschiedene Objektklassen, wie zum Beispiel Gebäude, Vegetation oder 
Wasseroberflächen, in der Landschaft zu identifizieren und zu unterscheiden. Die 
Segmentierung von Punktwolken kann dabei sowohl zur Unterstützung der 
Klassifizierung genutzt werden, als auch für die Bestimmung von weiteren 
Objekteigenschaften (Features) für logische Einheiten von Punkten einer Objektklasse. 
Diese Diplomarbeit präsentiert eine segmentbasierte Klassifizierungsmethode, in 
welcher abhängig von den Punkteigenschaften in einer Punktwolken-Vorverarbeitung 
sieben Segmentierungsverfahren entwickelt und genutzt wurden um einen 
Trainingsdatensatz für die Klassifizierung zu generieren. Dieser Trainingsdatensatz 
besteht aus vorklassifizierten Punkten der Klassen Vegetation, Gebäudedach, 
Gebäudemauer, Gelände, Fahrzeug, Wasser, Stromleitung. Ziel dieser Arbeit ist die 
Information aus der Segmentierung zu nutzen um die Klassifikation für die sieben 
relevanten Klassen zu verbessern. Punktwolken aus Airborne Laserscanning der Stadt 

https://www.tuwien.at/bibliothek
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D
ie

 a
pp

ro
bi

er
te

 g
ed

ru
ck

te
 O

rig
in

al
ve

rs
io

n 
di

es
er

 D
ip

lo
m

ar
be

it 
is

t a
n 

de
r 

T
U

 W
ie

n 
B

ib
lio

th
ek

 v
er

fü
gb

ar
.

T
he

 a
pp

ro
ve

d 
or

ig
in

al
 v

er
si

on
 o

f t
hi

s 
th

es
is

 is
 a

va
ila

bl
e 

in
 p

rin
t a

t T
U

 W
ie

n 
B

ib
lio

th
ek

.
D

ie
 a

pp
ro

bi
er

te
 g

ed
ru

ck
te

 O
rig

in
al

ve
rs

io
n 

di
es

er
 D

ip
lo

m
ar

be
it 

is
t a

n 
de

r 
T

U
 W

ie
n 

B
ib

lio
th

ek
 v

er
fü

gb
ar

.
T

he
 a

pp
ro

ve
d 

or
ig

in
al

 v
er

si
on

 o
f t

hi
s 

th
es

is
 is

 a
va

ila
bl

e 
in

 p
rin

t a
t T

U
 W

ie
n 

B
ib

lio
th

ek
.

  

4 

 

Wien wurden ausgewählt um diese Klassifizierung zu testen. Der gesamte Workflow 
wurde in OPALS umgesetzt. Die modulbasierte Software wird an der TU Wien 
entwickelt, um große ALS Punktwolken zu verarbeiten. Die in dieser Arbeit 
entwickelte Methode zeigt gute Klassifizierungsergebnisse (Gesamtgenauigkeit ist 
86.9%) im Vergleich zu einem manuell klassifizierten Datensatz und liefert eine sehr 
gute interne Genauigkeit von 94.8% auf den Trainingsdaten. Durch die gezielte 
Methodenentwicklung für die sieben Klassen ergeben sich Einschränkungen und 
Schwächen im Bezug auf die universelle Anwendbarkeit und Robustheit der Methode, 
welche bei der Anwendung des trainierten Modelles auf den Testdaten festgestellt 
werden konnten. Dies zeigt, wie wichtig es ist, genaue Punktattribute zu berechnen 
und eine ordnungsgemäße Segmentierung und Klassifizierung der interessierenden 
Objekte durchzuführen. 
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Chapter 1 

Introduction 

In the last 50 years, many advances in the fields of solid-state electronics, photonics, 
computer vision and graphics have made it possible to construct reliable, high 
resolution and accurate terrestrial and airborne laser scanners. Furthermore, the 
possibility of processing dense point clouds in an efficient and cost-effective way has 
opened up a multitude of applications in fields such as topographic, environmental, 
industrial and cultural heritage 3D data acquisition (Vosselman et al. 2010). 

Airborne laser scanning (ALS) is the most common form of laser scanning utilized. 
The majority of data processing algorithms, including feature extraction, segmentation, 
and classification have been developed for ALS data. Classification as one of the 
major applications of ALS point cloud data is still an ongoing research topic with 
many approaches and algorithms already given. In this thesis a segment-based 
classification approach is developed using point clouds characteristics and the 
segmentation of the points in order to achieve better classification results. 

As a hot topic of this research, the relation of the points in the point cloud with its 
neighbours could be used to calculate certain point features and attributes that are used 
to define segments or objects of interests. In this case, seven segmentation algorithms 
are developed to derive vegetation, building roof and wall, ground, vehicle, power 
lines and water. These segments are then intended to be used in the classification as a 
basis in the categorisation of the objects into seven relevant classes using a supervised 
classification, respectively decision trees.  

The whole workflow is executed using the modular software OPALS (Orientation and 
Processing of Airborne Laser Scanning data), developed by Vienna University of 
Technology to provide a complete processing chain for processing airborne laser 
scanning data. The method is divided into 3 main steps: pre-processing, segmentation 
and the classification process. Various modules are used in the pre-processing step to 
calculate point features and attributes, to segment points on objects of interest and to 
assign class labels using machine learning based classification. 
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This work is more focused in the implementation and utilisation of airborne laser 
scanning in urban areas, considering that the used datasets cover a part of the city of 
Vienna. This is due to the variety of objects that could be detected and classified in 
these areas. But the developed algorithm can be also used in rural regions or forestry. 
This is possible by disregarding objects of interest located in urban areas (e.g. building 
roofs and walls) and concentrating on forest classification (e.g. vegetation, ground and 
water). 

This thesis is structured as follows: the second chapter gives an overview of the ALS 
technology and an introduction to the segmentation and classification processes. In the 
third chapter a description of the used datasets is provided, where in the fourth chapter 
the OPALS modules are described. Chapter five presents in detail the algorithm 
developed in this research starting from the calculation of the features, attributes and 
digital terrain model in the pre-processing step to the execution of the segmentation 
and classification processes. There were many issues through all the steps which are 
covered in chapter six and finally in chapter seven an outcome of the experiment and 
the performance of the algorithm is discussed.    
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Chapter 2 

State of the art 

In this chapter, an overview of airborne laser scanning principles, 3D point clouds and 
its features are firstly given. Point features and attributes of interest are described in 
detail followed by the segmentation process as an introduction. In Section 2.3, a 
variety of segmentation approaches are discussed, including the detection and 
grouping of vegetation, buildings, ground, water, power line and vehicles. Then 
sources of outliers that occur in ALS data are discussed to end the chapter with an 
overview of point cloud classification as a process and the supervised classification in 
particular as a final result in this thesis.  

 

2.1. Airborne Laser Scanning 

Airborne Laser Scanning is an active remote sensing method for obtaining geometric 
and radiometric information about objects of interest that are not in contact with the 
laser. Because the ALS utilizes light detection and ranging (LIDAR) the method itself 
according to (Wagner et al. 2006) is often referred as LIDAR or laser radar. ALS 
system operates as a time-of-flight measurement method where a laser scanner emits a 
short pulse of light which travels through the atmosphere and is scattered and partially 
absorbed by any objects in the instantaneous field of view of the laser beam. The two-
way runtime to the Earth surface and back to the sensor is measured and the range 
between the ALS system to the illuminated surface is recorded. Beside the time-of-
flight measurements, there are also other methods used to optically measure the 3D 
surface: phase measurement techniques, interferometry and triangulation which can be 
divided in passive and active methods. Modern ALS system can record at least two 
echoes (first and last) of the emitted pulse, although many current systems can detect 
up to four or five echoes per pulse. 

https://www.tuwien.at/bibliothek
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Figure 2.1: Airborne Laser Scanning Principle. (Waldhauser et al. 2014) 

Based on (Hasan et al. 2013), the backscattered echoes from objects are detected 
leading to a 3D point cloud, representing measured points on various object types like 
vegetation, building roofs, vehicles and other natural and man-made objects, therefore, 
ALS became also very useful for classification of urban areas. 

A significant improvement during the last years is the development of the full 
waveform ALS system which records the entire backscattered signal echo. Based on 
(Wagner et al. 2006), this achievement provides us in addition to range measurements 
further information (attributes) of the illuminated area as: Amplitude/Intensity, Pulse 
width and information on multiple echoes from one shot i.e. the shape of the echo. The 
amplitude is a measure of the “strength” of the echo (reflectivity of the object) whereas 
the echo width could refer either to the full width at half the amplitude, or to the 
standard deviation of the decomposed Gaussian-shaped echo. Decomposing the 
waveform, as a superimposition of echoes, into individual components significantly 
increases the detection rate of echo peaks, thus generating a dense and large amount of 
data. 

Airborne Laser Scanning can operate by mounting it to a fixed wing aircraft or a 
helicopter as shown in figure 2.2. According to (Vosselman et al. 2010), the technique 
is based on two main components: a laser scanner system which measures the distance 
to a spot on the ground illuminated by the laser and a GPS/IMU combination to 

https://www.tuwien.at/bibliothek
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measure exactly the position and orientation of the system. In figure 2.2, the elements 
of the ALS mounted in an aircraft are shown. 

 

Figure 2.2: On-Board ALS Components. (Vosselman et al. 2010) 

In the last few years, ALS is being used widely because of its advantages in contrast to 
other methods including photogrammetric techniques. As stated by (Höfle et al. 2009), 
the active ALS allows direct determination of 3D elevation information, it is less 
sensitive to cloud cover and shadows and provides the capability to penetrate through 
small gaps in vegetation to extract ground or object information with an accuracy of 
less than 0.5 m horizontal and 0.2 m vertical as well as the high sampling densities 
more than 50 points per square meter. These are a few reasons of using it for different 
purposes including the production of digital terrain models and 3D city models, forest 
management and monitoring etc. 

 

2.2. Point Cloud attributes and features 

After having a quick introduction to ALS, it is also worth to describe the data 
generated from airborne laser scanning. The acquired data that may exceed millions of 
points, called 3D point clouds is defined as a set of points, Pi, i = 1 , . . . , n, embedded 
in three-dimensional Cartesian space. The term “cloud” reflects the unorganized nature 
of the set and its spatial coherence, however, with an unsharp boundary (Otepka et al. 
2013). 

https://www.tuwien.at/bibliothek
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As mentioned above, points recorded with full waveform ALS systems can have other 
properties (attributes) in addition to their three-dimensional coordinates. An attribute 
may be one of the normal vector components of the local surface, an elevation 
accuracy or “colour” in four spectral bands that is used mostly in display, 
segmentation and classification that are also the processes that will be elaborated in 
this thesis.  

On the other hand, the term “feature” of the point cloud is used to describe the 
property of the entire point set, i.e., an object of a particular class. This additional 
information can be derived for each point, if its neighbourhood is analysed. A 
neighbourhood of a point can be defined as a locally or spatially connected subset of 
the point cloud. Two points can be defined as neighbours if they fulfil one of the two 
conditions: their distance is smaller than a given threshold or if they belong to the k 
closest neighbour point (Otepka et al. 2013). 

In response to the growing number of proprietary LIDAR file formats the LAS file 
was developed. It also was designed to overcome some of the complexities in existing 
LIDAR data. LAS files are stored in a binary format (ASPRS 2011). This file was 
created by the American Society for Photogrammetry and Remote Sensing (ASPRS) 
and stores Light Detection and Ranging (LIDAR) data that is collected by optical 
remote sensors and used to exchange LIDAR data between data providers and data 
consumers. 

The information derived from a certain number of attributes and features plays a 
significant role in the point cloud segmentation and classification. Some important 
point features are presented in the following section. 

 

2.2.1. Normal vector 

3D Point Clouds obtained from range sensors represent a noisy sampling of surfaces 
that exist in the real world. The explicit information about orientation and curvature of 
this surface is lost in the sampling process. It resides implicitly in the relationship 
between a sampled point and points in its neighbourhood. Normal vector estimation 
aims to restore this information by constructing a set of vectors that are orthogonal to 
the tangential plane of each surface point they touch (Klasing et al. 2009).  

As an essential feature of point cloud, the normal vector is described as the vector that 
is perpendicular to the local surface of each point in 3D point cloud. However, since it 
cannot be measured directly, it must be estimated for every point of a (noisy) point 
cloud. The generation of surface normals is merely a pre-processing step that must be 
carried out quickly. In the figure below, three approaches for estimating the normal 
vectors are given.  

https://www.tuwien.at/bibliothek
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Figure 2.3: Different approaches for estimating normal vectors: (a) A plane is fitted to 
p and its neighbours. (b) The angle between the normal vector and the tangential 
vectors is maximized. (c) The normal vectors of triangles formed with pairs of 

neighbours are averaged. (Klasing et al. 2009) 

Existing normal estimation methods can be divided into optimization-based methods 
and averaging methods. The optimization-based methods can be divided into linear 
and quadratic fitting approaches. An attractive alternative to finding the normal vector 
by optimization is to calculate it as the weighted average of the normal vectors of the 
triangles formed by p and pairs of its neighbours, see fig. 2.3 (c). 

 

2.2.2 Eigenvalues of the covariance matrix 

As mentioned above the relation of a point with its neighbour is a basic element to 
derive additional attributes. In case of the computation of the local plane of several 
points considering the normal vector as an additional attribute would lead us to the 
equation of a local plane through the point (x0, y0, z0) having a normal vector n = (a, b, 

c).  

In order to calculate the unknown elements of the normal vectors, at least three points 
are needed which could be written in a matrix form as:  

A · β = 0                                                      (1) 

where each row of matrix A contains the coordinates of a point relative to the centre [xi 

- x0, yi - y0, zi - z0], here i = 1…(k + 1)1 and β = [a, b, c]T  is the unknown normal 
vector. The least squares solution for a system of equations of this (1) form is 
equivalent to solving the eigenvalue problem of the matrix AT A, which is often called 
as structure tensor with the mathematical form given below. (Waldhauser et al. 2014) 

                                          

 
1 Waldhauser et al. (2014) use k+1 points, because besides the count of k-nearest neighbours of a given point the 

authors add also the given point “+1”, although this given point is not in the list of neighbours. Thus, altogether k+1 

points are considered for the estimation of the normal vector. 

https://www.tuwien.at/bibliothek
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  𝐴𝑇𝐴 = 𝑇 = 1𝑘 ∑(𝑝𝑖 − 𝑝̅)𝑇(𝑝𝑖 − 𝑝̅)𝑘+1
𝑖=1  

 𝑝𝑖= (xi, yi, zi)… is a point in a three dimensional space. 𝑝̅ = (x0, y0, z0)… is the center of the points in the neighborhood. 

k… number of the nearest neighbors.  

 

The matrix ATA holds plenty of geometrical information about the distribution of the 
point towards their neighbourhoods or as a measure of the “spread” of a set of points 
around their centre of mass in this case the point cloud. According to (Gross and 
Thoennessen 2006) the Eigenvalues λ1> λ2> λ3 derived from the matrix are used as 
additional features and help discriminating planes, edges, corners, lines, and volumes. 
This can be done by combining the eigenvalues and so computing the three features 
linearity, planarity and omnivariance. The linearity feature reflects how well the 
distribution of points can be modelled by a 3D line. The planarity describes the 
smoothness of the surface which is directly related to the roughness measure and the 
quality of plane fitting for normal vector estimation. In contrast to power lines and 
smooth surfaces, laser echoes from trees often spread inhomogeneously across a larger 
3D volume. This volumetric point distribution is described by the concept of 
omnivariance. 

 

Linearity                         𝐿𝜆 = 𝜆1−𝜆2𝜆1                                       (3) 

 

Planarity    𝑃𝜆 = 𝜆2−𝜆3𝜆1                             (4) 

 

Omnivariance             𝑂𝜆 = √𝜆1𝜆2𝜆33
                                               (5) 

 

 
 
 

 

 

(2) 
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2.2.3. Echo ratio 

The detection and distinguishing of multiple object classes are of a major importance 
in processing of the point clouds. A suitable parameter – a point density ratio – derived 
in the 3D point cloud was introduced by (Rutzinger et al. 2007), which they used for 
distinguishing vegetation from buildings. A modified version called Echo Ratio (ER) 
was presented by (Höfle et al. 2009), which is a measure for local transparency and 
roughness and is calculated in the 3D point cloud directly. In other words, ER can be 
defined as a description of the permeability of the surface. The ER is derived for each 
laser point and is defined as follows: 

 

                     Echo Ratio [%] = n3D / n2D·  100.0     with      n3D ≤ n2D            and 

 

n3D…number of points measured in 3D (sphere) at a fixed search distance. 

n2D…number of points measured in 2D (cylinder) at the same distance. 

 

 

Figure 2.4: Echo Ratio calculation for each LIDAR point in different landscape        
objects (a), and slope adaption concept (b). (Höfle et al. 2009) 

Based on figure 2.4 (a), roofs and ground as non-penetrable objects with low slope 
inclination should have approximately the same number of 3D and 2D neighbours. 
This leads to a high ER, close to 100%. But the same cannot be said for the laser beam 
that hits a part of the object (roof) and the ground or vegetation areas because the laser 
beam is able to break through gaps in the vegetation which results the recorded echoes 
from different heights in canopy and even the ground under the canopy.   

Another case is by increasing the slope of the roof surface, even if the surface is fully 
solid, the ER gradually decreases. Based on (Höfle et al. 2009), to guarantee a high ER 
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on steep roofs, the 3D search distance has to be extended considering the roof slope. 
This is achieved by using two search radii. The extended 3D search radius of the 
sphere is computed as follows: 

r3D = r2D / cos (α)                                                   (6) 

, where r2D is the radius of the vertical search cylinder with infinite height and α is the 
local surface slope that is expected (Fig. b). Therefore, this parameter is called slope-

adaptive Echo Ratio (sER). In the figure above the difference between 3D and 2D 
search distance is shown. The former searches for the points in a sphere with a given 
radius where the later forms a cylinder within a predefined radius in which it considers 
all the points in that area.  

 

2.3. DTM Generation 

The data used in this thesis as raw datasets contain outlier points which are usually 
unorganized, noisy, sparse and have geometrical discontinuities. These points with 
their characteristics may cause many problems in the pre-processing step so that we 
generate inaccurate features and attributes that can influence the segmentation 
performance which then leads us to a misclassification of the objects in the dataset.  
Considering the impact that the outliers may have, many solutions and approaches 
were given to remove them. To filter outliers that are under the ground level a 
generation of a rough digital terrain model (DTM) is proposed. 

Vosselman et al. (2010) gave a detailed description of the derivation of DTM from 
ALS points as well as from terrestrial laser scanners, starting with the definition of 
bare earth as the boundary surface between the solid ground and the atmosphere or 
objects attached to it (e.g. buildings, vegetation). The core task is a classification of the 
automatically acquired topographic data into terrain and off-terrain information. In the 
airborne laser scanning community this process is typically referred to as filtering. 
Many approaches are developed for this task: morphological filtering, progressive 
densification, surface-based filtering and segment-based filtering.  

Segment-based filtering classifies whole segments, i.e. a set of neighbouring points 
with similar properties and uses these segments as a basis to generate the DTM. Other 
approaches instead, consider the filtering of each points leading so also to the problem 
of the misclassification of some points although their neighbours have the same 
properties. Tovari and Pfeifer (2005) presented an approach for filtering based on 
segmented ALS data which principles are also used in this work. They propose a 
segmentation of the point cloud based on region growing. Starting from one single 
point, points with similar characteristics are added to the segment in a step-by-step 
process. As a grouping criterion, they propose normal vector similarity and spatial 
proximity. After the process of segmentation, the filtering is performed using a 
surface-based approach. The result of this approach is shown in figure 2.5. 
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Figure 2.5: Terrain segments after the segmentation-based filtering. (Tovari and 
Pfeifer, 2005) 

 

2.4. Point cloud segmentation 

According to (Dorninger et al. 2007), segmentation refers to the task of partitioning a 
set of measurements in the 3D object space (point cloud) into smaller, coherent and 
connected subsets. These disjoint subsets should be 'meaningful' in the sense that they 
correspond to objects of interest (e.g. roofs, trees, power cables) or parts thereof (roof 
planes). For different applications and point cloud characteristics several segmentation 
approaches have been developed. Most of them have their origin in the in the image 
segmentation and the field of computer vision. Based on (Nguyen et al. 2013), the 
methodologies are categorized into five classes: edge-based methods, region-based 
methods, attributes-based methods, model-based methods, and graph-based methods. 

Most frequent methods used in the segmentation process are: 3D Hough Transform, 
Random Sample Consensus Algorithm (RANSAC) and Region Growing. The Hough 
transform is a well-known method for the detection of lines in a 2D image, but it can 
be extended to 3D for the detection of planes in point clouds as stated by (Vosselman 
et al. 1999), as well as for the detection of cylinders. RANSAC algorithm first 
developed by (Fischler and Bolls 1981) is a resampling technique using the minimum 
number observations to define a model. As a robust model, it is used to detect 
geometric features like straight lines, circles, etc. The region growing algorithm is 
used to group points into segments that fulfil some homogeneity criterion. It consists 
of two steps: seed detection (selection) and growing. The first step is either to select a 
series of points that are suitable as initial seed points for segmenting certain objects, or 
to select seed points randomly. Secondly, in the growing step it will be analysed if the 
seed points and its neighbours within a predefined radius do fulfil a certain criterion. 
Neighbour points which fulfil the homogeneity criterion are added to the list of seed 
points from which the segment grows iteratively. 

https://www.tuwien.at/bibliothek
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The importance of the ALS data is demonstrated by the fact that it is used as a primary 
source in most of the approaches discussed below. With the help of point features and 
attributes derived from the points and their neighbours in the pre-processing step, 
segmentation is used for different purposes, from the extraction of digital terrain 
models and the application in forestry (e.g. single tree detection) in urban and rural 
areas to the detection of buildings, water, power lines and segmenting vehicles. In the 
following, a short description of vegetation, building, ground water and vehicle 
detection is given. Furthermore, a few methods to extract the relevant information are 
mentioned. 

 

2.4.1. Vegetation detection 

Airborne Laser Scanning had already been adopted and accepted as a very valuable 
tool in forestry applications shortly after its advent as a commercially available 
measurement technique in the 1990s. Photogrammetric image matching based 3D 
object reconstruction often fail in forestry applications due to the complexity of the 
scene and the lack of a continuous object surface. On the other side, the laser scanner 
pulse penetration characteristics and the multi-echo recording capabilities of many 
laser scanner systems allow for high quality 3D representations of forest geometries. 
The system does not only detect the first reflection on the canopy that is the surface of 
the canopy but also depending on the structure of the vegetation a percentage of the 
beam light goes through and detects echoes in the lower part of the canopy and even 
the forest ground. These points, which hit the ground, form a very good basis for the 
generation of forest region digital terrain models. 

Figure 2.6 shows a profile through an airborne laser scanner dataset. The potential of 
the technique and its acquisition ability through the gaps of the forest (vegetation) can 
be seen very well. For a more complete point cloud of the vegetation different sensing 
techniques (e.g. TLS) should be considered. 

 

Figure 2.6: Airborne laser scanner data profile. (Courtesy TU Dresden, Germany) 
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Vegetation detection in urban areas using ALS data faces different problems compared 
to the use in forestry issues due to the separation of buildings from trees and the 
similarity to small structures like fences or cars. A differentiation between forest and 
non-forest objects is not needed in forestry applications and hence the applied standard 
methods for vegetation detection and parameterisation do not fit for the diversity of 
objects encountered in cities (Rutzinger et al. 2007). 

As this work is mostly focused in the detection of vegetation in urban areas where also 
the dataset originates, there are several approaches proposed in this field. Urban 
vegetation detection is performed by (Höfle et al. 2009) using raster and full-
waveform point cloud input data. Rutzingeret al. (2007) combines point cloud 
segmentation, object generation, and classification using features expressing 
inhomogeneity as well as first and last echo information to detect the vegetated areas. 
This method has its advantage of not using a second source of data like the digital 
terrain model or an orthophoto which would have a negative impact in the accuracy of 
the results. 

The detection of high vegetation in urban areas (single trees, groups of trees and small 
forests next to residential areas) is needed for several applications. Classified 
vegetation and derived parameters, such as height, volume and density, are used in 
urban planning, urban ecology and 3D city modelling. 

 

2.4.2. Building extraction 

Various methods using dense point cloud dataset are essential elements in the large-
scale and automated building extraction. Building extraction is the process that 
consists of several steps including:  detection, geometric reconstruction, attribution of 
building outlines and 3D models of buildings. Building detection as the first step in the 
extraction of the information on buildings can be defined as a classification task which 
separates buildings from other objects such as natural and artificial ground (lawn, 
roads) and vegetation (bushes, trees) or other object standing next to the building 
regions. 

Many approaches are proposed to detect the buildings or parts of them like walls and 
roofs of the objects. Höfle et al. (2009) combined raster and point cloud-based GIS 
analysis as input data respectively normalized Digital Surface Model (nDSM) and a 
slope-adaptive echo ratio raster as basic features in order to derive reliable building 
candidate regions. Rottensteiner (2013) uses a method for automated generation of 3D 
building models from point clouds generated by ALS, thus divides the method into 
two steps: detect building candidate regions in the digital surface model (DSM) by a 
classification of LIDAR points and then execute a geometric reconstruction of these 
regions. On the other hand, one of the oldest and most cited papers regarding the 
extraction of building regions is presented by (Maas et al. 1999). In contrast to the two 
methods above that were using also additional DSMs in order to separate building 
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regions from other objects they proposed two algorithms based on laser scanning point 
clouds without the requirement of an interpolation to a regular grid. The first approach 
is based on the analysis of invariant moments of point clouds: closed solutions for the 
parameters of standard gable roof house types are derived from 0th, 1st and 2nd order 
moments, and asymmetries such as dorms on the roof are detected and modelled. The 
second approach is a data driven technique based on the intersection of planar faces in 
triangulated points. 

Building detection plays a role in many practical applications in the generation of 3D 
city models and further on for tourism information systems, city marketing, intermodal 
navigation systems, microclimate and noise propagation simulations and computer 
games. 

 

2.4.3. Water, ground and vehicle segmentation 

Beside the ongoing work in the detection of vegetated areas and extraction of building 
regions, a hot topic is also the detection of water and ground regions as well as 
vehicles in urban areas from 3D LIDAR data.  

Water surface reflects in a specular form most of the emitted laser pulses and absorbs a 
few. The reflectance and absorption rate depend on the angle of incidence and the 
wavelength of the laser light. According to (Vetter et al. 2009), studies on hydrology 
or geomorphology such as monitoring of braided river structures, calculation of 
erosion and accumulation potential in watercourses, or floodplain mapping require all 
the precise location of the water surface. They proposed an approach to distinguish 
water and non-water echoes from the 3D ALS point cloud by using geometry and 
signal amplitude values, where water is characterized by low amplitude values (under 
25), approximate 10-20 % of the whole range of the signal amplitudes(excluding 
outliers) and a high number of dropouts. 

Ground point segmentation and classification is the task of classifying LIDAR point 
clouds into two classes: ground and non-ground. Once point clouds have been 
classified, a Digital Terrain Model (DTM) can be extracted from ground-labelled 
points, as presented in section 2.3. Usually the detection is performed by using height 
as a primary feature of the point clouds. Unlike the DTM generation, ground 
segmentation intends to group ground points with similar properties based on specific 
requirements. Vosselman et al. (2004) proposed a method using filters to extract 
ground from other laser altimeter data, where height differences between ground 
points are used to determine the optimal filter function. 

Because vehicle points are very close to the ground surface they are subject to be 
regarded as ground points. Therefore, a challenging task is to detect vehicles from the 
point cloud data due to variety of vehicle types, scene complexity and point density. 
Several attempts have been made to separate them from other objects, where context-

https://www.tuwien.at/bibliothek
https://www.tuwien.at/bibliothek


D
ie

 a
pp

ro
bi

er
te

 g
ed

ru
ck

te
 O

rig
in

al
ve

rs
io

n 
di

es
er

 D
ip

lo
m

ar
be

it 
is

t a
n 

de
r 

T
U

 W
ie

n 
B

ib
lio

th
ek

 v
er

fü
gb

ar
.

T
he

 a
pp

ro
ve

d 
or

ig
in

al
 v

er
si

on
 o

f t
hi

s 
th

es
is

 is
 a

va
ila

bl
e 

in
 p

rin
t a

t T
U

 W
ie

n 
B

ib
lio

th
ek

.
D

ie
 a

pp
ro

bi
er

te
 g

ed
ru

ck
te

 O
rig

in
al

ve
rs

io
n 

di
es

er
 D

ip
lo

m
ar

be
it 

is
t a

n 
de

r 
T

U
 W

ie
n 

B
ib

lio
th

ek
 v

er
fü

gb
ar

.
T

he
 a

pp
ro

ve
d 

or
ig

in
al

 v
er

si
on

 o
f t

hi
s 

th
es

is
 is

 a
va

ila
bl

e 
in

 p
rin

t a
t T

U
 W

ie
n 

B
ib

lio
th

ek
.

  

21 

 

based approaches, object-based point cloud analysis as well as machine learning 
methods are among the methods mostly used (Zhang et al. 2014).  

 

2.5. Classification 

After clustering points with same properties into meaningful segments (objects), the 
next step in this work is to categorize them into classes of interest. Classification can 
be defined as the process of converting raw data into meaningful, useful and 
understandable information so that every object that is derived through segmentation 
process would fit to one of the classes. 

Based on (Waldhauser et al.2014), classification tasks can be grouped into human and 
machine-based classifications. Learning based classification can be further divided 
into supervised and unsupervised methods. The former requires initial human classifier 
input to derive a classification of unseen points, while the latter does not, which leads 
to classes that may be not interpretable or relatable to classes that humans would come 
up with. On the other hand, as specified by (Vosselman et al. 2013) algorithms for 
point cloud classification can be categorised as point-based or segment-based. Point-
based classification makes use of point features, like pulse reflectance strength 
(LIDAR) or colour (image), as well as features characterising the point distribution in 
the local neighbourhood of the points, like surface smoothness or local normal vector 
direction. These features are calculated for every point and class labels are assigned 
point by point. In contrast, segment-based approaches first divide a point cloud into 
segments and assign class labels to segments such that all points within a segment 
obtain the same class label. In the classification process a standardized list of classes is 
needed. This was done by ASPRS where classification must adhere to the following 
standard: 
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Table 2.1: ASPRS Standard LIDAR Point Classes 

Because in this thesis a supervised classification, in particular classification and 
regression trees (CART) are used to categorise the derived objects from the 
segmentation process into classes, a short overview on supervised classification is 
given. 

 

2.5.1. Supervised classification 

The idea behind supervised classification is to automatically derive classification rules 
from a small training set, so that a larger, unseen data set can be classified 
automatically using the model derived from the former. For that purpose, the training 
data needs to be classified already. Usually, this initial classification is achieved by 
manual class assignment to the points. This training data is then used to build a model 
or equally train the classifying algorithm where the model itself provides the 
classification of unseen data (Waldhauser et al. 2014). 

The most used supervised classification algorithms are: decision trees, neural 
networks, k-Nearest Neighbour, Naive Bayes classifiers and Support Vector Machines. 
Decision trees are a powerful classification technique, where a simple tree workflow is 
shown in the figure below. 

https://www.tuwien.at/bibliothek
https://www.tuwien.at/bibliothek


D
ie

 a
pp

ro
bi

er
te

 g
ed

ru
ck

te
 O

rig
in

al
ve

rs
io

n 
di

es
er

 D
ip

lo
m

ar
be

it 
is

t a
n 

de
r 

T
U

 W
ie

n 
B

ib
lio

th
ek

 v
er

fü
gb

ar
.

T
he

 a
pp

ro
ve

d 
or

ig
in

al
 v

er
si

on
 o

f t
hi

s 
th

es
is

 is
 a

va
ila

bl
e 

in
 p

rin
t a

t T
U

 W
ie

n 
B

ib
lio

th
ek

.
D

ie
 a

pp
ro

bi
er

te
 g

ed
ru

ck
te

 O
rig

in
al

ve
rs

io
n 

di
es

er
 D

ip
lo

m
ar

be
it 

is
t a

n 
de

r 
T

U
 W

ie
n 

B
ib

lio
th

ek
 v

er
fü

gb
ar

.
T

he
 a

pp
ro

ve
d 

or
ig

in
al

 v
er

si
on

 o
f t

hi
s 

th
es

is
 is

 a
va

ila
bl

e 
in

 p
rin

t a
t T

U
 W

ie
n 

B
ib

lio
th

ek
.

  

23 

 

 

Figure 2.7: Decision tree diagram concept 

A widely known algorithm for building decision trees is Classification and Regression 
Trees (CART) presented by (Breiman et al. 1984). Trees are directed graphs beginning 
with one node and branching to many. Each node can be thought as a single decision 
point, where based on the value of a specific point feature, the tree is split into further 
branches. In the ALS processing the leaf nodes represent the classes and the branches 
the trained thresholds and conditions for the features that lead to the categorisation in 
the end. Homogeneity at each node is measured using the Gini impurity criterion Gi as 
a measure. At each consecutive split, the threshold chosen is based on the split which 
most reduces overall node impurity. So, a node is “pure” (gini = 0) if all training 
instances it applies belong to the same class (Geron, 2017). 

  𝐺𝑖 = 1 − ∑ 𝑝𝑖,𝑘2𝑛
𝑘=1  

    

pi,k…is the ratio of class k instances among the training instances in the ith node. 

 

 

 

 

 

(7) 
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2.6. Outliers in laser scanner point clouds 

Segmenting objects in 3D point clouds is not a trivial task. The point cloud data are 
usually noisy, sparse, and unorganized. Outlier detection in laser scanner point clouds 
is an essential process. According to (Hawkins, 1980) an outlier is an observation that 
deviates so much from other observations as to arouse suspicion that it was generated 
by a different mechanism. 

 

Figure 2.8: Point cloud cleaning procedure. Outlier point manual selection (a), selected 
outlier points (b), cleaned point cloud after outlier deletion (c) and final point cloud 

after noise filtering application (d). (Bianco et al, 2013) 

 

 

2.6.1. Sources of outliers 

Big errors or outliers can cause from different sources and they are mainly 
measurements that do not belong to the local neighbourhood and do not obey the local 
surface geometry. Thus, they cause serious problems in the further steps such as 
segmentation or mesh generation. Sodooteh (2006) mention some important reasons of 
the appearance of outliers are: 

1. Boundaries of occlusions: Since the footprint of the laser beam is not a 
geometrical point but an ellipse, while it hits a boundary of an occlusion (the 
boundary of an object that occludes other objects behind with respect to the 
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radiation line of site), it is divided into two parts where each of which radiate 
one of the front and the back surfaces incident to the occlusion boundary. Thus, 
the irradiance (reflected flux) at this point would be a weighted average of the 
irradiance reflected by both surfaces. 

2. Surface reflectance: Based on the principle of ALS the beam emitted from the 
scanner travels with a constant velocity to the object of interest and its echo is 
reflected. The problem arises when the reflectance of the objects is too high or 
low such that the receiving detector cannot resolve the detected beam. 
Examples of such surfaces are: black objects, glasses and slick metal surfaces. 
According to (Belardin 2004), these structures generate two key effects on the 
geometric measurement: a bias in the distance measurement, as well as an 
increase in noise level. 

3. Multi path reflection: If the backscattered echo is not reflected to the detector 
but instead hits another object to its way back, then it will lead to the multipath 
reflection error. This secondary reflection is more effective than the first 
reflection directly from the first surface. Therefore, incorrect measurements 
appear in the point cloud. 

 

 

 

 

 

 

 

 

 

 

 

 

https://www.tuwien.at/bibliothek
https://www.tuwien.at/bibliothek


D
ie

 a
pp

ro
bi

er
te

 g
ed

ru
ck

te
 O

rig
in

al
ve

rs
io

n 
di

es
er

 D
ip

lo
m

ar
be

it 
is

t a
n 

de
r 

T
U

 W
ie

n 
B

ib
lio

th
ek

 v
er

fü
gb

ar
.

T
he

 a
pp

ro
ve

d 
or

ig
in

al
 v

er
si

on
 o

f t
hi

s 
th

es
is

 is
 a

va
ila

bl
e 

in
 p

rin
t a

t T
U

 W
ie

n 
B

ib
lio

th
ek

.
D

ie
 a

pp
ro

bi
er

te
 g

ed
ru

ck
te

 O
rig

in
al

ve
rs

io
n 

di
es

er
 D

ip
lo

m
ar

be
it 

is
t a

n 
de

r 
T

U
 W

ie
n 

B
ib

lio
th

ek
 v

er
fü

gb
ar

.
T

he
 a

pp
ro

ve
d 

or
ig

in
al

 v
er

si
on

 o
f t

hi
s 

th
es

is
 is

 a
va

ila
bl

e 
in

 p
rin

t a
t T

U
 W

ie
n 

B
ib

lio
th

ek
.

  

26 

 

 

 

Chapter 3 

Study area and Datasets 

The study area is located in the city of Vienna, Austria, more exactly it covers the area 
of Karlsplatz and Stadtpark. This region is chosen because it contains all the classes of 
interest which firstly will undergo segmentation process to get the meaningful objects. 
These objects include a variety of plants and vegetation as well as a large area covered 
by buildings and ground. Because it is an urban area many vehicle objects can be 
detected as well as power lines and water regions. 

The full-waveform airborne LiDAR data were obtained in the city-wide laser scanning 
campaign in the autumn season 2015. Data acquisition was performed with a Riegl 
LMS-Q560 and Riegl LMS-Q680i by the company Airborne technologies under the 
contract of the Municipality of Vienna. Riegl LMS-Q560 system uses near-infrared 
(1500 nm) laser pulses with a pulse length of 4 ns. Further settings are a pulse 
repetition frequency up to 240 kHz, scan angle range of ± 22.5° and a beam 
divergence of 0.5 mrad. Full-waveform recording can be done with 1 ns temporal 
resolution. The average echo density of the LIDAR dataset covering the study area is 
16 echoes per m2. Riegl LMS-Q680i is a long-range airborne laser scanner using a 
powerful laser source, multiple time around processing and a digital full waveform 
analysis. This combination allows the operation at varying flight altitudes and is 
therefore suited for aerial survey of complex terrain. General settings are a pulse 
repetition frequency up to 400 kHz, scan angle range of ± 30° = 60° total and a beam 
divergence of 0.5 mrad. Full-waveform recording can be done with 0.001° angle 
measurement resolution with a high ranging accuracy up to 20 mm. For each echo 
signal, high resolution 16-bit intensity information is provided which can be used for 
target discrimination and/or identification/classification. 

As mentioned above from the data acquirement two tiles were chosen: T229 and T256, 
the areas that cover Karlsplatz and Stadtpark. Both tiles are in OPALS Datamanager 
(ODM) format, which is the OPALS format for handling and processing large LIDAR 
data. The dimensions of these tiles are 1270m X 1020m. The whole master thesis work 
was done using a HP Omen 2015 Laptop. This is a gaming laptop with a processor 
Intel® Core (TM) i7-6700 CPU 2.60 GHz and 16 GB RAM. Still, even with these 

https://www.tuwien.at/bibliothek
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performances, this was not good enough to process both of the tiles at once in OPALS 
because of their huge file size (T229 has 6.3 GB and T256 4.5 GB). Given these file 
sizes and the large processing effort, in order to perform the computation, the solution 
was to split the tiles into sub-tiles where each of them was divided into nine parts with 
the dimension 425m X 340 m. They were labelled v_01.odm to v_09.odm for the tile 
T229 and v_10.odm to v_18 for the tile T256. In the figure below the partition of the 
two tiles into eighteen sub-tiles is shown. 

 

 

Figure 3.1: The partition of tile T256 and T229 
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Figure 3.2: Point Cloud Dataset  
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Chapter 4 

OPALS 

OPALS, an acronym of Orientation and Processing of Airborne Laser Scanning data, 
is the program used in this thesis. This software developed by Vienna University of 
Technology is a modular program system consisting of small components (modules) 
grouped thematically in packages. The aim of OPALS is to provide a complete 
processing chain for processing airborne laser scanning data (waveform 
decomposition, quality control, georeferencing, structure line extraction, point cloud 
classification, DTM generation) and several fields of application like 
 forestry, hydrography, city modelling and power lines).  

Because modern ALS sensors provide a huge amount of data (several million points 
per km²), efficient management of point cloud data is a precondition for successful 
processing of ALS projects. Within OPALS, the administration of point and line 
related geometries is based on the OPALS Data manager (ODM).  

Points are the primary data source, however, line and polygon geometries (i.e. 
structure lines, vegetation layers, building boundaries, etc.) must be handled as well. 
To achieve maximum performance, the ODM splits point data and more complex 
geometry objects into two separated spatial indices:  

• Spatial index of point data  
• Spatial index of complex geometries 

Handling arbitrary attributes for each geometry object is the second key feature of the 
ODM. This make each odm file comparable to a database table. Therefore, nearly any 
file format can be represented loss-free within the ODM. In general, attributes can be 
divided into two different groups 

• predefined attributes (attributes with semantic) 
• user-defined attributes (attributes without semantic) 

 

https://www.tuwien.at/bibliothek
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https://opals.geo.tuwien.ac.at/html/stable/pkg_opalsQuality.html
https://opals.geo.tuwien.ac.at/html/stable/pkg_opalsGeoref.html
https://opals.geo.tuwien.ac.at/html/stable/pkg_opalsGeomorph.html
https://opals.geo.tuwien.ac.at/html/stable/pkg_opalsClassify.html
https://opals.geo.tuwien.ac.at/html/stable/pkg_opalsClassify.html
https://opals.geo.tuwien.ac.at/html/stable/pkg_opalsSurface.html
https://opals.geo.tuwien.ac.at/html/stable/pkg_opalsForest.html
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4.1. Modules 

As described above, OPALS consist of modules which are the key components with 
each of them having specific tasks in order to provide an automatic processing chain 
for ALS data.  In the majority of cases, the results of one module serve as input for the 
next module and so on. Thus, almost all OPALS modules provide input and output 
parameters (typically: inFile, iFormat, outFile, oFormat). Additional parameters either 
control the specific structure of the module output (e.g. gridSize, cellSize, tilesize for 
gridding/rasterization operations) or determine the processing behaviour (interpolation 
(method), neighbours (count) or searchRadius (for data selection), ...). These 
parameters can be divided as: mandatory, estimable, optional and abortive. One of the 
main benefits of OPALS is that each module is available in three different 
implementations (commandline executable, python module, C++ class). The workflow 
in this thesis was done in the command line executable form within a DOS/unix shell.  

Below the modules that are used in the pre-processing step as well as segmentation 
and classification process are described. 

• Module Import: As the first step using OPALS, this module converts raster 
and vector data into ODM file. It tries to preserve the full information of 
imported file formats. Therefore, the ODM contains an additional 
administration level, storing header and layer information for each file. Hence, 
it is possible to reproduce the original files from an ODM file (even in case of a 
multiple file import). Currently, module Import supports 6 different vector file 
formats. 

• Module Normals: After turning the file into ODM, the module Normals is 
used to estimates local surface normal vectors for each point of a point cloud 
that is beneficial for many tasks to come. This module provides different 
normal estimators: simple plane, robust plane, fast minimum covariance 
determinant as well as different level of information that will be stored where 
the user can choose not only the NormalX, NormalY, NormalZ, NormalSigma0  
but also the eigenvalues and the corresponding eigenvectors.  

• Module Echo Ratio: Derives and stores the Echo Ratio attribute for points of 
an OPALS data manager. The Echo Ratio as a measure for local transparency 
and roughness and is calculated in the 3D point cloud directly based on the 
ODM with the possibility to calculate a basic or slope adaptive ER.  

• Module PointStats: By analysing the points with its neighbours in the point 
cloud, this module provides statistical parameters characterized as features that 
may be used for further purposes such as a tool to define a user attribute e.g. 
NormalizedZ defined from rank and range. Among statistical features that this 
module supports are: min, range, rank, pcount, majority etc. The selected 
statistical features are calculated by aggregating the signed attribute deviations 

https://www.tuwien.at/bibliothek
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of the feature point and its neighbours from a reference model: zero plane, 
horizontal plane, tilted plane and grid file. 

• Module AddInfo: In this module the already existing point attributes or ones 
derived from other modules (e.g. module PointStats) are combined to define 
new attributes or as defined in OPALS user-attributes such as the attributes 
calculated from the eigenvalues of the confusion matrix (linearity, planarity 
and omnivariance). 

• Module Cell: Derives raster models by accumulating selected features (min, 
max, mean, etc.) of a selected input data attribute (Z, Amplitude, Echo Width, 
etc.) 

• Module Export: Its main objective is to export the data stored in ODM in 
different formats, but it can be also used for other purposes as the partition of 
the ODM file because of its massive file size into smaller parts. Some of the file 
formats that this module supports are: las, shp, xyz etc. 

• Module Segmentation: The calculation of the point features and attributes 
described above, which cover the pre-processing step are then used in the 
segmentation process that is implemented within this module. The module 
provides two different segmentation methods, that are both based on the seeded 
region growing: 

➢ The Conditional Clustering computes segments of points that have local 
homogeneity, defined by a generic filter, allowing a combination of 
different predefined and user-defined attributes. 

➢ Plane Extraction aims to detect planar surfaces from point clouds with 
normal vector information. 

In this module, point features and attributes are combined to perform the 
segmentation by using two filters. The first filter specifies which points 
participate in the segmentation process, where the second filter defines the 
points that can be used as initial seed points of a segment. 

 

4.2. Tree based classification 

Currently OPALS provides the package opalsClassify that contains modules dealing 
with the classification of the ALS point cloud into different classes which is done by 
using tree-based classification as a supervised classification method.  

As mentioned in Chapter 2, supervised classification based on machine learning allows 
classifying unseen data repetition on models that have been trained on a small, 
representative set of training data. The provided solution in OPALS 
utilises CART (Classification and regression trees) modelling as implemented in the 
software package R. After calculating the features and attributes in the pre-processing 
step and segment the points into objects of interest the tree-based classification intends 
to categorize these classes. Thus, defining the correct modules and features is 

https://www.tuwien.at/bibliothek
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fundamental in the classification process which also comprises the first step of the 
classification workflow: feature extraction (preAttribute). The second step consists of 
tree model training (clfTreeModelTrain), as the script used to derive the training data, 
which are used by the machine learning algorithm to build the classification model. 
For the training stage, three central inputs are required: 

• a numerical class list (class label may also be assigned). 

• a list of point attributes that should be used as features for training. 

• training file(s) with points containing, both, the class label (as numeric 
attribute) and the defined feature attributes. 

It is not necessary that all points of the input file(s) have been labelled, but all classes 
must occur in the training dataset as the model cannot be trained for non-existing 
classes. It is important to only use a subset for training where the remaining data can 
be used for cross-validation. 

The training size should be as small as possible (faster computation, higher 
significance of cross-validation) but large enough to build a robust classification 
model. If the training succeeded, the tree model is saved to a file as defined by 
the classificationModel parameter. At the end of the cross validation a confusion 
matrix is printed as a technique for summarizing the performance of a classification 
algorithm. In this case it reveals classes that can be estimated well (w.r.t. completeness 
and correctness) and problematic ones by checking EoO (Error of Omission) and EoC 
(Error of Comission). 

After a satisfactory model has been trained, the model can be applied to classify the 
unseen data using clfTreeModelApply script as the last step and the output of the tree-
based classification. 
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Chapter 5 

Experiments and evaluation 

This chapter provides a detailed description of the approach proposed in this thesis as a 
method to derive better classification results for the seven classes of interest. The 
chapter as well as the method is divided into 3 main steps: pre-processing, 
segmentation and the classification process. The pre-processing step starts with the 
removal of the outliers above and under the point cloud where a DTM generation is 
required, following with the definition of the features and attributes necessary in the 
further processes. Afterwards, in the segmentation process, the seven procedures 
developed to derive objects of interest are given associated with figures which show 
the detected segments.   

In the classification process, as the last step of the approach, using the segmented 
objects as training data, a classification of the points of the dataset is executed based 
on the supervised tree-based classification method provided by OPALS. In the figure 
below, the overall workflow of the method is presented. 
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Figure 5.1: Overall workflow of the developed approach. 
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5.1 Pre-processing 

As the first part of the approach, a pre-processing step will cover the calculation and 
definition of the point features and attributes that are needed in the upcoming 
processes. As mentioned above, the tile sizes of the data were too large to be executed 
in OPALS, that’s why the first task in this process was to split it into nine sub tiles, as 
already mentioned in Chapter 3. This was done by using the module Export. The first 
sub tile labelled as v_01.odm is chosen as a test data. The data used in this thesis 
contains errors that should be removed before deriving the point features and attributes 
so that they are not affected by them. These errors are the outliers or points that are 
considered with large noise in the point cloud, being located above or below the 
correctly measured area.  

The figure below shows the original sub tile v_01.odm (left), where many outliers 
can be detected notably below the ground area. One of the characteristics of the 
outliers is that they are irregular, isolated and not dense compared to the correctly 
measured areas. That is why the module PointStats is used to compute the feature 
pcount. This point feature is computed as the number of neighbouring points within a 
three-dimensional Euclidean distance. For the given datasets a search radius of 3 m 
was chosen. That is because also points located 3 m below the ground in a sphere are 
considered bearing in mind that many objects can be constructed below the ground 
level. After the calculation, areas where pcount is less than 15 points are searched. 
This number of points is chosen because they are enough to remove the noise above 
the surface and at the same time not to rarefy the points of interest. Because these 
areas cover all the outliers above the ground and a small portion of them below the 
surface, another export feature is used to derive a new odm file that is free from these 
outliers that are detected. The results are shown in the figure below (right). It can be 
clearly seen that all the noise points above the ground are removed.  

   

Figure 5.2: The removal of the outliers above the point cloud 

In the figure above, one can see that only the half of the problem is solved, having a lot 
of outliers below the ground even after the use of the feature pcount. According to 
(Pfeifer et al, 2007), as a strategy to reduce the volume of the data, as well as the 
removal of noise points is the interpolation of a DTM by qualified interpolation 
methods that consider the stochastic properties of the data. So, the solution to clean up 
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the whole dataset from the noise is to define a rough digital terrain model with the 
purpose to remove all the outliers below it. Besides having a solution for outlier 
removal, a DTM generation based on (Niemeyer et al, 2012), could be used to 
compute a feature “height above ground”, which in this approach is NormalizedZ that 
discriminates several classes such as ground or building roof. The basic element in the 
generation of DTM is to generate a ground segment of the area using the module 
Segmentation. To achieve it, several features and attributes should be calculated. 
Firstly, using the module Normals, local surface normal vectors for each point are 
estimated. As described in Chapter 4, the normals are used as basis for other features 
and attributes to be computed. Because there is a need to calculate also the eigenvalues 
of the covariance matrix, the parameter "storeMetaInfo", which controls the level of 
information to be stored, is set to "medium". For the normal estimation 16 nearest 
neighbours within a maximum search radius of 1 m have been used. Echo Ratio as the 
measure of local transparency and roughness or how much penetrable is the surface, is 
also a highly important attribute in this research. It is calculated by using the slope 
adaptive method within a search radius of one meter.  

Worth to mention that this attribute is less affected from the outliers so that it will not 
be changed later after their removal. Speaking of the outlier’s influence, the 
NormalizedZ is the most attribute affected. NormalizedZ as a user-attribute is the 
relative point height above ground or the DTM in this case calculated using module 
AddInfo.  

                                      NormalizedZ = range × rank / 100                                     (8) 

The attribute NormalizedZ as seen above, is defined as the rank of the point (between 
0 and 100) in the vertical search cylinder multiplied with the range of z-values in the 
neighbourhood (Otepka et al, 2013). Range and rank are the features calculated by 
using the module PointStats as feature pcount before. Rank is the relative position (0-
100) of the feature point within its vertical neighbourhood (0 if the feature point value 
is the local minimum and 100 if it is the local maximum) and range is the difference 
between the highest and lowest point height in a vertical cylinder with infinite height. 
For each point a cylinder with 1 m search radius was used. Using the three normal 
eigenvalues and the module AddInfo in OPALS linearity, planarity and omnivariance 
are calculated as the last needed attributes to define the ground segment. In the module 
Segmentation the Conditional Clustering is used as a method instead of Plane 
Extraction because of the surface roughness and a slight bending of the ground that 
might appear. A high minimum number of points for a segment (minsegsize = 50000) 
is chosen with a search radius of 2 m. The aim is to get only one big ground segment 
that incorporates all the point belonging to ground. Other attributes used to define the 
DTM segment are: 

NormalSigma0<0.02 and NormalizedZ< 0.2 and _omnivariance < 0.015 and NormalZ > 0.3 
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In the figure below the ground segment is presented. 

 

Figure 5.3: Ground segment extraction for DTM generation 

By using the module AddInfo this segment is stored in the ODM as a user attribute 
_SegmentID_DTM. As said above, using this segment ground as a basis, in the next 
step with the help of the module Cell a raster model is derived with a cell size of 5 m. 
This raster (grid file) is defined using minimum Z-value of all points having a valid 
segment id "_SegmentID_DTM". The raster defined as seen in the figure above has 
many gaps resulting from the removal of buildings and vegetation that can be filled 
using the module FillGaps. Adaptive interpolation method is used, where gaps will be 
filled with a moving plane interpolation with Inverse Distance Weighting. After filling 
the gaps between points, using the module AddInfo the digital terrain model is defined 
by selecting all the points fulfilling the condition: 

                                       _filter_point(boolean)= Z - r [0] > - 2                                  (9) 

 

Figure 5.4: DTM interpolation maximum height tolerance 
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This means that to the DTM model belong all the points where the difference between 
the height Z of the points and the grid file r[0] is greater than 2 m. The threshold of 2 
m is chosen because of the objects that are constructed below the ground level. With 
the use of module Export, a new odm file v_01pd.odm is created that removes all 
the points that do not fulfil the condition above, deriving the proper file to be used for 
further work. The new v_01pd.odm file, which is free from the outliers, is presented 
in the figure below. 

 

Figure 5.5: The removal of all noise points using the coarse DTM 

The odm file shown in the figure above is the fundamental element to define proper 
features and attributes not affected from the outliers because their errors would 
influence the segmentation and classification process. So, the first step is to calculate 
again the rank and the range feature in order to achieve a more accurate NormalizedZ 
with a search radius of 1 m and another NormalizedZ with a 10 m search of neighbour 
points that will be used in some segmentation parts and the classification process. The 
reason of defining such an attribute will be discussed in the next chapter. The removal 
of outliers above and below the point cloud dataset and the definition of the required 
features and attributes completes the pre-processing step as a basis for the further 
processes to come.  

 

5.2 Segmentation process 

Based on point features and attributes defined in pre-processing step, the segmentation 
process aims to derive object-segments of interest. There are seven segmentation 
algorithms to define: vegetation, building roof, building wall, ground, vehicle, power 
line and water segmentation. Segmenting these objects is done by using the module 
Segmentation and depending on the object to be detected one can use either 
Conditional Clustering or Plane Extraction method.  

The first segmentation task is the detection of vegetated areas. In this thesis, the 
vegetated areas are not split into high, medium and low vegetation but are intended to 
be detected in general as one type of objects. As a segmentation method, the 
Conditional Clustering is used with a very low segment size (MinSegSize = 50). 
According to (Höfle et al, 2010), points with high Echo ratio and a height of 0.5 m 
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above the ground surface are assumed to indicate vegetation areas. Moreover, 
eigenvalues of the covariance matrix: linearity and planarity are used as well to 
specify vegetation segments. As initial seed points, high omnivariance is used because 
of the volumetric point distribution that characterise the vegetated areas. The 
vegetation segmentation algorithm result is given in the figure below. In total, 361 
vegetation segments are detected and saved as a user-attribute (_SegmentID_Veg) as 
shown in the figure below. 

 

Figure 5.6: Detected segments of points representing the vegetation class 

Building detection is divided into the extraction of building roofs and walls. The latter 
represents the second algorithm in this thesis. For the wall detection the plane 
extraction method is used with a search radius of 2 m. A very important feature that 
plays a significant role in the detection of walls is the NormalZ which represents the Z 
value of normal (unit) vector oriented upwards toward the positive Z-axis. Because the 
wall points are located on the sides of the building, they have a lower NormalZ. This is 
due to the change of the normal vector point’s direction. Other attributes used in this 
procedure are: low NormalSigma0 because of the smoothness of the wall points and 

NormalizedZ of 0.2 m to detect wall points above the ground surface. From the wall 
segmentation and in the future algorithms to come, an additional attribute will be used 
to ignore the already segmented areas. This attribute is saved in the odm file as a user-
attribute (e. g. not _SegmentID_Veg). It is applied in the wall segmentation where the 
segmented vegetation areas do not participate in the detection of wall points. This may 
help in the further detection of objects by not allowing the algorithm to consider the 
detection of the already segmented points. Beside the algorithm, in the figure below 
the wall segments are shown using View module. There were 727 wall segments 
detected using this method. 
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Figure 5.7: Extracted wall segments result 

Building roofs identification is a more complicated task because of the variety of roofs 
to be detected. Generally, we distinguish between two types of roofs: flat and slanted 
roofs. In order to obtain more and better roof segments, two roof algorithms are 
developed. The first one is a general roof segmentation with special emphasis on 
slanted roofs as the most common type of roof object in the dataset. Plane Extraction 
method with a minimum segment size of 500 points is used to derive 463 roof 
segments. Höfle et al. (2013) proposed seed points with high Echo Ratio and a 
NormalizedZ of 2 m for the detection of building roofs. High Echo Ratio is a 
characteristic also for the Ground segmentation compared to vegetation areas which 
have lower Echo Ratio because of the ability of the signal to penetrate these areas. 
Other attributes used in the algorithm are: a very low omnivariance because roofs are 
mostly smooth and not volumetric as vegetated areas, a NormalizedZ greater than 3 m 
based on the assumption that the building height should be at least that high. These 
attributes are a good indicator that there are features and attributes that can be used in 
many segmentation algorithms with different values to define different objects of 
interest. The results of the first roof segmentation method are shown in figure 5.7.  
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Figure 5.8: Gable roof objects (segments) detection 

In the figure above, the encircled area shows a flat roof not detected by the former 
algorithm even that it did give satisfactory results on other roofs. In order to extract 
also the flat roofs a second roof algorithm is developed that would complement the 
former and so both of the algorithm results to be used in the training data as building 
roof segments. In the same area in the figure below the flat roof is detected showing 
the importance of using more approaches for the same object that may be shown in 
different types. These results were acquired by using a lower NormalizedZ and a 
higher rank value in contrast to the first roof algorithm. 

  

Figure 5.9: Flat roof objects (segments) detection 

The next algorithm provides ground segments, used as a basic element for 
classification of the points in the class Ground. Like the Ground segmentation used to 
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define the rough DTM in the pre-processing step, the Conditional Clustering method is 
used with a 2 m radius of searching points with a very large segment size (minSegSize 
= 5000). The attributes used to define ground points are the NormalizedZ which has a 
low value (seed points have a value of NormalizedZ< 0.5 m), low omnivariace and 
high Amplitude in order to distinguish them from water areas. As a result, 17 ground 
segments are detected, which are shown in the figure below. The figure shows the 
impact that proper features calculated in the pre-processing step may have in the 
segmentation process. Free from the noise points as one will see in the next chapter, 
the relative height used in this process NormalizedZ provides valuable results to be 
used in the training model.  

 

Figure 5.10: Ground segmentation algorithm results 

The dataset used in this thesis as an urban area may contain a lot of vehicles which are 
the next objects to be detected. The algorithm developed to extract these objects has a 
relatively small search radius of the neighbour points (search Radius is 0.3 m) because 
vehicle points are very dense. A small segment size is used to extract them due to the 
low number of vehicle points captured by ALS measurements. According to (Zhang et 
al. 2014) the vehicles as man-made objects require a specific filtering. It is difficult to 
separate some vehicle points from ground points because they are very close to the 
ground surface and they are subject to be regarded as ground points. That is why, the 
most important attribute used in this approach is a very specific NormalizedZ 
(0.2<NormalizedZ < 1.8) considering the height of the vehicle and a high rank value. 
Still, many vehicles are not covered due to their irregular forms and their location 
close to ground surface. Again, 123 vehicle objects are segmented which will be used 
in the classification process as training data to categorize the points in the dataset into 
the vehicle class. The vehicle segments defined from the algorithm developed are 
shown in the figure below.  
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Figure 5.11: Vehicle objects detection 

Similar to vehicle objects, power lines are very common objects in urban areas, which 
compared to vehicles contain discrete characteristics making them easier to be 
detected. This characteristic is their high linearity which as an attribute in OPALS is 
derived using the eigenvalues of the covariance matrix in the module AddInfo as 
described in the pre-processing step. By analysing the algorithm developed to detect 
these objects, one can see the very low segment sizes and Echo Ratio. This is because 
of the rare power line points that could be detected by the ALS scanner which makes 
the object neighbourhood very penetrable, but power line segments have a very high 
linearity and rank feature that are used to extract 31 segments as shown in figure 5.11. 
The rank feature is also a very important tool in this algorithm due to its ability(the 
relative position of the points with its neighbour is very high to power line objects 
compared to wall segments which may depend on the height of the objects) to remove 
wall points being segmented as power line objects.  

 

Figure 5.12: Power line objects extraction 
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The seventh and last algorithm in the segmentation process is the detection of water 
regions in the point cloud. Based on (Vetter et al 2009), water is characterised with 
low Amplitude which in this thesis is used as the main feature to detect water regions. 
Points with low Amplitude are used as seed points of the segment. To detect water a 
lower Echo Ratio value is used as well as the NormalizedZ which is less than half a 
meter like the ground detection. Using this algorithm just one segment is defined as 
water considering the lack of water regions in the sub tile v_01.odm used as test 
data.  

In the table below, a general overview of the used attributes for each segmentation is 
given. As one can see, a few point features and attributes are used as a basis to derive 
the segments of interest.  

 

Table 5.1: Features and attributes used in the segmentation process 

 

5.3 Classification and final results 

As the final step in this approach, the classification process starts with the combination 
of the already defined segments in the last process, which in this case represent the 
training data, needed in the tree model training. In general, there are three steps 
(commands) to perform a full classification workflow: 

1. feature extraction (preAttribute.py) 
2. tree model training (clfTreeModelTrain.py) 
3. application of the trained model (clfTreeModelApply.py) 

The first command of the opalsClassify-packages represents the computation of 
significant point attributes, needed for the classification process. Because most of the 
attributes are already used in the segmentation, this preAttribute-script is replaced by 
the presented pre-processing step. The computed attributes from the pre-processing 
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step, as well as the class labels from the segmentation step, can be used for the training 
of the model. 

Beside the training data, two input 
parameters have to be set: First, a numerical 
class list in which the points will be 
labelled. In this thesis, seven types of 
objects are observed which are categorised 
into seven classes as seen in the table below 
based on the ASPRS Standard LIDAR Point 
Classes mentioned in the Chapter 2. These 
classes were an object of study in the 
segmentation process where the relevant 
classes are derived in the seven 
segmentation algorithms. 

Secondly, a list of attributes that are used as features are needed. This is an important 
task, because the chosen attributes are decisive for the classification results. In this 
case, the attributes considered in the classification are: NormalX, NormalY, NormalZ, 
NormalSigma0, Amplitude, linearity, planarity, omnivariance, NormalizedZD10 and 
Rank. After listing the classes of interest and choosing the required attributes the last 
step in the training command is the creation of the training data. As mentioned in 
Chapter 4, it is currently not possible to visually create training data within OPALS, 
due to the lack of an interactive 3D point cloud editor. Still, the module AddInfo 
provides a solution by incorporating the seven segmentation algorithms into a single 
attribute labelled as _trainLabel. Within this attribute each of the segments that 
participate is labelled by their class ID shown in the table above. In the figure below 
the _trainLabel attribute is presented.  

 

Figure 5.13: The seven segmentation algorithms merged as _trainLabel attribute 

CLASS ID CLASS NAME 

2 Ground 
5 High Vegetation  
6 Roof 
30 Wall 
9 Water 
14 Power line 
18 Noise (Vehicle) 

Table 5.2: Class list used in the 
training model 

https://www.tuwien.at/bibliothek
https://www.tuwien.at/bibliothek


D
ie

 a
pp

ro
bi

er
te

 g
ed

ru
ck

te
 O

rig
in

al
ve

rs
io

n 
di

es
er

 D
ip

lo
m

ar
be

it 
is

t a
n 

de
r 

T
U

 W
ie

n 
B

ib
lio

th
ek

 v
er

fü
gb

ar
.

T
he

 a
pp

ro
ve

d 
or

ig
in

al
 v

er
si

on
 o

f t
hi

s 
th

es
is

 is
 a

va
ila

bl
e 

in
 p

rin
t a

t T
U

 W
ie

n 
B

ib
lio

th
ek

.
D

ie
 a

pp
ro

bi
er

te
 g

ed
ru

ck
te

 O
rig

in
al

ve
rs

io
n 

di
es

er
 D

ip
lo

m
ar

be
it 

is
t a

n 
de

r 
T

U
 W

ie
n 

B
ib

lio
th

ek
 v

er
fü

gb
ar

.
T

he
 a

pp
ro

ve
d 

or
ig

in
al

 v
er

si
on

 o
f t

hi
s 

th
es

is
 is

 a
va

ila
bl

e 
in

 p
rin

t a
t T

U
 W

ie
n 

B
ib

lio
th

ek
.

  

46 

 

The segmentation process due to the use of the features and attributes to segment the 
objects of interest did also leave many points not segmented in any of the algorithms 
developed for that purpose. That can be seen using the module Info, which gives 
statistical information of the attributes and features of the odm file. As the v_01.odm 
contains 8516785 points, the attribute _trainLabel covers 3216858 points or 37.77 % 
of the all points. To acquire better classification results, the segmentation algorithms 
should derive very accurate segments and a higher number of points have to join the 
training data attribute, _trainLabel in this case. This was possible, using module 
PointStats to derive the feature majority. This feature returns the major value for a 
given area. For points that have not been labelled yet, a class-label can be determined 
based on the majority class in a very local neighbourhood. In this case, the majority 
class was extracted within a 1 m neighborhood of a point. The ZeroPlanes was used as 
a reference model which aggregates absolute attribute values. As an output, the new 
training data as the attribute _trainLabelMajority is derived which covers 71.47 % of 
all points in the dataset, almost twice as much compared to _trainLabel. The 
difference in density compared to _trainLabel can be seen in the figure below, which 
shows the new training data with the use of the feature majority.  

 

Figure 5.14: The training data after using feature majority 

For the tree training model 60 % of the training data are used, leaving 40 % for the 
cross validation to allow the estimation of the accuracy of the created model. 

After defining a list of classes, the attributes needed for the classification and the 
training data, the second command (tree model training) is performed using OPALS 
Shell where the corresponding training subset (training size of 60 %) is transferred to 
R to perform the actual training. The running script derives a histogram of 
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classification ids which is presented in the table below. It shows the distribution of the 
training data points in the seven classes, where most points are labelled as ground class 
followed by building roof and vegetation.  

Id Label Count Percentage 

2 Ground 2235943 36.7 

5 
High 

Vegetation 
1131712 18.6 

6 Building 2011463 33.0 
9 Water 0 0.0 

14 Power line 5049 0.1 
18 Noise (Vehicle) 24421 0.4 
30 Wall 678417 11.1 

Table 5.3: Absolute and relative occurrence of class labels within the training set 

The cross validation gives the following overall accuracy rates: 

• Overall miss-classification rate      5.2% 

• Overall accuracy                             94.8% 

Subsequently, the confusion matrix with all classes is shown in Figure 5.14. Analysing 
the confusion matrix, one can see that classes with the highest completeness rate (over 
90%) are ground, roof buildings and vegetation. Water is not shown because this class 
is not present in the dataset. That is why in the table above no points were labelled as 
water. The class 14 and 18 which represent the power line and vehicle objects lack to 
complete the estimated classification. As for the vehicle objects, 58 % of the objects 
are classified as vehicles after the classification where the rest is categorized as ground 
because the vehicles are very close to the ground surface. But, based on the reference 
classification, 75.3 % are positively detected as vehicle objects, which indeed is a good 
indicator of the vehicle algorithm effectiveness. The power line segments are at least 
classified, only 41.7 % of all estimated power line objects are completed as Power line 
class, but a good sign is that more than 90 % of the of power line objects are correctly 
classified based on the reference classification. 

 

Figure 5.15: Confusion matrix of sub tile v_01pd.odm 
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With an overall accuracy of 94.8 %, the training model provides acceptable results to 
be applied in the next command (clfTreeModelApply), which will use it to classify all 
the points in the dataset as a final step in this thesis. After running the last command, 
the v_01pd.odm contains the estimated class label added as an attribute _classEstim1, 
showed in the figure below colourised with the colour map name classpal_las. 
Analysing closely the classification output, one can see the presence of single points 
that are misclassified in areas where most points are categorized to other class object. 
For example, in vegetated areas there are points classified as buildings or due to the 
similar forms of chimneys on roofs as vegetation, many of their object points are 
classified as vegetation. This leads to the need of a segment classification of the point 
cloud, which would prevent the misclassification of single points. 

 

Figure 5.16: _classEstim1 attribute as the result after the classification process 

 

5.4 Test Data 

The developed approach in this chapter was evaluated by using a sub tile of the tile 
T256, labelled as v_184.odm. The file covers an area of 317m X 255m and contains 
1132632 points. The chosen sub tile compared to the former sub tile used as training 
data includes the class water and a part of the Wien River considered as an 
underground object located approximately 9 m below the ground surface. These two 
characteristics of the sub tile are used to test the robustness of the approach with 
respect to noise points. In contrast to the approach used in the training data, the only 
difference in this instance is the use of 9-meter DTM interpolation due to the inclusion 
of the Wien River.  
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After calculating the point features and attributes, the seven classes are derived from 
the segmentation process, which are used then in the creation of the training model. 
The cross-validation results are given below: 

• Overall miss-classification rate     1.6% 

• Overall accuracy                            98.4%  

These results show a very high overall accuracy of the remaining data where the 
confusion matrix shows again very good classification results for classes ground, 
vegetation, building roof and wall. Due to the presence of water, the class Water is 
present in the confusion matrix where only 37.4 % of the detected water in the 
algorithm is classified as water points with many points categorised as Ground due to 
the similar properties of two classes. Based on the reference classification, 69 % of 
water points are correctly classified. Classes 14 and 18 are again debatable, in this 
dataset these classes are slightly detected due to the small size of the sub tile chosen 
but also the errors that come from the miscalculated features because of the presence 
of the underground objects (Wien River). All objects detected are then categorised as 
power line or vehicle but none of them are correctly categorised according to the 
reference classification. 

 

Figure 5.17: Confusion matrix of test data v_184pd.odm 

Beside the findings of the cross-validation, analysing the figure below many anomalies 
may be detected. For instance, in order to comprise the ground level of the Wien River 
in the interpolation of DTM, nine-meter of points to the ground surface are considered. 
This leads to the presence of outliers to these areas up to 9 meters under the ground 
surface. The presence of the outliers influences the calculation of the features and 
attributes which then affect the segmentation algorithm results. The most important as 
well as the most influenced attribute in this case is the NormalizedZ. Such an incorrect 
attribute leads to the misclassification of the roof buildings as ground points or the 
ground area near the Wien River categorized as roof. Such an error affects other 
algorithms, like the vehicle detection which is closely related to its relative height. The 
vehicle segments located in the bridge are misclassified as ground, vegetation or roof 
points because the NormalizedZ is calculated from the ground level of the Wien River 
and not the bridge itself.  
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Figure 5.18: Classification result of v_184pd.odm 

Considering the findings above, one can state that the approach is very sensitive due to 
the presence of objects under the ground surface. The interpolation of these objects by 
the coarse DTM defined to remove the noise points will affect the calculation of point 
features and attributes and so the segmentation and classification process in general. 
This questions then the robustness of the approach when in the point cloud dataset 
underground objects are present.  

 

5.5 Cross-validation of the classification 

The specified classification accuracies represent the internal accuracy of the CART 
classification, because points that were not included in the segmentation are not 
examined. For a qualitative analysis, a dataset (aoi_09_classified_final.odm) 
that covers a small area manually classified is chosen. In this regard, only classes that 
are present in both the manual classification and the approach developed in this thesis 
are considered: vegetation, roof, wall and ground. After executing the pre-processing, 
segmentation and classification step of the chosen data the estimated class label 
attribute _classEstim is computed. The attribute _classEstim is shown in figure 5.18.  
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Figure 5.19: Classification of the manually classified dataset 
aoi_09_classified_final.odm 

The cross-validation is then performed, by considering attribute Classification which 
contains the manual classification of the dataset and _classEstim. As a result, the cross 
validation gives the following overall accuracy rates: 

• Overall miss-classification rate       13.1% 

• Overall accuracy                              86.9% 

Moreover, the confusion matrix is printed. Class Ground and Building roof based on 
reference classification which in this case is the manual classification, showed high 
classification accuracy (over 97 % of the points are correctly classified). Vegetation 
performed also well with 78.4 % of the points correctly classified but lacked in 
completeness where 58.6 % of the vegetation points is classified as vegetation.  In 
contrary, only 58.3 % of the detected wall points were correctly classified in 
comparison with the reference classification, while a high completeness of 90.8 % was 
achieved.  

 

Figure 5.20: Confusion matrix of the attributes Classification and _classEstim. 
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Chapter 6 

Discussion 

The overall development of the new approach in this master thesis was accompanied 
with issues that had to be solved in order to derive satisfactory results as shown in the 
last chapter. In this section, many of these difficulties are discussed. 

Since the beginning of the research process, the size of the two tiles provided were too 
large to be processed. Using a personal laptop made it even more impossible, so the 
partition of the tiles was required. The problem arises with the size of the sub tiles that 
would be divided. They should fulfil two conditions: First, they had to be small 
enough to be processed and secondly, consist of enough points or data to derive 
meaningful segmentation and classification results. So, the division of the two tiles 
into nine tiles respectively, left enough data to fulfil the two conditions above. The 
largest and smallest sub tile are shown in the table below. 

Name (sub tile) Point Count Point Density 

v_02.odm 11973330 194.67 

v_18.odm 4903884 65.24 

Table 6.1: Statistical parameters (Point Count and Density) for sub tile v_02.odm 
and v_18.odm 

As the first sub tile v_01.odm was chosen as a test data, in the pre-processing step 
the presence of outliers was very apparent. The use of a coarse DTM was a reasonable 
solution because it did remove outliers that are 2 m under the ground surface which 
then was significantly useful in the calculation of the attributes needed in the 
segmentation process and the segmentation itself. Due to the characteristics of the 
outliers as isolated points, it is attempted to waive the use of a DTM by filtering the 
point cloud with the features pcount (= points in local neighbourhood). A larger 
pcount (pcount = 25) was used compared to the one used in the last chapter (pcount = 
15), which did of course remove the noise points above the dataset and rarefy the 
outliers under the point cloud. But it did not remove all the outliers. An increase of the 
amount of the point count within a neighbourhood would affect many objects in the 
point clouds that are characterised with low density. Power lines for example as linear 
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objects are very sensitive regarding their density. In the figure below, the influence of 
an increased pcount feature to lower the number of outliers under the point cloud is 
shown (a) and compared with the solution given in this thesis (b).  

   

(a)                                     (b) 

Figure 6.1: Power line point density comparison based on different pcount values (left 
= 25, right = 15). 

As seen in figure 6.1 (a), many power line points are removed due to the use of a 
higher pcount feature, which may affect then also the segmentation process. As a 
prerequisite for better segmentation results, the calculation and definition of the 
attributes used in this regard should be of a major importance. That is why, displaying 
the use of the coarse DTM as a reasonable solution, can be justified also with the 
calculation of the attributes and features that were influenced by the outliers, in 
particular under the ground level. 

For example, there is the computation of one of the most important attributes 
NormalizedZ, from the features rank and range that were calculated using a one-meter 
search of neighbourhoods. In the figure below, it is provided a comparison of the 
NormalizedZ which was calculated before (a) and after the use of DTM (b). As one 
can see in the figure 6.2 (a), the presence of a single outlier that is positioned around 
60 meters under the ground surface may influence the values of the attribute. In this 
case, within a one-meter radius of the ground part colourised as “yellow” has a 

NormalizedZ of 60 meters and the overall area height varies between 0 and over 60 m. 
By using the rough DTM for point cloud filtering such anomalies are removed, 
providing meaningful attribute values as seen in (b) where the ground has a 
NormalizedZ of 1 m, that increases up to 8 m at the highest parts of the tree shown in 
the figure below.  
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(a)                                                                    (b)                                       

Figure 6.2: Outliers influence in the calculation of attribute NormalizedZ 

To show the importance of a correct attribute included in the segmentation process, in 
the figure below, it is presented the difference in the extraction of the ground segments 
when using NormalizedZ that contains outliers (b) and the improved NormalizedZ free 
from noise points (a).  

   

(a)                                                                   (b)                                       

Figure 6.3: Outliers influence in the extraction of ground segments 

The use of a coarse DTM to remove the outliers did improve also other segmentation 
algorithms, where their detection is closely linked with their height. For example, in 
figure 6.4 the detection of vehicles due to the incorrect relative height (NormalizedZ) 
is shown. Vehicle objects were also detected on higher heights (e.g. roofs) regarding to 
the ground surface (b), while (a) shows the improved vehicle algorithm that extracts 
these objects close to the ground segments. This comparison in vehicle detection is 
presented in YZ coordinate position. Even that in (b) more vehicle objects are detected 
the incorporation of the false objects segmented as vehicles does lower the 
effectiveness of the algorithm as the training data requires more qualitative data 
instead of quantitative ones.   
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(a)                                                                   (b)                                       

Figure 6.4: Outliers influence in the vehicle objects detection 

The improved NormalizedZ defined as a user-attribute, showed a positive impact on 
the segmentation algorithms, in particular for ground and roof segmentation. Because 
these algorithms share many similar attributes, a distinctive feature that differs the two 
objects is important. But, a NormalizedZ defined within a 1 m search of 
neighbourhoods showed difficulties to derive especially flat roofs which in large areas 
the inner part is labelled as ground segment due to the lower NormalizedZ values. To 
overcome this issue, a second NormalizedZ attribute is calculated, based on a 10 m 
search as shown in the figure below. The new attribute covers larger areas of roof 
segments enabling the distinction of ground and roof objects. This can be better shown 
in figure 6.5 (c and d) where the flat roof that are often labelled as ground segments 
with the use of a 10 m search of neighbour points distinguished those two objects 
which was not possible with the use of 1 m NormalizedZ or even worse with the 
presence of outliers.  

It is worth to mention that a calculation of a NormalizedZ10 with a search radius 10 m, 
is also very time consuming, where the 10 m processing of the rank and range features 
for the v_01.odm file took over 5 hours. Considering the small size of the file used in 
this thesis as a test data, the calculation of such an attribute for the whole city of 
Vienna should be considered by its importance that it may have in the segmentation 
process. 

  

(a)                                                                   (b)                                       
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(c)                                                                   (d)                                       

Figure 6.5: NormalizedZ and NormalizedZ10 output (a and b) and their impact on the 
extraction of Ground segments (c and d). 

The features calculated from the eigenvalues of the covariance matrix (linearity, 
planarity and omnivariance) with their geometric information describing the local 
distribution of neighbouring points were fundamental in most of the segmentation 
algorithms developed in this thesis. For the extraction of vegetated areas initial seed 
points are selected based on high omnivariance values, due to the vegetation 
characteristics as volumetric objects with high density and irregular geometric shapes. 
The planarity feature as an indicator for flat or planar objects was used to derive 
ground and roof segments, in particular flat roof objects while the linearity feature 
played a significant role in the derivation of power line segments.   

The computation of point features and attributes as well as the segmentation 
algorithms in general accompanied with all the challenges described above, does not 
automatically ensure satisfactory classification results. An important task is the 
selection of the right attributes that participate in the training model. In figure 6.6, it is 
shown the importance of selecting the right attributes in the definition of the training 
model. Compared to the figure 6.6 (a), in the figure 6.6 (b), the rank feature is added to 
the list of attributes, which increased the overall accuracy by 0.7 %. This is not a 
significant improvement but analysing the confusion matrix, one can see the most 
substantial increase to the class 18 which refers to vehicle objects where 2.3 % 
completeness is extended to 58.3 %. This is due to the categorisation of vehicle 
segments in the classification process as ground class because of the lack of a feature 
in the attribute list to distinguish these two objects. The addition of rank which is also 
a basic feature to derive vehicle segments provides much better results where the 
correctness is also slightly increased. The rank feature did also improve the Class 14 
(Power line) up to 10 %, due to the use of the feature in power line segmentation 
algorithms to remove mostly wall points incorrectly segmented as power line objects. 
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(a)                                                                  (b)                                       

Figure 6.6: Confusion matrix comparison by using additional features 

The classification results did not only provide satisfactory results but opens up other 
possibilities in the detection of specific objects such as the Traffic lights hanged in 
power line objects. As seen in figure 6.7 (a and b), even that the power line points are 
categorized in class Power line, the same cannot be said for the traffic lights because 
they do not share the same features and attributes. That is why these objects that 
connect the power line segments are misclassified as building roof or vegetation 
points. This is a good indicator because by using other classification methodologies 
these objects can be classified as traffic lamps. 

  

(a)                                                                   (b)                                       

Figure 6.7: Misclassification of Traffic light objects 
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Chapter 7 

Conclusion 

This thesis presents the potential of airborne laser scanning as an emerging technology 
due to technological advancements in recent years, making it an attractive field of 
study due to its possibilities for applications in photogrammetry, remote sensing and 
geomatics in general. One of the major tasks in the processing of ALS point clouds, 
besides the DTM generation, is the categorisation of the points into classes of interest. 
The improvement of this process known as Classification is intended in this research. 
As a result, an approach is presented, which utilizes features of the points and the 
segments of seven types of objects as a basis to execute the classification of the seven 
relevant classes. 

The approach was developed using the first sub tile as a training data. As a segment-
based classification, this approach is divided into three steps: pre-processing step, 
segmentation and classification process. In the pre-processing step the tile provided 
from the TU Wien, was firstly divided to a size enough large to be processed. Then, 
the features and attributes needed in the next steps are calculated and the interpolation 
of a coarse DTM is performed, since the presence of the outliers in the point cloud 
influenced the derived features. The segmentation process was employed with the 
development of seven segmentation algorithms to derive: vegetation, building wall and 
roof, ground, vehicle, power line and water objects intended to be merged as a training 
data for further processes to come. After the calculation of the point features and 
segments, the classification starts with the creation of the training model which 
includes the characteristics mentioned above. It will then be used to apply class labels 
for all tiles of the research area.  

As a result, based on test data workflow and cross-validation findings, the approach 
proposed in this thesis reached a 94.8 % internal accuracy of the CART classification 
and 86.9 % overall accuracy based on the manual classified dataset. Compared to other 
classification methods, this approach shows satisfactory results, as an indication for 
further research. 
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There were many challenges through the development in this thesis to deal with. Most 
of them are described in the discussion chapter. Firstly, the removal of outliers was a 
significant factor to calculate correct point features and attributes, the values of which 
are used in the segmentation process. Then, the segment algorithms should derive 
qualitative results which indicate that for example not all the vegetated areas are meant 
to be detected by the vegetation algorithm, but all the objects segmented have to be 
vegetation areas. This is very important due to the use of the segmentation algorithms 
results to create the training model. Referring to the creation of the training model as 
described in the last chapter, beside the training data the selection of the attributes used 
in the training model affects directly the classification process, which means that 
attributes which are essential in the segmentation process have to participate in the 
classification step.  

Considering the results of this approach accompanied with the challenges appeared 
through all the steps, some conclusions are given: 

• The segment-based approach appears to be suitable for the classification. 
• This research clearly illustrates the importance of generating a DTM when 

dealing with outliers but raises the question of its effectiveness when 
underground objects are present.  

• A proper calculation of features and attributes are fundamental elements to 
derive qualitative segmentation and classification results.  

• The segmentation process should derive correct objects of interest that will be 
used as a basis in the training model.  

• The need to define the minimum of the object size (number of points) per each 
class according to the segment sizes in the segmentation process would help the 
omission of single classified points in areas of different class objects. 

To conclude, this research presents a segment-based classification method providing 
results comparable with the state of the art. As a subject for further investigation, this 
method might be a good tool in the classification of the point clouds based on the 
features of points and the segmentation process.   
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Appendix 

This section covers the overall workflow of the method developed in this thesis and 
implemented in OPALS. The algorithm shows the classification process of the sub tile 
v_01.odm as the dataset used in the training data.  

Pre-Processing Step 

opalsExport -inf T229_002490_338990.odm -outf v_01.odm -limit 2490 338990 2914 

339330  

opalsPointStats -inf v_01.odm -feature pcount -searchradius 3 -searchmode d3 

opalsExport -inf v_01.odm -outf v_01p.odm -filter " Generic [ _dzpcount > 15 ] " 

opalsNormals -inf v_01p.odm -storemetainfo medium -searchradius 1 -neighbours 16  

opalsEchoRatio -inf v_01p.odm -searchradius 1 -ratiomode slopeAdaptive  

opalsPointStats -inf v_01p.odm -feature range rank -searchradius 1 

opalsAddinfo -inf v_01p.odm -attribute "NormalizedZ=_dZRange*_dZRank/100.0" 

opaldsAddinfo -inf v_01p.odm -attribute "_linearity(float)=sqrt(1-

NormalEigenvalue2/NormalEigenvalue1)"  

opalsAddinfo -inf v_01p.odm -attribute "_planarity(float)=sqrt((NormalEigenvalue2-

NormalEigenvalue3)/NormalEigenvalue1)"  

opalsAddinfo -inf v_01p.odm -attribute "_omnivariance(float) = 

pow(NormalEigenvalue1*NormalEigenvalue2*NormalEigenvalue3,1/3.)/NormalPtsUsed" 

OPALS DTM Generation 

opalsSegmentation -inf v_01p.odm -searchradius 2 -minsegsize 50000 -filter " 

Generic[normalsigma0<0.02 and normalizedz < 0.2 and _omnivariance < 0.015 and NormalZ 

> 0.3]" 

opalsAddinfo -inf v_01pc.odm -attribute "_SegmentID_DTM = SegmentID" 

opalsCell -inFile v_01p.odm -outFile DTM_v_01.tif -attribute z -filter 

"Generic[_SegmentID_DTM]" -feature min -cel 5.0 

opalsFillGaps -inFile DTM_v_01.tif -outFile DTM_v_01_adaptive.tif -method adaptive -

boundaryratio 0.1 

opalsAddInfo -inFile v_01p.odm -gridFile DTM_v_01_adaptive.tif -attribute 
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"_filter_point(boolean)= z - r[0]>-2" 

opalsExport -inf v_01p.odm -outfile v_01pd.odm -filter "Generic[_filter_point == True]"  

Improved Attribute Calculation  

opalsPointStats-inf v_01pd.odm -feature range rank -searchradius 1  

opalsAddinfo-inf v_01pd.odm -attribute "_NormalizedZD=_dZRange*_dZRank/100.0" 

opalsPointStats -inf v_01pd.odm -feature range rank -searchradius 10  

opalsAddinfo -inf v_01pd.odm -attribute "_NormalizedZD10=_dZRange*_dZRank/100.0" 

opalsPointStats -inf v_01pd.odm -feature range rank -searchradius 1 

 

Segmentation Step  

Vegetation Segmentation  

opalsSegmentation -inf v_01pd.odm -SearchRadius 1 -MinSegSize 50 -filter " Generic [ 

EchoRatio<90 and _NormalizedZD > 0.5 and _linearity < 0.8 and _planarity < 0.5 and 

NormalSigma0 > 0.1] " "Generic[_omnivariance > 0.07]" -criterion " abs(n[0].Z - Z) < 0.5 " 

opalsAddInfo -inf v_01pd.odm -attribute "_SegmentID_Veg = SegmentID" 

 

Building Segmeantation  

Wall  

opalsSegmentation -inFile v_01pd.odm -SearchRadius 2 -minSegSize 100 -method 

planeExtraction -maxDist 0.2 -maxSigma 0.15 -seedCalculator " not _SegmentID_Veg and 

NormalSigma0 < 0.04 and NormalZ < 0.3  and _omnivariance > 0.005 and _NormalizedZD > 

0.2 ? NormalSigma0       invalid " 

opalsAddInfo -inf v_01pd.odm -attribute "_SegmentID_Geb_Wall = SegmentID" 

Roof  

opalsSegmentation -inFile v_01pd.odm -SearchRadius 1 -minSegSize 500 -method 

planeExtraction -maxDist 0.2 -maxSigma 0.15 -seedCalculator " NormalSigma0 < 0.04 and 

_NormalizedZD > 3 and  NormalZ > 0.3 ? NormalSigma0      invalid "  -filter "Generic[ not 

_SegmentID_Geb_Wall and not _segmentid_veg and _NormalizedZD > 0.2 and _planarity > 

0.4 and _omnivariance < 0.01 and EchoRatio > 75]"  

opalsSegmentation -inFile v_01pd.odm -searchRadius 0.5 -minSegSize 1000 -method 

planeExtraction -maxDist 0.2 -maxSigma 0.15 -seedCalculator " NormalSigma0 < 0.04 and 

_NormalizedZD > 3 and NormalZ> 0.3 ? NormalSigma0       invalid "  -filter "Generic[ not 
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_SegmentID_Geb_Wall and not _segmentid_veg and _planarity > 0.4 and _omnivariance < 

0.01 and echoratio > 75 and _NormalizedZD >0.05 and _dzrank>65] 

opalsAddInfo -inf v_01pd.odm -attribute "_SegmentID_Geb_Roof = SegmentID" 

opalsAddInfo -inf v_01pd.odm -attribute "_SegmentID_Geb_Roof_flat = SegmentID" 

 

Ground Segmentation  

opalsSegmentation -inf v_01pd.odm -searchRadius 2 -minSegSize 5000 -filter " Generic[not 

_segmentid_veg and not _SegmentID_Geb_Roof and not _SegmentID_Geb_Roof_flat and 

not _SegmentID_Geb_Wall and NormalSigma0<0.02 and _NormalizedZD < 1 and 

_NormalizedZD10 < 2 and _omnivariance < 0.015 and NormalZ > 0.3 and Amplitude > 25]" " 

Generic[_NormalizedZD < 0.5] " 

opalsAddInfo -inf v_01pd.odm -attribute "_SegmentID_Bod = SegmentID" 

 

Vehicle Segmentation  

opalsSegmentation -inFile v_01pd.odm -searchRadius 0.3 -minSegSize 50 -filter " Generic 

[not _segmentid_veg and not _SegmentID_Geb_Roof and not _SegmentID_Geb_Wall and 

not _SegmentID_Bod and echoratio<90 and EchoRatio >30 and _NormalizedZD > 0.2 and 

_NormalizedZD < 1.8 and _NormalizedZD10 < 2 and _dzRank>60 ]" "Generic[_NormalizedZD 

> 0.2 and _NormalizedZD < 1.8 ] " -criterion " abs(n[0].Z - Z) < 0.25 and abs(n[0].Y - Y) < 0.25 

and abs(n[0].X - X) < 0.25" 

opalsAddInfo -inf v_01pd.odm -attribute "_SegmentID_Veh = SegmentID" 

 

Wire Segmentation 

opalsSegmentation -inFile v_01pd.odm -searchRadius 2 -minSegSize 25 -filter " Generic [ not 

_segmentid_veg and not _SegmentID_Geb_Roof and not _SegmentID_Geb_Wall and not 

_SegmentID_Bod and not _SegmentID_Veh and _linearity > 0.8 and echoratio < 15 and  

_NormalizedZD10 > 5 and _NormalizedZD10 < 9 and _dzrank > 60 ] " "Generic[_linearity > 

0.99] "  

opalsAddInfo -inf v_01pd.odm -attribute "_SegmentID_Wire = SegmentID" 
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Water Segmentation 

opalsSegmentation -inFile v_01pd.odm -searchRadius 1 -minSegSize 200 -method 

planeExtraction -maxDist 0.2 -maxSigma 0.15 -seedCalculator " Amplitude < 25 " -filter 

"Generic[ not _segmentid_veg and not _SegmentID_Geb_Roof and not 

_SegmentID_Geb_Wall and not _SegmentID_Veh and not _SegmentID_Bod and EchoRatio 

>90 and NormalZ > 0.9 and _NormalizedZD10 < 0.5 and Amplitude < 25 ]" 

opalsAddInfo -inf v_01pd.odm -attribute "_SegmentID_Wat = SegmentID" 

 

Classification Step  

opalsAddInfo -inf v_01pd.odm -attribute "_trainLabel1(short) = _SegmentID_Veg ? 5  

_SegmentID_Geb_Wall ? 30  _SegmentID_Geb_Roof ? 6  _SegmentID_Geb_Roof_flat ? 6  

_SegmentID_Veh ? 18  _SegmentID_Wat ? 9  _SegmentID_Bod ? 2   _SegmentID_Wire ? 14  

invalid " 

opalsPointStats -inf v_01pd.odm -feature majority -attribute _trainlabel -searchmode d3 -

searchradius 1 -refModel zeroPlane 

opalsAddinfo -inf v_01pc.odm -attr _trainLabelMajority=invalid -filter 

"Generic[_trainLabelMajority==64]" 

 

Based Tree Classification 

clfTreeModelTrain.py-i v_01pd.odm -c clfTrain_v_01_dtm.cfg 

clfTreeModelApply.py-i v_01pd.odm -c clfApply_v_01_dtm.cfg 
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