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Kurzfassung

LiDAR-Gerate sind in der Lage die physische Welt sehr genau zu erfassen. Daher werden
sie hau g fir die 3D-Rekonstruktion verwendet. Leider kénnen solche Daten sehr schnell
sehr groy werden und meist ist nur ein Bruchteil der Punktwolke tatsachlich von Interesse.
Daher wird die Punktwolke vorher ge ltert, um Algorithmen nur auf die fur sie relevanten
Punkte anzuwenden. Eine semantische Information tUber die Punkte kann fur eine solche
Filterung verwendet werden. Die semantische Segmentierung einer Punktwolke ist ein
beliebtes Forschungsgebiet und auch hier gibt es in den letzten Jahren einen Trend in
Richtung Deep Learning. Jedoch sind Punktwolken, im Gegensatz zu Bildern, nicht
strukturiert. Daher werden Punktwolken oft rasterisiert, was jedoch in einer Weise
geschehen muss, sodass die zugrunde liegende Struktur gut erhalten bleibt.

In dieser Arbeit wird ein 3D Convolutional Neural Network fur die semantische Segmen-
tierung einer LiDAR-Punktwolke entwickelt und trainiert. Dabei wird eine Punktwolke
mittels einer Octree-Datenstruktur reprasentiert, welche es ermdglicht, nur relevante Teile

zu rasterisieren. Denn nur dichte Teile der Punktwolke, in denen sich wichtige Informatio-
nen Uber die Struktur be nden, werden immer weiter unterteilt. Das ermdglicht es, die
Knoten eines gewissen Levels im Octree zu nehmen und diese als Daten zu rasterisieren.

Es gibt viele Anwendungsgebiete flir 3D Rekonstruktionen basierend auf Punktwolken.
In einem stadtischen Szenario kdnnen das zum Beispiel ganze Stadtmodelle oder einzelne
Gebaude sein. Jedoch wird in dieser Arbeit die Rekonstruktion von Gehwegen untersucht.
Da bei Uber utungssimulationen in Stadten eine Erhéhung von ein paar Zentimetern
einen groyen Unterschied machen kann und Wissen Uber die Bordsteinegeometrie hilft
die Simulation genauer zu machen. Bei der Gehwegrekonstruktion wird zuerst, basierend
auf der semantischen Information des 3D CNNSs, die Punktwolke ge Itert und dann
werden Punktmerkmale berechnet, um die Punkte des Bordsteins zu erkennen. Mit
diesen Bordsteinpunkten wird die Geometrie der Bordsteins, Gehweges und der Straye
berechnet.

Insgesamt wird in dieser Arbeit ein Proof-of-Concept Prototyp fir semantische Punktwolken-
Segmentierung mittels 3D CNNs und basierend auf dieser ein Detektions- und Rekon-
struktionsalgorithmus flr Bordsteine entwickelt.
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Abstract

LiDAR devices are able to capture the physical world very accurately. Therefore, they
are often used for 3D reconstruction. Unfortunately, such data can become extremely
large very quickly and usually only a small part of the point cloud is of interest. Thus,
the point cloud is Itered beforehand in order to apply algorithms only on those points
that are relevant for it. A semantic information about the points can be used for such a
Itering. Semantic segmentation of point clouds is a popular eld of research and here
there has been a trend towards deep learning in recent years too. However, contrary to
images, point clouds are unstructured. Hence, point clouds are often rasterized, but this
has to be done, such that the underlying structure is represented well.

In this thesis, a 3D Convolutional Neural Network is developed and trained for a semantic
segmentation of LIDAR point clouds. Thereby, a point cloud is represented with an
octree data structure, which makes it easy to rasterize only relevant parts. Since, just
dense parts of the point cloud, in which important information about the structure is
located, are subdivided further. This allows to simply take nodes of a certain level of the
octree and rasterize them as data samples.

There are many application areas for 3D reconstructions based on point clouds. In an
urban scenario, these can be for example whole city models or buildings. However, in this
thesis, the reconstruction of sidewalks is explored. Since, for ood simulations in cities, an
increase in height of a few centimeters can make a great di erence and information about
the curb geometry helps to make them more accurate. In the sidewalk reconstruction
process, the point cloud is Itered rst, based on a semantic segmentation of a 3D CNN,
and then point cloud features are calculated to detect curb points. With these curb
points, the geometry of the curb, sidewalk and street are computed.

Taken all together, this thesis develops a proof-of-concept prototype for semantic point
cloud segmentation using 3D CNNs and based on that, a curb detection and reconstruction
algorithm.
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CHAPTER

Introduction

1.1 Motivation

3D reconstruction is rebuilding the physical world based on captured data.

Reconstructions have a broad eld of applications, like preservation of cultural heritage
as statues from Michelangelo, relicts from Egypt or Buddha statues GBS14] or serious
games about it MCB™ 14]. Further use cases are underwater robotic surveysJRPWM10]

or indoor scenes like KinectFusion, which can be used for augmented realityI{H * 11].
Also reconstructions of cities are of great interest, because they can be used for planning,
city climate or noise propagation applications Bre0Q] as well as emergency management,
disaster control and for movies or computer games [MWA 13].

Such simple city models are used in Visdom \fis], a simulation and visualization
application for disaster management of oods. A screenshot of this software can be seen
in Figure 1.1. They assist decision making in emergencies of oods caused by heavy
rainfall, tsunamis or other disasters. The impact of short-term protections, like sandbags,
or long-term protections can be simulated in advance to support decisions about safety
arrangements. Based on this, emergency personnel can be trained accordingly and
possible evacuation plans can be explored beforehand. In addition, the sewer system of a
city can be added to the simulation to take their capacity and potential bottlenecks into
account.

In case of oods, an increase in height of a couple of centimetres or a house driveway with
a slope down can make a great di erence in safety arrangements. Therefore, a geometric
information about driveways or sidewalks would be of great interest for the Visdom-
team to make their simulation even more accurate. Therefore, this thesis addresses the
detection and reconstruction of sidewalk surfaces.
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Figure 1.1: Screenshot of the Visdom ood simulation software. (Source: [Vis])

1.2 Problem Statement

Acquiring respective data for a 3D reconstruction is howadays probably as easy as never
before. Various technical instruments are available. Mobile phones are able to take
high-resolution photos with meta-data like camera parameters or GPS location. Moreover,
photos are not limited to the ground, because drones allows us to capture the world from
above too. LIDAR devices scan their surrounding with high precision and yield dense
point clouds. This data can then be combined with other information like cadastre data
or with data from Open Streets Maps, an open source map with further geospatial tags.

Each type of data has its own advantages and disadvantages. Everyone can take pho-
tos with their smartphone, but the quality of photos strongly depends on the lighting
conditions and are therefore prone to over- as well as underexposure. Airborne photogra-
phy is not able to capture small structures and has to cope with occlusions from trees.
Although, they are a good extension for terrestrial laser scanning data to close gaps.
Photogrammetric point clouds are not as ne-grained as LiDAR data, but on the other
hand, LIDAR data can become so huge that it can be challenging to process it e ciently.
Geospatial data does not provide enough information for reconstruction, but is a good
enhancement to improve algorithms. Therefore, to solve a problem it is inescapable to
use the type of data as well as data structure tting best to the problem and to combine
di erent sources of data.

The reconstruction of sidewalks is based on LiDAR data, because laser scanners are able
to capture subtle structures like an elevation of ten to fteen centimetres. Laser scan
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data of a whole city has up to several billion points and curbs are just a tiny part of them.
It is therefore not feasible to search curb points in the whole point cloud. This would
not only take many computational resources, but also a satisfying curb detection result
would be hard to achieve. For the simple reason that by applying this problem to the
whole city, it can either be over-modelled, which would result in many false positives or
under-modelled, which would not detect many curb points. Since sidewalks are located
on the ground and besides streets, the majority of points can be Itered beforehand to
reduce the search area. This could either be achieved with some kind of ground plane
Itering or by using semantic information. With semantic information applied to points,
they can be ltered more precisely. For example, a car is on the ground and at or nearby
a street too, but during the detection process, those car points would lead to many false
positive curb points. Therefore, it would be great to remove car points from the point
cloud beforehand too. Another advantage is, that this would not only help to limit the
search area for this problem, since the semantic information could also be used for further
reconstructions, like buildings, or for Itering vegetation and other unwelcome points.
Hence, sidewalks are located near roads; information about the street network would
be another great source of data. OpenStreetMap Qped provides it and many further
geospatial information. However, the location of those tags is saved in another coordinate
system as the LIDAR data and has to be converted beforehand. Due to the semantic
Itering of the point cloud and the combination with further data sources, the search
area is insomuch restricted, that detecting curb points can be achieved with basic spatial
features and geometry can be generated with simple algorithms.

1.3 Aim of this Thesis

The aim of this thesis is to develop a proof-of-concept prototype for semantic point cloud
segmentation and based on that, a curb detection and 3D reconstruction algorithm.

Convolutional neural networks are probably the most common deep learning method
nowadays. They are used in a wide range of elds, such as image or speech recognition,
face detection, text or video analysis and self-driving cars. They are outperforming other
supervised classi cation methods by far, because during the convolutional operations not
only low-level features are detected, but also high-level features and essential structures
are distinguished. The essential processes like convolution or pooling can be easily
adapted to the three-dimensional space. Therefore, a semantic segmentation of point
clouds is achieved by building and training 3D convolutional neural networks. To decrease
memory consumption and training time, the point cloud will not just be represented in a
uniform grid structure, but with an octree. The cells of the octree in a certain level are
then voxelized and used for the segmentation.

For curb detection, just ground points are used, which can easily be selected based on the
semantic information. Multiple geometric features are calculated for each point and if a
point ful Is all features, it is labelled as curb. Afterwards a Itering step removes false
positive curb points and nally geometry is generated for sidewalks, curbs and street.
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Therefore, the work of this thesis can be divided into two parts. First, for a semantic
segmentation of a point cloud, a 3D convolutional neural network will be developed and
trained. Secondly, curb points will be calculated with geometric point cloud features and
based on them, geometry for the curb, sidewalk and street will be computed.

1.4 Structure of this Thesis

First, an overview about related work in point cloud segmentation as well as curb
detection is given in Chapter 2, where section 2.1 discusses semantic segmentation based
on handcrafted features, arti cial neural networks and convolutional neural networks.
Convolutional neural networks are categorized in 2D image segmentation networks, where
the point cloud is projected into images rst, and 3D convolutional neural networks,
which are directly acting on the point cloud. Section 2.2 describes the curb detection
process in point clouds on which the curb detection steps in this thesis are based on.
In the course of this process, the point cloud is pre ltered, then spatial features are
calculated and based on them a point is classi ed as curb or not. Afterwards, false
positive labelled points are Itered and nally geometry is computed.

Chapter 3 describes semantic point cloud segmentation and thereby addresses data
extraction in Section 3.1, the dataset used for training in Section 3.2, some network
learning basics in Section 3.3, as well as the nal network architecture in Section 3.4.
Furthermore, network classi cation and segmentation of an unknown point cloud is
shortly depicted in Section 3.5.

Chapter 4 is dedicated to the di erent steps of the curb detection and tting process.
Section 4.1 describes pre ltering of a point cloud and Section 4.2 explains and visualizes
spatial point cloud features, including the integration of OpenStreetMap data. Section
4.3 addresses false positive ltering and nally, Section 4.4 discusses geometry tting.

Chapter 5 addresses the network training process and its results in detail, with the
composition of the training set in Section 5.1 and the hyperparameter tuning in Section
5.2. Furthermore, three networks with di erent grid sizes are evaluated: a network using
a small grid size in Section 5.3, a network using a middle grid size in Section 5.4 and a
network using a big grid size in Section 5.5.

Chapter 6 shows and discusses the results of the network training and semantic segmen-
tation of the training set in Section 6.1 as well as the semantic segmentation and curb
tting results of real-world data in Section 6.2. A critical re ection on the work of this
thesis is given in Section 6.3 and nally, Chapter 7 gives a conclusion and short outlook
into future work.
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Related Work

This chapter gives an overview about related work in point cloud segmentation and
curb detection. Section 2.1 addresses semantic point cloud segmentation based on
handcrafted features as well as arti cial neural networks. Thereby a focus is given to
2-dimensional convolutional neural networks, which are mapping the point cloud into
images, 3-dimensional convolutional neural networks, which process the point cloud
directly, as well as special for point clouds developed optimizations, like tree-based
networks for example. Section 2.2 describes research in road boundary and curb
detection of self-driving vehicles. Emphasis is given to the pipeline used in this thesis,
where the point cloud is ltered rst, then candidate points are detected and lItered for
false positives, and nally geometry is tted to the detected curb points.

2.1 Semantic Point Cloud Segmentation

Point clouds are a set of unstructured points either calculated by photogrammetry from
several photos or captured directly by a scanning device.

The basic principle of generating photogrammetric point clouds is computing 2D image-
features and determining their 3D position by nding the same feature in multiple
overlapping photos. The most commonly used feature is the Scale Invariant Feature
Transform (SIFT), which is invariant to translation, scaling and rotation of the image
[Low04]. Structure-from-Motion calculates the location and orientation of the photos as
well as scene geometry, without any prior knowledge about camera positions, by using
bundle adjustment and such image-features. 3D points, and thus the scene geometry, are
computed by knowledge acquired in this process about the same feature in several photos
and by using triangulation [WBG™* 12]. Figure 2.1 shows such a photogrammetric point
cloud.
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Figure 2.1: A photogrammetric point cloud with location and orientation of the photos.
(Source: adapted from [SKMW17])

Light Detection and Ranging (LiDAR) devices, or colloquially called laser scanners, are
able to capture the physical world by shooting out laser beams. When a laser beam hits
an object, it is re ected and returns to the scanning device. The elapsed time, until the
return of the beam, is measured and based on that, the distance from the object to the
laser scanner is obtained and therefore the 3D position of the hit-point as well. Point
clouds captured with LIDAR devices are invariant to illumination, more accurate and
denser than photogrammetric point clouds. Such devices are able to capture huge areas,
but the resulting point clouds could become very large very quickly.

Semantic point cloud segmentationis the assignment of discrete class labels for each point
in the point cloud individually.

In this thesis the main focus is on supervised learning techniques, where a classi er learns
the correlation of set X := fxj;X2;:::;Xpg of n data samples to the corresponding set
Y = fyi;y2;:::¥n0 of n ground truth labels. A trained classi er takes a data sample x;
as input and predicts a class labely;, wherei is the index of the data sample and its
according ground truth value in the sets X and Y respectively.

As mentioned above, the setX is consisting ofn data samples, where each data sample
is an m-dimensional feature vector by itself. Therefore,X is nm-dimensional. The set
Y encodes the a liation of data samples to c classes and is commonly represented by a
one-hot encoding of the categorical class values. Thu¥, is nc-dimensional.

One-hot encoding is the mapping of categorical values to binary feature vectors. An
example is given in Table 2.1, where three categories building, vegetation and
terrain are each encoded into a three-dimensional binary feature vector, where every
category is assigned to a xed position in the vector. The values in a feature vector are
zero everywhere, except for the position of the represented class, which has value one.
The according feature vectors of our example arg¢l; 0; 0], [0; 1; 0] and [0; 0; 1] respectively.
This method is not restricted to class labels; it is used to encode categorical values in
data samples as well. Since a numerical encoding for categories, like in our examplg2
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and 3, would cause a machine learning algorithm to rate terrain higher as building,
because of3 > 1 and one-hot encoding solves this problem.

categorical name\ numerical encoding\ one-hot encoding

building 1 100
vegetation 2 010
terrain 3 001

Table 2.1: An example of mapping categories to numerical values and an according
one-hot encoding of them.

2.1.1 Handcrafted Features

Handcrafted features are calculated for each single point individually. They usually
consider information about a point's neighbourhood, which can be de ned by the number
of the nearestk points or a certain radius.

Commonly used features describing the geometric shape of a point's neighbourhood
are based on the eigenvalues;, where 1 2 3, of the covariance matrix. The
covariance matrix  of a point p and its neighbourhood consisting ofk points is de ned
by:
X
I
=1 (2.1)

Such features - amongst many others - are linearity, planarity, sphericity, omnivariance,
sum of eigenvalues, curvature and eigenentropy, which are listed in Table 2.2WJHM15]
[HWS16] [TGDMA18].

Weinmann et al. [WUH * 15] are optimizing their point cloud features by choosing the
best neighbourhood size for a single point. This makes features better distinguishable
and therefore improves the classi cation. They are calculating the optimal amount ofk
nearest neighbours for a pointp individually by building the covariance matrix of the
neighbourhood aroundp with an altering k. The bestk is chosen based on the minimum
Shannon entropy [Bha4§ of the normalized eigenvalues or features. A downside of this
approach is the increased runtime, since the optimal neighbourhood is computed for
each point individually. Hackel et al. [HWS16] are approximating the neighbourhood by
iteratively downsampling the point cloud to generate a multi-scale pyramid. The features
are then computed per scale with a xedk. This method computes features very fast and
concurrently achieves high classi cations results. Thomas et al. TGDM18] are using a
spherical neighbourhood based on a radius instead. They use a spherical neighbourhood
instead of a xed number of neighbours, because features with such a neighbourhood
have a consistent geometrical meaning and the number of points in the neighbourhood



2. Related Work

become a feature by themselves. Besides, classi er with those features are performing
better than with features computed with a xed amount of points.

Linearity L2

Planarity 23

Sphericity =
Omnivariance & 12 3

Sum of eigenvalues 1+ o>+ 3

Curvature 3

1t 2t 3

. Ps
Eigenentropy iz ilIn

Table 2.2: Equations of some point cloud features.

2.1.2 Articial Neural Networks

Besides descriptive features, a classi er is needed to map those features to class labels.
Such classi er could be decision trees BFOS84], random forests Bre01], support vector
machines (SVM) [CV95] or arti cial neural networks (ANN) for example. Atrti cial
neural networks, or short neural networks (NN), are inspired by mechanics of mammal's
brains, where signals are transported between neurons.

The basis for neural networks was Frank Rosenblatt's perceptron algorithm [Ros59,
which could linearly separate binary data. It calculates a decision boundary between two
classes, which is ar(n  1)-dimensional hyperplane. A weight vectorw together with a
bias b represent this hyperplane, wherew is normal to the plane and therefore de nes its
orientation and b determines its position. The class a liation of a new data sample x is
de ned by y(x) = w'x + b, wherey(x) > 0 means that x lies in front of the separation
plane, respectivelyy(x) < 0 states that x is located behind. Based on that, the classi er
assignsx to one of the two classes [Bis06].

Feedforward neural networks, also known as multilayer perceptrons (MLPs), are directed
acyclic graphs, where each edge in pointing forward. They are able to approximate a
mapping function f from an input x to its according class labely. This approximated
mapping function is de ned asy = f (x; ), where is searched during the training, such
that f becomes as similar tof as possible. This is achieved by composing multiple
functions, where the layerwise graph structure describes how those functions are assembled.
For example, if there is a network with three layers and some functions representing each
layer, say f, for the rst, f, for the second andf 3 for the third layer, the assembled
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functions would look like f (x) = f3(f2(f1(x))). If we want to model a linear function,

would consist ofw and b, resulting in f (x;w;b) = x"w+ b. A loss function, like the
mean squared error (MSE), shown in Equation 2.2, is then minimized with respect tow
and b [GBC16]. Note, Equation 2.2 is adapted from [GBC16].

0= 25 6w fe )2 (2.2)
J.XjXZX ’ .

However, common problems are not linear. In order to be able to learn nonlinear models,
an a ne transformation and a nonlinear function, named activation function, are used.
Consider a network with a single hidden layer consisting oh = f1(x; W; c), where W are
weights and ¢ are biases, andy = f,(h;w;b), resulting in f (x; W;c;w; b = f,(f1(x)). By
applying this method to h, this would result in h = g(W T x + c), whereg is the activation
function and the nal network would be de ned as f (x;W;c;w;B = wigWTx+c)+ b
[GBC16]. This example is visualized in Figure 2.2.

Figure 2.2: An example of a feedforward neural network with a single hidden layer
mapping an input x to an output y with an intermediate layer h, where W mapsx to h
and w mapsh to y. (Source: adapted from [GBC16])

As mentioned above, problems are commonly not linear and by using an activation
function, neural networks are able to learn such a nonlinear mapping. There are many
di erent activation functions, the most common ones are the binary step, linear, sigmoid,
tanh, ReLu and softmax function, which are shown in Table 2.3. There are so many
di erent ones, because each activation function has its advantages and disadvantages.
Besides that, the problem a network should solve or in which layer the activation function

is used in uences which kind of function is used too. For example, a classi cation problem
performs better with sigmoid functions, but on the other hand, sigmoid as well as tanh
functions tend to cause gradients to become zero, which we want to avoid. The binary
step function can be used for binary classi er, but its gradient is zero. Linear activation
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functions do not have zero gradients, but the network will not perform well on hard
problems. ReLU is widely used and performs better in most cases than other functions,
but it could cause gradients to become zero too. In addition to that, ReLU can only
be used in hidden layers, where sigmoid and tanh are not used there. Furthermore,
the sigmoid function is used for binary classi cation problems only and for multi-class
problems, the softmax activation function is used instead [SSAZ20].

The basic graph structure of a feedforward neural network consists of an input layer,
one or multiple hidden layers and one output layer. Figure 2.3 visualizes the simplest
possible network with three layers: an input layer depicted with green nodes, one hidden
layer in blue and the output layer in red.

Figure 2.3: A visualization of a feedforward neural network, also known as multilayer
perceptron (MLP).

Pioneering work in 3D point cloud classi cation and segmentation using feedforward
neural networks was accomplished by Qi QSMG17] et al. with the PointNet architecture.
They describe in their work that PointNet processes the whole point cloud directly at once
and returns either a classi cation for the whole point cloud or a pointwise segmentation
result. Its architecture consists of two transformation networks, which are subnetworks
predicting and applying an a ne transformation matrix to make the network invariant
for transformations of the point cloud, followed by a MLP respectively, ensued by a
max pooling layer (see: Figure 2.5) to extract a global feature vector. For point cloud
classi cation, this global feature is directly processed by a MLP. For segmentation, all
point features are combined with the global feature by concatenation and new point
features are extracted from this combination rst. With this method, these new features
are encoding local as well as global information. They achieve with their PointNet
architecture equal or even better classi cation results than state of the art at that time.
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( .
Binary Step _ 0 ifx< O
: f(x)= )
Function 1 ifx O
Linear _
Function Fog = ax
Sigmoid _ 1
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RelLU _ )
Function P = max(0;x)
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Function FOJi = Px ek

k=1

Table 2.3: Most commonly used activation functions. (left) Name of the function, (middle)
function f (x) itself and (right) plot of the function (Source: [SSAZ20]).
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Qi et al. [QYSG17] improved this work, calling it PointNet++, by developing a
hierarchical neural network, which is able to learn local structures as well. They describe
that PointNet++ divides the point cloud into small overlapping regions and extracts
local features by using PointNet. Local features are then grouped together to form
higher-level features and this process is repeated until the whole point cloud is encoded.
Furthermore, to address di erent densities within the point cloud they introduce a
multi-scale grouping (MSG) and a multi-resolution grouping (MRG) by concatenating
features from di erent scales or resolutions. Those features are generalizing in di erent
point densities. Engelmann et al. EKHL17] also extended PointNet to increase its
classi cation performance by adding larger spatial context to the network. They achieve
this by either using multi-scale or neighbouring regions in combination with either so-
called Consolidation Units (CU) or Recurrent Consolidation Units (RCU). CU's and
RCU's are encoding information about neighbouring features into a feature.

A further method using deep learning is the graph-based approach from Landrieu et al.
[LS18. They depict in their work that the vertices of their graph are called superpoints,
which are representing basic shapes of the point cloud, and the edges are describing the
relationship of those superpoints. For segmentation, the superpoints are converted to
a descriptor using PointNet and then classi ed by a convolutional network, which is
specialized for graphs. They chose a superpoint graph-based approach because of several
advantages: objects are easier to classify than single points, relationships between those
objects can be used for the classi cation as well and the size of the graph is bounded by
the amount of di erent shapes, which is rather small in comparison to the amount of
points in a point cloud. Furthermore, they are outperforming with their approach the
state of the art at that time.

2.1.3 Convolutional Neural Networks

Handcrafted features in combination with neural networks are a powerful tool for mapping
data samples to their class labels. However, in image classi cation exist a more sophisti-
cated method called convolutional neural networks (CNNs). CNNs are combining feature
extraction and classi cation into a single neural network, where speci ¢ operations are
extracting high-level features, which are then mapped by an appending neural network
to class labels. Since CNNs are current state of the art in image classi cation and
segmentation, this approach is used in various ways for point cloud segmentation too.

2D Convolutional Neural Networks

The main parts of a CNN are convolution and pooling operations to extract features
from an image, as well as a neural network, which maps those features to distinct classes
or labels.

The convolution operation consists of a matrix called kernel, which shifts like a sliding
window over the image matrix and computes new image values by performing a convolu-
tion. A convolution is the multiplication of each kernel matrix value with each according

12



2.1. Semantic Point Cloud Segmentation

Figure 2.4. An example of a convolution operation. Such an operatiorconv= m k
consists of an image matrixm and a kernelk. The kernel shifts like a sliding window over
the image matrix and computes new image values by multiplying and adding according
values. The position of the sliding window is visualized in blue, the kernel in pink and
the resulting value in green, which is obtained as follows3 1+1 2+5 0+9 1=14.

image value inside the sliding window, followed by summing up these values. Figure 2.4
shows an example of a convolution. The image part to be convoluted is coloured blue,
the kernel pink and the resulting value green. The convolution is calculated as follows:
3 1+1 2+5 0+9 1=14.

As mentioned above, the second main part of CNNs are pooling operations. The most
commonly used pooling operation ismax-pooling and its purpose is to reduce image
size. It uses a sliding window too, where the biggest value inside is transferred into the
downsampled image matrix. An example with a pooling size o2 2 is shown in Figure
2.5.

Figure 2.5: An example of a max-pooling operation. Such an operation downsamples
the image matrix by using a sliding window, which only transfers the highest value
inside into the reduced image matrix. (left) Image matrix with four positions of an 2 2
sliding window and (right) the downsampled image matrix with the transferred values in
according colors.

CNNs are assigning a single class to the whole image, but for semantic segmentation, a
pixel-wise labelling is needed. Segmentation networks, like the U-Net from Ronneberger
et al. [RFB15] use convolution and pooling operations to downsample the image rst and

so called up-convolutions (or sometimes also referred to as deconvolutions) to upsample
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the image again, whereas a high-resolution segmentation map is received. The down-
and upsampling approach is often denoted as encoding and decoding, like in the SegNet
from Badrinarayanan et al. [BKC17], which is visualized in Figure 2.6. There it can
be seen, that their encoder network consists of 13 convolutional as well as 5 pooling
operations and the decoder network of the same amount of upsampling and convolutional
operations. Those inverse pooling and convolution operations are also called unpooling
and deconvolution respectively [ZTF" 11].

Figure 2.6: Semantic segmentation network architecture with encoder-decoder structure.
(Source: [BKC17])

Boulch et al. [BGSAL18] use such image segmentation methods for semantic point cloud
segmentation and introduce a novel and e cient network named SnapNet. First, they thin

the point cloud and generate a mesh from it. After that, they generate RGB and depth
composite image views in 2D, which they call snapshots, either in a random or multi-scale
way. Then, they segment those images using their own implementations of SegNet and
U-Net. The pixelwise classi cations are back-projected to the mesh-vertices, which can
be done easily, because they saved the information if the according mesh-faces are visible
from the snapshot. After that, the classi cations are mapped back to the original point
cloud by using the labels of the nearest mesh-vertices. This method performs as good or
even outperforms the state of the art at that time, especially in indoor scenes.

Lawin et al. [LDT *17] have a similar approach, they create multiple views from a point
cloud by rendering it into 2D images. They argue that a 2D image based segmentation
approach results in a better accuracy, because images can have higher resolutions than
voxelized point clouds, due to the increased memory consumption of voxelized data. As
further bene t, they state already existing labelled datasets for image segmentation.
They use RGB, depth and normal images and project the point cloud into images by
using a modi ed version of point splatting to eliminate noisy foreground and non-visible
points. Convolutional neural networks process all di erent image types and provide a
semantic segmentation. The nal prediction is the sum of those segmentation outputs.
These pixelwise predictions are mapped back into the point cloud and the sum over all
views gives the nal classi cation for the points. This approach outperforms the state of
the art of that time.
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Besides semantic point cloud segmentation, a further eld of research is dedicated to 3D
object classi cation using similar techniques. Su et al. S§MKLM15] are introducing such
a method to classify 3D objects, by rendering a 3D shape into 2D images from multiple
views and classify those images by using a CNN.

3D Convolutional Neural Networks

Since convolution and pooling operations can easily be adapted for 3-dimensional space,
another eld of research for point cloud segmentation as well as 3D object classi cation
has emerged based on 3D convolutional neural networks (3D CNNSs).

Jietal. [JXYY13] introduced 3D convolutions in 2013 for human action recognition in
videos. They wanted to capture motion of people over multiple frames to not only include
spatial, but temporal information too. Thus, they stacked multiple consecutive video
frames and so time became the third dimension. For 3-dimensional convolution operations,
the kernel is 3D as well and the convolution is executed over all three dimensions.

Wu et al. [WSK™* 15] introduced 3D ShapeNets as well as ModelNet, a 3D CNN and
a large CAD model dataset respectively. They depict data with a 3D volumetric grid
of size30 30 30, where each voxel holds a binary value, representing if it is inside
or outside the mesh. To transform these binary values to a probability distribution -
the representation of a 3D shape - Convolutional Deep Belief Networks are introduced.
Furthermore, they use no pooling layers within this network, because they are not only
classifying objects but also reconstructing them and pooling operations would increase
uncertainty regarding the reconstruction. Additionally, they pre-train the network rst
and ne-tune it afterwards to enhance the network's performance. Besides introducing
a new model dataset, which has by far more categories and objects per category than
datasets at that time, they surpass the state of the art in object classi cation at that
time too.

A similar approach for object recognition presented by Maturana et al. MS15 is VoxNet,
which is also a 3D CNN working with voxelized point cloud data, but it is not restricted
to CAD models. In their work they distinguish between free, occupied and unknown
voxels and use ray tracing to calculate these three di erent types of occupancy values:
A binary value, stating if the voxel is occupied or not; a density value, which is the
probability that a voxel would block a ray and a hit value, which does not distinguish
between free and unknown space. The grid size of the voxelized data& 32 32and
the network consists of two convolutional, one pooling and two fully connected layers.

Garcia-Garcia et al. [GGG* 16] build their work on ShapeNet [WSK™* 15 as well as
VoxNet [MS15] and introduce a 3D CNN named PointNet! for object class recognition.
As they [GGG™ 16] describe in their work, they use a volumetric occupancy grid to
represent the data and simply map the points into voxels. The occupancy value of a voxel

!Despite the same name, the PointNet from [GGG* 16] is a di erent PointNet than the one from
[QSMG17].
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is the normalized number of points in it and the network is composed of a convolutional
followed by a pooling layer, again a convolutional as well as a pooling layer and two
fully connected layers. They are as good as the state of the art at that time, but their
classi cation is faster, which enables real-time object classi cation. Qi et al. RSN* 16]
are generating di erent orientations of the 3D object as input for a 3D CNN and combine
their information within the network to enhance the classi cation result.

Huang et al. [JS14 focus on segmentation of large point clouds and use 3D CNNs with
binary occupancy values and a resolution o0 20 20 for this purpose. As they depict
in their work, for training, the point cloud is voxelized at a set of center points within a
certain radius. The center points are randomly selected, but balanced across all classes
available in the dataset. For classi cation, the point cloud is rst voxelized as a whole and
those voxels are the input for the network. The class label of a voxel grid is a majority vote
of the labels of all points within it. SEGCloud, introduced by Tchapmi et al. [TCA* 17],
is also voxelizing the point cloud before a 3D fully convolutional neural network is used to
classify each voxel. They describe that they apply a trilinear interpolation to interpolate
the voxel prediction to the original point cloud. This interpolation is then combined with
other point features using a fully connected CRF [KK11] to classify each point.

Improved Convolutional Neural Networks for Point Clouds

Conventional CNNs are working with rasterized data, since 2D images are already
rasterized this does not cause any issues. However, 3D point clouds are not rasterized
and vary much in point density, from regions with a very high density to regions with no
points at all. Rasterizing point clouds not only extend the dimension from 2D to 3D,
which is a cubic growth in memory consumption, but empty space is rasterized as well,
which does not include any information and is therefore unnecessarily allocating memory
and slowing down the network. Therefore, many di erent approaches are developed to
reduce memory consumption and computation time, as for example tree-based methods.
Klokov et al. [KL17] are using feed forward neural networks based on kd-trees instead
of rasterized data and calling it Kd-network. The input to such a network is the point
cloud's kd-tree and the network is implemented based on a kd-tree data structure instead
of a grid structure. Riegler et al. [ROUGL17] are working with shallow unbalanced
octrees and their encoding with a bit-string, stating if a node is split or not. Based on
that data structure they implemented convolutional, pooling and unpooling operations.
Wang et al. [WLG* 17] introduced another approach based on octrees, where they use
shu e keys and labels to store the neighbour- and parenthood of the nodes. Hence, this
information is needed to perform convolution, pooling, unpooling and deconvolutional
operations based on octrees. Recent research tackles this problem by improving the
convolution operation itself in regard of point clouds, like Thomas et al. [TQD™* 19| or
Boulch et al. [Boul9].



2.2. Curb Detection

2.2 Curb Detection

The detection of curbs and road-boundaries is a popular research topic in the eld of
autonomous driving vehicles for a long time, since knowledge about street borders is
essential to ensure a safe ride. Over years, various di erent sensors and technigues were
explored to perceive the road and its properties. Hillel et al. BHLLR14] described in
their survey that monocular vision, stereo imaging, radar, the combination of GIS, GPS
along with inertial measurement units and LiDAR are among them. However, as they
state further, camera based approaches are prone to occlusions, as from other vehicles,
shadows, weather conditions and illumination. In addition to that, the calculated 3D
information of stereo images is not as accurate as LIDAR data. Radar devices have a
low resolution and are not able to detect ne structures. Therefore, they are used for
obstacle detection and on-/o -road di erentiation. The positioning information is just
used as additional data, since they are not as accurate and would need precise as well as
up-to-date maps. Since, LIDAR does not depend on illumination and directly provides
3D data; it is often used for curb detection.

Already in 2010, Zhang et al. EZhalQ presented their work on road-edge detection based
on 2D LIiDAR data. Their algorithm contains ve stages: candidate point-set selection,
feature extraction, classi cation, false alarm mitigation and road curb detection. The
basic framework for the curb detection pipeline is formed by these steps, except for the
classi cation, and can be still found in recent research as well as in this thesis.

2.2.1 Point Cloud Pre-Filtering

Since the following steps in the curb detection pipeline are applied pointwise, the point
cloud is roughly Itered beforehand to reduce the amount of points to process and
therefore computation time. For this case, the Itering does not need to be highly
accurate, because its purpose is to omit regions of the point cloud, where de nitely no
curb is located.

Zhao et al. [Z2Y12] form a regular voxel grid from the point cloud and de ne the voxel
with lowest altitude as ground data. They use a voxel grid to quickly access points inside

a voxel and to model neighbourhood relations between points. Then, they t a plane

to points stored in these voxels and the tting points are determined as ground points.
Zhang et al. [ZWWD18] are using a plane-based method too, which is applied on points
below the scanning device. They use the RANSAC HB81] algorithm to t a plane and
ground points are determined based on a loose threshold. Another plane-based method
is proposed by Wang et al. WWHY19], they are rst splitting the point cloud into
multiple segments and t a plane in all segments, by also using the RANSAC method.
They are using such a segment based approach to be able to handle slopes on the road.

17



2. Related Work

18

2.2.2 Feature Extraction

Curbs have very distinctive spatial properties; they are between 10 to 15 centimetres
high, roads and curbs are orthogonal as well as parallel to one another and features based
on the covariance in a certain neighbourhood can describe curbs too. Furthermore, the
laserline of a LIDAR device has a di erent pattern when it hits an obstacle. This and
many more properties are used to nd curb points in the pre- Itered point cloud. Usually,
several features are computed per point and if a point satis es all these conditions, it is
identi ed as a curb point. Some of these features are described below.

Height di erence is probably the most common used spatial feature to describe curbs in
autonomous driving. Zhang et al. ZWW * 15] are using a sliding window approach to
speed up the feature calculation. For each sliding window the maximum and minimum in
height is searched and if the di erence between them is greater than a certain threshold,
it probably contains curb points. Zhao et al. [ZY12] are computing the di erence in
height for each voxel and are restraining it with an upper and lower threshold too. Wang
etal. [WWHY19] are using, besides the di erence between the highest and lowest height
values, also the standard deviation of height values of points in the same laser line. They
constrain the di erence with an upper as well as lower and the standard deviation with
an upper threshold.

The spatial structure of curbs can also be described with thedistance between two
neighbouring pointsof the same laser line. Zhang et al. ZWWD18] are calculating the

horizontal and vertical distance and are bounding them with a lower threshold. Wang et
al. [WWHY19] are using the same method, but they are only verifying the horizontal
distance.

Since roads and curbs are usually orthogonal to each other, the angle between them
is another well describing feature. Therefore, Zhang et al. ZWWD18] introduced a
feature describing this property, by calculating the angle between two vectorstarting at
the same point. They create those vectors by summing um previous or following points
respectively, along the laser line from the starting point and divide the result by n. If
the starting point lies on a curb, the angle between those two vectors would be smaller
than the angle between vectors originating from a road point. Wang et al. WWHY19]
are using this method too, but they are not normalizing the sum with the amount of
used points and de ne the upper threshold with 170 degrees.

Another set of features is based on theeigenvalue decomposition of the covariance matrix
in a certain neighbourhood of points. Zhao et al. ZY12] compute the normal vector of a
point by using the according eigenvector of the smallest eigenvalue. This normal is then
checked for perpendicularity to the car and if so, the point is probably part of a curb.
Whereas, Fernandez et al. FILS14] are using the eigenvalues of a weighted covariance
matrix to estimate the curvature in the area around a point. They do this by dividing
the smallest eigenvalue through the sum of all eigenvalues and bounding the result with
a lower and upper threshold. Furthermore, they state that, curbs can be categorized into
very small, small, regular and big obstacles with increasing threshold values.
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Smoothness of points in a certain neighbourhoods a further curb descriptor. Wang et
al. [WWHY19] describe how smooth a surface is by taking adjacent points on both
sides of a point and build the norm of the sum of di erences between those point and its
neighbours. This norm is then divided through the norm of the point times the amount
of neighbours. The resulting smoothness value is bounded by a lower threshold.

2.2.3 False Positive Filtering

In an urban scenario, besides the self-driving vehicle itself, other cars, pedestrians,
buildings, vegetation and many more obstacles are inside or nearby the road too and
therefore part of the LiDAR point cloud. Some of them are having the same spatial
properties as well as features as curbs and will thus be falsely detected as curb points in
the previous steps. For this reason, a false positive Itering is sometimes applied before
the actual curb tting to remove those misclassi ed points. This eliminates possible
sources of error for the following step and can therefore enhance the curb detection
results.

Zhao et al. [ZY12] are applying a short-term memory technique on predicted curbs
to lter wrongly classi ed points. They incorporate curb points of the current frame
with those of some previous frames. Their curb detection algorithm works on voxels
and if a voxel has already been labelled as road, any vertical unsteadiness will not be
predicted as curb anymore. Fernandez et al. fILS14] are using Conditional Random
Fields [LMPO1] with a 4-connected neighbourhood for the ltering process. They are
using the previous result of the Conditional Random Field as prior and curbs found with
spatial features as likelihood.

Another approach splits false positives into inside and outside the road and lters both
individually using methods suitable for them. For example, Hata et al. [HOW14] are
detecting curb points based on the distance between neighbouring laser rings, because
when a laser hits an object this distance becomes smaller. Therefore, they are using a
di erential Iter to keep points with a height variance by using a convolution operation.
Then, they apply a distance lter to omit curb-like points besides the road, because curbs
are the nearest points to the car. Finally, they use a regression Iter to omit obstacles
inside the road, like other cars or pedestrians. This Iter estimates the shape of the
curb and removes points not tting in. Wang et al. [WWHY19] also perform their
Itering with two steps to remove false positives inside and outside the road. They apply

a distance lIter to eliminate wrongly classi ed points outside the road and a RANSAC
Iter for inside. The RANSAC lter calculates the parameters for a quadratic polynomial
model, which ts curb points as good as possible. All points further away from the model
than a certain threshold are false positives and therefore removed from the curb point
set.
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2.2.4 Geometry Fitting and Tracking

Finally, a geometric model is generated from the calculated and Itered curb points. For
this, several di erent approaches are used regarding representation and computation of
the model, which are discussed below.

For the representation of the curb as geometric model either a parabolic model [ZY12]
[ZWW " 15 [WWHY19] or a B-spline [SZX* 19 is used. Zhao et al. ZY12] achieve
the tting with the combination of RANSAC followed by a linear least squares method.
Zhang et al. [ZWW ™ 15] are using a root mean square error method to compute the
geometric model and Wang et al. WWHY19] a least square method. To improve the
curb further, it is tracked over multiple frames. Zhao et al. [ZY12] use therefore a
particle Iter [ DdFG01] and Wang et al. [WWHY19] as well as Zhang et al. ZWW * 15|
are using a Kalman Itering method [Kal60]. Zhao et al. [Z2Y12] state, that they are
using a particle lter and not a Kalman lter to avoid a bias towards the cars movement.

Nevertheless, not all research uses this pipeline or this kind of features, for instance Han
et al. [HKLS12] are computing line segments in the untransformed polar coordinates of
the LiDAR sensor to detect the borders of the road. Kumar et al. KMLM13] are using
parametric active contour models to detect road boundaries in the converted 2D raster
surfaces of elevation, re ectance and pulse width values of the LiDAR. A further method,
introduced by Wang et al. [WLW * 15] uses saliency maps and salient points to detect
curbs and Rodriguez-Cuenca et al. RCGCOAL15] base their curb detection algorithm
on 2D raster images of the point cloud, holding the height di erence and the amount of
points in each cell.



CHAPTER

Semantic Point Cloud
Segmentation

When humans look at a point cloud, they can instantly identify objects like houses,
trees or cars, but for a computer a point cloud is just a mass of unstructured points
with no semantic information. An urban point cloud consists of buildings, vegetation,
pedestrians, scanning artefacts and a lot more. However, for most tasks, points of just a
certain category are actually needed. Let us assume the goal is to reconstruct buildings,
it would be great if we already knew where in the point cloud the buildings are located,
to apply further reconstruction algorithms speci cally there. This would decrease the
reconstruction time, since many points do not need to be processed. On the other hand, in
some applications it would be an advantage to lter points of a speci ¢ class beforehand,
like scanning artefacts or vegetation, to enhance the stability of algorithms.

For this and many other reasons, semantic point cloud segmentation is a well-liked
research topic with a long history. Since CNNs are a great tool to extract and learn
high level features and reach a very high accuracy in various applications as well, it
seems natural to apply the knowledge and algorithms from image classi cation with
CNNSs to the 3D world of point clouds. Therefore, this thesis uses a 3D Convolutional
Neural Network for the point cloud segmentation and this chapter is dedicated how this

is achieved. Section 3.1 explains the process of data extraction of a point cloud and
Section 3.2 describes the used dataset. Then, Section 3.3 gives an overview about neural
network learning basics and Section 3.4 discusses the network architecture. Finally,
Section 3.5 shortly depicts the segmentation process of a point cloud.
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3.1 Data Extraction

The convolution and pooling operations in conventional machine learning environments
are working on rasterized data and since those operations can be easily adapted from
2D to 3D, they are already supported. Nevertheless, point clouds do not have a regular
structure and the point density can di er from very dense to extremely sparse. In order
that the neural network can process the data, it needs to be rasterized in a way that
the underlying structure of the point cloud is represented well. Furthermore, to train

a well-generalized classi er a great amount of training data is needed, which requires a
lot of memory - especially in the case of 3D data - but graphic cards do not have such
an amount of memory available. Therefore, the data needs to be extracted such that it
contains important information, but regions with too few points should be omitted.

For this reasons as well that LIDAR data can become extremely huge, an appropriate data
structure is needed to visualize and process a point cloud in a proper way. Commonly
used data structures for handling spatial data fast are spatial subdivision trees. Based
on that, an octree is used as underlying data structure. As the name indicates, an octree
node can have up to eight child nodes. In case of LIDAR data, the whole point cloud
is the root node. The root node and recursively all other nodes are subdivided further,
if they contain a feasible amount of points. Figure 3.1 shows a 2D visualization of an
octree, where the root node is coloured black. Dense regions are subdivided more often
and therefore located in lower levels of the tree, like the red nodes of Figure 3.1. Because
of that, the size of those nodes is getting smaller with each subdivision. Contrary to
that, sparse regions are not subdivided further and therefore located in bigger nodes on
a higher level in the tree, as the blue nodes in Figure 3.1. Such data-structures give
information about point density and location of relevant information in a point cloud,
which is a good basis to extract training data.

Figure 3.1: 2D visualization of an octree.
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The visualization and processing of point clouds is done with the algorithms and data-
structures from the Aardvark Platform [ Aar]. The out-of-core octree implementation
can handle point clouds very fast and is able to process humongous datasets. In this
octree, the nodes are called cells and they have a property hamed exponenh, which
indicates a xed cell-size of2" meters. That makes it is easy to traverse a tree to the
cells with the desired size in meters, particularly because all cells with the same exponent
are on the same level of tree. Since point clouds are stored with a xed measurement - a
meter has always the same unit - it is possible to extract di erent datasets of various
sizes with the same procedure. This is important, because the size of the nodes is crucial
to represent the underlying structure of a point cloud. The cells must not be too big,
because it would not be possible to represent ne structures after the rasterization, since
they would be aggregated in the same grid cell. On the other hand, too small nodes
would lose information about the greater context of an object and the classi er would
not be able to distinguishing them well. In this work, the exponent n = 0, which is one
meter, was used, since this exponent established as best cell size in prior attempts.

During data extraction, the octree is traversed to the level with the desired exponent
and the cells of this level are used for training. Nonetheless, if a cell is already a leaf,
but still contains a feasible amount of points, it is subdivided further. For the training
the minimum amount of points in a cell are ten, for the classi cation, on the other
hand, all cell with any points inside are used. The cells are then rasterized with a xed
grid size. Used grid sizes ard 6 and 32, for example, if a cell with exponentn = 0,
which is one meter, is rasterized with a grid size oB2, then each grid cell has a size of
ém =0:03125n = 3:125cm. Each grid cell is assigned a value, which represents the
information about the points occupying the cell. In this thesis, three di erent values
where explored:

a binary occupancy-value , where the grid cell contains1 if there are any points
inside and O if not,

the absolute amount of all points inside the cell

and the ratio of the number of points inside the grid cell to the total
amount that can be inside a node.

Besides the data itself, each training sample needs a ground truth to be learned by a
neural network. Since, not all points in a node must have the same class-label; a majority
vote on the class distribution is performed. By empirically exploring the class distribution
for both used grid sizes, it transpired that, either just one class is contained in a node, or
one class is highly represented in comparison to the others. That shows us, a majority
vote is su cient to portray the correct class of a node and by considering the rather
small size of the nodes of justl meter, this seems reasonable.

However, not only the nodes themselves contain important information, their neighbour-
hood can be revealing as well. Therefore, for all six faces of the node, adjacent cells are
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created and rasterized as well. Figure 3.2 shows the middle-node (left) and the according
six side-cells (right) in matching colours. These six side-cells have the same exponent
and therefore the same size, but the grid size used for rasterization could di er. In this
thesis, grid sizes of8 and 16 were used for the side-cells.

Figure 3.2: Left: middle-node with coloured faces. Right: adjacent side-cells coloured
according to the faces

3.1.1 Data Augmentation

The generalization of a classi er is the ability to perform as good on unseen as on known
data. That means that the classi er does not su er from performance loss if it is applied
to new data. A classi er may be aicted with a bad generalization if it under- or over ts
the training data. The training of a classi er approximates a function y = f (x), which
should depict the distribution of the training data well, but in case of under- or over tting
this function poorly represents the data. Figure 3.3 visualizes under- and over tting in
the case of polynomial curve tting from Bishop et al. [Bis06], where the green curve
shows the searched function, the blue dots are the training samples, the red curve is the
tted function and M denotes the order of the tted polynomial. In case ofM =1 the
tted function does not capture the searched function at all (it is too simple) and this is
called under tting. M =9 models a function tting exactly all training samples, but
gives a poor approximation of the searched function, this is called over tting. Over tting
will cause a high training accuracy, whereby the validation or test accuracy is low.

To improve the generalization of a classi er, each class should have a nearly equal
amount of training samples. Nevertheless, usually some classes are represented well,
like vegetation or buildings, where others, like for instance natural terrain as meadows,
are not so common in an urban point cloud dataset. To create an equal distributed
training set, the amount of data samples with the least frequent class-label could be
used as maximum size for all other classes too. However, for this method the dataset
must have a certain size, because otherwise the training set would become too small
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3.1. Data Extraction

Figure 3.3: Example of under- and over tting (red curves) in the case of polynomial
curve tting. M is the order of the tted function. Left: under tting. Middle: good
representation. Right: over tting. (Source: adapted from [Bis06])

to train a good classi er. Another method would be to create more data samples from
underrepresented classes arti cially. This is called data augmentation and a common
procedure in machine learning. Data augmentation increases the variety of di erent data
samples inside a class, which leads to a better generalization. It is not restricted to some
classes and can be applied to the whole training set to increase its size and diversity.
However, the training set used in this work is highly unbalanced; some classes have more
samples than could be used for training, where others are underrepresented. Therefore,
data augmentation is used in this work to create an equal distributed training set by
creating various data samples of those underrepresented classes. To create data samples
arti cially, random samples from the training set are taken and then rotated, scaled,
horizontally as well as vertically ipped, translated or a combination of some of them.
Since the used augmentation-methods are depending on the use-case of the classi er, a
rotation around the z-axis up to 360 degrees, an arbitrary translation in all directions
about max. 75% of the node-size or a horizontal ip are applied in this work. These data
sample augmentation methods are visualized in Figure 3.4.

Figure 3.4. Data sample augmentation methods: a) rotation around z-axis, b) translation
in all directions, c) horizontal ip.
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