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Abstract

The recording of objects surfaces with Light Imaging, Detection and Ranging (LIDAR) scan-
ners is a well-established surveying method for the highly accurate and detailed geometric
creation of models. The result of LIDAR recordings is a three-dimensional (3D) point cloud
with geometric and spectral (intensity and color values) features that represent a geometric
model of reality. This model is usually automatically extended by the human imagination
with semantic information by looking at it, so that object classes, individual objects or mea-
surement errors in the point cloud can be reliably identified. The easy interpretation of point
cloud scenes and its effective recording with LIDAR scanners has led to the fact that point
clouds become a quasi-format standard for 3D models, besides to mesh, voxel and paramet-
ric models. Semantic features are necessary for automatic processing of point clouds, for
example, in a building information model. Currently, semantic enhancement of point cloud
information is mostly done manually, and automation (e.g., via deep learning methods) is
still a subject of research. In particular, Artificial Neural Networks (ANN) have proven to be
effective for this task when the data and hyperparameters (HPs) are optimized.

In this thesis, the PointNet ANN was used as an example to research which are optimal point
cloud data and HPs. The creation of training data with manual annotation tools, the imple-
mentation and research of processes for automatic semantic segmentation, and the devel-
opment of a heuristic quality model for the evaluation of point cloud datasets and of semantic
segmentation processes are the central research issues. The annotation tool, Point Cloud
Classification Tools (PCCT), was developed to investigate automation, training processes
of annotators, and features influence. For automatic point cloud processing, influences are
points from erroneous measurements, the class inequality and the semantic class defini-
tions. Different class definitions and methods for minimizing the differences in class sizes
have been developed, adaptations in point cloud pre-processing have been applied and the
weighting of infrequent classes have been optimized.

The research results show that optimal (data-based) HPs for semantic segmentation of a
building dataset can be defined. This HP set and the approach can be used as guidelines
for similar projects. An increase in recall of more than 50% for infrequently occurring classes
can be achieved by algorithm-based class definition and class size consideration. Using the
heuristic quality model, available training data and semantic segmentations can be evaluated
and compared.






Zusammenfassung

Die flachenhafte Erfassung von Objektoberflachen mit Light imaging, detection and ranging
(LIDAR) Scannern ist ein etabliertes Vermessungsverfahren zur hoch-genauen und detail-
reichen geometrischen Erstellung von Modellen. Das Ergebnis der LIDAR Erfassung ist
eine dreidimensionale (3D) Punktwolke mit geometrischen und spektralen Merkmalen, die
ein geometrisches Modell der Realitat darstellen. Dieses Modell kann durch Menschen beim
Betrachten meist automatisch um semantische Informationen erweitert werden, so dass Ob-
jektklassen, einzelne Objekte oder Messfehler in der Punktwolke sicher erkannt werden. Die
einfache Interpretation durch den Menschen von Punktwolkenszenen und deren effektiven
Erfassung mit LIDAR Scannern hat dazu gefuhrt, dass Punktwolken neben den Mesh-, den
Voxel- und den parametrischen Modellen quasi zu einem Formatstandard geworden sind.
Semantische Merkmale sind fur die automatische Verarbeitung der Punktwolken, z. B. in ei-
nem Bauwerksinformationsmodell, notwendig. Die semantische Erweiterung der Punktwol-
keninformationen wird aktuell meist handisch durchgefuhrt und eine Automatisierung (z. B.
mittels Deep Learning Verfahren) ist Gegenstand der Forschung. Insbesondere haben sich
fur diese Aufgabe Kiinstliche Neuronale Netze (KNN) als effektiv erwiesen, wenn die Daten
und Hyperparameter optimiert sind.

In dieser Arbeit wurde am Beispiel des KNN PointNet erforscht, welche Punktwolkenda-
ten und Hyperparamter optimal sind. Die Erstellung von Trainingsdaten mit handischen
Annotationswerkzeugen, die Implementierung und Erforschung von Prozessen zur auto-
matischen semantischen Segmentierung, sowie die Entwicklung eines heuristischen Qua-
litatsmodells zur Evaluation von Punktwolkendatensatzen und von semantischen Segmen-
tierungsprozessen standen im Fokus. Das Annotationswerkzeug Point Cloud Classification
Tools (PCCT) wurde entwickelt, mit dem die Automatisierung, die Trainingsprozesse von An-
notatoren und die Funktionen in Annotationswerkzeugen untersucht werden. Bei der auto-
matischen Punktwolkenverarbeitung sind die Einflisse Punkte aus fehlerhaften Messungen,
Klassenungleichheit und die semantische Klassendefinition zu berticksichtigen. Verschiede-
ne Klassendefinitionen und Methoden fir die Minimierung der unterschiedlichen Klassengro-
Ren wurden entwickelt, Adaptionen bei der Punktwolkenvorverarbeitung wurden angewen-
det und die Gewichtung von seltenen Klassen wurde optimiert.

Die Forschungsergebnisse zeigen, dass optimale (datenbasierte) Hyperparameter fiir die
semantische Segmentierung eines Bauwerksdatensatzes definiert werden kénnen. Diese
Hyperparamter und das Vorgehen kénnen als Richtlinien fiir ahnliche Projekte verwendet
werden. Eine Steigerung der semantischen Genauigkeit um bis 50% (Recall) ist bei sel-
ten vorkommenden Klassen kann durch eine algorithmusbezogene Klassendefinition und
die Berlicksichtigung der KlassengréRen erzielt werden. Mittels des heuristischen Quali-
tatsmodells kdnnen verfligbare Trainingsdaten und semantische Segmentierungen evaluiert
werden.
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1 Introduction

The digitization of everyday life is a trend that has accelerated in recent years, particularly
as a result of the global Corona pandemic. New ideas on how everyday life and the work-
ing life can be digitally designed have been developed and brought to market maturity in a
very short time [1]. These applications frequently use data that represents the real world,
as an abstract and geometric copy. Creating a geometric model of real-world objects (e.g.,
building components, structures, countries, continents) is a core competency of surveyors,
and has been the basis for maps, three-dimensional (3D) visualizations (e.g., globes), and
knowledge [2, 3]. With very fast, precise and easy to use measurement systems for surface
recordings, digitization can be preformed much faster, but usually only the geometry and not
the semantics is recorded. In this thesis methods are investigated, which allow to generate
semantic information from geometric (and sometimes from spectral) measured values. The
basis are point clouds, which are recorded with Light Imaging, Detection and Ranging (LI-
DAR) scanners and depth imaging cameras. The point clouds are semantically enhanced
by machine learning (ML) and deep learning (DL) methods. In particular, the constructed
environment, i.e., buildings, cities, and long-stretched infrastructure structures, are objects
for which semantic segmentation is necessary [4, 5]. The motivation for a reliable semantic
segmentation is explained in section 1.1. The two following sections 1.2 and 1.3 explain the
Research Gaps (RGPs) as well as the research objectives (ROs) and, the research ques-
tions (RQs). In the last section of the introduction (section 1.4), the structure of the thesis,
the relationships between the sections and the form of presentation are described.

1.1 Motivation

Cadastre, Geographic Information Systems (GISs) and Building Information Models (BIMs)
are the most used applications to represent the real world in an abstract (digital) model and
to use them for answering specific issues form topic such as land use, building condition, or
mass determinations. These data collections are the basis for public action of administration
and economy, strategic planning of social developments and political decisions, so that they
are of importance [2, 6].

In the data collections semantic, topological, thematic, spectral and object-inherent charac-
teristics are combined with geometric and geographic object characteristics. Traditionally,
these data collections are organized in two-dimensional (2D) representations (e.g., maps or
images) in combination with registers (e.g., property registers, land charge registers or land
registers). With the advantage of GIS and digital user tools, a paradigm shift has occurred
towards the direct storage of object-related information in the form of attributes of a model
[6]. A BIM is a data model that represents, among other characteristics, in particular the ge-
ometric characteristics of objects as a volumetric 3D model. The great advantage of a BIM
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is that the details of geometric characteristics and object information can be represented in
a scalable and hierarchical manner. In a BIM, which originally comes from planning, the
dimensions of the building objects become more detailed and semantic information become
more accurate as the planning proceeds. At the beginning of the planning it is only known
that a room needs a door and approximately on which wall it has to be, the position of the
door, its shape and materials become more concrete as the planning advances. This is cur-
rently represented by the five Level of Development (LoDev), [6, 7]. These LoDev, can be
further refined for respective characteristics, such as Level of accuracy (LoA), information
content or Degree of Modeling [8, 9]. BIM properties can also be used after completing the
construction of a building, such as for comparing the as-built planning with the as-is execution
(final survey) [10]. In the operation of a construction, BIM is a data format that can be inte-
grated in construction maintenance programs, contributing to the effective and efficient use
of a building or infrastructure [11, 12]. Applications include indoor navigation and improved
space utilization [13, 14], as well as building control, repair-planning [15], and emergency
exit simulation [16, 17].

If data for a BIM is not available from the planning or does not match the as-is status, the data
is usually surveyed by total stations, photogrammetric or LIDAR systems [6, 18]. Since most
methods scan a surface, this process is commonly called Scan2BIM. Scan2BIM or more
generally Scan2Model describes the procedure from the recording to a complete model of
the real world in an accuracy and level of detail arising from the application [19]. In the
Scan2Model process, the point clouds are usually combined with other recordings and, if
necessary, the calculation of the point cloud is carried out for photogrammetric systems.
In terrestrial laser scanning (TLS), which is currently the standard method for most high-
accuracy models, the registration is done with common points in the overlapping areas of
the scans [18]. Mobile Multi Sensor Systems (MSSs), such as scanner backpacks [20,
21] or vehicle-based systems [22, 23] usually use trajectory to connect individual scans, but
may also be supported by common points. In most application, filtering is used to partially
remove the mismeasurements. The next step is semantic segmentation. Semantic segmen-
tation can be combined with modeling, if a direct automatic or manual creation of parametric
geometries is done [24, 25, 26]. These methods are used in applications to create floor plans
[27] or surface models (e.g., meshes or voxels) [28] from the point clouds. These models are
usually not transferred back into the data format point cloud, but they form parameterizable
geometries, such as cylinders, cubes, planes, lines or circles, which are used to build com-
plex object-oriented models, such as GML [29] CityGML [30], IndoorGML [31] or Industry
Foundation Classes (IFC) [32]. The methods are usually very specific to an application and
require detailed prior knowledge about the data and the task. The most common applications
for these methods are the modeling of building structures.

However, in most applications, semantic segmentation and modeling are performed inde-
pendently. The semantic segmentation of point clouds is the most complicated step of this
process chain to automate, as the objects vary in geometric size, shape and the recorded
scenes differ significantly [33]. Parameters and thresholds for separation by semantic ob-
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jects can be insufficiently defined, which still makes ML and DL most suited methods [34].
The performance of ML and DL varies, depending on the data and the complexity of the
class definition according to which the point cloud should be segmented [35, 33]. However,
strictly point clouds are imperfect data for semantic segmentations, since the training data
are usually only available to a small extent, do not have a homogeneous structure, and are
erroneous [35]. These disadvantages of point clouds lead to varying semantic accuracies for
different classes, to systematic confusions between classes and to unfavorable foundations
for modeling [36].

Overcoming the imperfection and understanding its causes for the case of semantic seg-
mentation with DL for building reconstruction is the motivation of this thesis. The aspect of
processing point clouds with DL, the quality of point clouds and the generation of training
data from point clouds must be examined in a structured manner as it is explained in [37, 38,
39, 40, 41, 42, 43]. Like [36], this work focuses on the point clouds and its weaknesses, as
well as methods to overcome them.

1.2 Research gaps in semantic segmentation of point clouds

DL is the most suitable method for the semantic segmentation of point clouds but it has sev-
eral downsides and aspects that are less researched. The main researches on DL methods
deal with the following aspects:

» Optimization of algorithms and network architectures [44, 45].

* Enhancement of the benchmark datasets collections [40, 46, 47, 48].

» Neighborhood representation for algorithms input [49, 50, 51].

» Automatic transformation of point cloud information into parameter models [35, 52].
» Optimization of manual annotations [53, 54, 55].

* Investigation of the impact of point clouds and its pre-processing for optimal semantic
segmentation [36, 56].

» Development of quality models and characteristics for semantic point clouds [18].

» Concatenation of DL with ML [57, 58].

The findings for one research aspect sometimes provide the foundation for the others. This
can be seen in the example of the development of the network architecture of PointNet [45].
This network architecture enables an efficient and direct processing of larger point cloud
scenes (> 1 million points). Now, the data pre-processing of the point cloud format is no
longer a primary issue, but the data content is a new issue. The main research in the field
of DL methods on point clouds does not address real and practical applications, therefore
many relevant and influencing parameters are neglected. This leads to the RGPs addressed
in this thesis:
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RGP 1: Influence of dataset characteristics, points and point clouds for semantic seg-
mentation.

RGP 2: Development of a heuristic description and evaluation of semantically seg-
mented point clouds.

RGP 3: The development of a workflow for semantic segmentation of point clouds in
building modeling processes.

The research objectives (ROs) are derived from the RGPs, but do not necessarily address the
entire research gap. How the RGPs can be closed is explained in more detail in section 1.3
based on the ROs and the RQs.

1.3 Research objectives and questions

The identified RGPs are in the overlapping field of the disciplines of computer science, math-
ematics, data science, computer version, civil engineering, facility management, as well as
geodesy and geoinformatics. In order to close these gaps, innovative data models and pro-
cessing algorithms must be implemented by means of modern high-performance computer
systems to address topics arising in the digitization of buildings. Recorded digital datasets of
buildings have measurement errors, vary in terms of semantic class sizes, include fine and
coarse objects in unstructured and heterogeneous point clouds (Figure 1).
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Figure 1: Measured TLS point cloud with segmentation and annotation errors. Class Erro-
neous points in red and class Object in blue.

These datasets are not optimal for processing with ML or DL methods, due to the data content
and data format. Nevertheless, ML and DL methods are the most efficient and accurate
methods for semantic segmentation if the data is homogeneous, structured, and arranged
in a raster. In order to harmonize characteristics of point cloud datasets and DL algorithms,
the following three ROs are tackled:
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RO 1: Evaluation of methods for the manual annotation of point clouds regarding effi-
ciency, usability, accuracy, and the development of an experimental annotation tool.

RO 2: Development of a quality model that heuristically describes semantic point
clouds.

RO 3: Development of a workflow for semantic segmentation in order to investigate
the influence of point clouds content and format in DL methods.

RO 1 can be achieved by explaining the developing steps of the Point Cloud Classification
Tool (PCCT) (PAPER 0) and the investigations of its usability. For manually annotated point
clouds with a computer, the users must have segmentation tools, a visualization of the point
cloud (on a screen), guidelines for the classification process, and tools for the classification.
Based on these statements, the following RQs should be answered:

RQ 1.1 Which annotation tools (manual segmentation) for point clouds exist? What
functions can be found in these tools? How efficient, reliable and effective are these
tools and how can these characteristics be determined?

RQ 1.2 Which annotation tools can be used for the semantic segmentation of challeng-
ing real-world indoor TLS point clouds?

RQ 1.3 How can semantic segmentation tools for point clouds be enhanced and im-
proved?

RQ 1.4 How to become a good annotator for semantic point clouds? How can the
performance of annotators be measured? What do annotators need and how can the
tool support them?

In order to answer the questions of RO 1, a heuristic quality model must be used. The
development of a quality model is the RO 2. The quality model evaluates the semantic
segmentation process and the semantic point cloud. The development of the model is guided
by following RQs:

RQ 2.1 What are suitable semantic point clouds? What are the characteristics of point
clouds? How can the characteristics of the point cloud be determined, measured and
compared?

RQ 2.2 How is a quality model for semantic point clouds designed? Which parameters
are necessary for the description of the characteristics? Does the quality parameters
differ for annotation and automatic semantic segmentation?

RQ 2.3 How can the quality model be applied for the semantic segmentations of build-
ing point clouds

RO 3 is based on RO 1 and RO 2 and is the realization with the workflow for semantic
segmentations. The training data created by the PCCT or other tools and the performance
evaluation of the workflow by the quality model are necessary to answer the RQ 3.1 to RQ
3.3. The workflow is developed for the point clouds created by TLS with imperfections as
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shown in Figure 1. In the workflow, established DL methods are integrated. The formal and
contentinfluencing parameters of point clouds are evaluated in experiments. The RQs which
guide the development are:

RQ 3.1 How can DL methods be integrated in a workflow for semantic segmentation
of point clouds? Which DL methods are suitable?

RQ 3.2 Which hyperparamters need to be defined for applying PointNet in a semantic
segmentation workflow? How are the values for these hyperparamters determined?

RQ 3.3 How can the influence of the dataset be controlled by data-based hyperparam-
eters in the semantic segmentation of point clouds? What are the main influences?

The three central ROs are covered by three peer-reviewed and one extend-abstract-peer-
reviewed publications. There is no one-to-one assignment of one RO to one publication.
Instead, single or multiple RQs are covered in each publication. The connections between
the publications and the ROs are explained in section 3.5 and Figure 27.

1.4 Outline of the thesis

This cumulative dissertation consists of a framework thesis (sections 1 to 5) and the four
publications in the appendices A (peer-reviewed publications) and B (non-peer-reviewed
publication). The framework thesis presents the state of the art, the terminologies (section 2),
the connections between the individual publications (Section 3.5), and the ROs, RQs, and
results (section 4). Section 5 summarizes the key conclusions and outlines further research
approaches.

PAPER 0 is in section B.1 and PAPER 1 to PAPER 3 are in sections A.1 to A.3. A refer-
ence to the publications is made by the indication PAPER #. References are used to avoid
repetitions of results, proofs, and detailed descriptions that have already been discussed
in the publications. For better comprehension, conclusions and general observations are
discussed in section 3 and in the individual RQs (section 4).
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Semantic point clouds are the foundation for modeling complex environments. Their deploy-
ment covers the entire process with the acquisition, the parameter-based filtering and the
semantic segmentation of the point cloud (steps 1 to 3 in Figure 2). Based on the semantic
point clouds, parametric, solid models, Computer Aided Design (CAD) and BIM models are
created. These models are used in GIS [59], construction management applications [12, 60],
and in private and public registers [61] (steps 4 and 5 in Figure 2).
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Figure 2: Process of creating semantic point clouds. Recording of point clouds with an optical
recording system. Registration of the individual recordings, resulting in a complete
point cloud. Semantic segmentation according to given classes set. Modeling of
objects in the semantic point cloud. Implementation of the models into an applica-
tion. Taken from [62] and adapted.

In context of buildings, LIDAR scanners and measurement cameras are used to record entire
surfaces in a fast way. The working principle, the differences of the measurement system as
well as its influence on the point clouds are explained in section 2.1. The recording and the
semantic segmentation are significant for the quality of the semantic point cloud. Semantic
segmentations are performed manually as well as automatically and due to the size and
complexity of the data this topic comes under big data. big data applications require special
data handling, which is carried out with ML methods. The basics of big data and ML are
introduced in section 2.2. The process of manual semantic segmentation is in section 2.3.
ML models learn the relationship between input and target data from the data itself. The
characteristics of training data are described in section 2.4. The state of the art of automatic
semantic segmentation of point clouds is described by ML and DL methods in sections 2.5
and 2.6.

2.1 Recording systems for point clouds

Point clouds have become a quasi-standard for storing recordings and visualizing the sur-
faces of real objects in the digital domain. This quasi-standard can be explained by the
fact that many recording systems have to store the measured values very fast (data-stream)
and which does not allow an order (sorting) according to the contained object classes [63].
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This data organization as a simple list is sufficient since the data is represented as a three-
dimensional scatter plot. Humans can interpret scatter plots of point clouds very well and
they automatically add semantic content from geometry [64]. For the data recordings itself,
different contactless sensor types have become popular and can be distinguished as shown
in Figure 3 in active (e.g., LIDAR) and passive (e.g., photogrammetric) sensors.
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Figure 3: Types of recording systems and the categorization by similar functional principles.
Active sensors (radar, LIDAR, RGB-D) send out a signal and determine the dis-
tance to the object on reception. Passive sensors such as cameras use multiple
images and corresponding points. Systemic data are surface models converted
into the point cloud format. Taken from PAPER 2.

Most point clouds of real objects are recorded by optical and contactless recording systems.
These contactless systems use either natural light (passive systems) or emitted light from the
measurement system (active systems). The light is reflected from the object surfaces and
travels back to a photo-sensor in the measuring system, where it is processed. The passive
systems use photogrammetric methods to create the 3D point cloud, such as Structure from
Motion (SfM) or Dense Image Matching (DIM). In DIM, corresponding pixels are determined
in two or more images. These pixels present the same image feature, for example a sharp
corner, an edge or any kind of shapes. The image features are used to determine the align-
ment of the images to each other (bundle block adjustment). Using the collinearity of the
images, a depth map can be created for each pixel in (2D space). By visualizing this depth
map in 3D space, a 3D point cloud is created [63]. A detailed outline of the DIM and various
developments are described in [65]. Recent enhancements in DIM use DL to improve fea-
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ture matching [66]. The DIM method has the advantage that images can be recorded faster
and with inexpensive sensor technology. Disadvantages are computationally intensive eval-
uation, a high noise of the point cloud, a dependence on the surface characteristics and the
influence of ambient illumination [67].

With active recording systems, the 3D point cloud is computed directly, no further processing
is necessary [68]. Active acquisition systems are depth imaging (Red, Green, Blue and Depth
(RGB-D)) cameras as well as LIDAR scanners. Depth imaging cameras record the reflected
spectral visible light and the distance to the surrounding objects. Time of Flight (ToF) [69] or
the Structured Light (SL) [70] methods are used. The function of these methods and their
differences are presented in PAPER 2. Depth imaging cameras are compact and can be
carried freely in space during the recording, so that multiple rooms are (completely) recorded
in one measuring loop. The relative easy usability and cheap price of depth imaging cameras
lead to a large number of point cloud datasets in indoor applications [71, 72]. Point clouds
recorded with these systems have a raster-shaped structure and very low resolution for a
single image. With the SL method, multi-pass effects are very rare, but the surface noise
is significantly higher for point clouds created with LIDAR scanners or ToF cameras [73, 74,
75] as well as PAPER 2.
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Figure 4: Point cloud of a TLS measurement with measurement errors, noise and non-
uniform point density. Taken from [62] and adapted.

For surveying tasks and in outdoor applications, LIDAR scanners are currently preferred and
used in the form of TLS [7, 76] or MSS [20, 22, 77, 78]. These LIDAR scanners are nearly
independent from ambient light, have a very high acquisition rate (of more than 10° points
per second). Their range varies between 10 m to several 100 m [79]. Likewise, different
distance measurement methods, such as pulse travel time and phase comparison methods,
are commonly used, resulting in different patterns and accuracies in the point clouds, as well
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as different operational usages. Geometric accuracy evaluation of LIDAR scanners is the
subject of many studies in geodesy [80, 81, 82, 83] providing the basis for initial (geomet-
ric) evaluation of point clouds. All LIDAR scanners show typical patterns in the point cloud
as shown in Figure 4. These patterns include comet tails, multi-pass effects, round-offs at
edge, distance and surface dependent densities, acquisition gaps, and phantom points (er-
roneous measurements). These patterns have a measurable impact on automatic semantic
segmentation.

2.2 Big data and machine learning

Big data can provide the basis for generating new knowledge [84]. Typical examples for
big data are: industrial process data, business data, text data (emails or posts), image and
video data, or biomedical data [85]. Also, the 3D point clouds considered in this work are big
data. 3D point clouds require a high amount of disk space, representing a complex object
with different features and sometime with high repetitions rate. Big data is fast recorded
with little effort and contain hidden information for new knowledge. The knowledge is mostly
contained in features of the data and is extracted by data mining. A newer term for extracting
knowledge from big data is data analysis, which relates to use computers for processing [85].
Data analysis is done by using statistical, ML or DL methods. These methods are based on
models that describe the relationship between features and target data. Target data are
either categories (classification) or continuous values (regression) [86].
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Figure 5: Four stages of the process for analyzing data. Inspired by [85, 86]

In order to analyze data, it must be managed in a data architecture. An overview of differ-
ent concepts of management, storage and provision of computational resources is given in

10
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[87, 88]. Data features, pre-processing, analysis and evaluation will be discussed in cor-
relation with workflow of data processing shown in Figure 5. This workflow includes data
pre-processing, selection and adjustment of algorithms, evaluation of previous steps on the
basis of key characteristics of a question and the application of the new data and information.
This process iterative in different stages.

2.2.1 Data

The basis of the analysis is the data and its characteristics that are described by meta data
(data about the data). The meta data need to be considered prior of any data analysis. By
using the meta data it can be investigated if the issue can be solved by this data. If yes it,
a algorithm can be selected [89]. The most important meta data are the data format, the
datatype, the feature type (variable type), and feature quality. All these terms are frequently
confused, depending on the discipline and perspective. To avoid confusion, these important
terms are defined below.

Common data formats are images, measurements from sensors, text passages, laboratory
results, measured values [86] and point clouds. For each data format exist several file for-
mats that structure the data in a certain manner [89]. The data format images png, jpg or tif
can be used. A Point cloud is commonly stored as pts, ply, bin and /as file formats.

Depending on the data format, the data is binary, qualitative and (discrete or incremental)
quantitative. Binary data allows only two states, such as yes and no or frue and false. This
data format is often expressed as 0 and 1 for better machine readability and they are discrete
quantitative values [90]. Binary values are required for category encoding (e.g., one-to-hot-
encoding) in ML and DL algorithms. Qualitative data has nominal and ordinal values. Nom-
inal values are categorizations, such as blood groups or semantic classes, that cannot be
ranked. Ordinal values are values in a fixed order, e.g. good, satisfactory or sufficient. These
values are usually expressed by discrete numbers, e.g., school grades. Quantitative data is
data that can theoretically take any real number and usually originate from measurements
[91].

The data content, the numbers or categories, are the properties of the dataset and are usually
referred to as variables. There are dependent and independent variables in most datasets.
The dependent variables will be formed from all or a subset of the independent variables.
Thus, dependent variables are aggregated variables that are usually the target variables of a
classification. For each variable there are several objects (data points) in the dataset, which
have a certain value for each variable. This values are the features of the objects and carry
the used information (Figure 6) [89, 90].

The independent variables must describe all the dependent variables as unique as possible.
In order to evaluate the suitability of data for processing with certain algorithms, certain con-
cepts have been developed for general data [87] and for traffic data [92], that evaluate the
quality of the input data or variables values (features). These concepts focus on character-
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istics such as availability, correctness, relevance, completeness, actuality, consistency and
comprehensibility. Not all of these characteristics can be used for all data, therefor special
concepts have to be developed (PAPER 2). These concepts take the quality of the measure-
ment systems and other pre-processing steps as a foundation. More information on the point
clouds recording concepts and investigations for the quality of the recording can be found in
[83, 82].

2.2.2 Data pre-processing

The features of the different variables are not always directly usable, because they are dis-
tributed differently, have variable value ranges, contain data gaps, contain measurement
errors, are highly correlated, are formatted differently, or are too large for direct use. [89]
states that in many data analysis projects, 80% of the time is spent on data pre-processing.
The data pre-processing depends on the type of data, its recording system and the pur-
pose of the data (analysis) for the development of custom pipelines. Prior to this data pre-
processing, an evaluation of the data on possible information errors or limitations should
always be performed. This includes checking the suitability of the target classes and the
impact of unavoidable dataset bias for the task. The dataset bias is caused due to the fact
that a dataset can never contain all possible states. During algorithms optimisation (learning)
phase, the method always assumes that all possible states are represented. New data with
unknown states are discriminated by the model [89].

In most cases, the first step of data pre-processing is to split the data into meaning groups.
These groups can be defined by time or space. The second step is to examine the data for
major errors in the features of the individual variables. During this search, data gaps can
be detected and, if necessary, closed. In addition, major errors or non-plausible data are
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removed or corrected, if possible. The third step is the elimination of random errors, such
as measurement noise. This should only be done with filters that do not change the feature
appearance [93]. The fourth step is the selection of variables for the algorithms. This can be
done by hand (correlation of feature distributions), by algorithms (ensemble learning) or by
classifiers [86]. In particular for ML, the selection of variables is crucial for the success of the
classification [90, 94]. The fifth step is the transformation of the features into a uniform value
range. This can be a conversion of all values into a single unit, as well as the standardization
or normalization of the values. This is not always possible, because the variables contain
different characteristics of the data. In these cases, the characteristics must be transformed
into another feature space. The sixth step is the calculation of new features from the existing
ones. Redundant features can be aggregated or target classes can be created. The target
classes have to be set up according to the application [89, 93].

2.2.3 Clustering and machine learning

[89] distinguish data analysis for classification and regression. This distinction needs to be
further refined. Classifications can be further distinguished to avoid misunderstandings. The
different types of classifications are defined in PAPER 2. Following these definitions: Clas-
sification is only applied for single objects per data object. The semantic segmentation of
the raw point clouds (Figure 7a) is the classification of multiple objects in one scene by se-
mantic type. Usually there are multiple classes. Objects with same semantics are assigned
in the same class. Semantic segmentation is understood as forming clusters of objects that
describe an object or meaning in the real world (Figure 7c). Clustering is the creation of
object groups based on similarities of dependent or independent features (Figure 7b). In-
stance classification means that not the semantic classes but the objects themselves are
distinguished (Figure 7d).

a)

<) d)

Figure 7: Different classification types: a) raw point cloud, b) clustering, c) semantic seg-
mentation, and d) instance segmentation.

Figure 8 summarizes the frequently described and applied methods for semantic segmen-
tation and clustering of data and organizes them according to knowledge-based and data-
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based methods. In addition, a distinction is made between knowledge-based (black) super-
vised (orange) and unsupervised (green) methods.

Semantic
segmentation

3D Hough
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Figure 8: Summary clustering and semantic similarity segmentation methods. Knowledge-
based clustering methods (black), data-based clustering methods (green), and
data-based semantic segmentation methods (orange).

In programming typically, knowledge is used to process and analyze data (knowledge-
based). This requires that the data content is known and can be selected via parameters
such as thresholds or number of objects searched. If conditions are met, clusters can be
formed using threshold selection [95] (e.g. threshold > a spectral value) or fitting a geom-
etry in the point cloud. Methods such as Random Sample Consensus (RANSAC) [96, 97],
require some parameters, such as number of objects and its shape, and randomly search
the data for these patterns to form clusters.

In addition to parameter-based methods, which are highly dependent on a-priori knowledge,
data-based methods are an alternative that learn the relationship between data and target
class from the data itself. Three categories for data-driven approaches are described in the
literature. These are supervised learning, unsupervised learning, and reinforcement learn-
ing. In supervised learning, the target variables are known and the algorithm learns or deter-
mines the relationship between features and the target variables. In unsupervised learning,
no target variables are given and a fix or an unspecified number of clusters with high similar-
ity in the features is formed. Reinforcement learning is based on the idea of trial-and-error.
The algorithm performs the classification task many times and gets feedback at the end of
each pass indicating whether the classification is correct or incorrect [98]. The last method is
usually not used for semantic segmentation.
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Unsupervised learning is used primarily for clustering data objects. Thereby, differences
and similarities in the features are determined e.g. via static method, feature orders or trans-
formation in another feature space [99]. Discriminating methods, such as edge detection
[100] or Principal Component Analysis (PCA) [101, 102], define differences by boundaries
in the feature space. Based on these boundaries (or thresholds), the unlabeled clusters are
formed. Generative unsupervised methods, such as graph-based methods [103, 104], Re-
gional Growing (RG) [105], or k-Means [106], start at one or more starting points and grow
around the object points that have the greatest similarity. The resulting areas and structures
are the unnamed clusters. Using user knowledge or data-based methods, the unnamed
clusters become classes.

Supervised learning methods, such as Naive Bayes [89, 107, 108], Logistic Regression [89,
109], k-Nearest-Neighbors (KNN) [86, 110, 111], Support-Vector-Machines (SVM) [86, 112,
113], and Decision Trees (DTs) [108, 114] use target variables to optimize the learnable model
parameters. In addition to the learnable parameters, each ML method has additional param-
eters that must be specified prior to training. These are called hyperparameters (HPs) and
include the algorithm itself, the proportion of training and test data, learning rates (LRs), and
stopping criteria. The HPs are discussed in PAPER 3. The previously mentioned methods
are mostly classified as weak ML. They allow direct semantic segmentation for a predefined
defined set of classes. The labeled data is needed for this purpose (section 2.3). The adjec-
tive weak refer to the fact that the features are used directly for semantic segmentation and
no depth features are formed from the raw features. This requires that the necessary inde-
pendent variables have been optimally chosen and that the features are free of gross errors.
Data pre-processing has an even larger impact than in DL [86]. To make the methods more
robust for varying data, Ensemble Learning (EL) methods such as Random Forest (RF) [115]
were developed. RF use multiple DTs and all are trained under different conditions. The re-
sults are combined using methods such as voting, bagging, stacking or boosting. EL also
uses different combinations of independent variables to minimize the influence of correlated
or irrelevant independent variables. The EL leads to a measurable increase accuracy for
most applications [86, 116].

2.2.4 Deep learning

DL methods are usually more robust to errors and major changes in features than ML meth-
ods, such as SVM or RF. They have become very important with the rise of big data, as
they find hidden patterns in large and complex datasets [117]. Commonly, DL is used as a
synonym for Artificial Neural Networks (ANNs). The functionalities, the different types, as
well as the advantages and disadvantages of ANN are briefly explained in this section. The
use of ANN for semantic segmentation of point clouds will be discussed in more detail in
section 2.6.

An ANN is a mathematical-technical model of a natural neural network such as those found
in brains [118]. There are static and dynamic components in the ANN, which are controlled
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by the initial HPs. The static components are the processing unit (neuron), the connections
(weights) and the network topology (network architecture). The learning phase and the pro-
cessing phase are the dynamic components [117].
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Figure 9: Neuron and network architecture: a) Neuron architecture and function. a) Simple
ANN with input and output layers. b) ANN with a hidden layer. Inspired by [119,
120]

The neuron is an independent unit that performs a partial operation of the network. The
neuron processes the numerical information by aggregating its input and calculating a new
actuation value with a (typically nonlinear) function (Figure 9a). Step-, Sigmoid- or RelLu-
functions are used. Neurons are organized in layers and forward parts of the information to
other neurons. The simplest ANN consists of only two layers and can only be used for linear
problems (Figure 9b) [120, 121]. The input layer has as many neurons as there are inde-
pendent variables in the dataset and forwards them to the output layer or, in more complex
networks (as in Figure 9c), to the hidden layer. In the output layer, there is one neuron for
each target variable. The layers are connected by weighted and directed graphs. If all neu-
rons of one layer are connected to all neurons of the next layer, this is called fully connected
(FC) layer. Also, sparsely connected (SC) layers where some neurons have connections
are frequently used. Information can flow in all directions. In practice, for static classification
tasks, the feed-forward (FF) architectures have become most popular. The FF architectures
feed information from the input layer through all hidden layers to the output layer. The output
layer provides a quasi-probability for each class. A classification function (e.g., Softmax) is
used to perform the interpretation of the output layer results. During the learning phase, a
large number of features along with the labeled class (training data) are fed into the ANN and
after each pass, the loss is determined across all learning samples. By comparing network
predictions and target data, the network /oss is determined. This loss needs to be minimized
by optimizing the weights on the graphs using back-propagation [119, 120]. After the network
has been trained several times and the loss value is minimized, the ANN can be tested with
independent data (section 2.2.5). Once the test parameters are finalized, the ANN can be
used in the processing or inference phase [98, 117, 122, 123].

A special type of ANN uses equal weights for all inputs (share weights). These inputs are
images or 3D data and carry information in the arrangement of features (neighborhood de-
pendent data). Commonly, ANNs for this kind of data are called Convolutional Neural Net-
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works (CNNs) [124]. Using CNN, each feature of each variable is loaded as a 1D, 2D or
3D tensor. For each network feed, there are as many tensors as there are variables in the
first layer. To extract depth features, each tensor is multiplied by weights of a feature map
(F-map) and these products are summed up, so that a new depth feature is created from all
input variables. The F-map is a tensor, with a fixed width and length (usually a few entries
large), that is shifted over the input tensor such that the new features remain local. There
are multiple F-maps for each convolutional layer (Conv layer), so several feature variables
are given to the next layer. The F-maps correspond to the weights in the ANN. When the
F-map is longer and wider than one entry, the width and length of the net feature tensor will
be reduced (Figure 10). Stronger features are formed by convolution and pooling layers.
Commonly, the classification step is done with a FC layer [71, 118, 120, 125].
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Figure 10: Function of the one Conv layer at a CNN. Inspired by [120].
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Figure 11: Common CNN-Architectures for semantic segmentation.
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Special CNN architectures are the shared Multi Layer Perceptron (MLP), Encoder-Networks
(EN), and Encoder-Decoder-Network (EDN). These are often used in semantic segmen-
tations. The MLP is strictly an ANN, such as in Figure 9c, and unit to extract features from
data inputs. By implementing this unit with a 1D CNN, more operations with identical weights
can be performed in parallel [126]. EN encode the input data to depth features by chained
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Conv layer and used at the end a FC layer to classify each point (Figure 11a). This method
is used for sparse point clouds or classification questions [127]. In the EDN, the features
are encoded and summarized in the encoder phase. In the decoder phase, the features are
expanded to the number of input points and decoded (hierarchical approach) [128]. Features
can be shared between encoder and decoder layers of the same size through connections
(Figure 11b).

An alternative way to distribute information between inputs is to use Recurrent Neural Net-
works (RNNs). RNNs inherit information from previous inputs to the current input and subse-
quent inputs. The value of the previous information become lower over the time (Figure 12).
RNNs are mostly implemented in the form of Long Term Short Memory (LTSM) networks,
which are explained in [129].

2 Intermediate storage

2 I\ Saving and weighting

Network input Network answer

Recurrent Layer

Figure 12: ANN with a recurrent layer. The outputs of the recurrent layer is used as additional
input in the next pass. With time the inputs become less meaningful, so that its
influence is lowered via weights.

Compared to most other ML methods, ANN and CNN have a high learning capacity, when
large training datasets are available. They can be efficiently adapted to new tasks, once
the infrastructure for training is set. They usually generalize better than ML methods and
are more robust of errors. Disadvantages of DL are long training times, lack of to small
traceability of the learnable parameters and there is a need for large amounts of training
data [117, 120].

2.2.5 Evaluation scheme and metrics

Most algorithms use intermediate classification results to optimize the learnable parameters,
thereby validation is already part of the learning. This validation is done using only very
few metrics, which mostly describe the semantic accuracy. Typically, in supervised learning,
Overall Accuracy (OA) and loss are used. In reinforcement learning, binary answers (false
or true) are given. In non-supervised learning, no validation occurs during learning in this
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sense [89]. The validation during learning gives insufficient information to evaluate the per-
formance of the trained model on new similar data and for each individual semantic class.
Before a model can be productively applied, a full evaluation of the model with unknown data
must be performed. This must provide information on semantic sensitivity (recall) and speci-
ficity (precision), evaluate the choice of HPs, and provide other metrics such as geometric
accuracy [108].

The basis for the evaluation is a ground truth (GT) dataset that is used to validate whether the
classification for each data point is correct. If this is the case, the point is considered to be true
positive (TP), if not, the point is considered as false positive (FP) in the predicted class and
as false negative (FN) in the true class. This classification of points is usually presented in a
confusion matrix [90] (Figure 13) and is the basis for computing other semantic metrics, which
[108] describes in general terms. A review of metrics in point clouds is done in PAPER 2.

True class

Class A Class B Class C

TP class A FN class B | FN class C

FP class A | FP class A

Class A

Prediction
Class B

Class C

Figure 13: Confusion matrix for the example of three classes. TP = true positive, FP = false
positive and FN = false negative. TP of the one classes is equal to true negative
(TN) for all other classes.

The automatic classification methods have a large number of HP that have to be customized.
The correct choice of HP is the prerequisite for optimizing the learnable parameters and suc-
ceeding in classification. In a broader sense, the training of the model is not complete after
training of the learnable parameters. Rather, this is only one pass of the integrative optimiza-
tion of the HPs. This optimization with various manual and automatic methods is presented
for general models in [90], for ML methods in [86, 108], and for DL methods in [130]. In
PAPER 3, DL methods are reviewed in detail. Evaluation using non-semantic metrics is
necessary for special (e.g., geodetic) issues, but is rarely presented in the literature.
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2.3 Manual semantic segmentation for point clouds

Semantic point clouds are the basis for creating surface models [4], developing BIM appli-
cations [131], building the navigation basis for autonomous vehicles [47], and developing
algorithms for automatic semantic analysis of 3D point clouds [39, 132]. Manually enhanc-
ing point clouds by segmenting the individual objects in the point cloud and assigning a label
is named as point cloud annotation. Point cloud annotation is a very complex task that is time
consuming and most often performed by experts [133]. To speed up this task and allow less
experienced annotators (e.g., crowd workers) to do this, various software tools have been
developed to make annotations more reliable and simple. A brief summery of these tools
and providers of these services (Data as Service) is given in the following. These tools and
their described functionalities form the basis for the PCCT. The motivation of the PCCT is to
produce independent, reliable, fast and without additional costs test data for examinations,
as there were only few similar tools available at the beginning of this thesis (section 3.1).

The literature review on various manual (open-source and commercial) tools for semantic
segmentation of 3D point clouds shows that eight properties of the tools are relevant. These
properties are visualization of the point cloud, big-data-capability, tools for segmentation,
multi-user capability, adaptability to new circumstances, feedback capability for annotators,
semi-automation, and annotation evaluation. An overview is given in Figure 14. A selection
of the reviewed tools for semantic segmentation of point clouds, showing methods diversity,
is presented in Tables 1 and 2.
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Object tracking 3D point cloud model
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Figure 14: Requirements for a point classification tool.
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Table 1: Commercial tools for semantic segmentation of 3D point clouds, which are not re-
lated to a specific scientific work. Abbreviations: Bounding box (BB), offline tool
(OT), web service (WS).

Tool name Selection Application OT /WS
(AutoCAD) Recap [134] Freehand, filter, fit, polygon TLS oT
PointCab [135] Freehand, filter TLS oT
AWS SageMaker [136] By own design All WS
basic.ia [137] BB, semi-automatic Auton. driving WS,
scale [138] BB, semi-automatic Auton. driving WS
Point Cloud Technology [139] Data as Service All WS

Table 2: Open-source software for semantic segmentation of 3D point clouds, which are not
related to a specific scientific work. Abbreviations: Bounding box (BB), offline tool
(OT), web service (WS) and Robot Operating System (ROS).

Tool name Selection Application OT /WS
Cloud Compare [140] Freehand, filter, fit, polygon All oT
MeshLab [141] Freehand, polygon All appl. oT
Multi-Label PC [140] RG All appl. OT/ROS
Go Then Tag [142] Solid fit, pencil All appl. oT

PC Annotate [55] Solid fit TLS, Auton. driving OT
SemanticKITTI [53] Freehand, brush Auton. driving oT

3D Annotation [143] BB, semi-automatic Auton. driving oT
LATTE [144] BB, semi-automatic Auton. driving oT

3D BAT [133] BB, semi-automatic Auton. driving WS
SANE[145] BB, semi-automatic Auton. driving oT

Visualizing 3D data and navigating through it on a two-dimensional screen is described by
[146] as a central problem, because the data can only be seen from one perspective, which
leads to mistakes in interpretation [147]. [146, 147] address this problem by visualizing the
data on a 3D display wall and use a touch screen table for navigation. The idea of processing
3D data in a 3D space is also addressed by the PointAtMe application [148], which uses
virtual reality (VR) glasses for visualization. The annotators wear VR-glasses and can move
freely through the point cloud. The annotators segment and classify individual objects via
the controllers by placing a bounding box (BB) around the points belonging to an object. All
other tools from Tables 1 and 2 use a standard 2D screens for the semantic segmentation
on which the point cloud is displayed in a predefined perspective [143] or as a free navigable
model. The free-perspective choice is default.

The free perspective choice is advantageous for manual segmentation of objects of different
sizes. This option allows to look from any angle and at any zoom level at the areas to be pro-
cessed. However, using this option requires that the point cloud can be loaded in a very high
resolution, ideally without delays. Fast loading is an aspect that concerns big data capability
and is usually implemented by splitting the point cloud into 3D tiles. The 3D tiles are usually
realized by kd-free or octree methods. These methods organize the point cloud hierarchi-
cally, so that only the necessary data section is completely loaded at any given time. The
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methods kd-tree [149] and octree [150] are state of the art in mass data processing [142].
The choice of a hierarchical structure has a great advantage for visualization, because the
point cloud can be used in full detail. However, for segmentation, this partitioning can be dis-
advantageous, because during segmentation the storage structure is changed and has to be
recalculated again. In practical applications (e.g., Recap [134]), it is observed that these cal-
culations can be reduced if only all points of other classes are deleted from an existing data
structure. By deleting the points, the existing data structure remains unchanged and does
not need to be recalculated during segmentation. Loading the point clouds with all features
into the working memory (direct user access) is very time-consuming, so in many applica-
tions only parts of the dataset can be loaded and processed at any given time. The coarse
subdivision is usually done according to semantic aspects, such as roads [53], measurement
drives [47], recording stations or rooms [27]. Seldom, permanent database systems (e.g.,
MariaDB and PostgreSQL) are used for benchmarks, because the data is meant to be ex-
changed. In addition, folder-based data storage, portable databases such as 5h or SQLite
are sometimes used. These formats have the advantage that the data can be loaded via
Structured Query Language (SQL) commands efficiently by several users at the same time.
Besides solutions for temporary and permanent storage of point cloud data, the filtering of
the point cloud according to point cloud density or geometrical aspects is an important as-
pect. Many manufacturers of recording systems offer optimized parameter-based filters in
their own software for point cloud pre-processing or general static filters, such as Statisti-
cal Outlier Removal (SOR) [151] or Voxel-Subsampling and Fast Cluster Statistical Outlier
Removal (FCSOR) [152]. It is important that the geometry of the object is not changed be-
yond what has been done by the recording system and that, known measurement errors are
minimized.

The annotation of the point cloud consists of segmentation and classification. Traditionally,
for segmentation, a perspective is selected in which the object to be classified can be rec-
ognized well. The object is separated from the environment with a polygon or lasso and as-
signed to a semantic class [147]. Besides the free-form polygons or lasso using the mouse,
the selection of points is often done by brush technique (sweeping over an area with the
mouse) [53], placing BBs over the object [145] or selecting by parametric 3D solids [55]. The
selection of points by parametric 3D scenes is done purely by humans, who interpret the 3D
scenes differently, variate in the degree of careful work, and are different good trained for the
task. This is concluded by [143] under the factor of human error. To minimize this occurring
factor, segmentation is often considered as a control screw for automation. The approaches
for the automatic geometric segmentation can be summarized in five main methods and
one mixed method (hybrid methods). These basic segmentation methods are revisited in
section 2.5 and used in a modification for the dataset point cloud. The basic segmentation
methods are according to [147]:

+ Edge-based segmentation.

* Reginal grow.

» Model fitting.

» Traditional Machine Learning.

« Deep Learning. 22
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* Hybrid methods.

For a detailed description of the main methods and examples,references are made in Table 1
by [147]. The list can be extended by the object tracking respectively instance datasets, such
as applied in autonomous driving [53, 55, 145].

Multi-user capability plays a minor role in many scientific manual semantic segmentation
tools as the datasets are mostly shared by the researchers as in [41, 53, 55]. The anno-
tators mostly process one assigned sub-dataset locally with a specifically developed tool or
according to a process description [41, 153] for a general point cloud processing program,
such as Cloud Compare [154]. Especially when special hardware, as in [148], or extra pow-
erful hardware [134] is used, the scalability by the number of workstations is usually no longer
efficient and economical. Multi-user capability is mostly implemented in the scientific context
by crowd-working-services (CWS), such as Amazon-Web-Services, also known as Amazon
Mechanical Turks [136]. For example, this is propagated in [133] and considered during
software development. Few applications [155] are identified that use the AWS or similar
services. Commercial service providers, such as basic.ia or scale, provide multi-user web
applications for various data classification tasks or deliver ready-labeled data. [55] explain
in their discussion of the category of annotation tools, that few information is known about
the process, the data accuracy and the data privacy.

The commercial annotation services for point clouds focus on the market of autonomous driv-
ing. This is done by the BB selection of the data, the initial class sets that primarily include
traffic participants, surface types, and street furniture, and the trajectory-optimized visualiza-
tion and processing. Also, many scientific works, such as [53, 55, 143, 144, 145], are opti-
mized for autonomous driving. However, most of these annotation tools are transferable to
mobile mapping applications, because the class selection in these is adaptable or already in-
cludes most classes for outdoor applications. Traditionally, indoor point clouds are captured
with RGB-D cameras, so semantic segmentation is done with 2D annotation tools, such as
LabelMe [156] or the tools described in the review by [157]. Point clouds that are sourced by
TLS are predominantly annotated using Cloud Compare or commercial applications, such
as Recap [134] and PointCap [135]. These tools are optimized for viewpoint-based record-
ing. Each annotation method is usually developed for a specific dataset (data format) and a
specific task, and usually requires major effort to adapt to a slightly different application.

The evaluation of manual semantic segmentations and the related feedback and training
of annotators are reviewed in detail in PAPER 2. In addition to the statements there, the
experiences of [54] can be followed for the training of the annotators. They emphasize the
selection of the annotators, the previous experience, an intensive training phase before the
proper task and an annotator-bias (individual errors).
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2.4 Training data for point cloud applications

ML and DL methods depend on the data they are trained with. Since the creation of datasets
is very labor-intensive and cost-expensive (section 2.3), scientific datasets are shared via pri-
vate websites or repositories [40, 53, 158, 159, 160]. The open-source sharing of large point
cloud datasets support many algorithm and application developments. Many of the datasets
are related to a specific application (e.g., projects in archaeology [161]) or the development
of a new semantic segmentation method [77]). However, this is only advantageous for ap-
plications where a large number of datasets is available. For example, many datasets are
available for autonomous driving [53, 159] and can only be used for this applications or rated
use case, due to the class sets and segmentation type (e.g., BB). In principle, these point
clouds (with a different semantic enhancement) could also be used for BIM or city models.

Point cloud datasets have a variety of characteristics, summarized in Figure 15. This set of
characteristics are create from [72, 162, 163]. PAPER 2 describes a selection of datasets and
outlines the characteristics of recording systems, meta data, semantic segmentation, work-
flow, applications validation and purpose. These characteristics are usually incompletely
described and there is no standard for meta data of training data and benchmarks. This
fact limits the usability and the comparability. Among others, the datasets SemanticKITTI/
[53], Semantic3D.net [40], TUM-MLS-2016 [153], are documented almost completely and
describe the creation in detail.
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Figure 15: Characteristics of semantic point cloud datasets with main attributes.

Datasets of synthetic data derived from models become more and more popular. Initially
synthetic datasets were mostly limited to single objects [164], but in recent years the creation
of point cloud datasets for complex scene for autonomous driving [165], outdoor scenes
[166] and building modeling [131, 167] have been developed. These data can easily and
automatically annotated, but can not represent real measurement errors, gaps and other
influences for automatic semantic segmentation.
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2.5 Machine learning methods for point clouds

Semantic segmentation of point clouds is not always realized by using the complex and
computational expensive DL methods. Alternative methods cluster points by similar fea-
tures, form boundaries based on a-priori knowledge or boundaries detectable in the data,
fit geometric primitives or create surface models, or use ML-based clustering and semantic
segmentation methods. In addition, in applications the processing can be directly integrated
into the extended measurement process by using overlapping point clouds [168]. Advan-
tages of this method is low computational costs, a low entry level (knowledge and technical
equipment), and a high acceptance and traceability of the results.

A categorization of the methods mentioned above can be done according to [72, 169, 170]
by basic types as shown in Figure16. These basic types include clustering, classification,
and semantic segmentation methods and will be briefly explained using some examples. In
many cases, these methods are combined to efficiently and accurately form semantic seg-
ments in a point cloud. [171] combine two clustering methods and use a DT for classification.
Combinations of cluster- and DL methods are also applied by [172]. Statistical and ML meth-
ods are often used for data pre-processing or post-processing. Typically methods are kNN
or K-means as well as calculate the variances.
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Tree Machine Growing itting
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Edge- _

Logistic Ensemble deteition « Mea.ns
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Figure 16: Methods for clustering and semantic segmentation. Left: Methods from ML for
direct semantic segmentation. Right: Methods for clustering based on feature
similarities.

Edge-detection methods are predominantly used for 2D images, because 3D segments
usually cannot close [173]. A projection of the point cloud on a plane is a necessary pre-
processing step. For the projection panoramas and Bird’s Eye View (BEV) 2D representa-
tions. BEV are commonly used in navigation applications, for autonomous driving or for the
creation of floor plans. Threshold functions applied on the 2D representations can be used
to detect feature boundaries, such as Red, Green, Blue (RGB) changes, and make sepa-
rations within the data. These boundaries can be used to create segments, which can be
transferred back to the 3D space or to the point cloud in a subsequent step [27].
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The original variant of RG method requires one or more starting points, from which a cluster is
formed based on similar features, such as the local neighborhood. In the case if a threshold
for the internal homogeneity of the cluster or a too large difference of neighboring data points
is detected, the growth of the clusters stop [174]. Besides this bottom-up approach, there
is a top-down method where an entire cluster is divided into sub-clusters. RG is usually
used in combination with other clustering and semantic segmentation methods. Rasters,
voxels, graphs or sub-segments are the most common input formats for RG. Also, clusters
can be converted to these data formats to downstream other methods. [175] use RG in a
two-step process by forming initial elliptical sub-segments that are transformed into a graph
structure and clustered as a minimum spanning tree in case a particular threshold is met
(Figure 17b). [176] use a graph that grows directly on the point cloud, investigating the
optimal edge parameters. In order to separate foreground and background objects, [177]
use a growing kNN graph (Figure 17a) and introduce a penalty parameter for background
points. [178] take a similar approach and transfer individual scans from a multi-profile laser
scanner into a graph connecting adjacent points (Figure 17c¢). Using edge operators, the
graph is transformed into sub-graphs that represent the geometry of individual objects. A
common strategy for large point clouds is to convert the points into a voxel structure. Based
on the voxel structure, a graph-based segmentation can be performed [103]. An additional
strategy is the use of this voxel-segment-structure for a parameter-based classification of the
segments [179].
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Figure 17: Different graphs used as intermediate step for semantic segmentations. a) kNN-
graph with k = 4 nearest geometric neighbors. b) Minimum spanning tree by
feature value. c) Graph with all adjacent connections for each point. Color of the
point indicates the feature value.

The most popular model-based methods for segmentation are the Hough Transformation
(HT) [180] and the RANSAC method [97]. Originally, the HT is a 2D method to detect circles
and lines in images. These planar geometries are used to create semantic segments. In
HT, the cartesian coordinates of data points are projected into a HT space, which consists of
grid cells and can have different geometric projection surfaces. Using a voting procedure per
grid cell in the HT space, the most likely shape and position of the geometries are detected.
An overview of the different variants of HT, and the enhancement for a plane detection in 3D
point clouds is presented in [181]. Nowadays, the RANSAC algorithm in the version of [96]
is a method in which simple primitives, such as planes, spheres or cylinders, are randomly
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fitted into the point cloud. A best-fit transformation between point cloud and primitive is
applied. To increase efficiency, the parameters and the number of primitives must been
known. The advantage of these two model-based methods is that already parameterizable
models are obtained in addition to the segments. Parameterizable models are the desired
output products, especially for building and construction modeling [182].

The following methods are closely classified as ML and include DT and RF algorithms. In-
frequently, SVM and logistic regression are used in the context of point clouds. ML methods
are well established to produce reliable and accurate semantic segmentation results when
the HPs are known and correct features are selected. Several papers [39, 41, 94, 183, 184,
185, 186] explain the significant HPs and explore the features variables in detail. A work-
flow to consider all these influences is shown in Figure 18. These influences are neighbor-
hood selection, feature extrusion, and feature selection. Strategies to determine the optimal
neighborhood (size or number of points) in the case of heterogeneous point cloud densities
are developed and experimented. For this purpose, the eigenvalue-based features flatness,
curvature, or entropy are usually computed and used for sub point clouds [39]. Besides mea-
sured features, such as RGB values, intensities, and coordinates, mix features and features
concerning the local distribution (e.g., eigenvalues or point densities) are used [187]. Using
methods such as PCA, the dominant, uncorrelated, and significant features are determined
in multidimensional feature space. This is necessary because the semantic segmentation
performance can be lowered by correlated features and the computations get unnecessarily
complex. The author of this work believes that there is great potential for transferring this
approach to DL application, even though DL methods are not directly dependent on feature
selection. Approaches to this research and initial findings are discussed in section 5.2.
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Figure 18: Workflow for semantic segmentation with ML. For non-DL methods, the initial fea-
tures are important for the success of the semantic segmentation method (green
boxes). In unsupervised methods, clustering and classification are separated
commonly in two steps (yellow boxes). In supervised learning, it is usually done
in one step (orange box). Inspired by [94].
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Data transformation, feature analysis, and various clustering and classification methods are
concatenated in complex workflows (Figure 18) and benchmarked against DL methods.
Comparisons show slightly minor semantic accuracies in most applications [188]. RG for
coarse segmentation refined with RF are combined using indoor point clouds as an example
in the work of [189]. For the reconstruction of historical buildings [190, 191, 192] apply the
above discussed methods and ideas in workflows for semantic segmentations with a RF.

2.6 Deep learning methods for point clouds

In the semantic segmentation of image content, DL networks show a performance that sur-
passes traditional ML methods [188]. This leads to the enhancement of models for the
three-dimensional domain and to the development of different approaches for the seman-
tic segmentation of point clouds. An overview of the central DL developments of the past ten
years is presented in the following', by a categorization of network types and the method
pipelines on the basis of the input data formats. The input data format is the format in which
the point cloud fed into the DL network architecture. In this context, projections into 2D do-
main are early approaches?, which were followed 3 by 3D structured DL methods. Recently?,
point-based approaches have been intensively researched and are the most popular ones
when high accuracy is required. This coarse method categorization can be further refined
by sub-types, as shown in Figure 19.
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Figure 19: Method characterization of DL network architectures for semantic segmentations
by input formats and applied architectures.
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In addition to the methods that can usually be categorized clearly, there are many combi-
nations of approaches. For example, [193] first transform the point clouds into cylindrical
coordinates, convert them into a voxel grid and processes them by a FC network. Finally,
a point-wise classification is performed. A voxel structure transformation is performed by
VoIMap approch, which transforms the point cloud into BEV perspective, making the geo-
metric height a feature value. The processing is done with 2D CNNs and the pixel labels are
passed via the voxels to the point cloud [194]. In LatticeNet [195] and VV-Net [196], the grid-
based and point-based architectures are intertwined to discover local and global features.
In LatticeNet, the point cloud is firstly converted into the form of a lattice and processed us-
ing an encoder-decoder architecture in which PointNet layers exist [195]. VV-Net focuses
on the local relationships within a voxel cell, which is encoded by a sub-CNN to provide
depth features as input for a group-based 3D CNN. Finally, the semantic segmentation is
performed using a PointNet layer [196]. In the following, the general characteristics of the
DL network architectures are presented at the beginning of each section followed by specific
modifications and extensions.

2.6.1 Semantic segmentation with 2D projection-based deep learning methods

A 2D projection-based method transforms a point cloud with 3D geometric variables (x, y, z)
into a geometric 2D format with the variables x and y. The spectral features do not change
by this transformation, but the reduced geometric variable (e.g., z) can become a spectral
or radiometric variable. The transformation usually results in representing the point cloud
as an image. An image consists of discrete pixels and has a fixed width and height. In the
following, variables x and y become width and height (BEV case). The transformation from
point cloud to image transforms the points into a discrete format (pixels), so that a neigh-
borhood relationship can be built through the pixels. With the transformation, the features
of the points are passed into pixels, thus it is possible that several points describe the con-
tent of one pixel. Due to the transformation, the content of the point cloud is generalized,
which is a central weakness of projection-based methods (Figure 20). Points that occur in
different ranges, but are at the same location, are combined this way. Usually these points
belong to different semantic classes. The major advantage of transferring point clouds to the
image is that the established semantically highly accurate and very fast CNNs for semantic
image segmentations such as AlexNet [197], U-Net [128], Yolo [198, 199] and others, can
be applied [163, 200].

Applications of autonomous driving and robotics use projection-based methods frequently.
In these applications, the point clouds are usually very sparse, very reliable (binary) seg-
mentation is required, and the sensors measure in one fix direction of view, such as BEV or
windshield view (WV). For BEV applications, methods are developed by [201, 202]. Point
clouds in for application purpose are recorded with a profile scanner scanning horizontally
the environment of a vehicle. Along the z-axis, the point cloud is mapped into a raster image
with pre-defined width, heights, and pixel size. The raster image (Figure 20) is evaluated
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Figure 20: BEV projection. The point cloud is oriented along the z-axis and transformed into
a raster plan with fix a fix raster structure.

with a FC network. In the interference phase, the passable area of each scan is semanti-
cally segmented in a few microseconds with approximately 90% recall and 90% precision®
[202]. Following this task and approach, [203] have developed a similar method using the
LoDNN Network [202] for semantic segmentation. There, in addition to the geometric fea-
tures, features such as pixel densities are used in order to take generalization into account.
Furthermore, WV point clouds are semantically segmented with the U-Net [128], after they
have been transformed into a panoramic image. Different resolutions of the panoramic im-
ages are evaluated with the U-Net and then the sub semantic segmentations are combined
to a joint one using thresholds. Its performance is validated on the SemanticKITT/ bench-
marks [53, 204] and is close to 90% for recall and precision. SurfConv [205] and PIXOR
[206] aim to detect individual objects, such as other cars, pedestrians or cyclists, which are
of a particular interest in the point cloud. This is done in the first steps as described above.
The semantic segmentation is performed using a CNN chained by FC layer, where the FC
layer is used to express the location, orientation, and reliability of a BB that envelops the ob-
ject. The accuracy of semantic detection varies between an average precision of 55% and
75% [206]. A complete semantic segmentation of WV scenes are intended with the methods
SqueezeSeg [58], RangeNet++[207], LU-Net [208] and SalsaNext [209]. These methods do
not differ fundamentally in the scheme of data processing. In all works, the point clouds are
projected onto a sphere, which is then unrolled as a panorama (Figure 21a). Furthermore,
different improvements for the geometric resolution are developed and applied. The back
projection from the image to the point cloud is addressed and optimized by a kNN step [207]
and Conditional Random Fields (CRF) [58]. Besides U-Net, Darknet53 [199], SquezzeNet
[210], and ResNet-18[211] are used and adopted. The performance of these methods varies
from 52% to 60% © Intersection over Union (loU).

TLS point clouds and point clouds generated with mobile MSS have a much higher density
and cannot be mapped from a single perspective. Points would be missed by occlusions

SPublished by the developers.
SValidated on the SemanticKITTI dataset by [46].
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Figure 21: Projection of a 3D point cloud into (2D) image. a) Spherical or cylindrical projec-
tion. b) Multi-view-image projection and transformation.

during semantic segmentation or the geometric context would not be identified. Multi-view-
image approaches (Figure 21b) are developed by [212, 213]. The point cloud is considered
as a surface and a mesh is computed from it. [212] use randomly generated images that
represent completely the mesh at different distances and rotations. These images are se-
mantically segmented with EDNs, such as U-Net and SegeezeNet, and the semantics are
projected back onto the mesh. From this, the semantic information is transferred to the point
cloud. The approach of [213] use planes that tangentially intersect the point cloud in one
point. Starting from this point, all neighboring points in small area round that the tangential
point are projected into the plane, and the areas without information are completed by inter-
polation between points (Figure 22). The plane is overlaid with a pixel grid and all images
are semantically segmented by U-Net. The loU for these methods varies between 51% and
67%" .

(7
&
\fb-
K
<
()
Q% /v
£

,.r\"t‘.*

Intersection of
the tangent

Point cloud

Figure 22: Projection of the points onto a tangent plane. Creation of a multi-view image
(Simplified 2D illustration).

A recent work use 2D CNN for semantic segmentation of 3D point clouds by using the record-
ing profiles [214], fuses the point clouds with other data such as images [215], or uses 3D
CNN in air-born laser scanning (ALS) analysis [216]. [214] use a profile laser scanner that

"Validated by developers on the Semantic3D.net dataset [40].
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generates a 2D point cloud. This point cloud is transformed into a raster image and evaluated
with a 2D CNN. In the data fusion method, [215] use images for the semantic segmentation. A
mobile mapping system captures the images synchronously to the laser scans. The seman-
tic information is generated in the images and transformed to the point cloud. This method
requires a very accurate synchronization and calibration of the scanner and the cameras.
3D CNN have a wider geometric dimension and convolute the dataset in three directions.
This is computationally intensive, so [216] additionally transform the ALS point cloud into
orthophotos.

In addition to raster-based 2D CNN, lattice representations of the point clouds are used.
The lattice approaches use a bilateral Conv layer [217] to transform the point clouds into the
2D structure. They could be processed with 2D CNN. Advantage of these methods is that
3D points and georeferenced images can be fused, as in SPATNet [218], and be used for
semantic segmentation.

2.6.2 Semantic segmentation with 3D grid-based deep learning methods

In the context of 3D grid-based DL methods, point clouds are converted into 3D raster struc-
tures for evaluation with CNNs. These can be voxel-based, tree-based or lattice-based. This
intermediate format allows to apply Conv layers convolut in three dimensions (3D CNN). Most
of the 3D CNN architectures are based on the 2D CNN architectures [219] applied to raster
images. For semantic segmentation, EDN and EN with a FC layer are used, which assign a
class to each voxel. By interpolation in the 3D space, the labels are transferred to the points
or further refinements of the semantic segmentation are performed. A general pipeline for
these methods is shown in Figure 23. The advantage of using 3D CNN is that the information
is preserved in all dimensions and the segments are not mixed in the reduced dimension.
A majority of 3D CNN networks commonly merge multiple points into one voxel, so that the
data is generalized as well (Figure 24a). The main disadvantage of 3D CNN compared to 2D
CNN is that the application and training times are significantly increased, since the number
of operations is potentiated. This has led to many early architectures consisting of few layers
[124] and the voxel structure being transformed into an occupancy grid (Figure 24b) [220].

The EN with FC layer performs a classification for each network input. In VoxNet, the detec-
tion of objects in the point cloud is performed with such an architecture [124]. [219] proceed
identically, but only label the voxel representation. For the transfer from voxel to point, an
intermediate step is introduced that takes into account the distance to the voxel center point.
[40, 221] use a sub-voxel grid computed for each point as network input. Small-dimensional
Conv layers with 16 x 16 x 16 voxels are used as a basis. In the architecture of [40], the local
neighborhood is additionally considered by using voxel grids with five different voxel edge
lengths (2.5 cm to 40.0 cm). For each of these five voxel grids, a VGG 16-like [222] network
architecture that is extended as 3D CNN is used. All the sub-CNN results are combined and
the classification is performed in the FC layer.
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Figure 23: Workflow semantic segmentation utilizing 3D grid structures. Top: The entire
point cloud is transferred to one grid. Iteratively, several voxels are fed into a 3D
CNN. The voxel grid is semantically segmented. The information is passed by
interpolations to the point cloud. Bottom: A sub-voxel grid is created for each
point. Each sub-voxel grid is classified by the 3D CNN. Each point is directly
assigned to one class.
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Figure 24: Voxel structures (in 2D perspective). a) Regular voxel grid. b) Occupancy grid.
c¢) Octree with refinement due to point cloud density.

Other 3D CNN are based on a EDN, where a part of a point cloud is transformed into a
voxel structure. The FC network can act as an encoder to detect a specific object in the
point cloud. Vote3D [223] and Vote3Deep [224] use such a CNN architecture, embedded
with a voting algorithm, to detect the BB of objects relevant to autonomous driving. EDN for
spatial classification of RGB-D images find applications in the architectures: SSCNet [225],
ScanNet [226], and ScanComplete [227]. The voxel-resolved RGB-D image is given as an
occupancy grid with a resolution of several centimeters as input to the CNN. In this case, the
key feature is occupancy or non-occupancy state of the voxels (Figure 24b). Through the
EDN, the occupancy grid is directly classified and a transmission of the semantic labels is
made to a point cloud or a mesh. [227] use a hierarchical-chained architecture to efficiently
increase segmentation resolutions. Additionally, this type of architecture can fill gaps created
by recording perspectives [225, 227]. The SEGCloud architecture has a CRF layer after the
3D CNN layer, which is used for finer (sub-voxel) segmentation [228]. Thus, combining
traditional ML and DL methods contributes to an efficient and easily increase in semantic
segmentation accuracy.
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OctNet [229] uses an octree as voxel structure (Figure 24c). With the octree, the sizes of the
voxel cells are adjusted based on the occupancy of the voxels [230]. OctNet is used for se-
mantic segmentation of point clouds representing larger facades. In this context, the height
of the facade specifies the maximum size of the octree. The features of the points falling in
a voxel are combined by computing an average and calling this value voxel feature. The GT
label is determined using the dominant class of the points in this voxel. Semantic segmenta-
tion is performed using a 3D EDN, so that directly the selected portion can be semantically
segmented. Besides octrees, kd-trees [231] are also used for small point clouds applying
FC layer or 1D-convolution for feature extraction and semantic segmentation [232].

2.6.3 Semantic segmentation with 3D point-based deep learning methods

The DL methods from sections 2.6.1 and 2.6.2 have the disadvantage that points always
have to be converted into a raster geometry and information is generalized. Direct point-
based semantic segmentation became popular with the development of PointNet [45]. Point-
Net uses MLPs to extract depth features, which extracted individual for each point. The
individual point features are combined via a max-pooling function, resulting in global fea-
tures describing the dominant features of all points currently fed into the network. A detailed
description of of PointNet can be found in PAPER 1 and PAPER 3. Due to the point-wise ex-
traction, the order of the points is notimportant. However, this also has the disadvantage that
neighborly relations, which are described by several points, are not considered in semantic
segmentation. Moreover, the global features refer only to the current input, consequently
in most cases the features describe only a very small part of the point clouds. In principle,
semantic segmentation can be performed using point-based features, thus researchers use
PointNet or parts of PointNet frequently. Besides PointNet-based enhancements, which will
be discussed in more detail below, RandLANet [44] is one more recent developed network
for semantic segmentation of large point clouds. In RandLANEet, the point clouds are seman-
tically segmented in one step by randomly reducing them.

The key weaknesses of PointNet concerning neighborhoods are directly addressed in [233,
234, 235, 236, 237, 238] but non of these works overcome all the weaknesses. In PointNet++
[233], PointNet layers are integrated in an EDN. This network considers the hierarchical local
neighborhoods of the points. The central modules of PointNet++ are sampling, grouping
and feature extraction with PointNet. The Farthest Point Sampling (FPS) algorithm is used
to detect principal points. The features of the near surrounding points are grouped in every
principal point and fed as one unit to the PointNet layer (Figure 25). With these extensions,
larger point clouds can be segmented semantically. The same objective but with two different
approaches are pursued in [234]. Their first approach uses different sized input levels (area
sizes as shown in Figure 26b) and combines features of them. The features generated
from the input levels are given in a consolidation unit. The second approach uses a fixed
input block size (Figure 26a). The features from different input blocks are fed into a RNN
consolidation unit. The information from four input blocks are considered as information
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sequence and through the RNN, shared features are created that are used for the semantic

segmentation [234].
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Figure 25: Structure and functions PointNet++. Encoding of point features in an iterative pro-
cess considering the local neighborhood: (1) Selecting n points that are maximal
wide away from each other. (2) Grouping of the features in the neighborhoods.
(3) Applying a PointNet layer to feature extraction. (4) Repeating this process.
Decoding by joint and step-wise interpolation of the features. (5) Classification
layer at the end. Figure from [233].
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Figure 26: Two methods for creating neighborhood input blocks. a) Fixed block size with
the blocks sharing features via RNN. b) Variable block size with different fixed or
dynamic radii. Used in CNN or MLP architectures. Inspired by [233, 234].

Similar enhancement is described in [50]. Local multi-scale neighborhoods are implemented
by a pyramid pooling function and information is distributed across the network via a RNN
layer. This enables learning from the coherence of objects. The enhancements of input
features and introducing Conv layer instead of MLP are described in [236]. Self-organizing
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(SO) networks that use SO maps as inputs and PointNet as encoders are developed in [235].
A feature network consisting of concatenated feature modules and a PointNet network was
developed by [237]. In the feature module, local features are formed by the kNN and global
feature by the K-means. Furthermore, a centroied /oss feature is introduced. [238] use the
PointNet network architecture but sub-sample the point cloud by grid in advance and post-
connect a CRF operator for fine segmentation.

The PointNet++ is also the basis for many enhancements. PointNet++ is based on a stan-
dard EDN, which additionally processes features of different abstraction levels (hierarchi-
cally). A notable characteristic of PointNet++ is the use of the MLP as a central module.
The enhancements of PointNet++ aim on using the local neighborhood of the points as a
feature. In order to describe the local orientation of the points, [239] add a scale-invariant-
feature-transformation (SIFT) into the PointNet++ as an intermediate layer. They refer this
layer as PointSIFT, which describes the orientation of geometric features on different levels
of abstraction. A Local Spatial Aware (LSA) layer has been developed by [240]. This can
be used to model the feature distribution within an input set as a function. They construct
the LSANet for this layer, implementing PointNet++ for local geometric feature extraction.
The ShufflePointNet is developed by [241]. Once again, a new layer is implemented into an
existing PointNet++. This layer consists of a KNN based grouping of the input point set. For
each subgroup, independent features are computed using an MLP. The new features are
shuffled, concatenated, and fed into the next layer. Some of the MLP layers are replaced by
this new layer in PointNet++.

In addition to developments directly related to PointNet, other point-based methods have
been developed and a selection of some networks is briefly described below. The division
of Figure 19, which subdivides RNN-based, point-based CNN and graph-based methods, is
followed.

RNNSs are often used in conjunction with the MLP network of PointNet, as shown previously.
Alternatively, RSNet is a network where the entire point cloud is split into multiple views in
X, y, and z directions. Each slice direction is processed independently. Slices are used to
create an order in the point cloud. The features of the different slices are given into a RNN
layer, sharing some of the information. The extracted features of the slices are aggregated
and then the features of all slice directions are used for the point-wise semantic segmentation
[242].

Conv layers convolve an ordered geometric neighborhood so that less data objects, such
as pixels, carry more and more deep features. A transfer of this approach to individual
independent points is targeted for point-based CNNs. Unlike the MLP, a real convolution
is performed over a regional feature distribution. In PointCNN [243] this idea is described
in detail and a x-Conv layer is introduced. PointCNN uses an EDN. The coordinates are
transformed into the feature space within a small region. This can be done in simple terms
by computing the deviations of each point to a principal point. The principal point carries the
area features and is combined with other principal points in the next stage.

A similar approach is applied to the KPConv layer by [49]. As an initial step, the point cloud
is homogenized using a grid-sampling filter. The point spacing is equal and the objects
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become distinct by the features of the points. For example, points that are not occupied
are marked with free or 0 and points that are part of an object are marked with the features
of the measurement and occupied or 1. The KPConv layer in the basic version is built on
spherical neighborhoods in which the correlation coefficients are calculated for all features
and all points to the center of the sphere. The correlation coefficients can be multiplied by
any weight matrix of the Conv layer such that they can be chained as EDN. ShellNet [244]
also uses spherical input regions in which the features are computed. Circles with different
radii are used and the features are processed together. PointConv [245] converts the local
neighborhood of points into a continuous density function and a weight function that can
be processed with Conv layer. The networks A-CNN [246] and Dilated Point Convolutions
[247] are developed on point-based CNN in which the selection of points are optimized. A-
CNN arranges the point cloud by a local projection of the sub-point cloud onto a disk and
processes the features of the points with an encoding MLP network [246]. [247] perform
point-wise classification with a CNN added by one FC layer and consider different receptive
fields in the encryption phase. As an alternative to feature differences, which represent the
relationship between points in a point cloud, graphs are widely used.

Graphs represent the relationship between data objects (e.g., points) through edges. Edges
describe on one hand which data is in a relationship and on the other hand by the edge
weights how this relationship looks. Thus edge weights are usually multidimensional vectors.
Therefore, graphs take on an ordering role for a wide variety of data (e.g., social networks
and point clouds) that are processed and analyzed with ANNs. A general overview of Graph
Neural Networks (GNNSs) is given in [248], which provides a clustering of the different types of
GNNs. Simple graphs with few nodes are used for the joint processing of RGB- and D-images
in order to use the local depth information, such as in the case of adjacent objects with similar
RGB values [233]. GNNs in combination with MLPs have the purpose that point features and
local neighborhood features are used together for depth feature extraction. In the Feature-
based Graph Convolutional Network, initial point features are extracted and combined by
the graph representation. Subsequently, a sub-graph convolutional network is build, which
extracts neighborhood-based features. These depth-features are used for a point-wise clas-
sification by a FC layer [249]. A parallel feature decoding with graphs and individual points
are described in [250]. For this, the individual features between the branches are shared
at different hierarchical levels. The Dynamic Capsule Graph network architecture is based
on an EN that processes at the input layer independently different feature types, such as
eigenvalues, spectral values and coordinates. The features are combined and shared depth
features are created by a chain of encapsulated graph Conv layers, which are summarized
by pooling layers. The termination layers are MLPs, where a set of described features is
generated for each point [51]. Other GNNs introduce an initial weighting of edge weights or
features, during the encoding phase, to reinforce for the differentiation power of the relevant
features [155].

The EdgeConv layer, representing the local neighborhood, is often implemented in MLP net-
works to minimize the disadvantages of PointNet. This EdgeConv layer is used for building
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modeling [251] and in the analysis of ALS point clouds [252]. However, graphs can also
be used for pre-segmentation of the full point cloud. In this case, the graphs are used to
build sub-segments of those points that have a large feature similarity. These sub-segments
can be processed separately in sub-networks [253]. Additionally, the results of these sub-
networks can be used for context-based segmentation [254].
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3 Connections of research publications

This section explains the connections between the four key publications. The connection with
the ROs, the applied approaches and the general results are summarized in sections 3.1 to
3.4. The connections of the ROs and the publications are outlined in section 3.5.

3.1 PAPER 0: PCCT: A point cloud classification tool to create 3D
training data to adjust and develop 3D ConvNet

The key topic of PAPER 0 is the development of a multi-user, browser-based tool for semantic
segmentations of 3D point clouds. This tool is named PCCT" and consists of three indepen-
dent modules. The data is exchanged via a MariaDB database hosted on a web-server. All
three modules can be accessed from any computer within the HafenCity University (HCU)
campus network without any local installations. The first module uploads new point clouds
into the database. During the upload, the point clouds are converted into a 2D image rep-
resentation. This 2D image representation is used for an automatic semantic segmentation
and visualization within the browser-based tool. After the conversion, individual noise pix-
els are eliminated by filter algorithms and an edge optimization is performed. RG methods
are used to create segments based on features, such as RGB and intensity values. Each
image shows only one segment. The image is linked to the 3D cartesian coordinates of the
corresponding points via a connection in the database. In the second module, these seg-
ment images are randomly loaded by the browser tool and the annotators use a drop-down
list to select the appropriate class for the displayed segment. Thus, a class is assigned to
each image respectively segment. The third module establishes the relationship between
the cartesian coordinates and the classified images. Since each image is classified multiple
times and by different annotators, a voting procedure is introduced to assign the most likely
classes to the points. The point features are enhanced by the semantic classes. The en-
hanced point clouds are exported in different ASCI/ formats. Different projection methods
and sets of features for segmentation are tested and applied in studies of PAPER 1 to PA-
PER 3. In addition, individual processing strategies are used for indoor and outdoor datasets,
as they have different characteristics. A brief study is carried out to investigate the semantic
accuracy of the PCCT. It is shown that the developed tool is suitable for the task, but an
optimization of the tool parameters is necessary in order to achieve higher semantic accu-
racies. The optimization has to be done on the basis of characteristics which are defined in
PAPER 2. The usefulness of manual semantically segmented point clouds is demonstrated
on the example of an application with PointNet.

'Github repository: https://github.com/eb17/PCCT
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3.2 PAPER 1: Classification of erroneously measured points in 3D
point clouds with ConvNet

The focus of PAPER 1 is to determine the influence of erroneous measured points in semantic
segmentation with PointNet. Two datasets of TLS point clouds, which are created with the
laser scanners Imager 5010 and Faro Focus 360, are investigated in several experiments.
The point clouds show outdoor scenes with ranges up to 100 m. Point clouds have varying
point densities and a diversity of errors. Thus, these point clouds can be considered as
worst-case data for semantic segmentation with CNN-based methods.

Methods to minimize unfavorable influences of the point cloud are discussed and some ap-
proaches and ideas on dealing with point clouds as input for CNNs are developed. The
operation of DL methods, the requirements to start developing an DL application and the
HP selection for semantic segmentation on the example of PointNet are described. Based
on the research a workflow for semantic segmentation is developed and implemented by
a python program using the tensorflow Application Programming Interface (API) [88, 255,
256].

The developments are examined in a study. The key objective of this study is to investigate a
dataset as an information carrier. In different levels dataset-based, recording-system-based
and point-feature-based information are investigated. The worst-case outdoor TLS point
clouds that are manually annotated by using four different sets of class definitions are used
for a study. The class definitions separate the point cloud into:

* class Objects and class Erroneous points,

« different object classes,

+ all object classes and the class Erroneous points,

+ the three largest object classes and the class Erroneous points.

This study shows that the erroneous points and inconsistent class sizes have an impact on
the semantic segmentation result. The idea of a hierarchic class definition is concluded from
this study. Additionally, the influence of the geometric extent of the segments is identified
and discussed. These observations are the base for PAPER 3, which examines the dataset
information in more detail.

3.3 PAPER 2: Evaluating the quality of semantic segmented 3D
point clouds

The evaluation of the manual and the automatic semantic segmentation processes, as well
as the semantic point cloud itself, are the key topics of PAPER 2. In order to develop an eval-
uation process, an assessment of available 3D semantic point clouds and annotation tools
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is performed. The process from the recording to the semantic segmentation is investigated
step by step. Whereby, efficiency, geometric and semantic accuracies are researched. The
research findings are summarized in one set of the meta data of datasets. Unfortunately, the
meta data for most datasets is not completely determinable. In some cases, the meta data
can be determined from the data itself in an elaborate manner, but a lot of meta data remain
unknown for third-party datasets.

In order to define and quantify which meta data about point cloud datasets is required, a qual-
ity model? is developed. This quality model describes the quality characteristics of semantic
point clouds. The quality characteristics are

+ availability,

* process reliability,

» completeness,

» consistency,

* correctness,

* precision,

» and semantic accuracy.

The description of each quality characteristic is realized by several qualitative or quantitative
quality parameters. These quality parameters are binary and multidimensional statements /
values about the point clouds, ratios, distances and standard deviations. The quality model
is applied to the publicly available dataset collections and an evaluation matrix is used to
present the quality of these datasets in a comparable manner.

The function of the complete quality model is demonstrated in this work by an self-created
dataset, where all quality characteristics are described. This dataset contains indoor TLS
point clouds which are recorded by the Imager5016. As reference for the geometric char-
acteristics, a high-quality point cloud is used. This point cloud is created with the handheld
laser scanner Leica T-Scan 5 in combination with the Leica Absolute Tracker AT960 [257].
In the study two annotation tools, Recap and PCCT, are compared. It is discovered that
the PCCT has an efficient and reliable process. The geometric accuracy of the PCCT point
cloud is less accurate than point cloud processed by Recap.

The findings of PAPER 2 emphasize the importance of point cloud datasets for a reliable, ef-
ficient, effective and accurate semantic segmentation. The quality model makes the process
and point cloud quality measurable. A transfer of the quality model on automatic seman-
tic segmentations are co-developed, in such a way that the quality model is applied in the
evaluation of PAPER 3.

2Github repository: https://github.com/eb17/Quality-check-of-point-cloud-data-sets

41


https://github.com/eb17/Quality-check-of-point-cloud-data-sets

3. Connections of research publications

3.4 PAPER 3: Evaluation of class distribution and class combinations
on semantic segmentation of 3D point clouds with PointNet

Semantic segments have different sizes and thus consist of different numbers of points. A
semantic segmentation with DL methods works best if the information carriers (points) of the
individual classes are equally distributed. This has been observed in studies with images
[258, 259] and for 3D point clouds in PAPER 1. In order to quantify this observation and
optimize the classification process of unequally distributed point clouds, investigations of
class distribution and class size are performed in PAPER 3. Seven sets of hard and easy to
separate class definitions are examined. In addition, oversampling methods, weightings of
the input blocks, and weightings of the classification operation are analyzed, described, and
further developed.

The workflow from PAPER 1 is enhanced by representing the input of the points as the
local neighborhood in different point cloud blocks. The HPs of the PointNet algorithm are
optimized with a dataset consisting of 76 million points and showing 27 rooms of the HCU
main building. The influencing data-based HPs are identified and explained. The developed
software tools® for automatic semantic segmentation are divided into several modules in
order to test different adaptations for optimization of non-uniform class distributions. Also a
chaining of these methods is possible and theoretically different point-based DL methods,
such as PointNet++ [233] or RandLA-Net [44], can be applied.

Special attention in the definition of the classes is paid to the class Erroneous points, as it is
identified in PAPER 1 as a possible influence to the semantic segmentation. The influence
of this class could be confirmed. However, the presence of the class Erroneous points in a
class definition can be beneficial or disadvantageous, as shown in the study. Additionally,
the applied methods to increase the class equality could also increase the recall in most
cases. The first objective for these study is that all classes are equally accurate. The second
objective is, that precision and recall have to be better than 50%. The results of the study
show that in most cases the accuracy has become more equal, but is still below 50%. These
influences can be confirmed, but they are not the only significant ones.

3.5 Connections between the publications

The publication with peer-reviewed extended abstract (section 3.1) and three peer-reviewed
(section 3.2 to 3.4) publications outline approaches, results, evaluations of research findings,
and conclusions. The connections of the publications is illustrated in Figure 27.

3Github repository: https://github.com/eb17/mypointnetworkflow
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The PAPER 0 covers the development of a self-developed tool for efficiently annotating point
clouds. The tool converts 3D TLS point clouds into 2D BEV, multi-view, and spherical repre-
sentations which are automatically segmented. Using a browser-based tool, multiple users
can simultaneously annotate the segments. In addition to the self-developed PCCT com-
mercial and open-source applications for the annotation of point clouds are investigated. In
the study of PAPER 2, the annotation processes and the annotation results are evaluated
using the developed quality model. Applying the quality model on the semantic point cloud,
additional quality meta data is added to each dataset. Based on the meta data of the dataset,
it becomes assailable which performance can be achieved through the training of an auto-
matic semantic segmentation algorithm with a particular dataset. The characteristics of each
point cloud dataset describe the class distribution, the number of classes, the class defini-
tion and the degree of erroneous points. Since these characteristics are usually not ideal
for DL algorithms, there is potential for optimization. In PAPER 1 the influence of erroneous
points on PointNet is investigated. In the PAPER 3, further data-based influence factors,
class definition, class equality, and class structure are examined. In the study of Paper 3,
existing procedures to solve these issues are integrated into the workflow of the whole work
and are evaluated. The development of a PointNet-based workflow for semantic segmenta-
tion of building recordings is described in PAPER 1 and PAPER 3. PAPER 1 represents the
prototype of the workflow. The prototype is continually enhanced during the works progress.
In particular the data pre-processing and the choice of HPs is improved. Supplementary
details to PAPER 3 on graphs as input and hand-caved feature selections are outlined in
section 5.2. In the study of PAPER 3 the automatically semantic-segmented point cloud is
evaluated based on the quality model.
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The results for three ROs are described in the section 4.1 to 4.3 by the nine RQ from sec-
tion 1.3. For each research question, the methodological approach, the elementary devel-
opment, the innovative findings, the conclusions, the outlook for further research as well as
applications are described.

4.1 Development and evaluation of a tool for manual point cloud
annotation

The first RO is the improvement and understanding of tools for creating semantic point clouds
as training data. The focus is on the evaluation of available datasets, tools, processes (sec-
tions 4.1.1 and 4.1.2), and functions of the tools to enhance the development of annotation
tools (section 4.1.3). In the case of manual semantic segmentations, the influence of humans
is crucial, so it is investigated how humans can interact with different tools (section 4.1.4).

4.1.1 Survey of annotation tools for point clouds

RQ 1.1: Which annotation tools (manual segmentation) for point clouds exist? What func-
tions can be found in these tools? How efficient, reliable and effective are these tools and
how can these characteristics be determined?

Methodology: An intensive literature review of point cloud datasets and annotation tools is
carried out using review papers and the key research papers [72, 162, 163, 169, 200]. An
market analysis of services for classification tasks and software products in the construction,
planning, and 3D visualization industries is conducted. Additionally, workflows and tutorials
for open-source software are researched.

Findings: Point cloud annotation methods and processes are significantly influenced by the
eight influences as explained in section 2.3 and shown in Figure 14. The recording system,
the acquisition environment, and the application are the influences which are currently most
considered in the creation process of training data point clouds.

Recording systems can record the scenes from a stable recording point or a moving platform
(e.g., MSS), have different range limits and varying measurement accuracies. The scenes
consist of various objects whose surfaces can be recorded accurately, with errors, or even
not at all. In addition, obscuring objects prevent full coverage. The nature of the environment
is also closely related to the application. A possible separation of application fields is usually
made between indoor and outdoor applications. Outdoor applications mainly occur in the
field of autonomous driving and indoor applications are most commonly used for reconstruc-
tion of buildings. This separation by environment is not strictly consistent, since facades are
also often reconstructed from point clouds.
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However, the application additionally specifies which semantic objects of the point cloud are
determined and how they are geometrically selected. Typically, BB or irregular 3D solids
are used in most datasets and tools. A summary of the annotation tools mostly applied
to BIM and DL applications are presented in Tables 1 and 2 (section 2.3), as well as in
Table 5 of PAPER 2. These tools are application driven with exception of Cloud Compare and
Recap. Tools have been developed for one specific problem in connection with a semantic
segmentation. Furthermore, these tools are mostly linked to one specific dataset. Datasets
without a relation to a specific tool are rare. Some of these datasets are Semantic3d.net [40]
and TUM-MLS-2016 [153], which were created by Cloud Compatre.

All tools divide the annotation into two steps. These steps are segmentation and labeling.
For the most tools, labeling is a simple assignment of a class or an encoded class value to a
previously created segment. This step is usually not automated. The more complicated step
is segmentation. In the manual segmentation according to semantic aspects, the exact area
must be shown in which an object can be separated unambiguously from the environment.
This is particularly challenging if very large and very small objects occur. In addition, the
object space must not be too large, so that a fluent navigation and visualization through a
detailed point cloud is possible. In order to make this possible, the point cloud is usually
divided into smaller sections in advanced, based on recording locations, rooms or distance
intervals. Due to the complexity of the segmentation according to semantic requirements,
errors often occur, so this step is topic for automation. The different methods for automatic
segmentation and visualization are explained in section 2.5, as well as in PAPER 0 and
PAPER 2.

The automation of the segmentation does not necessarily lead to more accurate semantic
segments, but only to the fact that these are always determined the same. The determination
and selection of the HPs for these segmentation methods is the central adjustment screw
in the method development. The selection of the HPs is a very time-consuming task and
must be carried out and checked for each individual dataset. DL approaches that only use
geometric features are not published, even if e.g. eigenvalues and geometric parameters are
suitable for this purpose, as shown by [184] for ML applications. More common semantic
segmentation approaches are based on features, such as color and intensity values, since
most datasets are created by RGB-D cameras and simple LIDAR scanners (Tables 2 and 3 of
PAPER 2). These methods are also described in more detail in section 2.5 and PAPER 0.

The accuracy, reliability and efficiency are characteristics that can be used to compare differ-
ent methods regarding a certain application. These characteristics can only be determined
with effort and always for a specific dataset. Usually, third-party tools do not report these
characteristics. In order to determine the accuracy, a reference point cloud showing the
same scene and with a higher accuracy must be available. The simplest way to create such
a dataset is to use synthetic point clouds derived from models [35, 166, 260]. Alternatively, a
dataset can be created with a higher accurate and handheld measuring system as described
in PAPER 2. In the considered case, a handheld scanner is used to create object-by-object
segments. The combination of a very accurate recording system and semantic segmen-
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tation in the field results in a reliable and accurate semantic point cloud. The creation is
labor-intensive in the field and can usually only be applied to small point clouds, due to the
usage of special measuring systems. If such a point cloud is available, a geometry compar-
ison can be done to determine incorrectly segmented points.

In order to determine the efficiency of annotation tools, the required time must be put in
relation to the achievable accuracy of the semantic segmentation. The costs for hardware,
software and energy are mostly negligible, since the work of humans labor time causes
the highest costs. Very few datasets or tools [41, 53, 54] indicate how long the semantic
segmentation takes. Unfortunately, this information is given usually only for one annotator or
a small group of annotators as discussed in RQ 1.4 (section 4.1.4). Caused by this missing
information the efficiency can not be determined for most datasets.

Reliability is determined by multiple independent annotations and compassion with reference
data. This does not require a GT dataset, but for comparability of tools, the same dataset
should always be used. In addition, reliability in this definition also includes usability and
describes how a certain group of humans solves the semantic segmentation task. Thus,
aspects such as task comprehension and motivation can be included in this characteristic.
For more details to this aspect see RQ 1.4 in section 4.1.4.

Conclusion and outlook: The available tools are highly specialized and not suitable for
multi-disciplinary applications. Many innovative technical solutions are presented in the liter-
ature, but these require different input formats and lead to different semantic representations.
Two basic functions, segmentation and classification, are available in most tools. These func-
tions affect the quality of the semantic point cloud, these are discussed in RQs 1.2, 1.3 and
1.4. Meta data is incompletely obtainable for many datasets and annotation tools, and a
comparison of them is often not possible. The evaluation of point cloud datasets and anno-
tation tools is addressed in RO 2. This analysis is very time-consuming, but necessary for a
better understanding of point cloud data and algorithms, as seen from the first investigations
to determine the three most discussed characteristics.

4.1.2 Annotation tools for indoor terrestrial laser scanning point clouds

RQ 1.2: Which annotation tools can be used for the semantic segmentation of challenging
real-world indoor TLS point clouds?

Methodology: Annotation tools and processes were selected based on the literature re-
view explained in the answer of RQ 1.1 in section 4.1.1. The tools SemanticKITTI [53],
PC-Annotate [55], Recap [134], and Cloud Compare processes from TUM-MLS-2016 [153]
and Semantic3d.net [40] are tested with the reference dataset published in PAPER 2. In
addition, the PCCT developed in PAPER 0 is evaluated to investigate its quality. In a pilot
study, all tools are evaluated by two volunteers in terms of usability (data format, availability
of the software, technical requirements, approximate processing time). In the main study,
ten volunteers are asked to perform semantic segmentations with Recap and PCCT (pub-
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lished in PAPER 2). In a survey, prior knowledge, metrics (e.g., processing time), impression
of usability, expected accuracy, and desired changes are asked. The survey is evaluated
together with the results of the semantic segmentation.

Findings: The results of the pilot study shows that SemanticKITTI and PC-Annotate are not
suitable for semantic segmentation of challenging real-world indoor TLS point clouds. The
annotation tool of SemanticKITTI is optimized for mobile recorded input data and for dynamic-
changing environments. For a semantic segmentation of TLS point clouds, a pseudo nav-
igation file would be needed in order to use this tool. The PC-Annotate tool has a limited
selection of classes and a semantic segmentation is only efficiently possible via the fit of reg-
ular geometries, which leads to inaccurate segmentations for detailed indoor scenes. The
processes of [40, 153] are complex and require a solid knowledge of Cloud Compare, which
cannot be assumed for all potential annotators. Therefore, these tools were excluded from
the main study.

The main study is presented in section 4 of PAPER 2. All quality parameters of the model from
section 4.2 and in section 3 of PAPER 2 are determined, so that among other parameters
the accuracy and the efficiency are evaluated. The study results demonstrate that the most
accurate semantic segmentation is preformed by annotation tools with a free choice of the
perspective and a lasso function for segmentation. The annotators work very detail-oriented,
which leads to an extended processing time and a decrease in efficiency. The effectiveness
is higher with a tools such as Recap. In general, the PCCT, which only allows the annotator
to classify, is very efficient, but for very small objects it is not effective. Measurement errors
in point clouds make the segmentation difficult for any tool, because boundaries between an
object and points representing mix-pixel errors, defuse reflection and comet tails cannot be
clearly identified. Geometry-based filtering can make manual and automatic semantic seg-
mentation effective, reliable, and accurate. The segmentation of a coarse pre-segmentation
of rooms allows smoother navigation through the point clouds. Current hardware reach its
limits for processing very large point clouds with such tools, because the working memories
are not large enough.

Conclusion and outlook: The research of the available annotation tools shows that only
few tools are suitable for the application of modeling indoor rooms. To the best of the author’s
knowledge, a systematic evaluation of these tools has been carried out in PAPER 2 for the
first time. An annotation tool that can be used across various disciplines is urgently needed.
A basis for this development can be the PCCT. Point cloud annotation tools from commercial
service providers and CWS are not investigated in detail due to the lack of transparency
regarding costs, data security, data rights, and working conditions of crowd-workers. After
all, the commercial tools are the drivers for many applications in which semantic point clouds
are needed.
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4.1.3 Development of an annotation tool

RQ 1.3: How can semantic segmentation tools for point clouds be enhanced and im-
proved?

Methodology: At the beginning of this research!, few scientific tools for semantic point
cloud segmentation were available. Commercial service providers predominantly offered
semantic segmentation for image data. Commercial and open-source offline software for
point cloud processing, such as Geomagic Wrap [261], Cloud Compare, and extensions for
CAD programs, are the state of the art. An adaptation of existing systems to improve them
is not technically purposeful, therefore the complete development of the PCCT is necessary.
A concept for data management, implementation of segmentation methods, classification
and visualization is developed on the basis of the analyzed annotation tools from RQ 1.1 in
section 4.1.1. The PCCT is iteratively developed and evaluated in studies that are explained
in the RQs 1.4, 2.1, 2.2 and 2.3.

Findings: The annotation tools available on the market show potential for further devel-
opments regarding issues such as data security, capability of a dataset for multiple-users,
segmentation and classification functions, and automation of time-consuming sub-operation
steps (Figure 28). These issues are considered during the development of the PCCT. The
PCCT is an experimental tool, which can be used to optimize the issues and evaluate the
experiment.

ClassA '. .
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Data security Segmentationand

@ @classification functions

Annotation tool
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Multi-user-capability Automation of sub-steps

ClassA
ClassB Cﬁ
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Figure 28: Central issues for improvement in available point cloud annotation tools: Data
security, multi-user-capability, segmentation and classification functions, and au-
tomation of sub-operation steps.

Point clouds are detailed representations of real buildings and make hidden information visi-
ble. This information must be kept safe to third-party access for critical infrastructures, such
as for port facilities, utility lines, airports, prisons, railroad facilities, or research facilities.

"In 2017
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The usage of CWSs is usually not possible for these infrastructures [55]. Processing of a
large dataset by only one annotator is also in most cases not possible and can also lead to
classification bias in the semantic point cloud. Therefore, it is necessary to store the data
in such a way that it can be accessed in parallel. In the best case, only parts of the point
cloud are made available to the user, allowing to edit but preventing understanding the en-
tire infrastructure. The classification bias can be minimized by having different annotators to
perform the semantic segmentation. Based on these considerations, a database-based con-
cept is developed for the PCCT, as published in PAPER 0. There, a copy of individual point
cloud sections are provided for processing via a browser-based tool. The results of different
annotators and classification passes are connected to the original point cloud, but a final
assignment of the semantics to a point is made after max-voting over all classifications.

The class definition of the semantic segmentation must be transferable into the annotation
tool. In order to use the annotation tool in almost any application the list of possible classes

» must be re-defined in each case.
* include very general classes, cover a large amount of classes.
* has a hierarchical organization.

A customizable list of classes in the tool can lead to the fact that the class definition is no
longer unique. A very general list limits the application scope and a list with too many classes
can no longer be overlooked, which can lead to different understandings by the individual
annotators. For example, if the class Wall and Facade are available, it is not always clear
how they differ. For the PCCT, it is experimented with a class definition that is as general
as possible and specialized for building parts and furnitures. Even with this list, a confusion
can be seen in the study results due different understanding of classes. The hierarchical
organization of the classes using e.g. the WordNet scheme [262] is a technique, which allows
a maximum of variety and uniqueness. The technical implementation and the usability of this
variant is complex, since an effective navigation must be applied for a list of several thousand
words. Currently, list of classes that can be created by an administrator are most effective
for practical applications.

Some approaches of automation for segmentation of point clouds are described in sec-
tion 2.3. The special characteristic of TLS point clouds is that they are recorded from a
fixed point of view and usually represent a 360° view of the scene. A transformation of the
cartesian coordinates into polar coordinates is directly possible. The fix angular increments
of the polar coordinates allow a transformation of the 3D point cloud to a structured 2D im-
age. The distance measurements can become a feature variable. Graph-based methods in
2D applications, such as [95, 263], have a high degree of development and provide unique
segments. Moreover, 2D segments can usually be visualized and interpreted better by hu-
mans than 3D segments. Other developments use BEV approaches of [4, 27] for a semantic
segmentation of buildings after the removal of ceilings and floors. These approaches use a
floor by floor representation of the building. A disadvantage of the 2D projection is that the
geometrical depth is usually not considered in the segmentation step and a distortion oc-
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curs. Different radii and projections have been tested in the PCCT to perform segmentation
automatically and accurately ([264] as well as in PAPER 0 and PAPER 2).

Conclusion and outlook: The development of an experimental prototype annotation tool
for semantic segmentations is implemented with the PCCT. The PCCT is based on a trans-
formation of the 3D points to 2D pixel, which is partially disadvantageous for some of the ap-
plications. Different influencing variables can be tested with the modular-structured PCCT.
An annotation tool for any kind of applications and that fits to all requirements from above is
not available on the market yet. The optimization of annotation tools is still important but an
under-researched topic for more accurate and reliable semantic point clouds.

4.1.4 Human factor in semantic segmentations of point clouds

RQ 1.4: How to become a good annotator for semantic point clouds? How can the perfor-
mance of annotators be measured? What do annotators need and how can the tool support
them?

Methodology: The influence of the human annotator is a part of the study in PAPER 2
and is determined for the PCCT and Recap. Quantitative parameters such as processing
time, precision, and accuracies are measured or calculated by means of the high-quality
reference point cloud dataset. Qualitative characteristics are assessed by a questionnaire
that is answered before, during, and after the task by the volunteer annotators. Additionally,it
is asked for a self-assessment, previous experience and a descriptions of how the tools were
used.

Findings: The fact that the annotator has a key role for the quality and usability of a semantic
point cloud has been noted by [40, 55]. [54] developed valuable rules of thumb for the selec-
tion and training of annotators. Feedback during the annotation is given by feedback function
in the tool of [265]. Humans are very good at recognizing varying shapes of objects [266].
Following these ideas, a study is conducted, whose results describe the human influence.
Guidelines for processes and tool developments should result from this. The ten volunteers
of the study had no, little, medium or very much experience in the handling of point clouds
and the semantic enhancement of point clouds in advance. This previous knowledge allows
an evaluation of annotators training, developed execution process and tool functions.

Training documents are prepared for each investigated tool and are given to the volunteers
in advance. These documents are assessed and the volunteers have to paraphrase the task
in their own words. By this first task, it could be determined that illustrations contribute to
a better understanding of the task. The ideas of the application and of point clouds as well
as its interpretation variate strongly between the annotators. The given feedback is used
to improve the training documents with example images and detailed class descriptions.
Helpful in the class description is to clearly include or exclude objects that are geometrically
or semantically similar to others. As an example: A door consists of the frame, the leaf and
the handle, but not of the window next to the frame. Different volunteers have examined the
documents at different stages of the development before the finale experiment.
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The training and the feedback process are planned in detail based on review of the literature.
A few days before the experiments, all documents (task description, class definition and
illustrated instructions) are given to the volunteers. In order to get familiarized with the task
and to answer the first part of the questionnaire. Before the annotation experiment, the tools
are explained and questions could be asked. The annotation is done without any supervision.
All volunteers are able to solve the tasks. The average class accuracy for most annotators
is above 90% (recall and precision). Large differences can be observed among the different
classes, such as Floor and Ceiling are above 95% for the parameters recall and precision.
The infrequent classes Chair and Table are less accurate and usually vary between 85% and
95% for recall and precision. The percentage of TP points in the class Erroneous points is
usually lower than 50% (precision), because in case of doubt object points usually become
erroneous points. Large variation is found in the time required. Some volunteers finish
within less than 9% of the maximum time. Large differences in time are also found between
the tools. The PCCT is more efficient than Recap, but the results are not as correct and the
simplicity of use is perceived as tedious. The usage of Recap is complicated at the beginning
for some volunteers, so errors occurred more frequently due to the segmentation functions
and the processing takes a long time. Point density and variety in the activity are seen as
particularly important, in addition to a clear task description. The navigation through the point
clouds and self-dependent segmentation, such as using a lasso, are functions that make this
possible.

A relation between high efficiency and correctness cannot be found. The volunteers find
it helpful to be able to ask questions during the task, since there are occasional misunder-
standings or ambiguities. These results are taken from the study in PAPER 2.

Conclusion and outlook: A good annotator does not need to be an expert in point clouds.
Unique task descriptions, class definitions, and continual feedback are most critical for a
successful semantic segmentation. Exclusive classification tools, such as PCCT, level the
entry threshold, but leads to tiring with very large datasets.

4.2 Development of a quality model for heuristically describing
semantic point clouds

The findings to the second RO makes the quality of a semantic point cloud measurable.
For this purpose, the characteristics of the point cloud are investigated (section 4.2.1) and a
quality model is developed (section 4.2.2). In order to use the quality model, it is transformed
into an evaluation matrix with which semantic point cloud datasets, annotation tools and
automatic workflows can be evaluated (section 4.2.3).
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4.2.1 Point cloud quality

RQ 2.1: What are suitable semantic point clouds? What are the characteristics of point
clouds? How can the characteristics of the point cloud be determined, measured and com-
pared?

Methodology: A literature research of the characteristics of point clouds has been performed
and the creation process of a manual and automatic semantic segmented point clouds has
been analyzed on the HCU main building dataset.

Findings: The definition for a suitable semantic point cloud, which is developed as a result
of this work, is given by the following statement.

Definition 1: A good semantic point cloud has a homogeneous density, is free from
data gaps, measurement and registration errors, the geometry of the semantic seg-
ments corresponds to the objects in reality and the labels accurately describe the object
semantics.

A semantic point cloud that completely fulfills definition 1 usually does not exist, so that the
degree of individual characteristics are determined. This is necessary because point clouds
with low quality levels are not suitable for some applications as discussed in RQ 2.2 (sec-
tion 4.2.2). Before the quality can be determined, the creation process and the characteristics
of the semantic point cloud, as well as a definition of errors must be stated:

Definition 2: Errors are the influences that lead to not fulfilling the definition for a
suitable semantic point cloud.

The creation process of semantic point clouds usually consist of the recording, the registra-
tion and a subsequent segmentation according to semantic properties of represented ob-
jects. The geometric correctness with respect to the recorded surface is the most studied
characteristic for the recording and registration [81, 82, 83]. The parameters standard devi-
ation and deviation from a target geometry are typically used to describe the characteristic
geometric correctness. Semantic segmentation is the creation of an abstract model from the
data model (measured values) and the knowledge about the real world. Such a process is
defined in [267] and shown in Figure 29. As additional information the knowledge of a human
annotator or the DL algorithms is used to semantically enhance the point cloud. The accu-
racy of the semantic segmentation is described by the performance of the selected manual
or automatic algorithm. This is usually expressed in terms of a ratio of incorrect and correct
data objects (pixels and points). The parameters precision, recall or loU are commonly used.
The geometric shape is not expressed by these parameters.

Varying error descriptions are found in publications about semantic point clouds. Measure-
ment errors occur in the form of interference points and noise around a surface, which are
analyzed for the recording system. In the process of semantic segmentation, these points
become an additional semantic class. They are no longer errors for the semantic segmenta-
tion. Errors in semantic segmentation are points that are assigned to the wrong class. The
definition of errors change in the two-step process. However, it is necessary to consider the
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errors from the previous step in the following one. In the final point cloud, the geometry and
semantics of the point cloud should be correctly represented. The recording and registration
accuracy are usually not used in semantic segmentation. They are relevant for deriving ge-
ometries and models from the semantic point cloud, so that the objects are not distorted and

show the geometry.
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Figure 29: Process of semantic segmentation of point clouds serving as an abstract model
of the reality. Taken from PAPER 2 and adapted.

For an evaluation and usage of the point clouds, not only just discussed characteristics ge-
ometric and semantic precision, as well as correctness are relevant. Other characteristics
are:

+ the availability of data and metadata,

* the process reliability,

+ the completeness of data and processing,

+ and the consistency of data content (e.g., type of variables),

as explained and developed in PAPER 2. In order to determine and compare the charac-
teristics, the developed quality model is an effective tool. For each characteristic, qualitative
and quantitative parameters are defined. The development of the set of quality parameters
is described in more detail in PAPER 2 and is discussed in RQ 2.2 (section 4.2.2). Thus the
comparison of different semantic point clouds is possible. In order to determine the degree
of quality of the point cloud for an application, threshold values must be defined for each
quality parameter.

Conclusion and outlook: The quality of a semantic point cloud is determined by different
steps, which are usually concatenated. The definition of what is an error changes from step
to step. In order to consider all errors in the final semantic point cloud, these or a description
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of these must be passed on at each step. The quality of a semantic point cloud consists
of many different characteristics, which are determined in the individual stages. Structuring
them into a quality model developed specifically for semantic point clouds is effective and
implemented.

4.2.2 Quality model for point clouds

RQ 2.2: How is a quality model for semantic point clouds designed? Which parameters are
necessary for the description of the characteristics? Does the quality parameters differ for
annotation and automatic semantic segmentation?

Methodology: The quality model of [92] is used as the basis of the quality model for semantic
point clouds. The characteristics from RQ 2.1 (section 4.2.1) represent the structure of the
quality model. In the course of the annotation process the descriptive quality parameters are
determined and evaluated.

Findings: The developed quality model describes seven characteristics of the point cloud
which are directly or indirectly related to the semantic segmentation. Direct related charac-
teristics are accuracy and precision. For example, indirect characteristics are usage con-
straints, such as for the datasets of [53, 64, 226, 268] which are only allowed to be used as
a benchmark.

Availability Completeness Precision

+ Class definition exists ®® - semantic segmentation rate ® ® - Precision for class [ X ]
¢ Number of points ()@ + Numberof classes @ @ - Precision of area for class [ X )
* Areasize O® + Mean deviation of false o0

Consistency

* Object characteristicsinput @ @ positive points for class [ X )

* Geometric consistencyofx, v,z @ @

+ Object characteristicoutcome @ + Spectral consistency of color + Standarddeviationof false @ @

* File format output (X ] positive points for class [ X )
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* Use restriction
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Figure 30: Quality model for semantic enhanced point clouds. Seven relevant characteristics
with descriptive quality parameters are shown. Classification of necessary param-
eters for: Manual segmentations (filled blue circles), manual training data gen-
eration (unfilled blue circles) and automatic semantic segmentation (filled green
circles).

The characteristics become measurable and comparable by quality parameters. The quality

parameters of the developed model are summarized in Figure 30 with the respective char-
acteristics. Some quality parameters are in a relation to others, so that e.g. the precision

55



4. Evaluation of the research results

of the area can only be determined if information about the area is available. Most quality
parameters on the left side of Figure 30 are the independent parameters and on the right
side are the dependent parameters. Not all parameters can be determined for every point
cloud, as noted in section 4.2.1. However, it is possible to use the quality model with fewer
characteristics if they are not relevant for the task or application.

The choice of quality parameters is influenced by applications in which models of real build-
ings and descriptions of urban space are created. Thus, not only the (semantic) point cloud
itself is considered but also the purpose of the final product. Quality parameters, such as
number of points, input variables or data formats, are necessary for any semantic segmen-
tation. The quality parameters are defined and explained in detail in section 3 of PAPER 2.

Not all quality parameters are necessary for the manual or the automatic semantic segmen-
tation. The number of points, the area size of the classes, the spectral channels and the
class equality are not mandatory for manual the semantic segmentation if a model or an
application is built from the point cloud. However, these characteristics are important if the
point cloud is used as training data on an automatic semantic segmentation. For seman-
tically enhanced point clouds that are not used as training data, the spectral outputs, the
amount of segmentation runs (usually only one), and the duration of the process, are usually
of little or no meaning. This leads to the fact that the process reliability characteristic is no
longer necessary in the used quality definition.

Conclusion and Outlook: The quality model is the framework for the evaluation of semantic
point clouds. The characteristics and its definition by parameters vary based on the appli-
cation and used semantic segmentation method. The developed quality model is flexible
enough to be applied in manual and automatic processes due to the quality parameters. Re-
garding process reliability in automatic processes, an enhancement of the parameter set is
necessary. The main applications for the developed quality model is in the semantic seg-
mentation of point clouds for buildings.

4.2.3 Application and evaluation of the quality model for building point clouds

RQ 2.3: How can the quality model be applied for the semantic segmentations of building
point clouds?

Methodology: The explained quality model from RQ 2.1 and RQ 2.2 (sections 4.2.1 and
4.2.2)is applied to a selection of publicly available and private semantic point cloud datasets.
All meta data is researched, as far as it can be determined. In addition, the quality model
is tested in two point cloud annotation tools and on an automatic semantic segmentation
workflow. Here, the purpose of the semantic segmentation is always to use the point cloud
as a basis for building reconstruction.

Findings: The usage of the quality model is described in PAPER 2 and PAPER 3. The
results of the evaluation of datasets, tools and a workflow are shown there. The central
statements for applying the model are summarized in this section.
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Public third party datasets are usually used for the development of semantic segmentation
methods, to extend the own training dataset or as a benchmark for the comparison of the
developments [40, 158, 226, 268]. In publications of datasets individual quality parameters
are given, that are motivated by the dataset creator’s application. No uniform naming or
selection of parameters can be found. For example, for RGB-D sometimes the number of
points [25] and sometimes the number of frames [269] are given. Due to the large number
of relevant parameters used to describe point cloud datasets, a direct comparison is usually
time consuming. An evaluation whether the dataset can be used for an application (e.g.,
a training of an algorithm), is not possible without a more reliable comparison. Therefore
the quality model is transferred into an evaluation matrix. Figure 31 shows the evaluation
matrix applied to three point cloud characteristics. Via threshold values for each parameter,
which are defined by the user, the suitability of a larger number of datasets can be evaluated.
The threshold values for the parameters are derived from the application and the semantic
segmentation method. If a building model is created with the LoA 3, the training point cloud
must be available at least in the same LoA, which is expressed numerically by the quality
parameter, standard deviation of the false positive points.
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Figure 31: Converting the quality model into an evaluation matrix for use on datasets, anno-
tation tools, automatic semantic segmentation, and development monitoring.

An evaluation of the annotation tools can be performed in a similar manner. All parameters
have to be determined for this purpose. As with the datasets, different configurations can
be evaluated. For the PCCT, BEVs and spherical projection views are compared in this way
as described in PAPER 2. The different workflow development states from PAPER 1 and
PAPER 3 are compared using the evaluation matrix so that optimizations are discovered
and its cause could be traced. The independent quality parameters are kept constant.
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Conclusion and outlook: The developed quality model can be used in the form of an eval-
uation matrix for the evaluation of datasets and as development stages of annotation tools
and automatic semantic segmentation workflows. A simple implementation can be realized
with the implemented excel sheet. An implementation in the form of a web database could
expand the user community and is desirable. An effective selection of thresholds remains a
challenge, which is addressed in PAPER 2 by fundamental ideas.

4.3 Development of a workflow for semantic segmentation to
investigate datasets and point features as influences

The choice of algorithm (section 4.3.1), its HPs (section 4.3.2) and data-based HPs (sec-
tion 4.3.3) are investigated in this RO. For this purpose, a workflow is developed in which
these parameters are studied efficiently and effectively.

4.3.1 Workflow development and algorithm selection

RQ 3.1: How can DL methods be integrated in a workflow for semantic segmentation of point
clouds? Which DL methods are suitable?

Methodology: A literature review of methods for automatic semantic segmentation using ML
and DL approaches is carried out. Based on the review, methods are selected and applied for
experiments where point cloud scenes representing indoor environments and street sections
of up to 400 m? are used. The workflow is developed based on these investigations and the
review of common APIs.

Findings: The suitable methods are summarized in PAPER 1, PAPER 3, and in section 2.6.
The semantic and geometric accuracy of the method and the feasibility for larger datasets
are the key factors for a reliable 3D model. Based on the literature review on methods
for automatic semantic segmentation using ML and DL approaches, point-based methods
are most suitable for TLS scans of indoor environments and of small road sections, as the
following constraints have to be considered:

* The density of the point cloud changes depending on the measuring system.

» Multiple point clouds of points of recording can be combined to one point cloud.

» Very detailed and at the same time very extended objects need to be segmented.
» Objects usually expand in all three directions.

» Semantic objects can have gaps in the representing point cloud caused by occlusions
during the recording.

* Point clouds have a high percentage (of up to 10%) of erroneous points.
» Color values for the point clouds are not mandatory.

* In these application the intensity values mainly depend on the angle of incidence.
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Point-based methods do not perform any generalization on the input format, use the geomet-
ric point cloud distribution in a certain section and usually do not rely on spectral variables.
Erroneous measurements that are geometrically close to objects can thus be differentiated,
and do not become objects as in 2D projection-based and 3D grid-based DL methods. Gaps
in the data have a small impact because they are learned along with the data. More problem-
atic is that most methods can only consider the local neighborhood or a very thin point cloud.
Methods that combine information from different input neighborhoods into a DL algorithm are
reviewed in section 2.6 and an alternative approach using an adjacency matrix is shown in
section 5.2.

The workflow has the function to unify and combine measured point clouds, which are in
different formats, with different variables and in different variable ranges. This data has to
be transformed into an input being suitable for the algorithm. The transformed data format
are usually graphs and sub-point lists organized in batches. The output of the semantic en-
hanced point cloud must be in a format in which it can be further processed. In the workflow,
the algorithm is used in three different modes:

* Training mode in which point clouds and GT labels are used.

» Evaluation mode in which the algorithm can make a prediction based on the point cloud
features. This prediction is evaluated by means of the GT-Label.

» Application mode in which the algorithm makes a prediction based on the point cloud
features.

The basic elements of the workflow are shown in Figure 32. This concept can be applied to
all point-based methods which are explained in RQ 3.2 (section 4.3.2) using PointNet as an
example network architecture.

|

——>

Training of the algorithms

Point cloud and GT import
Selection of variables
Feature scaling or
normalization
Input section and batching
Feature extension or
stacking of inputs
Re-scaling
Point cloud export

— ——

Figure 32: Concept for a workflow to apply DL methods for semantic point cloud segmenta-
tion. Three modes for the procedure: Training, evaluation and application.

Conclusion and outlook: Point-based DL methods are applied on TLS point clouds with
semantic objects, whose shape is variable, are currently the most suitable semantic segmen-
tation methods. The concept of data flow is applied in the training, evaluation and application
mode. A workflow also makes it possible to compare different HP combinations with less ef-
fort.
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4.3.2 Hyperparameter selection for point-based deep learning methods

RQ 3.2 Which hyperparamters need to be defined for applying PointNet in a semantic seg-
mentation workflow? How are the values for these hyperparamters determined?

Methodology: The development and experiments are mainly carried out on the PointNet. As
with any DL architecture, there are HPs that must be defined prior to application. The initial
value ranges for the HPs are determined using rules of thumb, experience from previous
experiments, and recommendations from the current literature. A cross-validation procedure
is used to determine and apply the optimal values for these ranges. This procedure is still
commonly seen in [130, 270].

Findings: PointNet is one of the first network architectures to directly semantically segment
point clouds without format conversion. Nowadays, the performance of a pure PointNet
architecture no longer corresponds to the state of the art accuracy. However, PointNet layers
and its basic concept, the use of a MLP for independent deep feature extraction, are applied
in many high-end DL methods. PointNet is thus a key network architecture and is examined
and explained in PAPER 1 and PAPER 3. Each network architecture has general and specific
HPs that are affected by the data, the software implementations, and the used hardware. The
details of the applied hardware and software parameters are summarized in Table 3. The
investigation hardware is a high performance workstation in the medium price range, since
the developments should be economically transferred into practical surveying applications
and projects. For a few and very complex investigations, a GPU rack with ten Nvidia Tesla
V100 32 GB GPUs is used.

Table 3: Parameters of the hardware and software used for development and testing (single

workstation).
Hyperparameter = Name / Type Version Time / Amount
CPU AMD Ryzen Thread. 2970WX 1
GPU GeForce RTX 2080 Ti 1
ROM SSD 475GB
RAM 64 GB
RAM GPU 11GB
DL-Framework Tensorflow 2.3.0
Prog. Language Python 3.8
GPU Accelerator CUDA 10.1
Training duration >1to72hrs

The general HPs must be defined for each network architecture and thus define the charac-
teristics of the architecture. These HPs include the type, number and combination of layers.
Other general HPs include the LR, type of weight initialization, dropout rates, the number
of epochs, batch sizes, metrics, early-stopping criteria, optimizer, loss and actuation level
functions, the classification function, transfer learning (TL) methods, and the strategies for
optimizing all these parameters. Specific HP involve the form and number of data inputs,
as well as the selection of feature variables. For the HCU main building dataset, HPs were
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determined as an example. The general HPs, as finally applied, and the ranges are shown
in Table 4. The PointNet-specific HPs are presented in Table 5.

Table 4: General HPs for CNN architectures. Optimized set of HPs and typical values ranges
for these HPs.

Hyperparameter Used settings Common settings

Layer MLP, max pooling MLP, FC and max pooling
Loss function Categ.-cross-entropy Categ.-cross-entropy with logits
Classifications function  Softmax Softmax

Activation function RelLu ReLu, sigmoid

Dropout rate 0% Up to 30%

Optimizer Adam Adam, momentum

No. epochs 50 or 100 25 to 500

Batch size 16 4 to 64

LR 0.001 to 0.00025 > 0.001

Adaption of LR Yes, step-wise Any 300,000 steps by 50%
Weight initialisation random fix Random, random fix, TL
Indep. trainings 9 Not published

Transfer Learning lterative Yes, no or iterative

Metrics (Eval.-)loss and accu. (Eval.-)loss and accu.

Table 5: PointNet-specific HPs. Optimized set of HPs and typical values range for these

HPs.
Hyperparameter Used settings Common settings
No. of input points 1024 1024 to 4096
Input size lxlaxbm lzlxzl m
No. of feature variables 9 3to12

In order to determine the HPs, several training passes are carried out on a representative
subset of the dataset (three rooms). In each training pass, one HP is changed incrementally.
This procedure is afterwards repeated for the next HP. In order to accelerate this optimization
process, prior experience and estimations are used. For example, the size of the input cubes
can be estimated from the object sizes in the semantic classes. These HPs represent only
parts of the adjustment parameters, but must always be taken into account in DL applications.
Further data-based HPs (DHPs), are only investigated in very few Researches, as in [250,
258, 271, 272].

Conclusion and outlook: The typical ranges of HP values for a PointNet architecture are
determined theoretically and empirically, for which test workflows are programmed. For a
TLS indoor dataset, the optimal HPs could be determined. These HPs represents the basis
configuration for the DHP in RQ 3.3 (section 4.3.3).
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4.3.3 Data pre-processing and data influence

RQ 3.3: How can the influence of the dataset be controlled by data-based hyperparameters
in the semantic segmentation of point clouds? What are the main influences?

Methodology: The dataset, whose characteristics are described and controlled by the
DHPs, is an important influencing variable for semantic segmentation of point clouds. The
characteristics, the class distribution, the class definition and the incorrectly measured points
are analyzed and evaluated by empirical investigations with the developed workflow of PA-
PER 1 and PAPER 3.

Findings: The DHPs are set by the dataset. Examples are the available feature variables,
the class distribution or the size of the dataset. A collection of the most common DHPs is
summarized in Fig 33. An overview of the structure of the dataset, the semantic content and
the features allow a systematization of the influences and its investigation. The semantic
DHPs have been investigated in RO 2 (sections 4.2.2 and 4.2.3). The selection and local
computation of geometric and spectral features are studied for general ML methods in [39,
273]. In addition, the dataset size, the normalization of features, and the density of the point
clouds are considered in many network architecture developments [37, 200, 274]. Rules of
thumb can be derived from this, but they are not supported by any systematic proof. The
structure of point cloud datasets is usually only investigated with respect to the input formats.
With few exceptions [172, 250, 271, 275, 276] class definitions, characteristics of erroneous
points, and class size differences are not considered in point cloud datasets, even though
these are considered to be a well-known influencing factor in semantic segmentation of im-
ages [258, 277]. These three DHPs are explored in PAPER 1 and PAPER 3.

Training data
(geometrical and spectral)
Geometric difference of the objects

Training data (structure)

Size of the dataset Training data (semantic) _ _
Number of points per input Quality of semantic segmentation Point cloud density
B . . . Type and number of spectral features
Definition and size of neighborhoods Amount of points per class
. Sensor related properties
Data enhancements (rotations, Description and structure for ; _
(synthetic) duplications, etc.) dlass Al Object related properties

Structure for dataset splitting Acquisition volume and distance

Feature extraction and selection

Figure 33: DHPs for semantic point clouds. The DHPs can be distinguished according to
structural, semantic, geometric and spectral characteristics. A selection of the
most common DHPs for each property is summarized.

The class Erroneous points is usually determined less precisely by most algorithms for se-
mantic point cloud segmentations than the object classes. This is shown by the analysis of
point-based CNN at the leader board of the TLS dataset of Semantic3D.net [40] (Figure 34).
In addition, this analysis shows that more frequent classes, such as Building and Road, are
determined more accurately than the smaller class Tree.
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Figure 34: Semantic segmentation accuracy (loU) of four common network architectures for
the dataset: Semantic3d.net [40]. Selection of four from eight classes of this
dataset. The class Scanning Artifacts, which is equal to the class Erroneous point,
can be detected poorly compared to the larger classes. Values are taken from the
leader board of [40].

The observations indicate that such influences exist (Figure 34). In PAPER 1, the influence of
the presence or absence of the class Erroneous points are investigated. Figure 35a shows
the results of the semantic segmentation without Erroneous points. The frequent classes
Tree and Building are determined with more than 80% recall and precision. The infrequent
class Street Furniture is determined with less than 10% recall and precision. If the class
Erroneous points is added, recall and precision for all classes are lower than 54%, as shown
in Figure 35b. From this example, it can be seen that there is an influence of the erroneous
points in the semantic segmentation of point cloud datasets. Erroneous points are arranged
similarly as object points, as erroneous points are caused by multiple and diffuse reflections.
In the larger study of PAPER 2, the influence could be confirmed. However, with a large
indoor datasets the influence is less. For infrequent class a positive effect of the presence
of the class Erroneous points can also be observed by a higher precision value.
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Figure 35: Comparison of semantic accuracy (recall and precision) on the point cloud of the
HafenCity (outdoor) dataset: a) Without the class Erroneous points and b) With
the class Erroneous points. Selection of three classes that have different frequen-
cies in the dataset. Data from PAPER 1.
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The influence of the class Erroneous points is therefore not the only crucial factor for the
semantic accuracy, but the combination of the semantic classes and its point distribution. The
division according to classes takes place on the basis of the class definition, that rules which
classes are determined with the semantic segmentation. The best possible differentiation is
always possible if the features of the point clouds can be clearly separated from each other.
The ceiling and the floor can be well separated by different values for the feature variable
height. Such considerations can be taken into account when developing the class definition.
If, due to the task, a separation by classes with very similar features is not possible, a step-
wise semantic segmentation can be performed as outlined in Figure 36. Similar classes
are combined in a super class in the first stage (Network A) and then Network B is used
for the separation. The influence of a class definition and the hierarchical process could be
demonstrated in the study of PAPER 2. This shows a slight increase in semantic accuracy
for the Window and Door classes. However, this developed process is strongly linked to the
individual rooms.

Prediction of A

)
[ \
Prediction of B
Network A Ceiling Openings
Lo | mewoncs =] ﬂ

Figure 36: Step-wise semantic segmentation for improved differentiation of classes with sim-
ilar features. With network A, a segmentation is performed for general classes,
which is refined in network B.

Semantic segmentation results

An adjustment of the class definition does not necessarily lead to the classes having the same
number of points. Classes such as Wall, Floor and Ceiling are more frequently represented
classes in the point cloud, than Doors, Furniture and Windows due to their larger surfaces.
The learning algorithm will learn these classes more often than the infrequent ones due to the
more frequent feeding with points whose class is wall, floor or ceiling. To enhance learning
in favor of the infrequent classes, their proportion can be artificially increased (Figure 37a),
the inputs can be emphasized with a higher proportion of infrequent points (Figure 37c), or
in a loss calculation, the points of the infrequent classes can be rewarded by a higher weight
(Figure 37b). Extensions of points can be done randomly or by considering local conditions,
as with the SMOTE method. These three approaches are investigated in PAPER 3 in several
variants using the general HP set from RQ 3.2 (section 4.3.2). Again, a modest and scene-
dependent increase in semantic accuracy is observed due to a higher recall for the infrequent
classes.
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Figure 37: Dataset optimization methods for semantic point cloud segmentation: a) Dataset
expansion by randomly copying points, b) weighting the loss function, and c)
dataset expansion by copying inputs with infrequent points.
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Conclusion and outlook: DHPs represent a measurable influence for the semantic seg-
mentation of point clouds. The DHPs: Class definitions, proportion of erroneous points and
class size differences influence the semantic segmentation results and are optimized in the
context of this work. However, this optimization can only be valid for a proportion of the
scenes. Further investigations on DHPs are necessary to establish rules for the optimal
choice of them. An analysis of the semantics in the scenes is necessary.
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This section summarizes the key findings, the conclusions and the responses to the RQs
(section 5.1). Intermediate conclusions are summarized in section 4 at the end of each RQ.
Next steps for further development and optimization based on the results of this work are
described in section 5.2.

5.1 Conclusion

This thesis shows that the development of a workflow with which any type of point clouds
can be semantically augmented, in any kind of application is not possible at the current state
of the art. The key reasons are lack of knowledge about datasets and undefined rules for
HPs. Nevertheless, DL methods are most suitable for semantic segmentation.

The semantic enhancement of 3D point clouds is a necessary step in order to produce highly
accurate digital models of the real world. The semantics of point clouds is central for the
usability and the interpretability, if automatic digital processing should or must used. DL
algorithms, such as point-based CNN, produce accurate semantic point clouds if optimal HPs
and sufficient training point clouds are used. Optimal HPs, algorithms, and training data were
explored on the HCU main building dataset and predominantly with the PointNet method in
this thesis. In order to investigate the influences three developments were necessary:

* The development of a workflow for automatic semantic segmentation.
* The development of a tool for manual semantic segmentation.

* The development of a quality model for the process and the semantic point cloud.

The first challenge in workflow development was, that most DL methods use their own data
pre-processing methods. This is dictated by the data format of the recording sensor and is
not adapted for the optimal performance of the algorithm or to the data content.

The second challenge is the advancement of the hardware, APIs, and DL methods. To ef-
fectively consider new hardware and API developments as well as different DL algorithms,
a modular workflow which is independent of the dataset formats has been developed. This
workflow consists of the modules for feature extension, feature value normalization, input
formatting, training, evaluation and application. Each module can be modified by a few pa-
rameters. The described workflow is a bridge between high-end developments and practical
measurements.

Tools for point cloud annotations shall accelerate, simplify, standardize and optimize the
very labor-intensive, individual process of point cloud annotation. The semantic point clouds
are crucial, because they are the knowledge carrier of DL algorithms. The development of
the PCCT is based on the above requirements and reduces individual human influences by
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means of automatic segmentation. A reduction of the processing time compared to Recap
was possible by 42% on average. However, this resultes in a decrease in semantic ac-
curacy of up to 16% for recall and up to 12% for precision across all classes. The PCCT
multi-user capability makes it ideal for studies in which different segmentation performances
are investigated as an influence or allow efficient processing of large datasets by different
users.

Which metrics are used for an evaluation is not standardized in literature and the exact ex-
presses of each metric is sometimes not clear. In addition, these metrics usually only repre-
sent the semantic accuracy in relation to a GT dataset. All these ambiguities in the definitions
limit the meaningfulness of the metrics. A complete evaluation of a semantic point cloud in-
cludes several characteristics, such as geometric accuracy, reliability, completeness, avail-
ability, and integrity. These characteristics of the semantic point cloud are represented by the
quality model developed in this work. A complete evaluation and comparison of the dataset
characteristics and performance of all processing steps is thus possible. The metrics are
integrated into the quality model as quality parameters and define together with additional
quality parameters a higher significance model for systematic investigations, comparisons
and the examination for the suitability of data and algorithms in a specific application.

The three developments of the thesis are used to study the influence of datasets and point
clouds in manual and automatic semantic segmentations. Differences in accuracy, effec-
tiveness, and efficiency in manual semantic segmentation were identified, caused by the
functions in the tools, the user training, and the point clouds. It was found that further de-
velopments of annotation tools are mandatory in order to produce sufficient training data for
productive applications of DL algorithms. Training data point clouds are key materials, but
have been rarely studied.

This work focuses on the characteristics of the datasets and the point clouds. The presence
of erroneous points affects the semantic segmentation by decreasing the semantic accuracy
of frequent classes. In contrast, for infrequent classes an increase in semantic accuracy is
observed of up to 22% (interior) for the PointNet baseline method, if the class Erroneous
points is part of the class definition. Unequal class partitioning leads to the fact that infre-
quent classes have a lower accuracy. In many examples of this thesis it can be observed
that frequent classes are learned very well (> 90% recall) and infrequent classes are not
learned (< 50% recall). Systematic and artificial modification of the point cloud dataset can
improve the recognizability of infrequent classes (recall > 50%). Classes that show very
similar features are more difficult to separate than classes that have different features (e.g.,
heights). A hierarchical approach for the class definition could in some cases (e.g., windows
and doors as openings) improve the semantic segmentation. This can be observed from the
recall, which is up to 43% higher for the class Openings in the baseline method.

Finally, not only the characteristics of the individual points are crucial, but also the character-
istics of a neighborhood. How the local and global neighborhood can be taken into account
is discussed in many papers, but general rules that allow to apply them are not available yet.
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Some attempts have been made to take into account different densities and different large
areas in the input to the algorithm. However, its influence remains to be investigated in detail.
Some possible approaches have been examined in this work and some new approaches will
be explained in the outlook (section 5.2).

5.2 Outlook

The research of this dissertation reveals three additional research areas that require further
investigations and developments. These research areas are the optimization of the input to
DL algorithms (section 5.2.1), the manual pre-selection of feature variables (section 5.2.2),
and the application of the quality model (section 5.2.3). Furthermore, research on algorithms,
on strategies for optimization of HPs and combinations of ML and DL are the current issues.

5.2.1 Input format

In the semantic segmentation of point clouds with DL methods, the semantics are learned
from the arrangement of the points and its additional feature variables, such as intensity, point
normals or color values. Point clouds containing hundreds of thousands of points cannot be
fed into a network architecture at once, so only a subset can be processed at each time. As a
result, a subset of the information can be used for global feature extraction and classification.
Information from the entire point cloud is not known at all (in the case of PointNet) or only
insufficiently known (in the case of RandLaNet or PointNet++). For PointNet and 2D CNNs
a possible approach to address this issue is the use of graphs as input format, such as
described in section 2.6.2. Supplementing these methods of the literature, local and global
adjacency matrices expressing the adjacency of the points can be computed from a kNN
graph for each point. Adjacency matrices have the advantage that they order the topological
relationships and can be represented in a 2D format. By multiplying the adjacency matrices
with the features of the points, a tensor can be computed for input to a 2D CNN, such as U-
Net (Figure 38). Also, the adjacency matrix for a local area may be used as a direct input to
PointNet and is a carrier of additional information about the local relationships of the points.

Graph Adjacency matrix Point features Input DL

1 i1|/0|0 |0 |0 |00
o e e 2 [of1]o|2|o|o]o
3 i1|/0|1|0 |0 |0 |0

(3) (4) 2D CNN

|:> 2 o121 |21]o|1]0 x B
o e s [o|ojojo|1|0]0 .

e olo oozl 2 PointNet
7 0|0 (0|0 |0 |0 |1
1 2 3 4 5 6 7

Figure 38: Process for creating an adjacency matrix and applying it as a network input.
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Initial tests of this method show that an increase in semantic accuracy is possible with a
PointNet architecture. Currently, data preparation is the bottleneck of this method. Larger
studies with different datasets need to be conducted to validate this observation. The input
format of the point cloud to the algorithm is seen as an important influence that must be
investigated systematically in future research.

5.2.2 Hand-crafted feature selection

The manual selection of features for semantic segmentation with ML methods is necessary
for pre-processing of point cloud data, which was investigated and optimized in [185]. This
idea is applied to CNN in [40, 278] by computing moments and eigenvalues as additional fea-
tures. Subsequently, an optimization of the set of input features is performed. Eigenvalues
and moments carry information not only about the point itself, but also about the neighbor-
hood, so they bring in more global information into the algorithm. To compute this type of
features, it is necessary to define a local neighborhood over which the eigenvalues are deter-
mined. In a test, the sum of eigenvalue, the planarity and the linearity are calculated, using
a radius of 3.5 cm for including the neighborhood. These differences of values are shown in
Figures 39b to 39d. Figure 39a shows the GT classification of the point cloud. It can be seen
that object boundaries can be distinguished more accurate than in the case of most spectral
features.

0,3

a) b) - B 0

@ Building parts Interior

, )

Figure 39: Eigenvalue based features calculated from geometric features (x, y, z): a) GT
semantic segmentation. b) Sum of eigenvalues as feature. c) Planarity as a
feature. d) Linearity as a feature. A histogram is shown next to the legend.

In the experiment for this approach two tests were performed with the PointNet workflow.
These experiments show that for the class combination Erroneous points and Objects com-

69
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parable accuracies are achieved with baseline method (Figure 40). For the class combination
of Interior and Building parts, it can be demonstrate that with the new eigenvalue feature set
recall and precision decrease of more than 30% (Figure 41). In further studies the feature
calculation and the variable selection have to be optimized to improve automatic semantic
segmentation.

Figure 40: Semantic point cloud for the classes Objects and Erroneous points. The semantic
segmentation is performed using the PointNet-based workflow with the features:
X-, y-,z-coordinates, sum of eigenvalues, planarity and linearity.

Figure 41: Semantic point cloud for the classes Building parts and Interior. The semantic
segmentation is performed using the PointNet-based workflow with the features:
X-, y-, z-coordinates, sum of eigenvalues, planarity and linearity.

5.2.3 Point cloud quality assessment

The evaluation of semantic segmentation in real-world applications has been treated only
marginally in the developments so far. Since the influence of the data and its enhancement
is crucial for the performance of the algorithms, these should be investigated in more detail.
The developed quality model of this work provides a basis for this, for which thresholds per
quality parameter still have to be defined. These should be primary for frequent applications
of semantic segmentation, as it is the case for indoor scenes, facades, or street scenes. In
addition, these thresholds must be algorithm-dependently determined.
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