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Abstract 5

Abstract

While in recent years tremendous advancements have been achieved in the development of supervised
Machine Learning (ML) systems such as Convolutional Neural Networks (CNNs), still the most decisive
factor for their performance is the quality of labeled training data from which the system is supposed to
learn. This is why we advocate focusing more on methods to obtain such data, which we expect to be more
sustainable than establishing ever new classifiers in the rapidly evolving ML field. In the geospatial domain,
however, the generation process of training data for ML systems is still rather neglected in research, with
typically experts ending up being occupied with such tedious labeling tasks. In our design of a system for
the semantic interpretation of Airborne Laser Scanning (ALS) point clouds, we break with this convention
and completely lift labeling obligations from experts. At the same time, human annotation is restricted
to only those samples that actually justify manual inspection. This is accomplished by means of a hybrid
intelligence system in which the machine, represented by an ML model, is actively and iteratively working
together with the human component through Active Learning (AL), which acts as pointer to exactly such
most decisive samples. Instead of having an expert label these samples, we propose to outsource this task
to a large group of non-specialists, the crowd. But since it is rather unlikely that enough volunteers would
participate in such crowdsourcing campaigns due to the tedious nature of labeling, we argue attracting
workers by monetary incentives, i.e., we employ paid crowdsourcing. Relying on respective platforms,
typically we have access to a vast pool of prospective workers, guaranteeing completion of jobs promptly.
Thus, crowdworkers become human processing units that behave similarly to the electronic processing units
of this hybrid intelligence system performing the tasks of the machine part.

With respect to the latter, we do not only evaluate whether an AL-based pipeline works for the
semantic segmentation of ALS point clouds, but also shed light on the question of why it works. As crucial
components of our pipeline, we test and enhance different AL sampling strategies in conjunction with both
a conventional feature-driven classifier as well as a data-driven CNN classification module. In this regard,
we aim to select AL points in such a manner that samples are not only informative for the machine, but also
feasible to be interpreted by non-experts. These theoretical formulations are verified by various experiments
in which we replace the frequently assumed but highly unrealistic error-free oracle with simulated imperfect
oracles we are always confronted with when working with humans. Furthermore, we find that the need for
labeled data, which is already reduced through AL to a small fraction (typically ≪ 1% of Passive Learning
training points), can be even further minimized when we reuse information from a given source domain for
the semantic enrichment of a specific target domain, i.e., we utilize AL as means for Domain Adaptation.

As for the human component of our hybrid intelligence system, the special challenge we face is monetarily
motivated workers with a wide variety of educational and cultural backgrounds as well as most different
mindsets regarding the quality they are willing to deliver. Consequently, we are confronted with a great
quality inhomogeneity in results received. Thus, when designing respective campaigns, special attention to
quality control is required to be able to automatically reject submissions of low quality and to refine accepted
contributions in the sense of the Wisdom of the Crowds principle. We further explore ways to support the
crowd in labeling by experimenting with different data modalities (discretized point cloud vs. continuous
textured 3D mesh surface), and also aim to shift the motivation from a purely extrinsic nature (i.e., payment)
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to a more intrinsic one, which we intend to trigger through gamification. Eventually, by casting these different
concepts into the so-called CATEGORISE framework, we constitute the aspired hybrid intelligence system
and employ it for the semantic enrichment of ALS point clouds of different characteristics, enabled through
learning from the (paid) crowd.
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Kurzfassung

Während in den letzten Jahren enorme Fortschritte bei der Entwicklung überwachter Machine Learn-
ing (ML) Systeme wie Convolutional Neural Networks (CNNs) erzielt wurden, ist der entscheidendste
Faktor für deren Leistung nach wie vor die Qualität der gelabelten Trainingsdaten, aus denen das System
lernen soll. Deshalb plädieren wir dafür, sich mehr auf Methoden zur Gewinnung solcher Daten zu
konzentrieren, was wir als nachhaltiger einschätzen als die Entwicklung immer neuer Klassifikatoren in dem
sich schnell entwickelnden ML-Bereich. Für Geodaten wird der Prozess der Generierung von Trainingsdaten
für ML-Systeme in der Forschung jedoch immer noch eher vernachlässigt, wobei typischerweise Experten
mit solch langwierigen Annotationsaufgaben betraut werden. Bei der Entwicklung eines Systems für
die semantische Interpretation von Airborne Laser Scanning (ALS) Punktwolken brechen wir mit dieser
Konvention und entlasten Experten vollständig von jeglichen Labelingaufgaben. Gleichzeitig wird die
menschliche Interaktion auf die Instanzen beschränkt, die eine manuelle Inspektion tatsächlich rechtfertigen.
Dies wird durch ein hybrides Intelligenzsystem erreicht, bei dem die Maschine, die durch ein ML-Modell
repräsentiert wird, aktiv und iterativ mit der menschlichen Komponente durch Active Learning (AL)
zusammenarbeitet, wobei AL als Indikator für genau solche besonders entscheidenden Instanzen fungiert.
Anstatt diese von einem Experten labeln zu lassen, schlagen wir vor, diese Aufgabe an eine große Gruppe
von Laien, die Crowd, auszulagern. Da es jedoch eher unwahrscheinlich ist, dass sich genügend Freiwillige an
solchen Crowdsourcing-Kampagnen beteiligen würden, weil das Labeln von Natur aus mühsam ist, plädieren
wir dafür, Arbeitskräfte durch monetäre Anreize zu gewinnen, d.h., wir setzen bezahltes Crowdsourcing
ein. Werden hierzu entsprechende Plattformen genutzt, haben wir in der Regel Zugang zu einem riesigen
Pool potenzieller Arbeitskräfte, sodass eine rasche Erledigung der Aufgaben gewährleistet ist. So werden
Crowdworker zu menschlichen Prozessoren, die sich ähnlich verhalten wie die elektronischen Prozessoren
dieses hybriden Intelligenzsystems, welche die Aufgaben des maschinellen Anteils des Systems übernehmen.

In Bezug auf Letzteres evaluieren wir nicht nur, ob eine AL-basierte Pipeline für die semantische
Segmentierung von ALS-Punktwolken geeignet ist, sondern beleuchten auch die Frage, warum sie so
erfolgreich ist. Als entscheidende Komponenten unserer Pipeline testen und erweitern wir verschiedene
AL-Selektionsstrategien in Verbindung mit einem konventionellen merkmalgestützten Klassifikator sowie
einem datenbasierten CNN-Klassifikator. In diesem Zusammenhang zielen wir darauf ab, AL-Punkte so
auszuwählen, dass diese nicht nur für die Maschine informativ sind, sondern auch von Laien interpretiert
werden können. Diese theoretischen Formulierungen werden durch verschiedene Experimente verifiziert,
in denen wir das häufig angenommene, aber höchst unrealistische fehlerfreie Orakel durch simulierte
unvollkommene Orakel ersetzen, mit denen wir bei der Arbeit mit Menschen immer konfrontiert sind.
Darüber hinaus stellen wir fest, dass der Bedarf an gelabelten Daten, der durch AL bereits auf einen
kleinen Bruchteil (typischerweise ≪ 1% der Trainingspunkte für Passive Learning) reduziert ist, noch weiter
minimiert werden kann, wenn wir Informationen aus einer gegebenen Ursprungsdomäne für die semantische
Anreicherung einer spezifischen Zieldomäne wiederverwenden, d.h., wir nutzen AL als Mittel für Domain
Adaptation.

Was die menschliche Komponente unseres hybriden Intelligenzsystems betrifft, so stehen wir vor der
besonderen Herausforderung, dass wir es mit monetär motivierten Arbeitskräften zu tun haben, deren
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Bildungsstand und kultureller Hintergrund ebenso unterschiedlich sind wie ihre Einstellung zur Qualität, die
sie zu liefern bereit sind. Folglich sind wir mit einer großen Qualitätsinhomogenität der erhaltenen Ergeb-
nisse konfrontiert. Bei der Gestaltung entsprechender Kampagnen ist daher ein besonderes Augenmerk auf
die Qualitätskontrolle zu legen, sodass qualitativ minderwertige Erfassungen automatisch abgelehnt werden
können und akzeptierte Beiträge im Sinne des Wisdom of the Crowds Prinzips optimiert werden können.
Darüber hinaus erforschen wir Möglichkeiten, die Crowd bei der Annotierung zu unterstützen, indem
wir mit verschiedenen Datenmodalitäten experimentieren (diskretisierte Punktwolke vs. kontinuierliche
texturierte 3D Mesh-Oberfläche) und zielen auch darauf ab, die Motivation von einer rein extrinsischen
Natur (d.h. Bezahlung) zu einer eher intrinsischen zu verlagern, die wir durch Gamification auslösen wollen.
Indem wir diese verschiedenen Konzepte in das so genannte CATEGORISE-Framework einbringen, bilden
wir schließlich das angestrebte hybride Intelligenzsystem und setzen es für die semantische Anreicherung
von ALS-Punktwolken mit unterschiedlichen Eigenschaften ein, was durch das Lernen von der (bezahlten)
Crowd ermöglicht wird.
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List of Symbols

Symbol Meaning
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Li pool of labeled points as obtained in the ith iteration step in an Active Learning loop
M Machine Learning model employed within the Active Learning loop

Active Learning Sampling Strategies

x+ point entity to be labeled and added to the training data set
n+ batch size, number of samples to be labeled and added to the training set in each

iteration step
s sampling score of a specific instance x
E entropy
V E vote entropy
nc number of samples of a specific class in the current labeled training pool L
wc individual weight of a specific class c (dynamically computed within the AL loop)
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E ensemble classifier with ne members
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Chapter 1

Introduction

1.1 Motivation

In the last three decades, Machine Learning (ML) systems, both from the feature-driven and data-driven
domain, with Convolutional Neural Networks (CNNs) as their currently most prominent representative,
have experienced considerable attention in research. As a result, the performance of machines with minimum
error rates even exceeds that of human beings (Russakovsky et al., 2015a). Thus, such systems have already
become, or will become, essential in everyday life, such as for autonomous driving, speech recognition, or
simply for generating watching proposals on streaming platforms or buying suggestions. However, the success
of respective ML models solely stems from learning from versatile corpora of annotated training data. Hence,
purely tuning the architecture of ML models as mere tools to infer interrelationships from data, will have
only limited effect when the underlying training set is of suboptimal quality, e.g., being too specific for proper
generalization (for instance, in case of simulated closed world scenarios) or simply being poorly labeled. For
this reason, Ng (2021) only recently advised paying more attention to the careful creation of training data in
such a manner that the development of ML systems is more of data-centric nature instead of being mainly
model-centric. Following this mindset, companies focusing on data collection, such as Google, have a clear
advantage in generating the most successful ML systems. Actually, in our everyday online life, we are not
only entangled with ML on an operative level, but are also actively involved in Google’s collection of training
data by means of reCAPTCHAs (von Ahn et al., 2008), which are typically encountered as turing test to
block spammers or malicious access attempts. But since such companies tend to not allow a wider public to
access their data pools, efforts have been made to build large-scale and freely available training data sets
such as ImageNet (Deng et al., 2009; Russakovsky et al., 2015a).

Typically, the generation of training data and the teaching of an ML model based on that data are
considered two separate and self-contained steps, with the latter being far more prominent in research
than the supposedly simple but tediously perceived annotation process. But in fact, great potential lies in
considering these two processes as entangled in the form of a symbiotic circle, with each aspect, i.e., both
the ML model and the labeling engine, drawing advantage from working together. This aspired interaction
roots from the capability of the machine to scan through massive amounts of data to identify those samples
that can play an important role in forming a strong separation hypothesis between different classes. If the
machine is allowed to communicate with the labeling engine, annotation effort can be focused on only those
most informative samples the machine actually profits from, offering the potential to drastically minimize
the amount of labels that are actually required. This link between the two actors, i.e., the ML model and the
so-called oracle capable of providing answers to queries from the machine, is established by means of Active
Learning (AL) (Settles, 2009). Such an iterative learning scheme assumes exactly this active interaction
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between the two parties standing opposed to the conventional Passive Learning (PL) concept, where a static
training set potentially lacking most critical examples while possibly containing redundant information is
expected to be sufficient for the task at hand.

While the AL scheme is a viable alternative to boost the efficiency of ML models, it still requires the
involvement of a human operator in the process, assuming the role of the oracle that is responsible for
returning labels to the machine. Typically, this is accomplished by respective experts of the data in question
(Waldhauser et al., 2014). Although their labeling burden can already be minimized through AL, significant
effort is still needed. In a scalable approach, we would therefore split the task into many subtasks that
can be quickly completed in parallel by a multitude of different annotators. Thus, each of these individual
annotators acts as a human processing unit, behaving similarly to electronic processing units (Gingold et al.,
2012) as employed for the ML part. When linking those electronic and human processing units by means
of AL, we receive a hybrid intelligence system (Vaughan, 2018), where both parties are concerned with the
task they are at their best, i.e., the unsurpassed interpretation capabilities of humans and the machine’s
ability for quick completion of well-defined, repetitive tasks for exploring vast data sets, with especially
uncovering most informative examples and building automated ML models upon them (Waldhauser et al.,
2014; Russakovsky et al., 2015b).

Although the necessary amount of labeling effort would be significantly reduced for each individual
expert, from a practical point of view, running such an expert-driven system is infeasible as it is unlikely
that enough experts of a designated field would actually participate. But even if so, the time complexity,
mainly depending on the labeling speed of the experts who are predominantly occupied with other tasks,
can be significant. Thus, and since the greater goal is to completely lift the burden of data annotation from
experts, we need to turn to another, potentially larger audience, i.e., the crowd (of internet users), which is
already involved in non-expert data annotation in context of the aforementioned reCAPTCHAs. Apart from
this often unconscious participation of the crowd, tasks can be explicitly offered to workers on a voluntary
basis. However, in case of such volunteered crowdsourcing, a lack of participants is also likely whenever the
task is not as appealing as in citizen science projects such as the SETI@home project (Korpela et al., 2001),
but rather concerns labeling tasks that are tedious by design. In this context, paid crowdsourcing offers a
viable alternative. The idea is that tasks are outsourced to prospective contributors by means of an open
call, offering them a certain amount of payment in return. This is intended to act as an extrinsic incentive
instead of an intrinsic one in the volunteered crowdsourcing scenario. Building the AL oracle on such a paid
crowdsourcing system thus offers the possibility to form a practical hybrid intelligence system that runs in a
fully automated manner (from the view of the system operator). Although human beings, i.e., crowdworkers,
are part of this system, these human processing units behave just like the electronic ones and deliver timely
results due to the vast pool of available workers on the internet, where it is guaranteed to find enough
participants to complete campaigns.

However, the special challenge of hybrid intelligence systems is the integration of non-deterministic com-
ponents, i.e., human processing units, requiring special attention to this human aspect with respect to au-
tomated quality control (Waldhauser et al., 2014; Ye et al., 2017). This issue becomes even more difficult
when we confront non-experts (i.e., the crowd) with rather special data, such as geospatial data, which
typically incorporates an unfamiliar perspective on actually known environments. Even more severe, in case
of (colorized) 3D Airborne Laser Scanning (ALS) point clouds, crowdworkers are additionally required to
have a certain interpretation capability of 3D data, which cannot necessarily be expected as given. How-
ever, geospatial 3D data is exactly the field of application in which such a hybrid intelligence system could
empower the true potential of modern ML systems by generating suitable training data on the fly, since
despite recent efforts to provide open, large-scale and fine-grained labeled data sets (Niemeyer et al., 2014;
Actueel Hoogtebestand Nederland, 2021; Zolanvari et al., 2019; Varney et al., 2020; Ye et al., 2020; Kölle
et al., 2021a), such representatives are still scarce.
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1.2 Objectives

This thesis is dedicated to establishing such a hybrid intelligence system for the special case of remote
sensing data, and more precisely for the automated semantic segmentation of ALS point clouds, as depicted in
Figure 1.1. Thus, a respective framework is to be developed to build up an ML model capable of enriching an
arbitrary point cloud (cf. Figure 1.1, top) with semantic information (cf. Figure 1.1, bottom). This framework
is intended not only to minimize the need for labeled data to a small fraction of training points (cf. Figure 1.1,
middle), but also to completely lift the obligation of expert involvement in any labeling task. By formulating
such a system, we consequently aim to put an end to the long-held understanding in remote sensing that
providing training data is an expert’s burden that is to be dealt with in a first self-contained step as
prerequisite to employ a respective ML model (Waldhauser et al., 2014). To this end, we bring together
two research fields in which we identify our contributions as follows:

Active Learning for 3D Point Cloud Semantic Segmentation

� While AL is a well-studied topic for the semantic enrichment of remote sensing imagery, only little
work has been conducted with respect to applying AL for 3D point cloud semantic segmentation.
Consequently, we aim to explore the capabilities of AL in this domain to significantly reduce the
amount of necessary labeled training data and shed light not only on the question as to whether it
works, but also as to why it works (Kölle et al., 2021a).

� Since the most crucial step of any AL system is the identification of most informative points that are
sufficient to train an ML model with a similar performance as one trained on a vast amount of labeled
training samples in a PL scenario, we compare the suitability of different sampling strategies found in

Figure 1.1: An overview of the subject of this thesis: from any given point cloud (top), we aim to derive a semantic
segmentation (bottom) with a limited number of point-wise training samples (middle), which are generated without
the involvement of an expert in labeling. This is achieved in context of a hybrid intelligence system constituted by
linking the crowd with an ML model by means of AL.






















































































































































































































































































































