
Privacy-Friendliness in
Human Behavior Analysis for
Urban Surveillance Scenarios

Zur Erlangung des akademischen Grades eines

Doktors der Ingenieurwissenschaften

von der KIT-Fakultät für Informatik
des Karlsruher Instituts für Technologie KIT

genehmigte

Dissertation
von

Thomas Christoph Golda, M.Sc.
aus Schweinfurt

Tag der mündlichen Prüfung: 03.12.2024
Erster Gutachter: Prof. Dr.-Ing. habil. Jürgen Beyerer
Zweiter Gutachter: Prof. Emanuel Aldea





Abstract

This thesis investigates the integration of privacy-friendly human behavior
analysis within urban video surveillance systems, addressing the prevalent
privacy concerns associated with human-related video and image data. The
central approach involves the use of human pose information, representing
pedestrians as skeletons, which effectively encapsulates necessary data for
behavior analysis while maintaining privacy. Despite numerous algorithms
and machine learning models for human pose estimation, their application in
urban video surveillance remains challenging and underexplored. To address
this, a synthetic dataset tailored to typical urban surveillance scenarios was
developed, featuring multiple pedestrians and mutual occlusions. A new set
of metrics, the Graph Crowd Index, was introduced to assess crowdedness,
improving upon the existing Crowd Index for video surveillance contexts. To
bridge the domain gap between synthetic and real-world data, a Cycle-GAN-
based model was employed for domain adaptation. Experiments indicated
that a well-designed target domain representation enhances human pose es-
timation performance, though the selection of target domain data is crucial.

Following these first investigated aspects, the thesis takes a look on behavior
analysis using holistic and human-centered methods, and compares them
against state-of-the-art approaches. A unified evaluation pipeline was in-
troduced to benchmark various skeleton-based behavior analysis methods,
highlighting the difficulty of maintaining accuracy while ensuring privacy.
This pipeline facilitated the comparison of state-of-the-art methods, un-
derlining the challenges and potential of privacy-preserving models. The
human-centered DualHeadAE model presented in this thesis demonstrated
competitive performance, outperforming the developed holistic approach
MurzGAN. The latter proved to work in simpler academic scenarios but
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Abstract

struggled with more complex and dynamic environments. The DualHeadAE
approach showed promising results but indicated areas for further im-
provement, such as incorporating further domain knowledge to enhance
performance in challenging cases even further.

In conclusion, this thesis contributes to privacy-awaremethodologies in smart
video surveillance, presenting a behavior analysis pipeline suitable for real-
world applications. While there is room for improvement, the developed
methods can serve as semi-automatic pre-filtering steps for authorities, ad-
vancing towards more focused classification models. The findings demon-
strate the feasibility of preserving data privacy in modern computer vision
systems, though their application remains governed by regulations such as
the General Data Protection Regulation and local laws.
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Kurzfassung

Diese Dissertation untersucht die Integration von Datenschutzaspekten in
den Prozess der Verhaltensanalyse von Menschen für den Einsatz von Video-
überwachungssysteme im städtischen Raum und befasst sich mit den weit
verbreiteten Datenschutzbedenken im Zusammenhang mit menschbezoge-
nen Video- und Bilddaten. Der zentrale Ansatz der in der Arbeit verfolgt wird
umfasst die Nutzung von menschlichen Poseninformationen, wobei Fußgän-
ger als Skelette dargestellt werden, die die notwendigen Daten zur Verhaltens-
analyse effektiv erfassen und gleichzeitig die Privatsphäre wahren. Trotz der
Existenz zahlreicher Ansätze zur Schätzung menschlicher Posen bleibt deren
Anwendung in der städtischen Videoüberwachung herausfordernd und we-
nig erforscht. Um dieses Thema zu adressieren, wurde ein synthetischer Da-
tensatz entwickelt, der auf typische städtische Überwachungsszenarien zuge-
schnitten ist und gleichzeitig viele Personen zeigt, mit Szenen die insbeson-
dere Herausforderungen umfassen wie die gegenseitige Verdeckungen von
Personen. Ein neuer Satz von Metriken, der Graph Crowd Index, wurde ein-
geführt, um die Dichte vonMenschenmengen zu bewerten und den bestehen-
den Crowd Index für Videoüberwachungskontexte zu verbessern. Um die Lü-
cke zwischen synthetischen und realen Daten zu überbrücken, wurde ein
Cycle-GAN-basiertes Modell für die Anpassung der Datendomänen entwi-
ckelt. Experimente zeigten, dass gut gestaltetene Zieldomänendaten die Leis-
tung der menschlichen Posenschätzer sichtlich verbessert, wobei die geeigne-
te und passende Auswahl der Zieldomänendaten entscheidend ist.

Nach diesen ersten untersuchten Aspekten setzt sich die Dissertation im
zweiten inhaltlichen Teil mit der Verhaltensanalyse unter Verwendung ho-
listischer und menschenzentrierter Methoden auseinander und vergleicht sie
mit aktuellen Ansätzen die den Stand der Technik bilden. Um diese Verfahren
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miteinander vergleichen zu können, wird eine vereinheitlichte Evaluati-
onspipeline eingeführt, um verschiedene posenbasierte Verhaltensanalyse-
Ansätze zu benchmarken. Diese Pipeline erleichtert den Vergleich von aktuel-
len Methoden und unterstreicht die Herausforderungen sowie das Potenzial
datenschutzfreundlicher Modelle. Das menschenzentrierte DualHeadAE-
Modell, das in dieser Arbeit vorgestellt wird, zeigte eine wettbewerbsfähige
Leistung und übertrifft den entwickelten holistischen Ansatz MurzGAN. Der
DualHeadAE-Ansatz zeigte vielversprechende Ergebnisse, deutete jedoch auf
Bereiche hin, in denen eine weitere Verbesserung möglich ist, beispielsweise
durch die Einbeziehung weiteres Domänenwissens zur weiteren Steigerung
der Erkennungsleistung in besonders herausfordernden Fällen.

Abschließend trägt diese Dissertation zu datenschutzfreundlichen Me-
thoden in der intelligenten Videoüberwachung bei und präsentiert eine
Verhaltensanalyse-Pipeline, die für die Bewertung realer Anwendungen
geeignet ist. Obwohl es noch Raum für Verbesserungen gibt, können die
entwickelten Methoden bereits als halbautomatische Vorfilterungsschritte
für Behörden dienen und den Weg zu fokussierteren Klassifikationsmodellen
ebnen. Die Ergebnisse zeigen auf, dass die Berücksichtigung von menschli-
cher Privatsphäre in modernen Videoauswertesystemen umsetzbar ist, solche
Systeme jedoch weiterhin vor großen Herausforderungen stehen, insbeson-
dere da ihre Anwendung durch Gesetze wie den Artificial Intelligence Act
der Europäischen Union oder die Datenschutzgrundverordnung bzw. ihr
europäisches Pendant die General Data Protection Regulation, sowie weitere
lokale Gesetze strikt geregelt oder eingeschränkt bleibt.
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Notation

This chapter introduces the notation and symbolswhich are used in this thesis.

General notation

Scalars italic Roman and Greek lowercase letters 𝑥, 𝛼
Sets italic Roman uppercase letters 𝐸
Vectors bold Roman lowercase letters 𝐭
Vector entry italic Roman lowercase letters with raised

index in parentheses
𝑡(𝑖)

Matrices bold Roman uppercase letters 𝐑
Matrix entry italic Roman lowercase letters with raised

indices in parentheses
𝑟(𝑖,𝑗)

State spaces bold calligraphic Roman uppercase letters 𝓧
Multi-dimensional
random variables

bold italic Roman uppercase letters 𝑬

Distributions calligraphic uppercase letters 𝒩

In multidimensional sets of elements related to time series, the first index
denotes time.

Distributions
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Notation

𝒩 Gaussian normal distribution
𝜒2𝑛 n-dimensional chi-square distribution

Numbers and indexing

ℕ natural numbers
ℕ0 natural numbers including zero (non-negative

integers)
𝑘, 𝑡 discrete points in time
𝑖, 𝑗, ℓ, 𝑞 indexing for objects, measurements and points
𝟙 matrix of ones / all-ones matrix
0 vector of zeros
𝐈 identity matrix

Neural Networks

Θ parameters of a given neural network, including
weights𝐖 and biases 𝐛

𝜙 activation function
ℒ loss function

xii



1 Introduction

1.1 Motivation

In today’s world, the ubiquity of electronic devices has become a near-
universal experience for almost everyone. Individuals from various gen-
erations, including those born in the 80s and 90s, have been significantly
influenced by the numerous technological advancements of our modern era.
The widespread success and accessibility of the internet, as well as electronic
devices such as music players, gaming consoles, personal computers, and
digital photography, serve as just a few examples of how technological
progress has shaped humanity.

TheDigital Revolution has had a profound impact on society, to the extent that
many children today have grown up never knowing a life without constant
internet connectivity and digital technology. Particularly in the 21st century,
remarkable advancements in these fields have resulted in even the simplest
devices and concepts incorporating complex electrical circuits and algorithms.

This transforming development has given rise to a globalized society, facil-
itating the seamless exchange of knowledge between individuals across the
globe. However, this connectivity and ease of information dissemination have
also accelerated the pace at which humankind acquires new knowledge. Con-
sequently, it is no coincidence that digitization continues to spread rapidly
worldwide, gaining increasing importance in private households, businesses,
and even (non-)governmental organizations.

1



1 Introduction

1.2 The Omnipresence of Machine Learning
and Computer Vision

Machine learning, a field that has had a strong influence on technological
advancements, is a noteworthy area of research. Its roots can be traced back
to the mid-20th century, but it experienced a significant resurgence in the
mid-2010s, driven by remarkable progress in algorithms, particularly those
related to (deep) artificial neural networks, and the availability of optimized
hardware for accelerated computations.

These algorithms have become the prevailing standard for contemporary com-
puter vision and data processing methods, playing an integral role in nu-
merous products and complex systems. Given the accessibility of knowledge
about machine learning techniques and methods, it is reasonable to assume
that both governmental and non-governmental organizations will embrace
digitization and rely on assistance systems to support them in their endeav-
ors, mirroring the practices adopted by many companies.

Emergency forces, such as the police, fire departments, and rescue services,
can particularly benefit from various applications of machine learning. These
applications range from forensic analysis to real-time systems that aid in their
day-to-day tasks. Considering the prevalence of cameras in our surroundings,
whether fixed in public and private spaces or integrated into smartphones car-
ried by individuals, an inconceivable amount of data is being generated. This
data holds potential interest for security services when it comes to resolving
cases, but it also poses a significant challenge for those responsible for ana-
lyzing the vast amount of collected video and image material.

2
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1.3 Perception of Video Surveillance by
Society

The perception of video surveillance in European society is a multifaceted
topic, considering both its potential benefits and concerns. While it is rec-
ognized that video surveillance can enhance public safety and prevent crime,
there are valid worries about privacy and civil liberties. One specific area of
concern is the use of algorithms, such as face recognition and other biometric
evaluation techniques, in video surveillance systems. These algorithms en-
able behavior analysis and person re-identification, raising questions about
invasive monitoring and tracking of individuals. Especially when used by
police authorities, the use of behavior analysis in smart video surveillance
is a contentious issue. On the one hand, it is argued that such technologies
can help identify suspicious activities, detect patterns, and enhance proactive
policing. This can potentially contribute to preventing crimes and ensuring
public safety. On the other hand, concerns arise regarding the potential mis-
use of these technologies. There are worries that behavior analyzing algo-
rithms might unfairly target certain individuals or communities, leading to
biased outcomes and violations of civil rights. Although citizens of the Euro-
pean Union (EU) acknowledge, that video surveillance has an positive effect
on public safety, the possibility of mass surveillance and constant monitoring
also raises significant privacy concerns and people call for strict regulatory
actions, especially with respect to authorities [Foc17, Spi20]. Different to face
recognition, other ways of “smart” systems like those aiming for data privacy
show more approval by society as shown in [Gol22a].

In the EU, data privacy is a paramount concern, and strict regulations have
been implemented to protect individuals’ personal information. The General
Data Protection Regulation (GDPR), enforced since 2018, imposes stringent
guidelines for collecting, processing, and storing personal data. It requires
explicit consent, transparency, and individuals’ rights over their data. These
regulations have implications for the use of behavior analysis and smart video
surveillance by police authorities. They must comply with the GDPR and en-
sure lawful grounds for data processing. This includes obtaining consent and

3



1 Introduction

providing clear information to the public regarding the purpose and extent
of surveillance activities.

However, despite the regulatory framework, concerns regarding privacy and
the potential misuse of data persist. Public trust in the responsible use of
smart video surveillance technologies by police authorities varies across Eu-
rope, where public debates, discussions on ethical implications call for strict
oversight and accountability contribute to shaping the perception and accep-
tance of these technologies.

In conclusion, the perception of video surveillance in European society in-
volves considerations of behavior analysis and the use of smart video surveil-
lance by police authorities. While these technologies offer potential benefits
for public safety, concerns about privacy, civil rights, and the potential for bias
must be addressed. The GDPR has established regulations to safeguard per-
sonal data, but ongoing discussions and calls for transparency and account-
ability shape public attitudes towards smart video surveillance systems.

1.4 Smart Surveillance from an Ethical Point
of View

Smart video surveillance from an ethical perspective raises several important
considerations. The literature, such as the renownedwork of GeorgeOrwell in
his novel “1984” serves as a cautionary tale highlighting the potential dangers
of unchecked surveillance and its impact on individual freedoms and privacy.
Orwell’s dystopian vision continues to resonate in discussions about the eth-
ical implications of advanced surveillance technologies.

The situation in autocratic countries, like China, Russia and North Korea pro-
vides real-world examples of how intelligent video surveillance can be utilized
in ways that raise ethical concerns. Public surveillance and the oppression of
citizens are significant aspects that have drawn attention from scholars and
decision-makers. The Chinese government e.g., has increasingly utilized digi-
talization and surveillance technologies to enhance public security and social

4



1.4 Smart Surveillance from an Ethical Point of View

control [Ber21b]. This expansion of surveillance has raised concerns about
privacy and individual freedoms [Kos21]. The implementation of systems like
the Social Credit System (SCS) has been viewed as a tool for surveillance and
repression by critics [Xu22a]. The public’s perception of surveillance in China
is influenced by factors like terrorism concerns, which differ from countries
like the United States and Europe [Liu22a]. China’s response to public health
emergencies, such as the Coronavirus disease 2019 (COVID-19) outbreak, has
been a subject of study [Zan20]. The country has made substantial invest-
ments in improving its public health system since the 2003 Severe acute res-
piratory syndrome (SARS) outbreak [Ton15]. Surveillance systems have been
crucial in monitoring infectious diseases and responding to outbreaks effec-
tively [Zha21]. However, challenges remain in detecting emerging infectious
diseases despite advancements since previous outbreaks like SARS and avian
flu [Fen11].

In terms of public security, China has been exporting surveillance technolo-
gies, fostering a transnational state-corporate symbiosis to enhance its na-
tional security capabilities [Ber21a]. The authoritarian regime in China has
been focused on stability maintenance and comprehensive governance, utiliz-
ing surveillance technologies as part of its governance agenda [Hua21]. The
country’s surveillance systems have also been instrumental in managing ne-
glected tropical diseases and parasitic diseases [Lia14, Hao20].

Overall, China’s approach to public surveillance reflects a balance between
security and control, raising concerns about individual rights and privacy.
The country’s use of surveillance technologies and systems has implications
for public health, security, and governance, shaping the dynamics of citizen-
state interactions and societal norms.

The complexity of intelligent video surveillance extends beyond technologi-
cal aspects. It encompasses sociological, anthropological, and legal considera-
tions. Sociologically, it raises questions about power dynamics, social control,
and the potential for discrimination or targeting of specific communities. An-
thropologically, it involves analyzing the impact on social norms, behavior
patterns, and cultural practices within a surveillance environment. From a
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legal standpoint, the use of intelligent video surveillance systems must com-
ply with existing laws and regulations, including data protection and privacy
laws. The legality of certain surveillance practices, such as facial recogni-
tion, may vary, further complicating the ethical landscape. Ethical discus-
sions surrounding smart video surveillance focus on issues such as consent,
transparency, accountability, and the necessity of surveillance measures. Bal-
ancing the need for public safety with the protection of individual rights and
freedoms is a crucial aspect, of which certain aspects are also addressed by the
Artificial Intelligence Act (AI Act) of the European Union [Fri24, Eur24]. The
potential for abuse or misuse of intelligent video surveillance technologies
cannot be overlooked. Concerns about mass surveillance, constant monitor-
ing, and the diminution of privacy rights require careful consideration and
robust safeguards to prevent any infringements on individual liberties.

Engaging in ethical discourse regarding intelligent video surveillance is essen-
tial for establishing guidelines, standards, and regulations that prioritize the
protection of human rights while leveraging the potential benefits of these
technologies. It involves a multidisciplinary approach, incorporating tech-
nical expertise, sociological and anthropological insights, legal frameworks,
and an ongoing dialogue to navigate the complexities of implementing smart
video surveillance systems responsibly.

1.5 From Laboratory to the Street

Methods capable of analyzing collected image and video material hold poten-
tial for both forensic analysis and live analysis. However, the task of evaluat-
ing such data differs significantly between the two domains. In particular, live
analysis presents additional technical constraints, such as the need for faster
analysis and limited hardware resources. Moreover, the simultaneous pro-
cessing of multiple video streams capturing the same situation introduces fur-
ther challenges, especially a high network traffic coming from those streams,
higher computational costs due to the processing of such and many more,
which all must be considered during the development of suitable methods.
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Figure 1.1: Typical setup at a Public Safety Answering Point (PSAP), where video operators have
to work with multiple screens each showing again multiple camera views. [Source:
Fraunhofer IOSB]

This thesis focuses on addressing real-world surveillance issues, specifically
exploring approaches for analyzing incoming video data. Figure 1.1 gives an
example situation where a single operator has to overviewmany cameras that
show various places at the same time. Certain complexities within this sub-
ject, including person re-identification and action recognition, have already
garnered research interest for several years. Recent advancements, particu-
larly in deep learning algorithms and processing technologies like Graphics
Processing Units (GPUs) and Tensor Processing Units (TPUs), have propelled
the field from predominantly academic to one that is gaining practical rele-
vance for users such as police and fire departments.

Given the specific application field, a myriad of technical, sociological, ethical,
and legal challenges arise, further augmenting the complexity of the task at
hand. Some examples for technical ones are, but not limited to

• Increasing number of video cameras resulting in higher demands for
the available computational resources, and directly affecting the
choice of methods and infrastructure,
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• Non-cooperative environments, which introduce potentially drastic
changes in illumination, harsh contrasts, motion blur, or light flares,

• Challenging single person separation due to many occlusions in
crowded scenarios, that may be either dynamic, which cannot be
controlled, e.g., during rush hour where people will necessarily
occlude each other, or static, e.g., due to structural influences, which in
some cases cannot be avoided as well,

• Small pedestrian sizes, due to sensor resolution and the location of the
cameras, and potentially large people counts, since these cameras are
typically set up yielding overviews over certain areas, and last but not
least

• Varying viewing angles, that can be challenging and beneficial at the
same time, since occlusions can potentially be diminished, but
depending on the type of method applied for analyzing the material,
requires additional training data or configurations.

This thesis specifically seeks to research techniques to lessen the amount of
information that the analyzing process considers. It strives to be privacy-
friendly, which should be accomplished not only during the application phase,
or when running on live video streams, but also during the development stage
and, consequently, throughout the training of machine learning models. This
is primarily driven by two distinct factors: (i) citizen personal rights and infor-
mational self-determination; and (ii) ethical issues, such as ethnic background
or political stance, which may affect how a data-driven approach would work.

1.6 Aim and Structure of the Thesis

As indicated in the introduction, data privacy is a major challenge for public
acceptance of (smart) video surveillance and is therefore the aim addressed
in this thesis. Jung [Jun20] examined the topic of privacy-preserving per-
son and human activity recognition and sheds light on various aspects and
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Data
Ingestion

Data
Preparation

Model Training
and Evaluation

Model
Deployment

Establishment of
an appropriate data base

Design and development
of a suited model

Application
phase

Figure 1.2: Illustration of a typical chain of steps, beginning with the data related operations,
the design and training of machine learning models and the final application phase.

vulnerabilities of such systems and methods, also including concerns with re-
spect to data holding and user data. In contrast to Jung [Jun20], this thesis
takes a look on the methodical and algorithmic aspects that aim to implement
privacy-friendliness. It focuses on how to take privacy-concerns into regard
during the overall development of data-driven machine learning approaches.
In the field of machine learning, the entire development process consists of
different stages at which the prevailing issue can and has to be addressed ac-
cordingly. Figure 1.2 depicts the overall procedure.

Each step within the chain offers possibilities to ensure data privacy. How-
ever, these steps also introduce challenges that have to be faced.

• Establishment of an appropriate data base. It is easy to
understand, that in the first place human related data is automatically
creating data privacy concerns. In order to design and develop suitable
models to apply in surveillance scenarios, it is necessary to have
appropriate data with which to train these models. This, however,
brings up plenty of challenges. First, such data has to be collected
from real-world scenarios, which faces first challenges from a legal
perspective. Assuming that these challenges can be solved, the data
has to be prepared in order to use it. This includes the need for labels,
which can be a very time consuming task especially for data that has
to be annotated with fine-grained information like pose information.

• Design and development of a suited model. Naturally, the model
related steps including the design, but also the development process of
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a model, are faced with data and hence exposed to sensitive data. One
of the biggest challenges is to design a model that uses only as much
data as necessary and to ensure, that especially self-learning models
work as intended by the developer. An in-depth understanding about
the interplay of the designed model and the used data is inevitable
avoid possible privacy issues.

• Application phase. Finally, the actual application phase has to cope
with the same or at least similar challenges as those already
mentioned. At some point, a camera-based approach will have access
to full RGB data providing potentially insight in a lot of information
about pedestrians. This includes sensitive information, like biometric
information or political and/or sexual orientation. Of course, this
strongly depends on the chosen approach. Ideally, an approach is
chosen, which ensures that as few information about the pedestrians
as possible is used. Furthermore, it should be transparent even to
non-professionals.

These observations create a frame to the overall roadmap for this disserta-
tion, which is divided into six chapters, starting with the current chapter, i.e.,
Chapter 1, which introduces the overall topic and field of application of this
thesis and motivates the need for this research. Chapter 2 presents the theo-
retical foundations that are necessary to understand the different approaches
and technologies applied within this work. This includes in particular a basic
presentation of the field of deep learning and related architectural concepts
as well as the introduction of human poses, which are the central human rep-
resentation used in this work. It is followed by Chapter 3 that gives an over-
view over existing research that is related to the various topics that are ad-
dressed, where Sections 3.1 to 3.3 are mainly related to the topic of building an
appropriate data base, and Section 3.4 corresponds to the behavior analysis.
Chapter 4 dives into the methodological considerations made to handle the
behavior analysis for surveillance setups, which in particular involves topics
related to synthetic training data (cf. Sections 4.2 and 4.3), and the humanmo-
tion analysis (cf. Section 4.4). To be more precise, Section 4.2 addresses the
generation of synthetic training data, utilizing a commonly used video game,
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in order to generate more realistic synthetic data with the goal to improve the
accuracy and robustness of Human Pose Estimation algorithms. The chapter
also includes data generation based on a public 3D animation database which
is used to enrich the training process of behavior analysis modules as used
in this thesis. Furthermore, Section 4.3 tackles a challenge that arises by us-
ing synthetic data for Human Pose Estimation, namely the gap between syn-
thetic and real data domain, and therefore focuses on techniques to close the
mentioned gap by using generative methods to adapt the real-world domain
given the synthetic data. Finally, Section 4.4 delves into the actual behavioral
analysis of pedestrians by using the fine-grained structural information pro-
vided by an human pose estimator, typically also referred to asmicroscopic or
human-centered approach. This is compared to another, macroscopic or holis-
tic method. In Chapter 5 the choices that were made earlier are evaluated and
discussed based on different evaluation protocols for the single tasks. Last but
not least, Chapter 6 summarizes the contributions and results of this work and
takes a look on further possibilities to extend this research.

In summary, the thesis contributes to the fields of Human Pose Estimation,
Domain Adaption of synthetic data, and salient behavior recognition, offering
novel methodologies and insights that advance the accuracy, adaptability, and
interpretability of these areas. The results are then discussed with respect to
the overall motivation of a privacy-friendly way of human behavior analysis
in the field of video surveillance.

A Note on Implementation

Thomas Golda is responsible for conception and implementation of the over-
all framework as presented in this thesis. Parts of this dissertation are based
on joint works resulting from very close collaboration with his students An-
dreas Blattmann (Sections 4.2 and 4.3.3), JohannaThiemich (Section 4.4.3), and
David Hohloch (Section 5.3.3). Both, Thomas Golda and the corresponding
student, have contributed substantially to this research. While it is difficult
to set a precise boundary, Thomas Golda was rather in charge of the idea
whereas the student focused on the implementation.
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2 Theoretical Background

2.1 Deep Learning

Since various Deep Learning based approaches are used throughout the the-
sis, this chapter gives a short introduction to artificial neural networks, Deep
Learning and the relevant types of neural networks.

2.1.1 Artificial Neuron

Neurons are the basic computational units which compose a neural network
architecture. Such a neuron takes an input vector 𝐱 = (𝑥(0), … , 𝑥(𝑛−1)) ∈ ℝ𝑛,
and computes an output response 𝑜 ∈ ℝ as shown in Equation (2.1).

𝑜 ≔ 𝜙(𝐱⊺𝐰+ 𝑏) = 𝜙 (
𝑛−1
∑
𝑖=0

𝑥(𝑖) ⋅ 𝑤(𝑖) + 𝑏) (2.1)

Here, 𝐰 = (𝑤(0), … , 𝑤(𝑛−1)) ∈ ℝ𝑛 is the associated weight vector, 𝑏 ∈ ℝ
is its bias and 𝜙∶ ℝ → ℝ is the activation function. A typical choice for
the activation function 𝜙 is the Rectified Linear Unit (ReLU), which is a non-
linear yet simple and easily differentiable function that is defined as shown
in Equation (2.2).

𝜙(𝑥) ≔ max(0,𝑥) (2.2)
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2.1.2 Feedforward Neural Networks

The previously introduced neurons can be stacked both vertically and hor-
izontally, which results in a feedforward neural network. An example for
such a network is shown in Figure 2.1.

⋮

⋮ ⋮

𝑥(0)

𝑥(1)

𝑥(2)

𝑥(𝑛−1)

𝑜(0)

𝑜(𝑚−1)

input
layer

(layer 𝑞0)

hidden
layer

(layer 𝑞1)

output
layer

(layer 𝑞2)

Figure 2.1: Exemplary feedforward network, also called Multilayer Perceptron (MLP). The
shown architecture consists of three layers containing multiple neurons each.

Although a single neuron is already capable of simple decision-making tasks,
this capability is largely increased whenmultiple neurons are combined. Neu-
rons stacked vertically form a single layer and stacking those horizontally re-
sults in a network, which is considered deep if it comprises multiple layers.
Based on this basic structure, a neural network is called fully-connected, if
the output of every single neuron in layer 𝑞𝑖 is fed into every neuron in layer
𝑞𝑖+1. As long as these connections go from layers 𝑞𝑖 to 𝑞𝑗 with 𝑖 < 𝑗 the
architecture is refered to as feedforward architecture. Finally, the first and the
final layer are referred to as the input and output layer, respectively, whereas
all other layers are so-called hidden layers.

Overall, given its set of parameters Θ, i.e., its weights and biases, a feedfor-
ward neural network defines a mapping 𝑓(𝐱 ∣ Θ) = 𝐲̂ from the input rep-
resentation 𝐱 ∈ ℝ𝑛 to the estimated output representation 𝐲̂ ∈ ℝ𝑚. It has
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2.1 Deep Learning

been proven [Hor89] that such a network with at least one hidden layer and
a non-linear activation function is an universal approximator. This means
that it is capable to approximate any continuous function with any desired,
nonzero error [Goo16]. Although a network containing a single hidden layer
would suffice, the situation is different in practice. Deeper networks, meaning
networks with more than just one hidden layer, are mostly used because they
typically require far less parameters. This comes from the non-linear relation-
ship of the connections between consecutive layers allowing such networks
to generalize better [Goo16].

2.1.3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are neural networks used for pro-
cessing grid structured input data that has spatial dependencies in local re-
gions [Agg23], e.g., images and graphs. In general, these networks do not
differ to those presented earlier, except that the neurons within the layers
are arranged in a different way. For a better understanding, CNNs and their
differences will be presented in the following.

In a CNN, the input, as well as the neurons in each layer, are organized into
3-dimensional grid structure. The input to each layer 𝑞 is characterized by
its height ℎ𝑞 , width 𝑤𝑞 and depth 𝑑𝑞 , with ℎ𝑞, 𝑤𝑞, 𝑑𝑞 ∈ ℕ. For 𝑞 > 1, this
input volume is termed to consist of 𝑑𝑞 feature maps or channels. Similarly,
the neurons of each layer are organized in grid structure as well. The com-
position of corresponding neurons are called filters. Each filter itself stores
weights and is also a 3-dimensional structure, which is again characterized
by its height, width and depth. Filters are usually square, meaning that their
height and width are equal. Their depth equals the number of channels of the
input volume that they are applied to. Generally speaking, the 𝑞th layer con-
sists of 𝑐𝑞 filters, each of height and width 𝑠𝑞 ≔ ℎ𝑞 = 𝑤𝑞 , and depth 𝑑𝑞 , with
𝑐𝑞, 𝑠𝑞 ∈ ℕ. As a result, the output computed from the corresponding input
will be a volume containing 𝑐𝑞 channels. In addition, each filter is associated
with a learnable bias 𝑏𝑞 ∈ ℝ.

15



2 Theoretical Background

CNNs operate in the same manner as feedforward neural networks do, with
the difference that the operations of their layers are spatially organized. This
operation is called convolution.

2.1.3.1 The Convolution Operation

The traditional convolution operation applies a given filter on every spatial
position of the input volume. This is followed by the dot product between this
filter, which is flipped in both dimensions, and the subset region of the input.
In a CNN, the convolution is performed for all 𝑐𝑞 filters within a layer result-
ing in a 2-dimensional output for each filter. The output volume therefore is
3-dimensional and consists of 𝑐𝑞 channels. The traditional convolution oper-
ates with a flipped filter, but most deep learning libraries do not flip the filter
and implement the convolution with the cross-correlation operation [Goo16].
Although both operations differ by definition, they are equivalent for neural
networks since the flipped filters can be learned.

The final resulting convolution operation from layer 𝑞 to layer 𝑞 + 1 can be
then defined as

ℎ(𝑞+1)𝑖𝑗𝑝 ≔
𝑠𝑞−1
∑
𝑟=0

𝑠𝑞−1
∑
𝑠=0

𝑑𝑞−1
∑
𝑘=0

𝑤(𝑟,𝑠,𝑘)
(𝑝,𝑞) ⋅ ℎ(𝑖+𝑟⋅𝑑, 𝑗+𝑠⋅𝑑, 𝑘)(𝑞) + 𝑏(𝑝,𝑞) (2.3)

∀𝑖 ∈ {0, … , ℎ𝑞 − 𝑠𝑞}
∀𝑗 ∈ {0, … ,𝑤𝑞 − 𝑠𝑞}
∀𝑝 ∈ {0, … , 𝑑𝑞+1 − 1}

with (𝑤(𝑖,𝑗,𝑘)
(𝑝,𝑞) ) ≕ 𝐖(𝑝,𝑞) ∈ ℝ𝑠𝑞×𝑠𝑞×𝑑𝑞 being the weights, and 𝑏(𝑝,𝑞) being

the bias of the 𝑝th filter in the 𝑞th layer [Agg23].

Feature maps in the 𝑞th layer are denoted by (ℎ(𝑖,𝑗,𝑘)(𝑞) ) ≕ 𝐇(𝑞) ∈ ℝℎ𝑞×𝑤𝑞×𝑑𝑞 .
An example of the convolution operation is given in Figure 2.2.
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0 0 0 0 0 0 0 0 0
0 0 1 1 1 0 0 0 0
0 0 0 1 1 1 0 0 0
0 0 0 0 1 1 1 0 0
0 0 0 0 1 1 0 0 0
0 0 0 1 1 0 0 0 0
0 0 1 1 0 0 0 0 0
0 1 1 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0

𝐇

∗
1 0 0
0 0 0
1 0 1

1

𝑏

𝐖

=

1 2 2 3 2 2 1
1 1 3 3 4 2 2
1 1 2 3 3 3 1
1 2 2 2 3 2 2
2 2 2 2 2 2 1
2 2 2 2 2 1 1
1 1 2 2 1 1 1

𝐇 ∗𝐖+ 𝑏 ⋅ 𝟙

×1 ×0 ×0

×0 ×0 ×0

×1 ×0 ×1

Figure 2.2: Examplea of the convolution operation as described in Equation (2.3), denoted by ∗.
A single channel input 𝐇 is convolved with a kernel 𝐖 and a bias 𝑏 = 1. The gray
shaded parts show the additional padding which is introduced in order to generate
an output feature map of same size as the input.

a Figure is based on https://tikz.net/conv2d/

Due to the convolution operation, the size of a feature map is reduced after
performing the operation. A common way to avoid the reduction in spatial
dimensions is padding. Padding is added to the borders of the input, where
typically zeros are used since they do not contribute to the output of a con-
volution.

An important property of the convolution operation is that it is equivariant
to translation. This means that if the input was shifted spatially by a certain
arbitrary amount, the corresponding values in the feature map would also be
shifted accordingly. Hence, certain body features of a person can be equally
extracted, irrespective of their location in an image.

2.1.3.2 Graph Convolutional Neural Networks

Since graph-structured data plays an important role throughout this thesis,
models that are genuinely designed for such data are also considered. GNNs
are designed for the exact purpose. The term Graph Neural Network (GNN)
is a general term for NNs that are able to process graph-structured data. Wu
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et al. [Wu21] divide GNNs into sub-categories like recurrent GNNs, spatio-
temporal GNNs and GCNNs, of which just the latter are relevant to this work.

Classical CNNs as introduced in Section 2.1.3 are usually used for processing
images or videos since they have been designed to handle grid-structured data
such as pixels in images, different to graph-structured data like human poses.
A Graph Convolutional Neural Network (GCNN) contains so-called graph
convolutional layers which generalize the traditional neural network con-
volution operation to graph-structured data. For a traditional 2-dimensional
convolution, each pixel in an image can be seen as one node of a graph. As
these pixels are arranged in a grid, the actual neighborhood of a single node
depends on the size of convolutional filter, resulting in a ordered fixed-sized
neighborhood as shown on the left-hand side of Figure 2.3. Here, the weighted
average of the neighboring pixels and the center pixel is the result of the ap-
plication of the convolution filter. A graph convolution however is more com-
plicated since the number of neighbors can differ for each node, which means
that the size of the neighborhood is not fixed and the nodes are not ordered. In
general, the goal is to calculate the representation of a node 𝑣 by aggregating
both, its own and its neighbors’, features [Wu21]. This is shown in Figure 2.3.

Figure 2.3: Visualizationa of a traditional 2-dimensional convolution operation on the left and
a graph convolution operation on the right. The receptive field of the convolution
operation is indicated by the highlighted edges.

a Based on a Figure 1 in [Wu21]
Spatial GNNs use information propagation within the graph and are based on
the nodes’ spatial relations. When processing images, the value in an output
feature map of a traditional convolution operation is calculated by summing
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up the weighted values of the neighboring pixels. The weights for the sum-
mation are defined by the learnable kernel parameters. A spatial graph con-
volution to a node 𝑣, yields a new representation by combining the features
x𝑢 of its neighboring nodes 𝑢 ∈ 𝒩(𝑣) and its own features x𝑣 in an overall
feature matrix 𝐗 ∈ ℝ𝑛×𝑑𝑥 . Here, 𝒩 ∶ 𝑉 → 𝒫(𝑉) is the neighborhood func-
tion, 𝑑𝑥 ∈ ℕ is the dimension of the input features 𝐱𝑖 with 𝑖 ∈ {𝑣}∪𝒩(𝑢) and
where 𝑛 = |{𝑣} ∪ 𝒩(𝑢)| ∈ ℕ. Stacking multiple graph convolutional layers
with each layer having its own set of learnable weights results in a high-level
representation of the nodes within the graph. [Wu21]

According to Chen et al. [Che20], this spatial graph convolution process can
mathematically be expressed as:

𝐇(𝑙+1) = 𝑓( 𝐃̂−1 ⋅ 𝐀̂ ⋅ 𝐇(𝑙) ⋅ 𝐖(𝑙) ) (2.4)

Here,𝐇(𝑙) ∈ ℝ𝑛×𝑑𝑙 represents the feature matrix of the 𝑙th layer which has 𝑛
nodes and 𝑑𝑙 features. The first and the last layer’s features are 𝐇0 ≕ 𝐗 and
𝐇𝐿 ≕ 𝐙 respectively. 𝐀̂ refers to the adjacency matrix and 𝐃̂ is the diagonal
node degree matrix of 𝐀̂ therefore determines the way in which node features
are propagated to neighboring nodes. 𝐖(𝑙) ∈ ℝ𝑑𝑙×𝑑𝑙+1 is a trainable weight
matrix mapping the 𝑑𝑙-dimensional features into 𝑑𝑙+1-dimensional features.
The function 𝑓 usually defines a non-linear activation function. [Che20]

Spatial graph convolutions do not consider spectral behavior [Che20]. Zhang
et al. [Zha19] showed that spatial Graph Convolutional layers are low-pass
filters and therefore might not be able to extract meaningful features in high
frequency areas. But overall, they are much more commonly used than spec-
tral graph convolutions due to several reasons as explained in [Wu21]. Spatial
models are more efficient and scalable to large graphs since the convolution
operation can directly be performed in the graph domain and it can be exe-
cuted in batches of nodes. Furthermore, spatial convolution operations can be
performed on both directed and undirected graphs while spectral convolution
operations can be applied on undirected graphs only. Lastly, models using
spatial convolution operations generalize better to changing graphs. These
properties influenced the choice of spatial GCNNs for this thesis.
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For further information about spatial graph convolutions as well as the related
spectral graph convolutions see [Che20, Wu21] since this would exceed the
scope of this thesis.

2.1.3.3 Fully Convolutional Neural Networks

CNNs are powerful models when it comes to classifying entire images. But
there are also other problems where a classification at pixel level is required,
e.g., as it is the case with semantic segmentation. Fortunately, only two ad-
justments need to be made in order for CNNs to cope with this task. The first
one is to replace the fully-connected layers with convolutional layers, where
the number of channels equals the size of the replaced layer. It is common to
use 1×1 kernels here and with this, a convolution can be regarded as applying
the previously replaced fully-connected layer to every spatial location of the
feature map. Since only convolutional layers are present in this architecture,
such networks are termed fully convolutional [She17]. This also means that
these networks can process images of arbitrary size.

However, with this adaptation only, the output is still smaller than the input
size due to pooling. Therefore, the second adjustment is to introduce a final
upsampling layer that will scale the estimated output such that it matches the
input size. In its simplest form, the upsampling is fixed, e.g., it is implemented
with bilinear interpolation, but it can also be learned.

2.1.3.4 Autoencoder

TheAutoencoder (AE) is a specific deep neural network architecture that aims
to find a low-dimensional representation of data, which still holds the relevant
information. An AE consists of two main parts: the encoder and the decoder.
The encoder subnetwork compresses the input data into a lower-dimensional
latent representation, often referred to as the bottleneck layer. In an opposite
manner, the decoder subnetwork attempts to reconstruct the original input
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data from this compressed representation. The aim is to produce a recon-
struction that is as close as possible to the original input, effectively learn-
ing a compact and meaningful representation of the data. Figure 2.4 shows a
schematic of an AE-architecture.

𝐡 =
⎡⎢⎢⎢
⎣

ℎ(0)
ℎ(1)
⋮

ℎ(𝑚−1)

⎤⎥⎥⎥
⎦

Encoder
𝑓(𝐱)

Decoder
𝑔(𝐡)𝐱 =

⎡⎢⎢⎢
⎣

𝑥(0)
𝑥(1)
⋮

𝑥(𝑛−1)
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⎦

𝐱̃ =
⎡⎢⎢⎢
⎣

̃𝑥(0)
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⎤⎥⎥⎥
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Figure 2.4: Schematic architecture of an AE. It is characterized by the bottleneck 𝐡 between the
encoder and decoder part.

As already stated, the network is trained to reproduce the initial input 𝐱 from
the resulting embedding 𝐡. The reconstruction is done by the decoder and
yields the reconstructed input 𝐱̃. In order to do so, the encoder learns a map-
ping function 𝑓(𝐱) = 𝐡 which maps the high-dimensional input 𝐱 ∈ ℝ𝑛 into
a usually lower-dimensional representation 𝐡 ∈ ℝ𝑚 with 𝑚 < 𝑛. The de-
coder takes the embedding 𝐡 as input and learns a function 𝑔(𝐡) = 𝐱̃ in order
to return a reconstruction 𝐱̃ of the input 𝐱 [Goo16].

The most interesting part of this architecture for most applications is the em-
bedding 𝐡, since it should hold the most important information. When the
hidden dimension is smaller than the input dimension, the model is more
specifically called an undercomplete AE [Goo16]. To achieve this, an AE is
usually trained by minimizing the reconstruction error, which can be e.g., the
mean squared error between 𝐱 and 𝐱̃ [Ala14].

Since the concept of AEs is quite general, it can be potentially used with any
kind of neural network. For processing image data, AEs are built using con-
volutional layers in both, encoder and decoder [Mar20]. On graph-structured
data, graph convolutional layers can be used [Gon19]. Hence, both count
as fully-convolutional architectures as introduced in Section 2.1.3.3. Despite
these choices, standard fully-connected layers are also suitable to use within
the encoder and decoder component.
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Since AEs are trained to reconstruct the original input, they can be trained in
an unsupervised manner, where no labels for the samples are available. This
makes them versatile for many different applications.

2.1.4 Recurrent Neural Networks

The so far presented networks are only able to process single static inputs. In
general, one can easily imagine problems where sequences of data samples
need to be processed. Such sequences provide additional information that
might exhibit useful or even relevant patterns that are necessary for the over-
all decision making process. One type of architecture that is capable of doing
so are so-called recurrent neural networks.

The most important property of recurrent neural networks is the additional
feedback loop that is added at every hidden neuron, compared to the earlier
introduced feedforward neural networks. This way, the hidden state from
the previous step is also considered during computation. A major drawback
of these networks is, that they can easily suffer from the so called vanishing
gradient problem [Hoc98], which can prevent such networks from learning.

Today, the most widely used types of these networks that aim to overcome the
vanishing gradient problem, are the Gated Recurrent Unit (GRU) [Cho14] and
Long Short-Term Memory (LSTM) [Hoc97, Ger00], where recurrent neurons
are replaced by GRU- or LSTM-cells respectively.

2.1.4.1 Long Short-Term Memory

An LSTM-cell stores a state vector 𝐜𝑡 , namely cell state, for every timestep
𝑡 ∈ {0, … , 𝑇 − 1}, where 𝑇 is the length of the input sequence. Its output is
the hidden state 𝐡𝑡 , which is a non-linear transform of the current cell state.

The latter is obtained by manipulating 𝐜𝑡−1 using three gates, namely input-
gate 𝐢𝑡 , output-gate 𝐨𝑡 and forget-gate 𝐟𝑡 . Based on the current input 𝐱𝑡 ∈ ℝ𝑛

and 𝐡𝑡−1, 𝐢𝑡 and 𝐟𝑡 determine the amount to reuse from 𝐜𝑡−1 and the amount
to incorporate from both 𝐱𝑡 and 𝐡𝑡−1. Finally, 𝐨𝑡 determines the amount
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to output from 𝐡𝑡 . All of the aforementioned vectors are of same size, i.e.,
𝐜𝑡, 𝐡𝑡, 𝐢𝑡, 𝐟𝑡, 𝐨𝑡 ∈ ℝ𝑚.

In summary, the LSTM cell can be described as

𝐢𝑡 ≔ 𝜎 (𝐖𝑥𝑖 ⋅ 𝐱𝑡 +𝐖ℎ𝑖 ⋅ 𝐡𝑡−1 + 𝐛𝑖) (2.5)
𝐟𝑡 ≔ 𝜎 (𝐖𝑥𝑓 ⋅ 𝐱𝑡 +𝐖ℎ𝑓 ⋅ 𝐡𝑡−1 + 𝐛𝑓) (2.6)
𝐜𝑡 ≔ 𝐟𝑡 ⊙ 𝐜𝑡−1 + 𝐢𝑡 ⊙ 𝜙 (𝐖𝑥𝑐 ⋅ 𝐱𝑡 +𝐖ℎ𝑐 ⋅ 𝐡𝑡−1 + 𝐛𝑐) (2.7)
𝐨𝑡 ≔ 𝜎 (𝐖𝑥𝑜 ⋅ 𝐱𝑡 +𝐖ℎ𝑜 ⋅ 𝐡𝑡−1 + 𝐛𝑜) (2.8)
𝐡𝑡 ≔ 𝐨𝑡 ⊙ 𝜙 (𝐜𝑡) (2.9)

with 𝐖𝑥𝑖,𝐖𝑥𝑓,𝐖𝑥𝑐,𝐖𝑥𝑜 ∈ ℝ𝑚×𝑛, 𝐖ℎ𝑖,𝐖ℎ𝑓,𝐖ℎ𝑐,𝐖ℎ𝑜 ∈ ℝ𝑚×𝑚 and
𝐛𝑖, 𝐛𝑓, 𝐛𝑐, 𝐛𝑜 ∈ ℝ𝑚, resulting in 4 ⋅ (𝑚𝑛 + 𝑚2 + 𝑚) learnable parameters
overall. The element-wise product is denoted by⊙, whereas 𝜙 and 𝜎 are non-
linear activation functions.

A common activation function 𝜙 is the hyperbolic tangent (tanh), while 𝜎 is
fixed to be the sigmoid function. Both are defined as

tanh(𝑥) ≔ 𝑒2𝑥 − 1
𝑒2𝑥 + 1 ∈ (−1,1) (2.10)

and

𝜎(𝑥) ≔ 1
1 + 𝑒−𝑥 ∈ (0,1) (2.11)

It is easy to understand that these functions enable the previously introduced
interpretation of gates and cell state. Note that plugging in a vector into these
functions means that they are applied element-wise.

2.1.4.2 Gated Recurrent Units

GRUs are similar to LSTMs, but with a reduced number of gates. The in-
put, output- and forget-gate of LSTMs are replaced by a reset-gate 𝐫𝑡 and an
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update-gate 𝐮𝑡 for GRUs.

𝐫𝑡 ≔ 𝜎 (𝐖𝑥𝑟 ⋅ 𝐱𝑡 +𝐖ℎ𝑟 ⋅ 𝐡𝑡−1 + 𝐛𝑟) (2.12)
𝐮𝑡 ≔ 𝜎 (𝐖𝑥𝑢 ⋅ 𝐱𝑡 +𝐖ℎ𝑢 ⋅ 𝐡𝑡−1 + 𝐛𝑢) (2.13)
𝐡𝑡 ≔ (1 − 𝐮𝑡) ⊙ 𝜙(𝐫𝑡 ⊙𝐖ℎ ⋅ 𝐡𝑡−1 +𝐖𝑥 ⋅ 𝐱𝑡 + 𝐛) + 𝐮𝑡 ⊙𝐡𝑡−1 (2.14)

where 𝐖𝑥𝑟,𝐖𝑥𝑢,𝐖𝑥 ∈ ℝ𝑚×𝑛, 𝐖ℎ𝑟,𝐖ℎ𝑢,𝐖ℎ ∈ ℝ𝑚×𝑚 and 𝐛𝑟, 𝐛𝑢, 𝐛 ∈
ℝ𝑚 are the learnable parameters. The element-wise product is denoted by
⊙, whereas 𝜙 and 𝜎 are non-linear activation functions analogous to those
introduced for LSTMs. In total, GRUs have 3 ⋅ (𝑚𝑛 + 𝑚2 + 𝑚) learnable
parameters and are hence just 75% of the size of LSTMs [Cho14, Mat21].

2.1.5 Generative Adversarial Networks

Generative Adversarial Networks (GANs) have been introduced in 2014 and
have since become a widely investigated field and currently one of the most
popular form of generative models. Despite the fact that they are not explic-
itly yielding the desired probability distribution, they have been successfully
applied to many fields of computer vision such as image synthesis [Kar21]
and image-to-image-translation [Zhu17]. In the following description of the
GAN framework, it is referred to the classical formulation of this type of neu-
ral networks [Goo14], which is called VanillaGAN.

The GAN setup introduces two neural networks, called generator and discrim-
inator respectively, in addition to a given dataset consisting of samples 𝐱𝑟
from an unknown probability distribution 𝑝(𝑿𝑟). The generator is a genera-
tive model that tries to mimic this distribution given input signals 𝐳, which are
sampled from the prior distribution 𝑝(𝒁). Thus, the generator is actually just
a mapping 𝐺(𝐳;Θ𝐺) = 𝐱𝐺 from this prior to the target distribution 𝑝(𝑿𝑟),
where Θ𝐺 denotes the learnable parameters of the generator network. The
discriminator network 𝐷(𝐱;Θ𝐷) on the other side is a binary classifier that
takes as input image samples 𝐱𝑟 and 𝐱𝐺 from both target data and generated
data and outputs a scalar value, which represents the probability of a sample
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belonging to the target dataset. During the optimization process, these net-
works are optimized against each other in the following way: The discrim-
inator updates its learnable parameters Θ𝐷 such that it is able to perfectly
differentiate between data originating from the target distribution and data
generated by the generator network, which, for its part, updates its param-
eters Θ𝐺 such that the generated data exactly meets the distribution 𝑝(𝑿𝑟).
Hence, both networks play the following two-player minimax game with the
loss function ℒ(𝐺,𝐷):

min
𝐺

max
𝐷

ℒ𝐺(𝐺,𝐷) = 𝔼𝐱𝑟∼𝑝(𝑿𝑟)[log𝐷(𝐱𝑟)]

+ 𝔼𝐳∼𝑝(𝒁)[1 − log𝐷(𝐺(𝐳))]
(2.15)

Goodfellow et al. [Goo14] showed that the optimal value of the objective func-
tion as displayed in Equation (2.15) is defined by a generator that meets the
target distribution 𝑝(𝑿𝑟) and a discriminator that outputs the probability of
0.5 for all samples that are classified. They state that from a game theoretical
point of view, this state is the nash equilibrium [Nas51] between the gener-
ator and the discriminator.

2.1.5.1 Training and Convergence

The training process of GANs is a challenging task. Although, [Goo14]
showed the theoretical convergence for the GAN framework, the training
suffers from the non-convex and high-dimensional nature of the GAN-game.
Furthermore, real-world data distributions usually show a higher complexity
and multimodality, as it is the case for image processing [Sal16]. An often-
faced issue, known asmode collapse, which avoids the generator 𝐺 to capture
the desired distribution, arises in the following scenario:

(Step 1) 𝐺 captures only a small number of modes of the target
distribution what causes 𝐷 to categorize these modes as coming
from the generator and samples lying within the other modes as
belonging to the real data
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(Step 2) 𝐺 exploits 𝐷 by switching modes to the ones categorized as
being modes of the real-world data before

(Step 3) 𝐷 categorizes samples lying within the modes which 𝐺 had
captured initially as belonging to the real data

(Step 4) Return to (Step 1)

Instead of stabilizing and converging to an equilibrium, a GAN framework
that faces this issue begins to oscillate as stated above. Throughout the last
years, many so-called regularization strategies have been proposed to over-
come this issue. Most of them only are only applicable to certain scenarios
while negatively affecting other training properties as training speed. The
majority of these regularization methods aims limiting the power of the dis-
criminator during the training process.

In [Mes18] the authors show that even when building generator and dis-
criminator from simple linear models the classical GAN-objective as shown
in Equation (2.15) forces 𝐷 to push 𝐺 away from the equilibrium, when the
generated distribution arrives at this point. This behavior is identified as one
potential reason for the oscillating behavior. Based on this observation, the
following regularization term has been derived

min
𝐷

𝑅 = 𝛾 ⋅ 𝔼𝐱𝑟∼𝑝(𝑿𝑟)[‖∇Θ𝐷𝐷(𝐱𝑟)‖22] (2.16)

which is denoted one-sided gradient penalty and added to the optimization
objective that is depicted in Equation (2.15). By penalizing large gradients
of 𝐷 solely for examples coming from the real-world data distribution, the
regularization term given in Equation (2.16) introduces a better stability of
the training procedure for an appropriately chosen value of the weighting
factor 𝛾. This term is included by default to all the GANs that are examined
within this thesis unless stated otherwise.
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2.1.6 Transformer

This subsection presents the Transformer model, introduced by Vaswani
et al. [Vas23] in 2017, which is the first sequence transduction model based
entirely on an attention mechanism, replacing the recurrent layers most
commonly used in encoder-decoder architectures with multi-headed self-
attention. Transformer has emerged as a prominent framework within
the computer vision community, showcasing remarkable potential in se-
quence modeling [Yu24]. Initially presented for the task of Natural Lan-
guage Processing (NLP), it has demonstrated competitive performance in
comparison to CNN-based approaches across various tasks such as image
classification [Dos20, Liu21b, Tou21], object detection [Car20], Human Pose
Estimation (HPE) [Xu22b, Xu24] and semantic segmentation [Zhe21].

Vaswani et al. [Vas23] state that competitive neural sequence transduction
models typically use an encoder-decoder structure. Given z, the decoder then
generates an output sequence { 𝐲0, … , 𝐲𝑚−1 } one token at a time, following
an auto-regressive approach [Gra13]. The Transformer implements this ar-
chitecture with stacked self-attention and fully connected layers in both the
encoder and decoder.

2.1.6.1 Encoder

The encoder part of the Transformer is constructed with one or multiple lay-
ers, each layer comprising two sub-layers. The first sub-layer utilizes a multi-
head self-attention mechanism, while the second employs a position-wise
fully connected feed-forward network. Residual connections [He16] surround
each sub-layer, followed by layer normalization [Ba16].

2.1.6.2 Decoder

Similar to the encoder, the decoder consists of at least one layer. In addition
to the two sub-layers in each encoder layer, the decoder inserts a third sub-
layer in between, which performs multi-head attention over the output of
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the encoder stack. Residual connections and layer normalization are applied
around each sub-layer. The self-attention sub-layer in the decoder stack is
modified to prevent positions from attending to subsequent positions. This
masking, combined with the fact that the output embeddings are offset by
one position, ensures that predictions for position 𝑖 can depend only on the
known outputs at positions 𝑗 with 𝑗 < 𝑖.

2.1.6.3 Positional Encoding

In the absence of recurrence and convolution in the model, incorporating in-
formation about the sequence’s order is crucial. To achieve this, positional en-
codings are introduced at the input of the encoder and decoder stacks. There-
fore, ensuring compatibility by summation with the input embeddings. These
positional encodings, having the same dimension√𝑑𝑚𝑜𝑑𝑒𝑙 as the embeddings,
come in various types, including both learned and fixed options.

2.1.6.4 Vision Transformer

Transformers have been successfully applied to other fields than NLP, which
includes the field of computer vision. The Vision Transformer (ViT) [Dos20]
is one prominent example designed for image classification tasks by directly
processing sequences of image patches and tries to follow the architecture
of the transformer model as much as possible. Therefore, ViT splits the in-
put image 𝐉 ∈ ℝℎ×𝑤×𝑐 into a sequence of 2-dimensional patches of size
𝑝 × 𝑝 × 𝑐 and generates a flattened representation 𝐱 ∈ ℝ𝑝⋅𝑝⋅𝑐 where 𝑐 is
the number of channels and ℎ and 𝑤 represent the resolutions of the original
image. Consequently, the effective sequence length for the transformer is cal-
culated as 𝑛 = ℎ⋅𝑤

𝑝2
. Utilizing constant widths across layers, a trainable linear

projection maps each vectorized patch to the model dimension 𝑑𝑚𝑜𝑑𝑒𝑙 , pro-
ducing patch embeddings. Similar to BERT’s [CLS] (“class”) token [Dev18],
a learnable embedding is applied to the sequence of embeddings, serving as
the image representation. During both pre-training and fine-tuning stages,
classification heads are consistently attached. Additionally, 1-dimensional
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position embeddings are added to the patch embeddings for retaining posi-
tional information. Notably, ViT employs only the standard transformer’s
encoder (except for layer normalization), with its output preceding an MLP
head. ViT is typically pre-trained on large datasets and fine-tuned for down-
stream tasks with smaller data. ViT performs well when pre-trained on large
datasets, from 14 million up to 300 million images, surpassing inductive bias
limitations. Despite modest results on datasets with less data like ImageNet,
ViT achieves state-of-the-art performance on image recognition benchmarks
when pre-trained at sufficient scale, such as the JFT-300M dataset [Sun17].

2.2 Human Poses

This section introduces the underlaying representation of humans for this the-
sis. Therefore, Section 2.2.1 introduces a basic definition of the fundamental
feature representation of pedestrians for this thesis, followed by Section 2.2.2
which shortly presents other existing human body models. If not stated dif-
ferently, throughout this thesis a human pose refers to the skeleton represen-
tation as introduced in the following.

2.2.1 Definition

A human pose is an abstract representation of a single person for a given
timestep 𝑡. Each pose contains multiple keypoints that correspond to body
joints or special body parts like, for instance eyes, ears and nose. More gen-
erally speaking, a pose is an undirected graph 𝐺𝑡 = (𝑉𝑡, 𝐸), where a vertex
𝐯 = (𝑣(0),𝑣(1),𝑣(2)) ∈ 𝑉𝑡 ⊂ ℝ2 × {0,1,2} corresponds to a certain keypoint.
These keypoints consist of three components, where 𝑣(0) and 𝑣(1) are the 𝑥-
and 𝑦-coordinates and 𝑣(2) is the visibility of the corresponding keypoint. An
edge 𝑒 ∈ 𝐸 ⊂ 𝑉𝑡 ×𝑉𝑡 connects somatically or semantically related keypoints.
Apart from this graph representation, such poses are also represented as a

29



2 Theoretical Background

matrix, where each row corresponds to keypoint

𝐕𝑡 ≔
⎡⎢⎢⎢
⎣

𝐯0
𝐯1
⋮

𝐯𝐾−1

⎤⎥⎥⎥
⎦
∈ ℝ𝐾×3 (2.17)

In current state-of-the-art methods a pose 𝐺𝑡 is represented as a set of
heatmaps 𝐻 = { 𝐇𝑘 ∈ ℝ𝑤×ℎ ∣ 𝑘 ∈ { 0, ..., 𝐾 − 1 } }, where the value at the
position 𝐇(𝑥,𝑦)

𝑘 denotes a per-pixel likelihood for keypoint 𝑘. In order to
obtain the position of 𝐯𝑘 the maximum of the corresponding heatmap 𝐇𝑘
has to be determined.

COCO
17 keypoints

JTA
22 keypoints

SyMPose
15 keypoints

Figure 2.5: Schematical visualization of a human pose for three exemplary models. Depending
on the selected model, the types and number of keypoints may vary. The models
differ mostly with respect to the torso and head part, and the level of detail for hands,
whereas the limbs are usually represented in the same way.

Apart of the general definition of a human pose, there are various mod-
els [And14, Lin15, And18, Fab18] that differ in the choice of keypoints, as
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well as their connections. Each of these models were introduced for a differ-
ent reason and therefore provide more keypoints for body parts with more
focus on, e.g., face or hands. The main goals of using human poses are fast to
process and easily comprehensible features, that reduce a person to its basic
physical structure. The reduced information should furthermore facilitate
non-discriminatory behavior analysis, since for instance information on skin
color, ethnicity, or political and sexual orientation are omitted. Figure 2.5
shows some examples of different pose models.

2.2.2 Human Body Models for Pose Estimation

As indicated at the beginning of the current sections, 2-dimensional keypoint
representations (“stick-figures”) are just one possible representation for hu-
man poses. Dubey et al. [Dub22] summarize the field of human body models
into three different categories, namely

• kinematic or skeleton-based models,

• planar , and

• volumetric.

Kinematic models reflect human body structure in a comprehensible way that
comprises a variety of joint configurations and limb orientations either 2- or 3-
dimensionally. As a result, this model is utilized to represent the relationships
between various body parts. The 3-dimensional case offers additional infor-
mation in spatial space and removes ambiguities that can arise when working
with 2-dimensional (i.e., flat) information [Sig09, Ion14]. Although there has
already research been done [Wei16a, Tom17, Mar17, Isk19] on creating such,
in the context of video surveillance they are difficult to obtain. Sensors, de-
livering enough data to extract the needed information (e.g., depth sensors,
stereo cameras) are often not desired by the authorities. Another way to get
the lacking information could be multi-camera setups, that can be used in
order to get the additional information, in practice these cameras are often
mounted to far away from each other, which will yield a poor pose estima-
tion performance.
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Planar models, also referred to as a contour-based models, are primarily used
to represent 2-dimensional body contours. In contrast to the kinematic model,
they express the human body’s appearance and shape. Usually, body parts
are represented by multiple rectangles approximating the human body con-
tours [Bra14].

Finally, volumetric models, which are essentially representations in a 3-
dimensional space, encompass human body shapes and poses represented
by volume-based models with geometric shapes or meshes. Earlier geo-
metric shapes for modeling body parts include cylinders or conics [Sid00],
whereas modern volume-based models are represented as meshes, normally
captured using 3-dimensional scans. Widely used volume-based models
includes Shape Completion and Animation of People (SCAPE) [Ang05],
Skinned Multi-Person Linear Model (SMPL) [Lop15], and a unified deforma-
tion model [Joo18]. Recently dense pose estimation [Gül18] has gained an
increasing amount of interest from the research community [Nev19, Dua21,
Rak21]. Dense human pose estimation aims at mapping all human pixels of
an RGB image to the 3-dimensional surface of the human body. Although, re-
searchers have achieved promising results using this technique, they are still
limited to rather high resolution imagery and can be seen as they are still in
their infancy. For further details on the mentioned body models see [Dub22].
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3.1 Human Pose Estimation

This thesis uses skeletal information as a central feature for performing
privacy-friendly behavior analysis. Therefore the following sections give
an overview over existing methods for HPE and ways to obtain human
skeletal representations, followed by an overview over publicly available
datasets to train such methods. These datasets are separated into real-world
and synthetic ones.

3.1.1 Methods

As stated in Section 2.2.2, Dubey et al. [Dub22] provide a categorization of
various human body models. They also state, that there are various other
ways to classify existing approaches for HPE, like the type of input modal-
ity, the number of cameras, the type of input data and the number of tracked
people. With the setting of public safety and video surveillance in mind, this
section takes a look from two different perspectives. Firstly, by addressing so-
called Multi-Person Pose Estimation (MPPE) setup, where subject to the over-
all HPE process are multiple people, which stands in contrast to the Single-
Person Pose Estimation (SPPE). The former represents the typical situation
for Closed-Circuit Television (CCTV). Secondly, this sections looks at differ-
ent input-modalities.

Methods for MPPE are typically separated in two main paradigms: top-down
and bottom-up. Top-down approaches apply pre-existing person detectors,
like e.g., You Only Look Once (YOLO) introduced by Redmon et al. [Red16],
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to identify individual people in input images. Then, SPPE is applied to each
person’s bounding box to create poses for all pedestrians. Unlike top-down
approaches, bottom-upmethods identify all body joints in a single image first,
before associating them to separate subjects. The number of individuals in the
input image will have a direct impact on the processing time in the top-down
pipeline. Bottom-up methods often have a faster computing speed than top-
down methods since they do not require individual posture detection for each
user [Dub22, Zhe23]. Some of the most prominent and widely used methods
for HPE are AlphaPose [Fan23], OpenPose [Cao21], HRNet [Sun19], and ViT-
Pose [Xu22b]. AlphaPose, as described by Fang et al. [Fan23], is a top-down
approach designed for whole-body regional multi-person pose estimation and
tracking in real-time. This method excels in accurately localizing whole-body
keypoints and tracking humans simultaneously, even when provided with in-
accurate bounding boxes and redundant detections. By first detecting human
bounding boxes and then estimating poses within each box independently,
AlphaPose demonstrates efficiency in real-time applications. On the other
hand, OpenPose, introduced by Cao et al. [Cao21] is a bottom-up approach for
multi-person 2-dimensional pose estimation. This method utilizes part affin-
ity fields to associate detected keypoints of body parts into complete poses. As
hardware capabilities improve, bottom-up methods like OpenPose can lever-
age higher resolutions to potentially reduce the accuracy gap compared to
top-down approaches. OpenPose’s focus on detecting keypoints and forming
complete poses offers a different perspective in the realm of pose estimation
methodologies. Sun et al. [Sun19] proposed a method called High-Resolution
Net (HRNet) for HPE that emphasizes deep high-resolution representation
learning. By recovering high-resolution representations from low-resolution
ones generated by a high-to-low resolution network, this approach aims to
enhance the quality of pose estimation results. This method falls under the
top-down paradigm by detecting person instances using a person detector and
then predicting detection keypoints. Finally, ViTPose, introduced by Xu et al.
[Xu22b], takes a unique approach by employing a Vision Transformer-based
method for HPE. By utilizing a plain and non-hierarchical ViT along with
simple deconvolution decoders, ViTPose aims to provide a baseline for pose
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Figure 3.1: Overview of the electromagnetic spectrum based on information from the National
Aeronautics and Space Administration [Nat10]. Most methods for HPE fall into the
extended range of visible light including the infrared (RGB+IR), where NIR typically
lays in a range of 0.75-1.4µm (active), and TIR in a range between 8-15µm (pas-
sive) [DAm09].

estimation tasks. This method represents a novel direction in pose estimation
research, exploring the capabilities of ViT in this domain.

In summary, each of these approaches - AlphaPose, OpenPose, HRNet,
and ViTPose - contributes distinct methodologies to HPE, either through
top-down or bottom-up strategies.

As mentioned earlier, the second perspective takes a look on the input modal-
ities. When talking about HPE, literature typically refers to the case of data
collected using RGB-sensors, either as single images or as videos. However,
the research community has also reported achievements in extracting human
pose information using other sensors, which in essence can possibly elimi-
nate the privacy-related drawbacks of RGB data. In the following, this section
gives some examples for approaches that do not solely rely on RGB data, and
hence can be associated to different ranges of the electromagnetic spectrum,
as given in Figure 3.1. To be more specific, existing methods for HPE can
be found in the range from around 5 ⋅ 10−7 meters, i.e., the lower end of the
visible spectrum, up to radio waves around 10−1 meters.

Starting with the infrared, i.e., near infrared (NIR) and thermal infrared
(TIR), different techniques follow different approaches, to either generate
an 2-dimensional image or directly obtain a 3-dimensional point cloud. Zhu
et al. [Zhu22] propose a dual-channel network for 3-dimensional HPE, where
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one channel applies a classical pre-trained HPE-algorithm, namely Open-
Pose [Cao21], which has been presented earlier, and the other channel uses
a Transformer-based architecture to derive depth-information from the ther-
mal infrared image sequence. Guo et al. [Guo22] on the other hand propose
a novel benchmark to assess the identity-preserving HPE-task by establish-
ing three baseline methods based on different YOLO detectors. These are
accompanied with a manually annotated dataset, called Identity-Preserved
Human Posture Detection in Thermal Images (IPHPDT), which is based on a
previously published thermal dataset and extends it with posture annotation.
The baseline models are extended with an additional posture prediction head.
Similar to Guo et al. [Guo22], Smith et al. [Smi23] introduce a novel thermal
image database. The authors investigate eight state-of-the-art HPE-methods
in the classical manner as known from the Common Objects in Context
(COCO) dataset. They tackle the lack of thermal image data to fully train
models, by converting existing datasets to grayscale images and fine-tuning
on their proposed UCH-Thermal-Pose database, and showed that almost
all investigated methods benefit from the grayscale transformation, with
ViTPose achieving the best results. Finally, Lupión et al. [Lup24] propose
the use of several cameras following a multi-view approach, increasing the
ability of their solution to infer 3-dimensional poses and avoiding occlusions.
Each thermal camera is part of an IoT device that consists of a classical RGB
camera and a TIR sensor. On top of the intrinsic and extrinsic parameters for
both cameras, the authors propose to use a homography to obtain fully paired
images. They furthermore propose a novel method called ThermalYOLO,
to fill the gap between the thermal and visible domains in terms of people
detection. This method provides bounding boxes in the visual part of the
sensor, which is then mapped using the determined homography to obtain
annotations in the thermal image, which, in turn, is used to fine-tune YOLO
on thermal images. From the overall camera setup they then generate the
desired 3-dimensional pose information.

LiDAR-based HPE is a technique that utilizes Light Imaging, Detection and
Ranging (LiDAR) technology to estimate the 3-dimensional pose of a human
body. This process involves analyzing LiDAR data, which provides detailed
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spatial information about the environment by emitting laser pulses and mea-
suring the time it takes for them to return after hitting objects. By integrating
LiDAR data with other modalities such as RGB images or full motion video, it
is possible to accurately estimate the pose of a human subject in 3-dimensional
space. The following papers [Gla19, Fur21, Zan23] address the problem ofHPE
using LiDAR technology from different perspectives: Glandon et al. [Gla19]
proposed a method for 3-dimensional HPE and human identity recognition
using LiDAR full motion video. This work not only estimates human poses in
3-dimensional space but also addresses the challenge of identifying individu-
als based on their skeletal structure using LiDAR full motion video data. The
first step is to determine the range information to focus on processing, which
is done by extracting a silhouette from the raw LiDAR video. Using this sil-
houette as a seed, and guided extracting walk direction, their algorithm esti-
mates 13 3-dimensional joint positions. The authors examine the performance
of their proposed method using an internal dataset consisting of ten different
subjects, on which they compare results with the OpenPose pose estimator.
Furst et al. [Fur21] introduced the 3D Human Pose Estimation from RGB and
LiDAR (HPERL) method, which focuses on combining RGB and LiDAR data
for accurate HPE. Their architecture processes the RGB images and LiDAR-
generated point clouds as input modalities, using an RPN as feature extraction
stage, followed by pose estimation stage predicting scores and deltas for𝐾 an-
chor poses. In contrast to other approaches, the anchor poses are generated
from the 3-dimensional boxes of the first stage. By adding the deltas to these
anchors and selecting based on the classification scores, the poses are pre-
dicted. This approach aims to enhance the robustness and accuracy of pose
estimation systems by integrating information from both modalities. Finally,
Zanfir et al. [Zan23] presented the Semi-supervised Multi-modal 3D Human
Pose Estimation for Autonomous Driving (HUM3DIL) method, which targets
HPE in the context of autonomous driving. This work explores how LiDAR
data, combined with other modalities, can be used to estimate human poses in
real-world scenarios relevant to autonomous vehicles. The semi-supervised
aspect suggests leveraging both labeled and unlabeled data to improve pose
estimation accuracy.
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In conclusion, LiDAR-basedHPE involves using LiDAR technology alongwith
other modalities to estimate a 3-dimensional pose of humans. All presented
work offers unique perspectives and methodologies to address this problem,
showcasing the diverse applications and advancements in the field of HPE
using LiDAR technology.

Leaving the range of classical visual and infrared range, shows that longer
wavelengths have been successfully utilized for HPE as well. For instance,
Zhao et al. [Zha18b] extracted human poses using radio signals. To do so,
they train a teacher-student network for cross-modal supervision and utilize
the fact, that the human body is specular in the frequency range that tra-
verse walls. The teacher, generating human pose annotation from the visual
domain generates keypoint heatmaps that are used as target values for the
student network. With respect to performance, the authors claim that their
approach achieves competitive results and is less likely to generate false posi-
tives where the visual model is likely to generate such. The major drawbacks
mentioned by Zhao et al. [Zha18b] are the low spatial resolution coming from
the physical setup, and the limited operating distance which is dependent on
its transmission power. Similarly, Geng et al. [Gen23] developed a deep neural
network that maps the phase and amplitude ofWiFi signals to UV coordinates
within 24 human regions. The results of the study reveal that their model can
estimate dense poses of multiple subjects, with comparable performance to
image-based approaches, by just utilizing WiFi signals. Analogous to Zhao
et al. [Zha18b], the authors train a teacher-student network to address the
missing annotated data for HPE in WiFi settings. Finally, the authors claim
that using WiFi is a privacy-friendly, illumination-invariant, and cheap hu-
man sensor compared to RGB cameras.

Apart from using WiFi, HPE using Radar technology has garnered signifi-
cant attention in recent research efforts. Three notable papers contribute to
this field: Zhou et al. [Zho23] introduced a U-Net architecture called MD-
Pose, a method designed for single-channel UWB Radar systems, aiming to
estimate human poses accurately by leveraging the unique characteristics of
UWB Radar signals, achieving promising results in HPE tasks. The models
allows to extract velocity information of various human body parts from the
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Micro-Doppler signature for up to 14 skeletal keypoints and reconstruct fine-
grained human poses. Kim et al. [Kim23] presented a study on 3-dimensional
HPE employing Impulse Radio Ultra-Wideband (IR-UWB) Radar in conjunc-
tion with a transformer-based deep learning model called 3D-TransPOSE. Lee
et al. [Lee23] developed Human Pose with Millimeter Wave Radar (HuPR), a
benchmark dataset tailored for 2-dimensional HPE utilizing Millimeter Wave
Radar, serving as a valuable resource for researchers to evaluate and com-
pare different HPE algorithms specifically designed for Radar-based systems.
The authors investigate various methods to pre-process the obtained Radar-
signal. Similar to the other work previously presented, annotation for the
Radar-domain is obtained by using an off-the-shelf human pose estimator,
namely HRNet [Sun19], pre-trained on MPII, a publicly available dataset. The
pose data from the visual domain is then used to train a pose estimator in
the Radar domain. They compare their results to [Zha18b], showing their
supremacy with respect to the localization of keypoints.

These papers collectively contribute to the advancement of HPE throughWiFi
and Radar technology, introducing innovative methods, datasets, and bench-
marks that facilitate more accurate and robust HPE in various real-world ap-
plications. All approaches based on WiFi signals and Radar have in common,
that they were investigated just for single or few people at the same time, with
all datasets and experimental setups being located in a lab-like environment.
This makes it difficult to estimate how well such approaches would perform
in-the-wild.

In summary, the field of HPE is broad and diverse, with different fields of ap-
plication and hence various resulting methods. Depending on the field, cer-
tain approaches are more or less suited. Especially, in the field of CCTV clas-
sical hardware like RGB-cameras are predominantly used due to their avail-
ability. This makes in particular those approaches coming from the imaging
sector, rangingwithin the electromagnetic spectrum fromTIR, over NIR to the
visible part of the spectrummost relevant to this work. With respect to the di-
mensionality of human poses, i.e., whether they are 2- or 3-dimensional, and
the kind of human bodymodel, there exists a clear bias towards 2-dimensional
skeletons in the existing literature. This makes such especially interesting for
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the challenging field of urban video surveillance applications, where low res-
olutions and small pedestrian sizes are just some examples for existing chal-
lenges. Therefore, for the rest of this thesis, the methods concentrate on the
MPPE-scenario using RGB-sensors and 2-dimensional kinematic, i.e., skele-
tal, human body models. However, as stated earlier, the pipeline itself is not
limited to such and depending on the application, other input-modalities can
also be of interest.

3.1.2 Datasets

As in any other field, data is an essential resource for training models, de-
veloping methods and finally assessing their performance. Therefore, in the
following different existing RGB datasets for HPE are presented, starting with
the most prominent and widely used real-world datasets, followed by some
synthetically generated ones.

3.1.2.1 Real-World Datasets

3.1.2.1.1 Common Objects in Context - Keypoints

Common Objects in Context (COCO) [Lin15] is a large scale dataset designed
for tasks like object detection, segmentation, captioning, and keypoint detec-
tion. It consists of more than 330,000 images and contains segmentation and
detection labels for 80 different types of objects. Beyond that, COCO also
provides around a quarter million labeled human poses in very diverse set-
tings focusing on single or few people per image. As illustrated in Figure 2.5,
the poses consist of 17 keypoints 𝐯 ∈ 𝑉 with labeled 2-dimensional posi-
tions as well as a flag to describe each keypoints visibility as introduced in
Section 2.2.1. The visibility flag is defined as

𝑣(2) ≔
⎧
⎨
⎩

0 if 𝐯 is not labeled
1 if 𝐯 is labeled but not visible
2 if 𝐯 is labeled and visible

(3.1)
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It is important to note that occluded keypoints that are within the image
bounds can be flagged as either not labeled or labeled but not visible. This
means that the keypoints that are flagged as labeled but not visible are only
a subset of occluded keypoints. In defiance of the datasets popularity stands
its biggest downside for the purpose of this work, namely its lack of keypoint
annotations for crowded scenes. Specifically for the task of keypoint localiza-
tion Ronchi et al. [Ron17] added a new metric to evaluate the precision and
recall of the predicted keypoints called Object Keypoint Similarity (OKS). The
mentioned metric will be presented in Section 5.2.1.1 of this work.

3.1.2.1.2 MPII Human Pose Dataset

The MPII Human Pose Dataset (MPII) is a benchmark for the evaluation of
articulated HPE introduced in [And14]. The dataset includes around 25,000
images containing over 40,000 people with annotated body joints. The im-
ages were systematically collected using an established taxonomy of every
day human activities. Overall the dataset covers 410 human activities and
each image is provided with an activity label. Each image was extracted from
a YouTube video and provided with preceding and following un-annotated
frames. In addition, for the test set we obtained richer annotations includ-
ing body part occlusions and 3-dimensional torso and head orientations. As
mentioned in Section 2.2, there exists a variety of pose models. With the MPII
dataset Andriluka et al. [And14] provide their own model consisting of 14
keypoints, i.e., three less than COCO. Though most of the keypoints of these
two models refer to the same body parts such as legs and arms, there is still
a difference between both. In particular, the COCO model represents a hu-
man’s head with more detail compared to the model given in the MPII dataset.
MPII has only one keypoint located on the head, which is a head top keypoint,
however, COCO human pose model has five keypoints located on the head,
such as ears, nose and eyes.
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3.1.2.1.3 CrowdPose

The previously introduced datasets only provide keypoint annotations for
non-crowded scenarios, which leads to the problem that current approaches
do not account for dense human crowds. In order to alleviate this prob-
lem, Li et al. [Li19] recently published a public benchmark for pose estima-
tion in crowded scenarios namely CrowdPose. The CrowdPose dataset, intro-
duced in 2019, serves as a pivotal benchmark for pose estimation in crowded
scenes. This dataset is specifically designed to address the challenges posed by
crowded environments, where multiple individuals may occlude each other,
making accurate pose estimation a complex task. The dataset provides a real-
istic and diverse set of images capturing various crowded scenarios, enabling
researchers to develop and evaluate pose estimation algorithms under chal-
lenging conditions. The images in the dataset are collected in a way to achieve
a uniform distribution of the density of human crowds. The aim was to pre-
vent a bias of the dataset for crowded or sparse scenarios and to assure that ap-
proaches that perform well on this benchmark perform well on both crowded
and non-crowded data. In addition, Li et al. [Li19] introduced the Crowd Index
(CI), which is a measure for the crowdedness level within an image. It essen-
tiallymaps a given situation to a score by taking each person and putting them
into relation with other closely located pedestrians. A more detailed presen-
tation of the CI is given later in Section 3.2.2. Li et al. [Li19] selected images
for the dataset in such way, that a uniform distribution of the CI between
[0, 1] is achieved.

3.1.2.1.4 PoseTrack

The PoseTrack dataset is a significant contribution to the field of HPE and ar-
ticulated tracking. It serves as a large-scale benchmark specifically designed
for video-based HPE and tracking tasks, containing over 150,000 poses in
more than 22,000 video frames [And18]. The videos are annotated densely
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with body poses with 15 keypoints¹, a head bounding box and a tracking id
for every person. This dataset addresses the need for comprehensive evalua-
tion in complex event video scene analysis, providing researchers with a valu-
able resource to test and benchmark their algorithms in real-world scenarios.
PoseTrack dataset includes challenging situations with highly occluded indi-
viduals and complex movements in crowded environments, making it a suit-
able testbed for assessing the robustness and accuracy of pose estimation and
tracking models [And18]. While the CI distribution of PoseTrack shows that
the dataset provides a better representation of human crowds than most other
datasets, the underlying problem, i.e., the limited amount of video sequences,
still remains. This limits the variety of scenarios and poses drastically that
is why most contenders on the PoseTrack Challenge use additional data for
training and only fine-tune on PoseTrack [Kal19].

3.1.2.1.5 Summary

Although there are several real-world datasets available, they all tackle rather
similar scenarios, non of which represents the typical surveillance scenarios
and their challenges. Furthermore, since all datasets are mainly recorded or
collected in western countries, a certain bias for the western culture and ap-
pearance is present. This makes these datasets suited for pre-training, but
lacks enough domain-specific information to solely rely on for training data-
driven approaches for the field of video surveillance.

3.1.2.2 Synthetic Datasets: Joint Track Auto and Extension

Joint Track Auto (JTA) is a synthetic dataset for HPE and tracking which Fab-
bri et al. [Fab18] collected by extracting videos from the video game Grand

¹ Mostly identical to COCO, with a different representation of the head of a person. Can be seen
as a mix between MPII and COCO [And18]
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TheftAuto (GTA) V ¹.The advantage of synthetically acquired data is that anno-
tating such is done easily by extracting relevant information directly from the
game engine and therefore no manual labor is required for labeling. Different
to most real-world datasets, JTA provides 22 annotated keypoints, alongside
with tracking ids and visibility flags. Since previously mentioned datasets
purely contain manually labeled image data, they do not provide reliable an-
notations for occluded keypoints. JTA on the other hand provides highly ac-
curate annotations for all keypoints within an image by utilizing the game
engine to extract information even of occluded keypoints. The provided vis-
ibility flags allow to distinguish between keypoints that are visible, occluded
and self-occluded. This could enable pose estimation methods to predict even
the position of occluded keypoints.

The scenes in JTA contain on average 21 pedestrians and up to 60 people.
This is a significantly larger number compared to previously released datasets,
where the usual number of people per frame ranges from 1 to 13 [Kal19].
While the majority of keypoint annotations are accurate, the given extrac-
tionmethod introduces certain systematic errors, which occur in combination
with specific person models within the game. Since these errors occur rarely,
no further action has been taken to remove them from the dataset. Firstly,
the scenes include a much higher density of people per frame. Secondly, the
crowding level of the scenes is also much higher than other datasets with the
exception of CrowdPose. Third, the addition of occlusion flags can provide
substantial advantage for the pose estimation for crowded scenarios. Finally,
the tools for creating own sequences in GTA are also freely available, so it is
possible to extend the dataset.

Some of the challengesmentioned above, like a non-uniformCrowd Index dis-
tribution or the limited pose variety, can be solved by utilizing the JTA-Mod
Fabbri et al. [Fab18] developed for creating the JTA dataset. The JTA-Mod
allows to create scenarios in different settings within the GTA game world.

¹ GTAV is an action-adventure video game developed by Rocksstar Northwhichwas first released
in 2013. It comes with a large and strong modding community. More information on the video
game can be found here: https://www.rockstargames.com/gta-v
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In these settings pedestrians can be placed performing different activities and
showing various behaviors. The original JTA dataset primarily focuses on
walking pedestrians, which leads to low pose variety. This is why the ex-
tension provided by Golda et al. [Gol19b] includes all possible activities that
can be generated with the JTA-Mod, such as sitting, doing yoga, push-ups,
cheering and fighting.

Finally, in the original JTA dataset the number of poses for a Crowd Index
above 0.5 was disproportionately low, so for the extension aims to create
denser crowds and adding more people to the scene. The final extension in-
cludes 58 additional video sequences with a total of 46,350 frames and 812,742
poses. As stated in [Kal19, Gol19b], the addition of different pedestrian ac-
tivities in the JTA-Extension helped to diversify the pose variety. While the
deviation from the maxima is still low compared to CrowdPose, there is a
noticeable improvement to the original JTA pose variety.

In conclusion, as Kalb [Kal19] showed, the Crowd Index distribution of JTA-
Extension results in an improvement compared to the original JTA, but still
lacks uniformity. A way to address this issue would be to sample the data so
that it is uniformly distributed, just like Li et al. [Li19] did for the CrowdPose
dataset. Nonetheless, since the distribution is close to being uniform, the im-
ages are not resampled. Additionally, sampling frames from video sequences
the JTA-Mod provides could lead to some videos being over-represented in
the training data.

3.2 Characterizing Crowds for Human Pose
Estimation

As crowds or so called crowded situations are one major topic of this thesis,
it is interesting to see how such can be characterized or measured in gen-
eral. Therefore, this section focuses on crowd measures. Only few measures
for characterizing crowds with a tight focus on pedestrians were proposed
yet, namely rather static measure as Multi-Object Tracking (MOT) [Lea15]
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and the CI [Li19], or such incorporating dynamics, like Crowd Collective-
ness [Zho14] or Crowd Aggregation [Xu18]. The aim of the first two is to
describe the difficulty of a given scene based on information about the num-
ber and distribution of pedestrians. None of the existing measures is able to
deliver an intuitive way to describe how difficult a given sequence (on frame
level) actually is. Let ℐ ⊂ ℕ0 be the set of pedestrians in the scene with
𝑛 = |ℐ| for all following measures.

3.2.1 Multi-Object Tracking

The first measure is one introduced at the MOT challenge and is built very
naively. The density of a scene is defined as the average number of people
per frame for a given sequence.

𝑓MOT ≔
1
𝑛ℱ

∑
𝑘∈ℱ

𝜈𝑘, (3.2)

where 𝑘 ∈ ℱ is an index for a single frame from sequence ℱ, 𝑛ℱ = |ℱ|
is the total number of frames in the sequence and 𝜈𝑘 ∈ ℕ0 is the number
of pedestrians in frame 𝑘. However, this lacks any information about the
distribution of the people, i.e., whether they are closely gathered or spread
across the frame [Lea15].

3.2.2 Crowd Index

Different to the MOT measure, the Crowd Index [Li19] takes the spatial re-
lation of each person to surrounding persons into account. It was initially
developed for HPE purpose and requires pose information for all pedestrians
within the sequence in order to get computed. The CI for a given image is
obtained by following formula

𝑓CI ≔
1
𝑛

𝑛−1
∑
𝑖=0

𝜉𝑖, (3.3)
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where 𝜉𝑖 is the Crowd Ratio (CR) for the 𝑖th person. In its original version
the Crowd Ratio 𝜉𝑖 for person 𝑖 describes the ratio between two distinct sets
of keypoints within the area of person’s bounding box: First, the number
of keypoints 𝑛𝑖𝑖 within the bounding box of person 𝑖 actually belonging to
person 𝑖 and second, the total number ∑𝑘≠𝑖 𝑛𝑘𝑖 within the same bounding
box of those not belonging to person 𝑖.

𝜉𝑖 ≔
∑𝑘≠𝑖 𝑛𝑘𝑖

𝑛𝑖𝑖
(3.4)

3.2.3 Crowd Collectiveness and Aggregation

Crowd Collectiveness and Crowd Aggregation are fundamental concepts in
the study of crowds and their behaviors. Crowd Collectiveness, as defined by
Zhou et al. [Zho14], refers to a universal metric that quantitatively measures
the level of cohesion or dispersion within a crowd. It provides insights into
the collective organization of individuals within a crowd, shedding light on
how groups of people interact and move together. This is described as given
in Equation (3.5)

Φ ≔ 1
𝑛𝐞

⊺((𝐈 − 𝑧 ⋅ 𝐖)−1 − 𝐈)𝐞 (3.5)

where, 𝐞 ≔ (1, … ,1) ∈ ℝ𝑛 and 𝐖 ∈ ℝ𝑛×𝑛 being the weighted adjacency
matrix of the graph, where an edge 𝑤(𝑖,𝑗) is the similarity between individual
𝑖 and 𝑗 in its neighborhood. Furthermore 𝑧 < 1 is a real-valued regularization
factor [Zho14]. On the other hand, Crowd Aggregation, as introduced by Xu
et al. [Xu18], focuses on the efficient computation of crowd density and distri-
bution in public areas. It aims to analyze how individuals gather and disperse
in crowded spaces, providing valuable information for various applications
such as crowd management and urban planning.

The concepts of Crowd Collectiveness and Crowd Aggregation are closely re-
lated in that they both deal with the spatial and social dynamics of crowds. In
summary, Crowd Collectiveness and Crowd Aggregation are interconnected
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concepts that provide valuable insights into the behavior and organization of
crowds. They are computed through analyzing spatial dynamics, movement
patterns, and density distribution within crowds, offering essential informa-
tion for various fields such as crowd simulation, urban planning, and social
behavior analysis. With respect to the task of HPE, they are less useful and
although they aim to describe a crowd, both measures are less suited to assess
how challenging a given situation is.

3.3 Domain Adaptation

In the realm of domain adaptation various surveys [Csu17a, Zha18c, Wan18,
Wil20, Oza21] offer an overview of methods for addressing domain adapta-
tion for computer vision tasks each of which addresses the field from slightly
different perspectives. For instance, Oza et al. [Oza21] focus on the chal-
lenges and techniques related to adapting object detectors to new domains
without labeled target data. Whereas Csurka [Csu17a] provides an additional
glimpse on transfer learning. Together with the work of Zhao et al. [Zha18c],
Wang et al. [Wan18], and Wilson et al. [Wil20] the surveys provide a com-
prehensive view of domain adaptation, covering various aspects such as ob-
ject detection, visual applications, deep learning methods, and unsupervised
adaptation techniques.

This part sheds light on some of the commonly chosen techniques and meth-
ods that are used within this thesis, as Domain Adaption (DA) is used to alter
synthetically generated data in order to generate even more suited training
data in an privacy-friendly way.

3.3.1 Cycle-GAN

The Cycle-GAN [Zhu17] approach introduces two distinct generator net-
works 𝐺𝑠𝑡(𝐱𝑠) ∶ 𝒟𝑠 → 𝒟𝑡 and 𝐺𝑡𝑠(𝐱𝑡) ∶ 𝒟𝑡 → 𝒟𝑠 , that map from either
source to target domain or target to source domain. In addition, for each
of the two domains there is a discriminator network 𝐷𝑡(𝐱) and 𝐷𝑠(𝐱), that
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categorize between real and fake samples. Thus, there are two GAN frame-
works, one for each domain that are both trained using the classical GAN
objective. The resulting objective for the domain adaptation from source to
target domain, and from target to source domain are given in Equation (3.6)
and Equation (3.7) respectively.

min
𝐺𝑠𝑡

max
𝐷𝑡

ℒ𝐺,𝑠→𝑡(𝐺𝑠𝑡, 𝐷𝑡) = 𝔼𝐱𝑡∼𝑝(𝑿𝑡)[log𝐷𝑡(𝐱𝑡)]

+ 𝔼𝐱𝑠∼𝑝(𝑿𝑠)[1 − log𝐷𝑡(𝐺𝑠𝑡(𝐱𝑠))] ,
(3.6)

min
𝐺𝑡𝑠

max
𝐷𝑠

ℒ𝐺,𝑡→𝑠(𝐺𝑡𝑠, 𝐷𝑠) = 𝔼𝐱𝑠∼𝑝(𝑿𝑠)[log𝐷𝑠(𝐱𝑠)]

+ 𝔼𝐱𝑡∼𝑝(𝑿𝑡)[1 − log𝐷𝑠(𝐺𝑡𝑠(𝐱𝑡))] ,
(3.7)

Note that for the original version, the objectives are formulated as mean
squared error losses and therefore differ from the Equation (3.6) and Equa-
tion (3.7).But since the objective functions depicted above, together with the
one sided gradient penalty as presented in Section 2.1.5, have been found to
provide more stability for the training runs, that were conducted within this
thesis, they are applied to all of the utilized Cycle-GAN models. For more
information on the original Cycle-GAN formulation see [Zhu17].

As already stated, it is intended to reduce the space of possible mappings
𝐺𝑠𝑡(𝐱𝑠) and 𝐺𝑡𝑠(𝐱𝑡), and thus to facilitate the preservation of the content for
adapted input images. Such a reduction in dimensionality can be achieved by
transforming adapted samples back to the domains they originate from and
requiring the output of this retransformation to be identical to the original
sample, which is expressed by the following two formulas:

𝐺𝑡𝑠(𝐺𝑠𝑡(𝐱𝑠))
!= 𝐱𝑠 (3.8)

𝐺𝑠𝑡(𝐺𝑡𝑠(𝐱𝑡))
!= 𝐱𝑡 (3.9)
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3.3.2 Cycle-Consistent Adversarial Domain Adaptation

Cycle-Consistent Adversarial Domain Adaptation (CYCADA) [Hof17] ex-
tends the Cycle-GAN especially for domain adaptation by proposing to
incorporate a task loss to ensure semantic consistency before and after
domain adaptation. This achieved promising results from both qualitative
and quantitative perspective.

The first part of the CYCADAmethod is to train a discriminative taskmodel𝑓𝒯
in the source domain, where labels are available. Naturally, the specific form
of the task loss depends on the task itself. In the case of a 𝐶-way classification
problem this task loss could be

min
𝑓𝒯

ℒtask(𝑓𝒯 , 𝑿𝑠, 𝒀𝑠) = 𝔼{𝐱𝑠,𝑦𝑠}∼𝑝(𝑿𝑠,𝒀𝑠) [
𝐶−1
∑
𝑐=0

𝓁𝑐(𝐱𝑠, 𝑦𝑠)] , (3.10)

with

𝓁𝑐(𝐱𝑠, 𝑦𝑠) ≔ 1𝑐(𝑦𝑠) ⋅ log (𝜎(𝑓𝒯(𝐱𝑠))) (3.11)

where 𝑦𝑠 is the ground truth label to an image 𝐱𝑠 from the source domain,
1𝑐 ∶ 𝑌 → {0, 1} is the indicator function with

1𝑐(𝑦) ≔ { 1 if 𝑦 = 𝑐
0 if 𝑦 ≠ 𝑐 (3.12)

and 𝜎(𝐱) denotes the softmax function. Generally speaking, ℒtask can be any
kind of objective. However, for all models within this thesis, the utilized loss
function is exactly the one depicted in Equation (3.10). This loss should point
the generator the way to producing images that are semantically meaningful.

During the training of the Cycle-GAN, the learned model 𝑓𝒯 is applied to
samples from both domains 𝐱𝑠 and 𝐱𝑡 , and the resulting adaptations 𝐺𝑠𝑡(𝐱𝑠)
and 𝐺𝑡𝑠(𝐱𝑡) respectively. This way, both generators are enforced to produce
images yielding the same classification result throughout this process, hence
ensuring that both, original input and the adapted output, are semantically
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consistent. The resulting loss is as follows:

min
𝐺𝑠𝑡,𝐺𝑡𝑠

ℒsem(𝐺𝑠𝑡, 𝐺𝑡𝑠, 𝑓𝒯 , 𝑿𝑠, 𝑿𝑡, 𝒀𝑠) = ℒtask(𝑓𝒯 , 𝐺𝑠𝑡(𝑿𝑠), 𝒀𝑠)

+ ℒtask(𝑓𝒯 , 𝐺𝑡𝑠(𝑿𝑡), 𝒀̂𝑡) ,
(3.13)

where 𝒀̂𝑡 ≔ argmax(𝑓𝒯(𝑿𝑡)), i.e., the labels for the second part of Equa-
tion (3.13) are the predictions𝑓𝒯(𝑿𝑡) that aremost likely. This ismade because
no target labels are available. The loss is used as training objective in addition
to the GAN losses from Equations (3.6) and (3.7), and the cycle-consistency
loss from Equation (4.16).

Note that the additional losses that are introduced in Equations (3.10)
and (3.13) are only the parts of the CYCADA method that affect pixel space
adaptation, i.e., the adaptation of training images. The subsequent parts are
here skipped as they consider the classifier that is to be learned from the
adapted data. For more detailed information on CYCADA see [Hof17].

3.4 Behavioral Anomaly Detection

The task of recognizing anomalous behavior in the field of public safety at-
tracted researchers for many years. As stated by Amrish et al. [Amr23] there
are various ways to assess the level of anomalousness of a given scene from
a human-centered perspective. These are: structural information, like the
number of people and their distribution, and behavioral information, encom-
passing overall motion, actions and activities. From this human-centered per-
spective the behavioral anomalies are of special interest to this thesis, which
stands in contrast to classical action or activity recognition tasks. Therefore,
the following pages will give an overview over methods and ways to deal
with such.

The field of anomaly detection is dominated by two kinds of approaches,
namely reconstruction- and prediction-based [Li20]. Reconstruction-based
methods aim to reconstruct input video frames with minimal errors for
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normal situations and detect anomalies based on significantly higher re-
construction errors for abnormal situations. These approaches rely on the
assumption that normal examples can be accurately reconstructed from a
latent representation. They are effective in representing normal patterns but
can be limited by heavy reliance on training data [Ris21, Bia21].

On the other hand, prediction-based approaches focus on predicting future
steps and identifying anomalies by comparing the predicted with the actual
data. Thesemethods are sensitive to noise in complex scenarios and can detect
anomalies spatially and temporally by analyzing prediction errors of normal
and abnormal trajectories [Kan22].

Despite their flaws, both ways are commonly applied to the different fields,
especially those presented in the following.

3.4.1 Video-based Anomaly Detection

Video-based Anomaly Detection (VAD) is an area within computer science
that focuses on identifying abnormal events, patterns or behaviors in video
data. It involves algorithms and models to differentiate between normal and
anomalous activities captured in video streams. Anomaly detection in videos
is a challenging task due to the diverse nature of anomalies present in dif-
ferent videos. The goal is to automatically detect deviations from expected
behaviors, which can range from simple anomalies to complex events that re-
quire sophisticated analysis [Li20]. Many of these approaches do not solely
concentrate on humans, but rather take any kind of anomalous events or pat-
terns into account, which makes them much more versatile. By leveraging
advanced algorithms, deep learning models, and spatio-temporal features, ex-
isting methods aim to be capable of detecting a wide range of anomalies in
various domains. Such might include traffic, certain objects or, closer human-
related crowds and their distribution or dynamic [Ald22]. In the context of
behavioral anomalies, VAD can be simply summarized as methods that take
the overall motion into account, either directly [Rav17a, Rav17b, Rei22] or
indirectly [Wan22].

52



3.4 Behavioral Anomaly Detection

One particular type of methods that follow such a macroscopic approach are
for example GAN-based solutions, like those by Ravanbakhsh et al. [Rav17a,
Rav17b], Lee et al. [Lee18], and Singh et al. [Sin23]. Due to their generative
character, they are typically used in predictive but also reconstructivemanner.
Ravanbakhsh et al. [Rav17a, Rav17b] proposed to use GANs, which are trained
using normal frames and corresponding optical flow (OF) images in order to
learn an internal representation of the scene normality. Since they are trained
with normal data only, they are not able to generate abnormal events. During
inference, both the appearance and the motion representations reconstructed
by these GANs are compared to the real data and abnormal areas are detected
by computing local differences.

Lee et al. [Lee18] on the other hand proposed a spatio-temporal generator
that generates inter-frames by considering neighboring frames. Then, con-
secutive frames including the generated inter-frame are considered as a fake
sequence while a real sequence contains only real frames. Through the adver-
sarial training, the spatio-temporal discriminator learns to determine whether
the given input sequence is real or fake, while the generator is trained to gen-
erate an inter-frame that can fool the discriminator.

Another very similar approach was proposed by Singh et al. [Sin23]. They
introduced their model called Spatio-Temporal Generative Adversarial Net-
work (STemGAN), which consists of a generator and discriminator that learn
from the video context, utilizing both spatial and temporal information to pre-
dict future frames. The generator is an AE-architecture, with a dual-stream
encoder for extracting appearance and motion information, and a decoder
having a Channel Attention (CA) module to focus on dynamic foreground
features. In addition, they provide a transfer-learning method that enhances
the ability of their STemGAN to generalize.

In conclusion, the presented GANs-based approaches follow mostly similar
ideas with few significant differences. GANs are known to be difficult to train,
which is one reason that many alternative types of approaches prevail.

Apart from the GAN-based approaches, various other holistic methods exist.
Georgescu et al. [Geo21] for instance presented an object-oriented framework
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for abnormal event detection in videos, equipping a background-agnostic ap-
proach with adversarial training. They present a three-fold AE-architecture
that aims on reconstructing given inputs. It consists out of two types of AEs
one for appearance of the frame at timestep 𝑡 and the other one for motion,
represented as the OF between timesteps 𝑡 − 1 and 𝑡, as well as 𝑡 and 𝑡 + 1.
During training, each of the AEs gets adversarial pseudo-abnormal samples
to reconstruct, following the idea, that the binary classifier generates a lower
score if its abnormal and a higher score if its normal. The appearance AE
is additionally trained with segmentation masks in order to focus on objects
and pedestrians. The authors state, that the adversarial part brings major im-
provement to their approach.

Wang et al. [Wan22] proposed a method for VAD by solving decoupled spatio-
temporal jigsaw puzzles. The essence of their idea is to learn a model, which
is capable of finding a permutation that de-shuffles the previously shuffled
input volume. The mentioned volume consists of a stack of frames, which
is split into 3-dimensional blocks that are shuffled in two ways: temporally
and spatially, resulting in a temporal and a spatial permutation. Finally, the
network gets both “puzzles” and has to generate a permutation matrix that
reconstructs the initial input. The permutationmatrix is then used to generate
a score for anomaly ranking.

Following a simple idea, Reiss et al. [Rei22] focused on attribute-based rep-
resentations for accurate and interpretable VAD. The authors extract three
kinds of features: velocity of the movement within the scene based on OF,
human poses and deep features using Contrastive Language-Image Pretrain-
ing (CLIP). The last two are extracted from bounding boxes that are generated
in the first place using an off-the-shelf object detector like YOLO. Finally, for
each feature a density estimate is computed, which is used to classify incom-
ing samples as anomalous, if the density-score is low, and normal otherwise.

The final approach by Liu et al. [Liu23] propose a Diversity-Measurable
Anomaly Detection (DMAD), which is a reconstruction-based framework to
enhance the measurability of reconstruction diversity so as to measure abnor-
mality more accurately. The basic idea is to decouple the reconstruction into
compact representation of prototypical normals andmeasurable deformations
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of more diverse normals and anomalies. The under-estimated reconstruction
error can be compensated by the diversity, which can be properly measured.
To this end, the DMAD framework includes a pyramid deformation module
to model and measure the diversity and an information compression module
to learn the prototypical normal patterns. The authors assume anomalies
can be represented as significant deformation of appearances, including
positional changes and fine motions. In contrast, diverse normal samples can
be represented as weaker deformations thus easily distinguished.

All these methods aim on solving the general idea of anomaly detection in
videos, where humans are just a singular possible reason for the occurrence
of anomalies. Therefore, data-privacy is a scarcely addressed topic and not
regarded in any of the abovementioned examples. The next section eliminates
this holistic strategy and presents so-called microscopic methods that directly
target human beings.

3.4.2 Skeleton-based Anomaly Detection

For this section on related work in the field of Skeleton-based Anomaly Detec-
tion (SBAD) a brief introduction to existing approaches is provided. As stated
in Section 2.2, the phrase skeleton corresponds to the 2-dimensional human
pose models, which serve as exclusive input to the behavior analysis. Since
the aspect of privacy-friendliness plays an important role, this section focuses
solely on methods that are just based on the structural and temporal informa-
tion contained in skeleton or pose sequences. Established and widely utilized
in anomaly detection for vision-based applications, unsupervised learning ap-
proaches have proven their effectiveness. Such methods exclusively train on
normal videos and excel at identifying anomalies that deviate significantly
from typical behavior. Ongoing research in this domain has yielded various
techniques, demonstrating high accuracy and effectiveness across diverse en-
vironments.

The Message-Passing Encoder-Decoder Recurrent Neural Network (MPED-
RNN) introduced by Morais et al. [Mor19] comprises two separate Recurrent
Neural Network (RNN) branches, each dedicated to global and local feature
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components. These branches process data independently and communicate
through cross-branchmessage-passing at each time step. Themodel is trained
end-to-end with regularization, aiming to distill a concise profile of normal
training patterns for efficient detection of abnormal events in a unsupervised
learning manner.

Another innovative method, the Graph Embedded Pose Clustering (GEPC)
by Markovitz et al. [Mar20], detects anomalous behaviors by utilizing an AE
and clustering, samples are mapped to a latent space with soft clustering,
leading to the creation of a bag-of-words representation for actions. The
soft-assignment vector distribution is measured by the Dirichlet Process Mix-
ture Model (DPMM), enabling the determination of normality scores for ac-
tion classification.

Furthermore, the work of Rodrigues et al. [Rod20] introduces a multi-
timescale framework comprising two models: one predicting future se-
quences and the other inferring past sequences based on single-person
pose sequences. Supervision at intermediate layers enables the model to
learn temporal dynamics at multiple timescales, addressing the problem of
abnormal human activity detection effectively.

The baseline model called Normal Graph by Luo et al. [Luo21] employs a pre-
diction approach based on Spatial-Temporal Graph Convolutional Networks
(ST-GCNs) presented in Yan et al. [Yan18]. Multiple ST-GCN layers progres-
sively deliver joint information, concluding with a predictionmodule for fore-
casting future skeleton configurations. Analyzing prediction errors enables
the identification of normal or abnormal behavior based on normalized scores.

Furthermore, Liu et al. [Liu21a] introduce the Spatial Temporal Self-attention
Augmented Graph Convolutional Autoencoder (SAA-STGCAE). This method
first extracts poses and employs the AE of SAA-STGCAE, followed by the
DPMM, adopted from [Mar20], to generate a normality score and identify out-
liers.

The Hierarchical Spatio-Temporal Graph Convolutional Neural Network
(HSTGCNN) proposed by Zeng et al. [Zen23] comprises three main com-
ponents: a spatio-temporal graphical feature extractor, a future trajectory
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predictor and an outlier arbiter. It processes inputs by organizing them into
a spatio-temporal graph representing human body joints across multiple
frames. The model is trained on normal activities, allowing it to accurately
predict trajectories for human joints during routine behaviors. Different
branches of the model handle various scenes, leveraging weighted combina-
tions of graph representations. Optical flow fields and average sizes of human
bounding boxes and skeletons are used to cluster videos into scene-specific
groups, determining branch weights. The outlier arbiter then combines
predictions from different branches to generate the final anomaly score.

The Spatio-Temporal Graph Normalizing Flows (STG-NF) model proposed by
Hirschorn et al. [Hir23] comes with a lightweight architecture (about 1,000
parameters) that employs normalizing flows in a spatio-temporal pose data
framework. In the first step of the framework, a sequence of video frames is
taken as input. Next, human poses are extracted of each person in every frame
and a pose tracker is used to trace the skeletons over time. Ultimately, each
pedestrian is represented as a temporal pose graph per video clip. The training
samples are mapped into a Gaussian-distributed latent space by the STG-NF
network and the probability of a human pose sequence is calculated. Lastly,
Motion Prior Regularity Learner (MoPRL), proposed by Yu et al. [Yu24], ad-
dresses the lack of direct dynamic representation by introducing the Motion
Embedder (ME). Serving as a label-efficient scheme, ME offers a probabilis-
tic perspective on pose motion for structured data, eliminating the need for
extra annotations. Additionally, Yu et al. [Yu24] introduced the task-specific
Spatial-Temporal Transformer (STT) to enhance the model. Designed for self-
supervised pose sequence reconstruction, the integration of ME and STT in
a unified framework forms the powerful MoPRL, providing a comprehensive
solution for pose regularity learning.
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4.1 Overview

As the aim of this thesis is to investigate how privacy-friendliness can be
implemented with respect to human behavior analysis, and in particular
recognition of salient or anomalous behavior, this chapter presents different
approaches that are introduced in detail. The preceding chapters already
indicated that a central feature chosen for implementing such behavior are
skeletons representing human poses, which already accomplish to reduce
privacy concerns in modern smart surveillance system as shown in a recent
study [Gol22a]. However, as argued in Section 1.6 the overall pipeline around
an approach founded on skeletons is also prone to possibly privacy-related
issues. This chapter therefore presents various attempts to address several
of these concerns. Section 4.2 begins with a look on synthetic data as an
alternative for real-world data, and addresses also the topic of getting a
sufficient amount of data, since the acquisition of data for training models for
HPE is difficult and time-consuming. Working with synthetic data generates
a certain bias and moreover a domain gap that is crucial for the performance
of the trained model. This issue is tackled in Section 4.3, which extends
the work by addressing the mentioned domain gap between synthetic and
real data using techniques known as domain adaptation. Finally, Section 4.4
focuses on the methodical part of analyzing video-based behavior analysis
in two different ways, namely a macroscopic approach based on a GAN-
based architecture and a microscopic based on the earlier mentioned skeletal
human representation.
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4.2 Synthetic Datasets

One way to address privacy concerns during the early stage of the devel-
opment process is by avoiding to use sensitive data for training data-driven
models. This can be achieved by considering just artificially generated data
for training neural networks. With respect to the overall behavior analysis
pipeline as introduced in Section 1.6, synthetic data can be beneficial for mul-
tiple tasks, namely training of the behavior analysis module, as well as a hu-
man pose estimator. The following sections show possible ways to generate
training data for both, behavior recognition (Section 4.2.1), and human pose
estimation (Section 4.2.2).

4.2.1 MixAMoR

Databases like Mixamo¹ by Adobe offer animated samples for animators and
game developers, offering various kinds of behaviors and actions. In par-
ticular, Mixamo’s database consists of motion-captured and post-processed
animations. However, using such data is a rather time-consuming and com-
plex approach to generate training samples that comes with several restric-
tions. Themost prominent ones are the small number of possible variations in
movement due to the manual recording and the short sequences, the difficult
and inconsistent parametrization of available animations and the dominance
of exaggerated animated actions, which are often far from reality. Last but not
least, extracting data from the database and preprocessing it involves a lot of
manual work, which is very time consuming and prone to errors. Katovich
[Kat19] provides an extensive examination of Adobe’s Mixamo database for
the purpose of human behavior recognition, presenting not only information
about the database but offering a Python-based plug-in for the open-source
3D software Blender². Using this plug-in, this thesis at hand introduces the
Mixamo Anomalous Movement Recognition (MixAMoR) dataset, a custom

¹ https://www.mixamo.com
² https://www.blender.org
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tailored synthetic single-person salient behavior dataset. Based on the exist-
ing types of actions a suitable subset was collected by hand consisting of five
activities, which are: kicking, punching, running, tripping, and walking. Other
available activities were ignored mostly due to their unnatural appearance
and involvement of weapons like swords or polearms. The resulting dataset
consists of several short pose sequences¹, with an average length of 2.5 ± 1.3
seconds and ranging between 0.64 - 7.08 seconds that were exported from five
different perspectives in 2-dimensional image coordinates. Figure 4.1 shows
examples for three of these classes. No rendered frames are included in the
dataset, as the data provided by Mixamo concentrates on the animation itself.
As shown in Table 4.1, this results in a total of 750 sequences divided evenly
into the five mentioned classes. Note that the MixAMoR dataset is used as
it is and the training samples are directly extracted from the included behav-
ior samples. However, the actions and movements collected from the Mix-
amo database could be potentially concatenated to generate longer sequences.
This step comes with certain drawbacks though, especially with respect to the
overall perception of the resulting sequences. Typically these sequences show
varying inconsistencies with respect to the overall motion flow, since there
is no guarantee that the involved movements can be connected seamlessly.

(a) Tripping (b) Kick (c) Punch

Figure 4.1: Examples for three different classes represented in MixAMoR. For better visualiza-
tion every 6th timestep is drawn, which also shows how diverse the sequences are
with respect to the duration and spatial extent. Each timestep is shown in a different
shade of gray with darker shades indicating more recent states.

¹ The extracted raw data is available in FBX format, which stores the original 3-dimensional
information and allows to export data from even more views.
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Table 4.1: Characteristics for the MixAMoR dataset. The dataset consists out of 30 different
sequences for each of the five classes. Each of these sequences was exported as 2-
dimensional coordinates fromfive different views, resulting in 150 sequences per class.

anomalous normal
kick punch run trip walk

train 132 107 121 117 123
test 18 43 29 33 27
total 150 150 150 150 150

Starke et al. [Sta22] showed that some of these drawbacks can potentially be
diminished, by applying further AI-based approaches to increase the quality
of the perceived motion for such concatenated animations. Especially when
merging multiple movements into one consistent flow the approach can gen-
erate many more suitable training samples by fading one action into another
with respect to the overall dynamics of the combined actions.

4.2.2 SyMPose

Different to the generation of training data for skeleton-based behavior recog-
nition, training a human pose estimator requires labeled image data. Al-
though, doing so with data provided by Mixamo would be possible as well, by
animating various avatars using the obtained skeletal body models, the over-
all amount of work to prepare the data would require an exorbitant amount
of time to generate a suited dataset.

As presented earlier in Section 3.1.2.2, Fabbri et al. [Fab18] introduced a data-
set named JTA along with the source code for creating own datasets, which
was intentionally designed as a Human Pose Estimation dataset. The authors
took advantage of the large and active modding community of GTA, which
made it easy to extract useful information for the task of training data gen-
eration. This procedure has already been applied to different problems like
object detection [Kie21] and crowd counting [Wan19]. To overcome the limi-
tations of JTA with regard to video surveillance applications for crowded sce-
narios, the Synthetic Semantic Maps and Human Poses (SyMPose) dataset has
been collected [Bla19, Gol20] and used for various experiments throughout
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this thesis. SyMPose is a dataset that focuses on video surveillance scenarios
for crowded situations and consists of 21 video sequences¹ recorded in 1080p
containing an overall number of 18,900 frames with 1,277,814 annotated key-
points. The number of people per frame varies between 22 and 130 and takes
an average value of 68 pedestrians per frame. Due to the way SyMPose is
designed, the overall amount of mutual and self-occlusions is as well much
higher than those in JTA. Motivated by the surveillance setup, all sequences
were recorded from differing overhead camera positions. Some examples
from SyMPose are depicted in Figure 4.2. For further examples please refer to
the work of Blattmann [Bla19]. As stated in his work, all sequences were col-
lected in such way that their CI distributions differ. The same holds true for
the Standard Graph Crowd Index (sGCI), due to the properties and the design
of the sGCI. Further information on the sGCI is provided in Section 4.2.3.
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Figure 4.3: The overall distribution of the sGCI shows, that the crowdedness is approximately
uniformly distributed over all frames of the dataset. An ideal balancing can be ob-
tained by manually sampling a subset to generate an even more balanced statistic.
However, the desired property of having temporal information and sequences makes
it hard to reach the ideal case.

Figure 4.3 shows the resulting overall sGCI distribution. It is easy to see, that
the sGCI is not ideally uniformly distributed, which is mainly accounted for
by the temporal order of the single frames. One approach to operationalize

¹ Originally 25 sequences that were numbered from 1 to 25, four of them had to be removed due
to artifacts.
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(a) Sequence 5 (b) Sequence 8

(c) Sequence 12 (d) Sequence 15

(e) Sequence 17 (f) Sequence 25

Figure 4.2: SyMPose offers various settings, defined by their location, daytime and weather con-
ditions as well as the number of pedestrians. All sequences have in common, that
they were recorded in urban scenarios including inner-city areas, parks, or similar
places. GTA offers many more possible places like deserts and other rural settings.
These, however, would go against the the desired purpose of SyMPose.

this statement is by computing an arbitrary distance measure. When com-
paring CI and sGCI using the first Wasserstein distance 𝑊1, it becomes ev-
ident that the latter is marginally closer to a uniform distribution than the
former. This is highlighted by the values 𝑊1(𝑃CI, 𝑃uniform) ≈ 0.0499 and
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Table 4.2: Statistics for each video sequences included in the SyMPose dataset. 𝜇sGCI is the av-
erage value of the Standard Graph Crowd Index, 𝜇ppf and 𝜎ppf denote the average
number of people per frame and the corresponding standard deviation respectively.
Finally, the range of pedestrian counts per frame is indicated by 𝑟ppf. The sGCI dis-
tributions for the listed sequences are plotted in Figure 4.5.

𝜇sGCI 𝜇ppf 𝜎ppf 𝑟ppf
S1 1.23 73 2.30 68 - 78
S2 1.35 81 1.44 79 - 85
S3 0.47 53 5.93 40 - 64
S4 0.42 55 9.69 45 - 79
S5 0.33 46 2.77 39 - 53
S6 0.58 62 9.40 40 - 74
S7 1.35 75 7.17 62 - 88
S8 1.72 115 6.24 106 - 130
S9 0.21 27 3.67 22 - 36
S10 0.49 63 5.19 55 - 73
S11 0.53 92 2.35 87 - 96

𝜇sGCI 𝜇ppf 𝜎ppf 𝑟ppf
S12 0.69 56 3.93 43 - 62
S13 0.26 38 2.02 34 - 41
S14 0.28 64 4.28 57 - 72
S15 0.71 77 4.92 67 - 86
S16 0.37 57 3.71 52 - 65
S17 0.32 54 3.25 46 - 61
S18 1.88 95 2.95 89 - 102
S23 0.64 45 7.48 30 - 61
S24 0.74 88 6.09 76 - 97
S25 1.50 91 9.53 74 - 107

𝑊1(𝑃sGCI, 𝑃uniform) ≈ 0.0331 respectively. Here, 𝑃𝑖 represents the discrete
probability distribution resulting from the histograms. However, creating a
balanced set out of the available frames can be easily achieved based on the
source code provided by Blattmann [Bla19]. Table 4.2 and Figure 4.4 provide
additional insight in the dataset’s content with respect to the location and vis-
ibility of the keypoint annotations. The focus of SyMPose on crowded situa-
tions is evident given the statistics displayed in Table 4.2, and Figures 4.3 to 4.5.
This makes the dataset suitable for research on and development of crowd-
oriented approaches, especially for answering the research questions tackled
in this thesis. For further information on SyMPose including additional statis-
tics and examples please refer to Blattmann [Bla19] and Appendix A.1.

4.2.3 Graph Crowd Index

The in Section 3.2.2 introduced Crowd Index was developed for evaluation
on ground level, which potentially comes with a larger difference in occu-
pied image area between people close to the camera and those further away.
Such cases have a strong influence on the CI. However, in the field of video
surveillance and crowd monitoring the promised effects do not hold, since
typical setups use cameras that are mounted relatively high above ground
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level in overhead position. This results in a more even distribution of pedes-
trian sizes, which in general yields lower CI scores for such perspectives and
hence does not adequately represent the difficulty of the scenario. Further-
more, the CI requires a dataset to provide pose information for every human
represented within the dataset. This is a very restrictive pre-condition, since
pose information is often expensive to collect [Cor21] and depending on the
use case a complete annotation of all pedestrians with pose information is not
available. As stated in Section 3.2, there exist only few metrics that aim on
characterizing crowds and crowded situations of which the CI appears to be
the fit as it was developed right for this kind of data, namelyMPPE.This thesis
presents a generalized version of the CI in order to address the shortcomings
of the initial metric and especially to enable the description and characteri-
zation of arbitrary datasets with the provided metric. The essential idea for
the newly presented family of metrics called Graph Crowd Index (GCI) is a
person-centered graph representation of a given scene, which generalizes the
CI by omitting the restriction to keypoint coordinates and just using the ar-
eas of interfering bounding boxes. In the following, the general concept of
the GCI is introduced and extended.
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Figure 4.4: Thehistogram on the left visualizes the spatial distribution of keypoints all over every
frame from SyMPose. Within the white rectangle, i.e., the actual visible part of the
camera view, 97.3% of all visible and occluded keypoints are located. The remaining
2.7% are located outside the visible area. These categories are displayed on the right.
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Figure 4.5: Overview over all index sGCI distributions for each sequence contained in the final
SyMPose dataset. The Standard Graph Crowd Index eliminates the shift towards
higher index values and hence, leads to a similar distribution as the original CImetric.

4.2.3.1 Definition

Asmentioned above the newly presentedmetric¹ is based on a graph represen-
tation of the given scene. Therefore, a weighted connection graph between all

¹ Note that both the original Crowd Index and the proposed Graph Crowd Index are not metrics
in the manner of the typical axioms which are defined for metric spaces.
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pedestrians in a crowded scene is constructed, with the edge weights indicat-
ing how much overlap and interaction between these bounding boxes exists.

Let𝐴𝑖 ⊂ ℕ2 with 𝑖 ∈ ℐ be a set of pixel coordinates comprised by the persons
corresponding bounding box. The generalized Crowd Ratio 𝜉(𝑖,𝑘) ∶ ℕ2×ℕ2 →
[0,1] is then defined as the harmonic mean

𝜉(𝑖,𝑘) ≔ 2 ⋅ 𝜓𝑖𝑘 ⋅ 𝐽𝑖𝑘
𝜓𝑖𝑘 + 𝐽𝑖𝑘

(4.1)

between two functions 𝜓 ∶ ℕ2 × ℕ2 → [0,1] with

𝜓(𝐴𝑖, 𝐴𝑘) ≔
min{ |𝐴𝑖|,|𝐴𝑘| }
max{ |𝐴𝑖|,|𝐴𝑘| }

≕ 𝜓𝑖𝑘 (4.2)

and the Jaccard¹ index 𝐽 ∶ ℕ2 × ℕ2 → [0,1] with

𝐽(𝐴𝑖, 𝐴𝑘) ≔
|𝐴𝑖 ∩ 𝐴𝑘|
|𝐴𝑖 ∪ 𝐴𝑘|

≕ 𝐽𝑖𝑘 (4.3)

respectively.

Now the connection graph is an undirected, weighted graph 𝐺 ≔ (𝑉, 𝐸, Ξ)
with the pedestrians as nodes (𝑉 ≔ ℐ) and edge weights 𝜉(𝑖,𝑗) = 𝜉(𝑗,𝑖) ∈ Ξ =
(𝜉(𝑖,𝑗))0≤𝑖,𝑗≤𝑛−1, and 𝐸 ≔ { (𝑖,𝑗) | 𝜉(𝑖,𝑗) > 0 }.

In order to capture the overall crowdedness of a given scene, 𝜓 and 𝐽 aim
to rate visually interacting people. Thereby, 𝐽 measures the actual closeness
between two arbitrary people, whereas 𝜓 rates this closeness by taking the
actual size of the respected people into account. In other words, it aims to
generate higher scores for similar sized people, i.e., those standing side-by-
side, and lower scores for those strongly differing with respect to size. The
latter is most often the case when one person is much closer to the camera
than the other. Figure 4.6 visualizes two exemplary bounding boxes 𝐴𝑖 and
𝐴𝑘 , with the areas |𝐴𝑖| = 𝑎0 ⋅ 𝑎1, |𝐴𝑘| = 𝑏0 ⋅ 𝑏1, and the resulting intersection
𝑋 = 𝐴𝑖 ∩ 𝐴𝑘 with |𝑋| = 𝑥0 ⋅ 𝑥1.

¹ The Jaccard index is also known as the Intersection over Union (IoU) in computer vision.
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𝐴𝑖

𝐴𝑘

𝑋

𝑎0

𝑎1

𝑏0

𝑏1
𝑥0

𝑥1

Figure 4.6: Geometrical visualization of two intersecting bounding boxes𝐴𝑖 and𝐴𝑘. The inter-
section area 𝑋 is indicated by the colored area.

The GCI as presented above is already suited for characterizing crowded sce-
narios, however since the measure is based on areas rather then on single
points, the values for the GCI are in general far smaller compared to the CI.
This is mainly due to the fact that the areas |𝐴𝑖| are larger then the number
of keypoints, especially for pedestrians closer to the camera, which is empha-
sized by the choice of the harmonic mean. The more 𝐽𝑖𝑘 and 𝜓𝑖𝑘 diverge from
each other, the lower the score is, meaning that people that move away from
each other will rapidly generate a lower score. As mentioned earlier both, the
original and the presented metric, are computed the same way. Furthermore,
the CR as introduced for the CI can be rewritten in such way that the resulting
score can be determined given the same formula as shown in Equation (4.4).

𝜉𝑖 =
𝑛−1
∑
𝑘=0

𝜉(𝑖,𝑗) (4.4)

In order to achieve this, each term of the sum of the CR (see Equation (3.4)) has
to be separated into different terms 𝜉(𝑖,𝑗) so that pairwise scores are obtained.
This results in 𝜉(𝑖,𝑘) ≔ 𝑛𝑘𝑖

𝑛𝑖𝑖
for every element of the sum. Note that for both,

the CI and GCI 𝜉(𝑖,𝑘) is omitted if 𝑖 = 𝑘 since the comparison of a person
with itself is unnecessary. The resulting formula for the CI and GCI looks
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than as follows:

𝑓 = 1
𝑛

𝑛−1
∑
𝑖=0

𝑛−1
∑
𝑘=0

𝜉(𝑖,𝑘)
(4.5)

Rearranging the single terms of the double sum results then in the follow-
ing formula:

𝑓 = 1
𝑛

𝑛−1
∑
𝑖=0

(𝜉(𝑖,𝑖) +
𝑛−1
∑
𝑘=0

𝜉(𝑖,𝑘) +
𝑛−1
∑
𝑘=0

𝜉(𝑘,𝑖))

= 1
𝑛

𝑛−1
∑
𝑖=0

(𝜉(𝑖,𝑖) +
𝑛−1
∑

𝑘=𝑖+1
(𝜉(𝑖,𝑘) + 𝜉(𝑘,𝑖))⏟⎵⎵⎵⏟⎵⎵⎵⏟

≕𝑟

)
(4.6)

As mentioned above, 𝜉(𝑖,𝑖) are excluded, which can be mathematically ex-
pressed by 𝜉(𝑖,𝑖) ≔ 0 ∀𝑖 ∈ {0, … , 𝑛 − 1}. After bringing the formula to the
form in Equation (4.6), the comparison between both metrics comes down
to the non-diagonal elements of Ξ that are part of the reminding term. To
be more concise, the non-diagonal elements, i.e., 𝜉(𝑖,𝑘)CI and 𝜉(𝑖,𝑘)GCI with 𝑖,𝑘 ∈
{0, … , 𝑛 − 1} and 𝑖 ≠ 𝑘, can fall into different cases such as:

Case 1 The bounding boxes have no intersection. From the definition of
the CR for CI and GCI follows directly 𝜉(𝑖,𝑘)CI = 𝜉(𝑖,𝑘)GCI = 0.

Case 2 The bounding boxes intersect, but the intersection does not
contain any keypoints. Hence, since there is an intersection and
𝐽𝑖𝑘 > 0 and 𝜓𝑖𝑘 > 0. Consequently, 𝜉(𝑖,𝑘)CI = 0 and 𝜉(𝑖,𝑘)GCI > 0.

Case 3 Intersection containing at least one keypoint. Assumption
min{ 𝜉(𝑖,𝑘)CI , 𝜉(𝑘,𝑖)CI } − 𝜖 ≤ 𝜉(𝑖,𝑘)GCI ≤ max{ 𝜉(𝑖,𝑘)CI , 𝜉(𝑘,𝑖)CI + 𝜖 }; One trivial
solution would be 𝜖 = 1, since it defines the smallest threshold
that covers the whole codomain of 𝜉.

These cases indicate that there is no obvious relation between the twometrics.
Furthermore, due to the fact that 𝜉(𝑖,𝑘)CI is a discrete and 𝜉(𝑖,𝑘)GCI is a continuous

70



4.2 Synthetic Datasets

Table 4.3: Statistics computed on the SyMPose dataset. The population size is 𝑁 = 20,808
based on 100 randomly drawn frames from the dataset. Since 𝜉(𝑖,𝑘)CI takes only certain
values, for each value of 𝜉(𝑖,𝑘)CI the mean, and the 95% and 99% prediction intervals
ℎ0.95 and ℎ0.99 of 𝜉(𝑖,𝑘)GCI are shown.

𝜉(𝑖,𝑘)GCI

𝜉(𝑖,𝑘)CI 𝜇 ℎ0.95 ℎ0.99
0.000000 0.0515 0.0015 0.0019
0.071429 0.1284 0.0027 0.0036
0.142857 0.1755 0.0033 0.0043
0.214286 0.2350 0.0036 0.0047
0.285714 0.2722 0.0042 0.0056
0.357143 0.3290 0.0051 0.0068
0.428571 0.3715 0.0050 0.0065
0.500000 0.4072 0.0058 0.0077
0.571429 0.4479 0.0059 0.0077
0.642857 0.4982 0.0075 0.0099
0.714286 0.5235 0.0070 0.0092
0.785714 0.5843 0.0084 0.0111
0.857143 0.6264 0.0089 0.0117
0.928571 0.6235 0.0111 0.0146
1.000000 0.6714 0.0165 0.0217

function, a complete analytical comparison is even trickier. However, from
an empirical perspective both metrics can be easily collated as it is done in the
following. Observing the difference between the original CI and the general-
ized GCI, shows that in general the latter produces lower values than the CI.
This is underlined by the data shown in Table 4.3, which outlines that for very
small values of 𝜉(𝑖,𝑘)CI , i.e., only few foreign keypoints of a person 𝑘 interfering
with the current person 𝑖, 𝜉(𝑖,𝑘)GCI is generally larger, but with increasing over-
lap 𝜉(𝑖,𝑘)CI tends to yield larger values than 𝜉(𝑖,𝑘)GCI . Figure 4.7 illustrates various
cases with three examples taken from the SyMPose dataset.
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(a)
𝜉(𝑖,𝑘)CI = 0.0714
𝜉(𝑘,𝑖)CI = 0.4286
𝜉(𝑖,𝑘)GCI = 0.3330

(b)
𝜉(𝑖,𝑘)CI = 0.7143
𝜉(𝑘,𝑖)CI = 0.1429
𝜉(𝑖,𝑘)GCI = 0.3381

(c)
𝜉(𝑖,𝑘)CI = 0.7143
𝜉(𝑘,𝑖)CI = 0.9286
𝜉(𝑖,𝑘)GCI = 0.7158

Figure 4.7: Exemplary cases for 𝜉(𝑖,𝑘)CI and 𝜉(𝑖,𝑘)GCI . Here, person 𝑖 in yellow is adduced for com-
parison. Therefore, (a) gives an example where the GCI has the biggest negative
difference, i.e., is larger than CI, whereas in (b) the GCI shows the biggest difference
in the opposite direction, i.e., GCI is smaller than CI, and finally (c) visualizes an
example where the GCI has closest absolute distance from the CI. For better under-
standing, person 𝑖 is shown in yellow and person 𝑘 in red.

(a)
̄𝜉(𝑖,𝑘)CI = 0.1429
𝜉(𝑖,𝑘)GCI = 0.1412

(b)
̄𝜉(𝑖,𝑘)CI = 0.7857
𝜉(𝑖,𝑘)GCI = 0.5508

Figure 4.8: Exemplary cases for a symmetrical interpretation of the CI. The figure follows the
visualization given in Figure 4.7. Here, ̄𝜉(𝑖,𝑘)CI = ̄𝜉(𝑘,𝑖)CI = 1

2
⋅(𝜉(𝑖,𝑘)CI +𝜉(𝑘,𝑖)CI ). On the

left, (a) shows the lowest score, with both boxes showing similar posture resulting in
similar boxes and small overlap, and on the right in (b) the largest difference between
the two scores, resulting by a high overlap, with a strong deviance between the two
postures.

All of these examples are typical situations that fall into the third case, i.e.,
where the intersection between two pedestrians contains at least one key-
point. Figure 4.8 extends these with a minor change in the way 𝜉(𝑖,𝑘)CI is
computed, namely by making Ξ symmetrical. This is achieved by averaging
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its non-diagonal corresponding elements, i.e., 𝜉(𝑖,𝑘)CI and 𝜉(𝑘,𝑖)CI , which yields
̄𝜉(𝑖,𝑘)CI = ̄𝜉(𝑖,𝑘)CI = 1

2
⋅ (𝜉(𝑖,𝑘)CI + 𝜉(𝑘,𝑖)CI ). Following this approach does not change

the overall score but reduces the variance for the 𝜉(𝑖,𝑘)CI since the values for
interfering pedestrians are often far apart from each other.

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0(i, j)GCI
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

(i,j) CI

y = 1.6319 x 0.1468

1.6319 x 0.2629 y 1.6319 x 0.0308

Figure 4.9: Results of a linear regression based on 100 random frames (𝑁 = 20,808 pedestrian
samples) from the SyMPose dataset. The black curve shows the mean and deviation
of 𝜉(𝑖,𝑘)GCI resulting for different values of 𝜉(𝑖,𝑘)CI signifying an approximately linear
relation between both functions. The red line therefore is the result of the aforemen-
tioned linear regression. Furthermore, the gray shaded area indicates the prediction
band that contains 99% of all samples. Note that 𝑥 ≔ 𝜉(𝑖,𝑘)GCI and 𝑦 ≔ 𝜉(𝑖,𝑘)CI for a
clearer visualization.

As Table 4.3 already indicated, with increasing overlap between two arbitrary
pedestrians 𝑖 and 𝑘, i.e., CI and GCI increasing, the ratio 𝜉(𝑖,𝑘)GCI ∶ 𝜉(𝑖,𝑘)CI drops
below 1. Figure 4.9 visualizes the data from Table 4.3 and illustrates the ob-
served approximate linear relation between both scores. Based on a linear
regression this link can be described and a prediction band derived that al-
lows for an estimated upper and lower boundary for 𝜉(𝑖,𝑘)GCI in which 99% of
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the samples fall into. In this particular sample population, 𝜖 = 0.1160 which
bounds 𝜉(𝑖,𝑘)GCI approximately by

𝑓(𝜉(𝑖,𝑘)GCI ) − 0.1160 ≤ 𝜉(𝑖,𝑘)CI ≤ 𝑓(𝜉(𝑖,𝑘)GCI ) + 0.1160 (4.7)

with 𝑓(𝑥) ≔ 𝑦. So far, the GCI successfully generalizes the CI and extends
it for surveillance scenarios. However, despite the changes already made, the
GCI in its pure form fails to meet the expectation for certain constellations
in such crowded situations.

In the following, two members of the GCI family will be introduced that aim
to improve the basic idea presented above. Their main motivation is an appro-
priate reweighing of single CRs, which covers in particular people that take
up larger spaces due to their posture.

4.2.3.2 Normalized Graph Crowd Index

The first of two proposed extensions of the general Graph Crowd Index idea
is the so-called Normalized Graph Crowd Index (nGCI). Therefore, in a first
step, a centrality score based on the connection graph is defined for each
pedestrian 𝑖 as

𝑐𝑖 ≔ ̃𝜎(
𝑛−1
∑
𝑗=0

𝜉(𝑖,𝑗)) (4.8)

where ̃𝜎 ∶ ℝ → (−1,1) ⊂ ℝ is a modified version of the logistic function
which controls how large values are handled. In this case it is chosen as

̃𝜎(𝑥) ≔ 2
1 + 𝑒−𝑥 − 1 (4.9)

Secondly, a scale weight for each pedestrian 𝑖 is defined as

𝑠𝑖 ≔ √|𝐴𝑖| (4.10)
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Now, the final result that is returned is the weighted average

nGCI ≔ 𝐿 ⋅
∑𝑛−1

𝑖=0 𝑐𝑖 ⋅ 𝑠𝑖
∑𝑛−1

𝑖=0 𝑠𝑖
(4.11)

where 𝐿 is a scale constant which is empirically set to 5 to make the nGCI
comparable to the CI.

4.2.3.3 Standard Graph Crowd Index

The sGCI differs from CI and nGCI to the extent that the obtained score is
not normalized by the number of pedestrians in any way. Hence, with more
pedestrians in the scene, the scorewill always get higher. The centrality scores
𝑐𝑖 for the pedestrians are calculated in the same way as for the nGCI. The
scale weights are

𝑠𝑖 ≔
√|𝐴𝑖|

1
𝑛
∑𝑛−1

𝑗=0 √|𝐴𝑗|
(4.12)

and now the final result is

sGCI ≔ 𝐿 ⋅
𝑛−1
∑
𝑖=0

𝑐𝑖 ⋅ 𝑠𝑖 (4.13)

where 𝐿 is a scale constant which is set to 0.05 to make the sGCI compa-
rable to CI.

Both, the sGCI and nGCI are plotted with respect to the original CI in Fig-
ure 4.10. The figure shows, that with respect to the categorization both mea-
sures show a similar outcome as the original CI. The sGCI in particular brings
the scores closer to the lower end for the majority of samples.

For more information on the CI as well as the GCI, see Appendix A.3.
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Figure 4.10: Comparison of the two introduced metrics nGCI and sGCI with the CI on sampled
frames from the synthetic SyMPose dataset. The chosen configurations shows that
both metrics are appropriate to replace the CI, especially since there is no need for
keypoint annotations.

4.2.3.4 Summary

This section proposed a new family of metrics for quantifying the crowded-
ness of a scene. Inspired by the CI, a generalized approach was presented that
attempts to implement the properties of the CI for scenarios and datasets that
do not provide keypoint information. Furthermore, two members of the GCI
family were introduced bringing the general GCI closer to the value range of
the CI and emphasizing properties of typical video surveillance views such as
the lower variance in sizes and larger number of pedestrians.

For the remaining part of this thesis, the metric of choice is the sGCI as it is
more general than the CI. From empirical observations the sGCI has shown its
suitability for the kind of data this work focuses on. Both aspects underline
this decision.
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4.3 Style Transfer for Domain Adaptation

Thepreceding section gave an introduction to oneway that allows for privacy-
friendliness for the task of human behavior analysis by taking a look at the
topic of how to acquire suitable training data. Its main idea as presented in
Section 4.2 is tailoring custom training data to the corresponding task, in par-
ticular the development of skeleton-related methods in a broader sense. Gen-
erally speaking, relying on synthetic data brings up various challenges, like
a limited set of behaviors and movements, as well as a certain visual bias.
Therefore, the following pages address the issue of differing appearance be-
tween synthetic and real-world data by applying methods for DA, which is a
particular form of transfer learning (TL). In particular the section starts by in-
troducing the task of DA, followed by some words on challenges that come up
when trying to adapt data for surveillance scenarios, motivating the necessity
of expansions. This is followed by the presentation of a DA approach for video
surveillance scenarios showing crowded scenes, which expands the methods
introduced in Section 3.3. Finally, the real-world dataset is presented, which
will take on the role of the target domain in the experiments, completing the
pair of source and target domain.

4.3.1 Domain Adaptation

The aim of DA is to leverage existing labeled data from one or more related
source domains as training data for a supervised machine learning algorithm
that is applied to unseen or unlabeled data in a target domain. Both domains
are assumed to be somehow related but not similar [Csu17b]. The prospect
of providing such a machine learning model has made DA a heavily investi-
gated field, especially in applications where the cost of gathering labeled data
is high. However, training a model in the source domain without taking into
account the dissimilarity between the two domains nearly always results in
performance reduction when testing or applying the model in the target do-
main [Csu17b]. The amount of degradation in performance depends on how
close the domains are related.
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More formally, a domain 𝒟 is composed of a 𝑑-dimensional feature space
𝒳 ∈ ℝ𝑑 with a marginal probability distribution 𝑝(𝑿), and a task𝒯, which is
defined by a label space 𝒴 and a conditional probability distribution 𝑝(𝒀|𝑿),
with random variables 𝑿 and 𝒀 [Pan10, Wei16b, Csu17b]. Typically, super-
vised machine learning models are trained to infer 𝑝(𝒀|𝑿) from a dataset con-
sisting of samples {𝐱0, ..., 𝐱𝑁−1} drawn from 𝑝(𝑿) and corresponding labels
{𝑦0, ..., 𝑦𝑁−1} drawn from 𝑝(𝒀). However, in the case of a TL scenario, there
are two domains as stated above:

• the source domain 𝒟𝑠 = {𝒳𝑠, 𝑝(𝑿𝑠)} with a task
𝒯𝑠 = {𝒴𝑠, 𝑝(𝒀𝑠|𝑿𝑠)}, and

• the target domain 𝒟𝑡 = {𝒳𝑡, 𝑝(𝑿𝑡)} with a task
𝒯𝑡 = {𝒴𝑡, 𝑝(𝒀𝑡|𝑿𝑡)} [Csu17b]

For the scope of this thesis, the scenario of interest is a particular case where
the feature and label spaces of the two domains equal

𝒳𝑠 = 𝒳𝑡 , (4.14)
𝒴𝑠 = 𝒴𝑡 , (4.15)

but the marginal probabilities are assumed to be different, 𝑝(𝑿𝑠) ≠ 𝑝(𝑿𝑡).
This inequality is commonly also referred to as domain shift and causes the
conditional probabilities 𝑝(𝒀𝑠|𝑿𝑠) and 𝑝(𝒀𝑡|𝑿𝑡) to differ from each other and
is the main reason for the performance decrease depicted above.

Figure 4.11 illustrates a common issue that arises from domain shift for a bi-
nary classification task: The classifier’s decision boundary, which is marked
in red, is learned in the source domain on instances of which are drawn from
the marginal distribution 𝑝(𝑿𝑠). As the marginal distributions of the source
and target domains differ from each other, i.e., 𝑝(𝑿𝑡) ≠ 𝑝(𝑿𝑠), the decision
boundary fails to separate the two classes in the target domain appropriately.
Here come DAmethods into the picture, as they aim at solving this issue. Ac-
cording to the definitions of Pan et al. [Pan10], DA can be categorized as ho-
mogeneous, transductive TL, where homogeneous refers to Equation (4.14) and
transductive refers to Equation (4.15). Pan et al. [Pan10] provide a broader
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𝑝(Y𝑠 = 0 |𝑿)
𝑝(Y𝑠 = 1 |𝑿)

(a) Illustration of a binary classifier’s
decision boundary, that is learned from
samples drawn from 𝑝(𝑿𝑠).

𝑝(Y𝑡 = 0 |𝑿)
𝑝(Y𝑡 = 1 |𝑿)

(b) Failure of the classifier when applied
samples drawn from 𝑝(𝑿𝑡).

Figure 4.11: Failure of binary classifier caused by domain shift between the source and target
domain: its decision boundary is learned in the source domain 𝒟𝑠, as shown left.
When being applied in the target domain 𝒟𝑡, the classifier fails in separating the
two classes as the examples are drawn from the marginal distribution 𝑝(𝑿𝑡) that
differs from the distribution 𝑝(𝑿𝑠), which the training examples were drawn from.
This is depicted on the right side [Bla19].

overview on this topic and gives a complete categorization of various sub-
domains of TL. Moreover, it can be distinguished between the unsupervised
case, where the labels are only available in the source domain, and the super-
vised case, where at least a small number of labeled instances is also provided
in the target domain.

As the goal described in the beginning of this section is to obtain suited train-
ing data for the target domain due to the lack of annotations for such, in this
work, labels are only assumed to be available for the synthetic data, which
serves as source domain and will subsequently be denoted as 𝒟𝑠 . The real-
world data which depicts the target domain𝒟𝑡 is assumed to be entirely unla-
beled with respect to the task of HPE.Therefore, only the case of unsupervised
DA is regarded within this thesis.
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(a) Original (b) Adapted

Figure 4.12: A single frame from SyMPose and its adapted counterpart. The DA fails to preserve
small pedestrians, which consequently have to be filtered out [Bla19].

4.3.2 Challenges for Video Surveillance Applications

Certain properties of video sequences from surveillance cameras cause an in-
crease in difficulty to a GAN-based DA framework. The preservation of con-
tent between the original and the adapted image is crucial when intending
to use the adapted images as training samples. In the case of HPE, this is
especially important for the persons that an image contains: all people that
are shown within the image have to be preserved between the domains. Oth-
erwise, there would be keypoints included in the annotations, that do not
correspond to a person in the adapted image. The result would be low-quality
data so that a model trained on that data tends to perform poorly on real-
world images. In the special case of frames that are obtained from video sur-
veillance cameras in urban settings, there exist many persons at small scales.
This comes from the cameras being mounted in elevated positions with a po-
tentially wide view. Therefore, current state-of-the-art DA methods, such as
the ones introduced in Section 3.3, are likely to fail to preserve all people as
they solely conserve the dominant parts of a scene. Considering the situation
shown in Figure 4.12, which shows a single frame before and after adapta-
tion by the Cycle-GAN, it becomes obvious that only the persons at larger
scale are still well recognizable after the domain translation. In this case the
model was trained to adapt synthetic images from the SyMPose dataset to
the Cityscapes [Cor16] dataset [Bla19]. Using such images for training would
require a manual filtering of the existing annotations, which is a step that is
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intended to be avoided. This emphasizes the need of expansions to ensure the
preservation of all persons.

Furthermore, depending on the scenario of a surveillance setup, various visual
influences increase the task’s difficulty, especially in outdoor settings that are
strongly affected by the current weather. This for instance can lead to strongly
differing visual appearances. Interfering rain drops on the weather shield of
a camera can have various effects on the recorded image, but also the white
balance of the camera that has to compensate for the changes in illumination
has direct influence on the overall appearance of the scene. Finding suited
datasets that can serve as target domain is difficult as such datasets should
also exhibit at least a small portion of shared properties between its images.

Thus, the required stabilization of the GAN optimization is challenging for
such a situation. In addition to the experiments on public datasets [Bla19,
Gol20] like the WorldExpo ’10 dataset [Zha15] this thesis provides experi-
ments on a custom dataset. It fits the domain of the HPE task, satisfies the
properties that were mentioned earlier and comes with a smaller domain shift
to the source domain, which is defined by the SyMPose dataset. The created
target data is presented in Section 4.3.5.

4.3.3 Cycle-GAN Approach

As indicated earlier, the goal is to alter the appearance of the existing synthetic
data in such way, that when used for training of an HPE method, the overall
performance increases. In other words, the proposed approach aims on clos-
ing the existing domain gap. This is referred to as style transfer [Bla19, Gol20]
and is mostly known for those approaches that alter the style of pictures to
look like they have been drawn by certain artists like van Gogh, Monet or Pi-
casso [Gat15]. Different to the art setup, detailed structures are important to
be maintained as they carry information in particular for visible pedestrians.
The studies in [Bla19, Gol20] investigated different ways to achieve such style
transfer using different kinds of GAN-based models and their extensions.

81



4 Methodical Considerations

The core architecture chosen for the style transfer part of this thesis is the so-
called Cycle-GAN introduced by Zhu et al. [Zhu17], which has been presented
briefly in Section 3.3.1. It has been applied to many tasks, such as unpaired
image-to-image translation [Lon19, Zha20] and neural style transfer [Cur20,
Gao20, She21]. The DA or style transfer task requires the generated sample
𝐱̃ to preserve the content of the input image 𝐱𝑠 . Therefore, the general GAN
objective ℒ𝐺 as presented in Section 2.1.5, which only ensures 𝐺 solely to
meet the target distribution 𝑝(𝑿𝑡), is not sufficient and has to be exchanged
by a more restrictive formulation. The so-called cycle-consistency loss is given
in Equation (4.16) and attempts to reduce the degrees of freedom in order to
achieve the mentioned goal.

min
𝐺𝑠,𝐺𝑡

ℒcyc(𝐺𝑠, 𝐺𝑡, 𝑿𝑠, 𝑿𝑡) = 𝔼𝐱𝑠∼𝑝(𝑿𝑠)[‖𝐺𝑡(𝐺𝑠(𝐱𝑠)) − 𝐱𝑠‖1]

+ 𝔼𝐱𝑡∼𝑝(𝑿𝑡)[‖𝐺𝑠(𝐺𝑡(𝐱𝑡)) − 𝐱𝑡‖1]
(4.16)

The Cycle-GAN is realized using a U-Net architecture for the generator
part as well as a patch discriminator. U-Net is a widely known encoder-
decoder-network that was firstly applied for the segmentation of neuronal
structures [Ron15]. As it captures and preserves context information, it has
also been utilized in various GAN-based image-to-image-translation frame-
works such as [Iso17]. The central idea is to concatenate every layer’s output
during the down-sampling in the encoder network with the corresponding
up-sampling layer output, which has the same spatial dimensions in the
decoder network and thus ensuring a transport of extracted information from
encoder to decoder part. Table 4.4 shows the resulting network architecture
of the U-Net-generator as used in this work. Given an input image 𝐱𝑠 , multi-
level feature information is extracted by the encoder network and directly
transmitted to the corresponding decoder layer via skip connections. Thus,
content information have a stronger impact on the adapted image 𝐱̃ than for
the structure without the skip connections.
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Table 4.4: Architecture of the U-Net generator as presented in [Bla19, Gol20] consisting out of
various layer types. Conv layers are convolutional layers followed by instance nor-
malization and ReLU activation. Res layers are residual blocks [San18] consisting of
two convolutional layers, each followed by instance normalization and a final ReLU
activation. Finally, deconv-layers are convolutional layers followed by instance nor-
malization and up-sampling layer.

type kernel size stride filters
en

co
de

r conv 7 1 32
conv 3 2 64
conv 3 2 128
conv 3 2 256

re
sid

ua
l

res - - 256
res - - 256
res - - 256
res - - 256
res - - 256
res - - 256
res - - 256
res - - 256
res - - 256

de
co

de
r deconv 3 2 256

deconv 3 2 128
deconv 3 2 64
conv 3 1 3

4.3.4 Training Aspects

The U-Net-based Cycle-GAN introduced so far addresses the first of the chal-
lenges presented earlier. In order to decrease the influence of disruptive data-
set properties, the following data augmentation techniques are applied to im-
age samples from the source as well as from the target domain:

• Reflection padding at the image borders with a quarter of the image
size; this is done to avoid zeros at the borders of the augmented images

• Random cropping to a fixed training image size, without scaling

• Random image rotations within a range of [-20°, 20°] with a
probability of 0.5
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• Random horizontal and vertical flips with probabilities of 0.8 and 0.9

• Random color changes in the HSV-color-space for the hue and
saturation channels: The hue angle changes within the range [-9°,9°];
the saturation value is multiplied with a factor inside the range
[0.95,1.05] and clipped within [0,1]; both modifications are carried out
with a probability of 0.8

After these operations, the images are normalized in between [-1,1], which is
a common form of normalization for GANs, since the generator’s final acti-
vation is the hyperbolic tangent function. These data augmentations, which
are rather unusual for typical GAN models, help limiting the discriminator’s
power by ensuring that well recognizable image components do not appear
in every sample. As the content shall be conserved anyhow, it is not an issue
to the generator, if images are flipped or rotated. Blattmann [Bla19] showed
with respect to the Cityscapes dataset, that the manufacturer emblem of the
car is an illustrative example for such an image component. It is contained
in nearly every image at the approximately same region and could thus be
easily recognized by the discriminator, if it was present in every training ex-
ample. As a consequence, the generator would learn to put this emblem into
the adapted images, too, what should be avoided for obvious reasons. A sim-
ilar situation comes up when regarding static cameras in a surveillance setup
with certain architectural structures that exist in every frame. As a result of
the cropping and rotation operations, the discriminator cannot remember im-
age artifacts like this that well and thus, there is no need for the generator
to produce images showing that specific sign. Figure 4.13 shows augmented
images for all the target domain dataset.

4.3.5 Target Domain Dataset

Selecting suited data as target domain is crucial as shown in [Bla19, Gol20].
As Blattmann [Bla19] stated an eligible dataset should exhibit at least a small
portion of shared properties between its images. For instance, the illumina-
tion conditions should be approximately equal for all images in a valid target
domain dataset. If such common properties are missing, the DA is likely to fail
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Figure 4.13: Exemplary results of the data augmentation process. The atypical strong spatial
variations are mainly performed to limit the power of the discriminator.

(a) Camera 1 (b) Camera 3

Figure 4.14: Two examples from DA target dataset recorded during Hafengeburtstag Hamburg
in 2018. Most of the dataset was recorded during daytime showing a wide range
of pedestrian counts from few single ones in the early hours up to full streets with
hundreds of pedestrians.

because of lacking characteristics of the target domain, that the generator can
identify. A possible solution to this is to use data from a single video sequence
or a single statically mounted surveillance camera. This, however, causes the
discriminator network to become too powerful as the categorization of real
and adapted images does not need too much effort. The reason for this is a
great amount of shared image content between the images in such a data-
set, for instance static objects, like a parked car, that are contained in every
image. Given the knowledge about the application domain and the finding
by Blattmann [Bla19], a dataset was created based on data collected during
Hafengeburtstag Hamburg in 2018 which shall be used as target dataset for
DA in video surveillance. Figure 4.14 shows two examples from the dataset
The dataset is founded on recordings from May 11, 2018. On this day, 245
videos were recorded throughout the day around 8 a.m. to 11 p.m. The videos
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Figure 4.15: Resulting t-SNE dimensionality reduction based on image features extracted using
VGG16. As indicated by colorbar on the right, the colors correspond to the time the
videos were recorded. Note: This figure illustrates a subset of all feature points due
to computational cost in visualizing.

were captured by four identical Sony SNC-WR632C¹ cameras positioned at
the same height on a tower, each pointing in a different direction. In order
to establish the data basis, 500 key frames were randomly chosen from each
of the 245 videos, resulting in 122,500 single images in the dataset. The t-
Distributed Stochastic Neighbor Embedding (t-SNE) [Maa08] dimensionality
reduction algorithm was used to illustrate the characteristics of the dataset
based on features retrieved by the VGG16 [Sim14] feature extractor. The vi-
sualization shows, that all points could be matched to certain neighborhoods,
however several data points show some randomness, lacking typical struc-
tures and patterns as the remaining data. A closer look on these samples,
highlighted with an red rectangle shows that all of the data points are rather
noisy due to the time they were recorded and the resulting noisy image. This

¹ For more information see https://pro.sony/en_GB/products/ptz-security-cameras/snc-wr632c
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observation was made throughout various t-SNE runs with different levels
of perplexity ranging from 0 to 30 in steps of 5. For a better understanding
of the visual appearance of the target domain dataset see Figure A.9 in Ap-
pendix A.5.1.

4.4 Motion Analysis of Pedestrians

The third part of this thesis copes with algorithms and methods to evaluate
human behavior based on motion analysis given the urban surveillance set-
ting. Again, the approaches presented in the course of this section aim to be
privacy-friendly, which is mainly achieved by the choice of input features.

Therefore, this section starts by giving a definition of the actual problem space.
Based on this definition two different approaches are introduced: a holistic
pedestrian-agnostic method using general motion information extracted from
videos, and a human-centric approach that explicitly focuses on a temporal
view on structural information of humans.

4.4.1 Definition of the Problem Space

In general, human behavior is very complex and condensing the set of every
possible behavior to few classes can be very demanding. Furthermore, the be-
havior of individuals strongly depends on the context and the given situation,
i.e., certain behavior that might be unexpected in one type of situation, can be
completely normal in other circumstances. From the authorities’ perspective,
most of the conceivable behaviors, denoted as𝑋, are not of interest since they
pose no threat to other pedestrians. But it is not just the behavior that directly
exposes threat to others that draws the attention of security staff and police.
Lurching pedestrians and mentally disturbed beings are just two examples
of situations where people are a danger to themselves. Yet there exist cer-
tain behaviors that are typically characterized as aggressive or harmful, and
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draw the interest of authorities responsible for public security and safety. Fig-
ure 4.16 illustrates in an abstract way that the relevant behaviors that call for
intervention constitute only a small subset of the set of possible behaviors 𝑋.

every behavior 𝑋
salient behavior 𝐴
relevant behavior 𝐴̃

Figure 4.16: This schematic illustration depicts various categories of behavior. Salient and rel-
evant behaviors are naturally encompassed within the broader set of behaviors,
denoted as 𝑋. The potentially complex subset representing relevant behaviors, 𝐴̃,
is contained within its relaxation set𝐴, also referred to as salient behavior through-
out this thesis.

Thinking about this subset in a mathematical way, denoted as 𝐴̃, might even
exhibit a complex structure, which possibly can consist of non-connected sub-
sets due to the heterogeneity of the included behaviors. Such complex struc-
ture makes it difficult to understand its elements and their relation, so that it
might be not enough to have one function to implement 1 ∶ 𝑋 → {0, 1} as
the indicator function, with

1(𝐱) ≔ { 1 if 𝐱 ∈ 𝐴̃
0 else

(4.17)

To simplify the target space, a more general set𝐴with 𝐴̃ ⊂ 𝐴 is defined. This
set can be regarded as a generalization of 𝐴̃ and serves as an approximate
model of the set of relevant behaviors. Consequently, the hope is to find or
learn a function 𝑓(𝐱) with 𝑓(𝐱) ≈ 1𝑅(𝐱), which can be seen as the relaxation
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of 1(𝐱) and

1𝑅(𝐱) ≔ { 1 if 𝐱 ∈ 𝐴
0 else

(4.18)

Furthermore, if |𝑋| ≫ |𝐴̃|, then |𝑋| ≫ |𝐴| should hold as well, which im-
plies that 𝐴 ideally holds as many elements as necessary and still be easy
to learn. One potential advantage of choosing 𝐴 is that it encompasses even
those behaviors that authorities may not have considered previously. In other
words, 𝐴 contains possibly aggressive behaviors, sudden behaviors that seem
harmful or dangerous in the first place, and further behaviors differing from
common or expected behaviors (i.e., anomalies). For a better understanding,
Figure 4.17 illustrates a simplified example situation of two similar dynamics
with different levels of threat. The two protagonists, a female and a male, are
part of two situations that show a very similar dynamic throughout the video,
especially by having the same beginning where the men is running towards
the woman who is leaving her car. As the figure shows, one video is actu-
ally the male attacking the female, whereas the other is exaggerated greeting.
In both cases an alarm would have been appropriate, especially since both
show an increasing threat level from start of the video to the encounter. Note
that apart from the overall dynamic, the outfit of the male protagonist has
obviously an additional influence on the way the viewer might classify the
situation. This is an issue not regarded within this thesis.

About Anomalies and Abnormalities

In the field of computer vision and other technical fields, salient instances are
typically referred to as anomalies. However, from a linguistic perspective,
there exists another term, which is sometimes used interchangeably, namely
abnormality or abnormalities. The Oxford dictionary refers to an anomaly as
“a thing, situation, etc. that is different from what is normal or expected”,
whereas an abnormality is “a feature or characteristic in a person’s body or
behaviour that is not usual and may be harmful or cause illness or worry; the
fact of having such a feature or characteristic”. In other words, an anomaly
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Figure 4.17: This schematic illustration shows two cases of behavior. With respect to the male
person in the shown frames, the initial situation is identical as the man is running
towards the woman. Although, there is nothing wrong with the man running, it
results in two different outcomes, where one is relevant (top) and the other not (bot-
tom). Both situations are difficult to distinguish in an automatic manner and even
for a human operator an early information on both situations would be beneficial.

refers to any instance or pattern within a dataset that deviates significantly
from the norm or expected behavior. Anomalies are typically identified as
data points that are rare, unexpected, or inconsistent with the majority of the
data. They can be indicative of errors, outliers, or interesting insights depend-
ing on the context. An abnormality, on the other hand, is a broader term that
encompasses deviations from what is considered normal or typical within a
dataset. While anomalies are a subset of abnormal data, abnormality can in-
clude a wider range of deviations, such as outliers, errors, inconsistencies, or
simply data points that fall outside the norm. Abnormality can be subjective
and context-dependent, as what is considered abnormal in one context may
not be abnormal in another.
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In summary, while both terms describe deviations from expected patterns in
data, anomaly is more specific and often refers to unexpected patterns or out-
liers, whereas abnormality is a broader term that includes anomalies along
with other types of deviations from the norm.

4.4.2 Holistic Pedestrian-agnostic Approach

A general way to characterize the behavior of pedestrians in a given scene
is by taking just the motion within that scene into account. The fundamental
idea is to analyze the OF representing the overall motion. This also means that
by pursuing this approach, such methods can be seen as pedestrian-agnostic
since they do not need to be informed about the position of a person and
the fact that the regarded area of the current frame shows a person as long
as they are moving. However, this also implies that any other motion like
such generated by the surrounding, i.e., moving objects like vehicles, plants,
flags and various others, is taken into account. In order to evaluate the mo-
tion in a given scene, an approach for frame-based anomaly detection in sur-
veillance scenarios, which is based on the cross-channel approach proposed
by Ravanbakhsh et al. [Rav17a], is presented in this section. The given ref-
erence approach is extended using cycle-consistency [Zhu17] and morpho-
logical [Ser86] operations to address certain of its drawbacks as presented
initially in [Gol19c]. In this section, the two corresponding domains are the
appearance domain 𝒟𝐴 and the motion domain 𝒟𝐵 . For the sake of clar-
ity, only one direction of the training cycle of the GAN setup is presented
on the following pages, namely from 𝒟𝐴 to 𝒟𝐵 . The training of the oppo-
site direction, i.e., the transfer from motion domain to appearance domain, is
performed analogously.

4.4.2.1 Cross-Channel Approach

In order to implement the desired transfer between appearance and motion,
a GAN-based approach is presented, which takes single camera frames and
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optical flow maps between two consecutive frames to learn a mapping be-
tween both of them. This cross-channel approach builds upon the pix2pix-
architecture [Iso17], which consists of a conditional Generative Adversarial
Network (cGAN) to transfer images from source to target domain. Since the
pix2pix expects both domains to be from the image domain, the OF fields
have to be converted into images first. Therefore, each OF vector is trans-
formed into HSV color space, resulting in a colored image with 3-channels,
with the orientation of the vector being represented as hue and the length as
value. Saturation is set to 1.0. Just like the classical GAN, cGANs consist of
a generator 𝐺 and a discriminator 𝐷, where the former aims to capture the
real data distribution and the discriminator’s task is to distinguish between
real and generated data samples. In the given situation, both, the conditional
generator and the conditional discriminator, get the source image 𝐱𝐴 as addi-
tional information. The generator aims to compute the corresponding sample
𝐱𝐵 in the target domain as output using random noise 𝐱𝑍 ∼ 𝑝(𝑿𝑍). In partic-
ular, two variants are presented, which enforce this transfer being successful,
one by using the loss ℒ(V)

cGAN(𝐺,𝐷) as introduced for the VanillaGAN [Goo14]
and adapted to the cGAN setup:

ℒ(V)
cGAN(𝐺,𝐷) = 𝔼{𝐱𝐴,𝐱𝐵}∼𝑝(𝑿𝐴,𝑿𝐵)[log𝐷(𝐱𝐵 ∣ 𝐱𝐴)]

+ 𝔼{𝐱𝐴,𝐱𝑍}∼𝑝(𝑿𝐴,𝑿𝑍)[1 − log𝐷(𝐺(𝐱𝑍 ∣ 𝐱𝐴))]
(4.19)

and the other one using the least squared error [Mao17] as GAN loss, which is
referred to as LSGAN throughout this thesis. In this respect, the loss function
is split into a loss for the generator ℒ(LS)

cGAN(𝐺) and a loss for the discriminator
ℒ(LS)

cGAN(𝐷):

ℒ(LS)
cGAN(𝐺) =

1
2 ⋅ 𝔼{𝐱𝐴,𝐱𝑍}∼𝑝(𝑿𝐴,𝑿𝑍)[(𝐷(𝐺(𝐱𝑍 ∣ 𝐱𝐴)) − 1)2], (4.20)

ℒ(LS)
cGAN(𝐷) =

1
2 ⋅ 𝔼{𝐱𝐴,𝐱𝐵}∼𝑝(𝑿𝐴,𝑿𝐵)[(𝐷(𝐱𝐵 ∣ 𝐱𝐴) − 1)2]

+ 1
2 ⋅ 𝔼{𝐱𝐴,𝐱𝑍}∼𝑝(𝑿𝐴,𝑿𝑍)[(𝐷(𝐺(𝐱𝑍 ∣ 𝐱𝐴)))

2]
(4.21)
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Additionally, the GAN task is extended by adding the L1-distance between the
generated output and the image 𝐱𝐵 in the target domain to the loss function
with the aim of artifact reduction as well as low frequency correctness [Zhu17,
Iso17]. This loss is calculated according to:

ℒL1(𝐺) = 𝔼{𝐱𝐴,𝐱𝐵,𝐱𝑍}∼𝑝(𝑿𝐴,𝑿𝐵,𝑿𝑍)[‖ 𝐺(𝐱𝑍 ∣ 𝐱𝐴) − 𝐱𝐵 ‖1] (4.22)

These losses are added up in a weighted sum as introduced in the original
pix2pix GAN implementation [Iso17]. Thewhole setup is used to train genera-
tors, which are able to transfer normal camera scenes in expected optical flow
maps and vice versa. The corresponding training of the GAN is performed
for both directions in an alternating manner. In case of transferring appear-
ance to motion information, the optical flow map 𝐱̃𝐵,𝑡 is generated based on
the corresponding frame 𝐱𝐴,𝑡 . The ground truth flow map 𝐱𝐵,𝑡 is computed
based on the frame 𝐱𝐴,𝑡 and 𝐱𝐴,𝑡+1. During application, abnormal scenes, i.e.,
scenes that were not represented in the training data, are transferred poorly
which leads to a higher disparity between the target image and the generated
one. The aforementioned disparity is then used to calculate an anomaly score.
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Figure 4.18: Schematic architecture of the VGG16 with highlighted utilized sub-architecture.
The faded layers, starting with the first convolutional layer of the fourth block,
were removed from the feature extractor, so that the output of the first layer of the
fifth block of the architecture generates the features for the semantic comparison
of frames.

The general workflow can be described as shown in the following. Firstly, for
comparing optical flow maps the frame-wise anomaly score is calculated di-
rectly based on the disparity between the translated and the original flowmap.
Secondly, different to [Rav17a] who uses an AlexNet [Kri12] the first layer of
the fifth convolutional block (5-1) of a pre-trained VGG16 network [Sim14]
is used in order to extract a flattened feature vector from video frames in

93



4 Methodical Considerations

order to determine a semantic difference between two frames. Finally, the
disparity between the feature map of the original and the transferred image
is used as anomaly score. In both cases the differences of the feature maps
are calculated element-wise, squared and afterwards summed up along the
channel dimension. The result of the corresponding operation is a heatmap
Δ ∈ ℝ𝑚⋅𝑛 of the squared differences where 𝑚 and 𝑛 denote the spatial di-
mensions. These heatmaps are utilized to calculate the frame wise anomaly
score function 𝛼 ∶ ℝ𝑚⋅𝑛 → ℝ+

0 as follows:

𝛼(Δ) =
√√√
√

1
𝑚 ⋅ 𝑛

𝑚⋅𝑛−1
∑
𝑖=0

Δ(𝑖) (4.23)

where Δ(𝑖) denotes the 𝑖th entry of the heatmap Δ. Thus, the anomaly score
is based on the root mean squared error between the original and the trans-
ferred representation in each domain. As in other work [Rav17a, Rav17b,
Lee18, Liu18], anomaly scores are normalized video-wise. The workflow as
described above yields two heatmaps for each sample, one for each of the two
domains, therefore both heatmaps are fused as proposed in [Rav17a]. The
fused heatmap Δ̄𝐹 is hence determined as shown below.

Δ̄𝐹 ≔ Δ̄𝐶 + 𝜆ℎ ⋅ Δ̄𝑂 (4.24)

It is the result of a weighted sum of the video-wise normalized heatmaps ob-
tained from translation from camera frame to OF Δ̄𝑂 and from OF to camera
frame Δ̄𝐶 .

4.4.2.2 Cycle-Consistency Extension

Since the Cycle-GAN has proven its effectiveness for DA and other tasks, the
adapted model is extended by cycle-consistency as proposed in [Zhu17] and
introduced in Section 3.3.1. A given sample 𝐱𝐴 taken from a source domain
𝒟𝐴 is translated to a target domain 𝒟𝐵 using the generator 𝐺𝐴𝐵 . The coun-
terpart generator 𝐺𝐵𝐴 of the cross-channel approach aims to reconstruct the
translated input sample in its original domain. The cycle-consistency lossℒcyc
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𝐱𝐴,𝑡

𝐱̃𝐴,𝑡 𝐱𝐵,𝑡

𝐱̃𝐵,𝑡 𝐷𝐵

𝐺𝐴𝐵

𝐺𝐵𝐴

ℒcyc

ℒL1

ℒcGAN

Figure 4.19: Schematic overview of the GAN training. During the training process of the GAN-
approach two generators are trained. This schematic illustrates the direction from
appearance tomotion, where the generators𝐺𝐴𝐵 and𝐺𝐵𝐴 are trained one for each
transformation direction between motion and appearance domain. The procedure
from motion to appearance is identical.

is the pixel-wise L1 distance between the input and its reconstruction:

ℒcyc = 𝔼𝐱𝐴,𝐱𝑍[‖ 𝐺𝐵𝐴(𝐱𝑍 ∣ 𝐺𝐴𝐵(𝐱𝑍 ∣ 𝐱𝐴)) − 𝐱𝐴 ‖1] (4.25)

where 𝐱𝑍 represents random noise, which is achieved by using dropout
within the network as introduced by Isola et al. [Iso17]. The weighted cycle-
consistency loss is added to the loss for the domain transfer as introduced in
Section 4.4.2.1. Substituting the corresponding generators in the loss terms
leads to the composite objectives for VanillaGAN and LSGAN as shown in
Equations (4.26) to (4.28). The overall schematic is shown in Figure 4.19.

ℒ(𝑉) = ℒ(𝑉)
cGAN(𝐺𝐴𝐵 , 𝐷𝐵) + 𝜆L1 ⋅ ℒL1(𝐺𝐴𝐵) + 𝜆cyc ⋅ ℒcyc (4.26)

ℒ(𝐿𝑆)
𝐺 = ℒ(𝐿𝑆)

cGAN(𝐺𝐴𝐵) + 𝜆L1 ⋅ ℒL1(𝐺𝐴𝐵) + 𝜆cyc ⋅ ℒcyc (4.27)

ℒ(𝐿𝑆)
𝐷 = ℒ(𝐿𝑆)

cGAN(𝐷𝐵) (4.28)
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𝐱𝐴,𝑡

𝐱𝐴,𝑡+1

𝐺𝐴𝐵
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𝐱̃𝐵,𝑡

Δ𝑡 Δ∗𝑡 𝛼 ∈ ℝ+
0

closing &
opening

Figure 4.20: Illustration of the inference process. 𝐱𝐴,𝑡, 𝐱𝐴,𝑡+1 ∈ ℝ𝑛⋅𝑚 are video frames at two
consecutive timesteps based on which 𝐱𝐵,𝑡, 𝐱̃𝐵,𝑡 ∈ ℝ𝑛⋅𝑚 are computed, i.e., the
current and a predicted optical flow respectively. Δ𝑡 ≔ (𝐱𝐵,𝑡 − 𝐱̃𝐵,𝑡)2 captures
the difference in both flows, which is then refined using morphological operations.
Finally, the anomaly score is determined as 𝛼 ≔ √(𝑛 ⋅ 𝑚)−1 ⋅ ‖Δ∗

𝑡‖1.

4.4.2.3 Noise Suppression

So far the resulting heatmaps are taken as they are. However, certain struc-
tures or even noise can lead to minor potentially large activated spots in these
heatmaps. In the field of application regarded within this thesis, anomalies
mostly exhibit larger regions so that smaller areas can be ignored. To do so,
a post-processing step follows the computation of the disparities, which gets
rid of such noise. This is achieved by applying classical morphological oper-
ations, namely closing and opening [Ser86] on these heatmaps. Therefore, Δ
has to be interpreted as a binary image first, which is achieved by clipping the
values of each bin Δ(𝑖) between 0 and 1 using the following formula

𝑓clip(Δ(𝑖)) ≔ { 1 if Δ(𝑖) > 0
0 if Δ(𝑖) = 0 (4.29)

Closing is then applied to eliminate small holes from large area segments,
which makes large area differences robust to opening which is applied after-
wards to eliminate the small area differences and thus reduce false positive
predictions. The resulting refined heatmap is denoted as Δ∗. For an overall
overview of the workflow during inference see Figure 4.20.
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4.4 Motion Analysis of Pedestrians

4.4.3 Skeleton-based Behavior Analysis

Using a holistic approach as presented in the preceding section offers various
benefits as it is general and can be applied to almost any kind of motion-
based behavior or movements, like overall traffic patterns generated by the
involved vehicles. However, at the same time such GAN-basedmethods suffer
from various drawbacks, like view dependency, the challenging training and
computational performance issues that easily result in inferences taking too
long to being applied in a live setup. Furthermore, interpreting the output of
a GAN and the resulting heatmaps can be rather difficult.

Especially the last two issues are addressed by applying a human-centric ap-
proach. Skeleton features are low-dimensional and human-comprehensible
semantic features that focus solely on the body structure. They are easier to
understand than differences on frames or OF, and are human-centric, which
excludes other objects from the computation of an anomaly score for a given
situation. Therefore, following the pedestrian-agnostic approach presented
before, this section takes a look on another method to overcome privacy-
concerns and still being somehow human-centered. Inspired by the achieve-
ments of graph-convolutional methods in the field of Skeleton-based Action
Recognition (SBAR), as demonstrated in recent work by Yan et al. [Yan18],
Yu et al. [Yu18], and Liu et al. [Liu20], this section examines the feasibil-
ity of applying these methods to the task of Skeleton-based Anomaly Detec-
tion (SBAD). Thus, this thesis presents a model that utilizes so-called Spatio-
temporal Graph Autoencoder (ST-GCAE) modules and falls within the cate-
gory of reconstruction-based techniques and operates at a microscopic scale.

Note that both, SBAR and SBAD are sub-fields of the Skeleton-based Behav-
ior Analysis (SBA). Methods for SBAR focus on different classes of behaviors
and actions, like kicking, running, waving, walking and many more. SBAD on
the other hand tackles the categorization of behavior into normal and abnor-
mal behavior. It is motivated mainly through the field of anomaly detection,
which is most often an unsupervised learning approach, and hence can be
seen as rather uninformed or partly informed. Of both fields the former is not
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regarded within this thesis, whereas the latter matches the needs and desires
of police authorities.

4.4.3.1 The Binary Autoencoder

As mentioned above, the approach works on temporal skeleton sequences
obtained by an HPE algorithm. The way the Binary Autoencoder (BinAE) is
designed is inspired by the work of researchers like Ionescu et al. [Ion19] and
Chang et al. [Cha20], where multiple AEs are applied in parallel in order to
extract features focusing on different aspects, like motion or appearance. For
this work, the concept has been adapted for the use case of supervised training
of a model for detecting anomalous human behavior. The model proposed is
called BinAE as it consists of two branches, with each being anAE. Essentially,
both AEs are build upon the spatio-temporal module presented by Markovitz
et al. [Mar20], which is the primary component of the ST-GCAE. This module
use two kind of graph-convolutions, one for spatial and the other for temporal
information. The overall model architecture described in the following, with
integrated memory modules, is visualized in Figure 4.21. One of the AEs is
trained to reconstruct only normal human behavior, while the other one only
learns to reconstruct abnormal human behavior. At inference time, the input
sample 𝐱 ∈ ℝ𝑇×𝐾×3 will be passed to both AEs. The embeddings 𝐡n ∈ ℝ𝑐

and 𝐡a ∈ ℝ𝑐 , where 𝑐 ∈ ℕ is the embedding dimension, calculated by the
normal and abnormal AE, respectively, are concatenated and fed into an MLP
which consists out of two fully-connected layers.

In order to distinguish both AEs, in the following normal and abnormal AE
are referred to as AEn and AEa respectively. The first layer of the MLP re-
ceives the concatenated AE outputs and projects them to a dimension of 128,
followed by a ReLU activation which is used between the fully-connected lay-
ers. The second fully-connected layer consists of one output neuron followed
by a sigmoid activationwhich yields anomaly scores in the range of [0, 1]. The
underlaying assumption is that the corresponding AE will fail to properly re-
construct those skeleton sequences not belonging to the respective class since
those were not seen during training. This implies, that the AEs will not be able
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ST-GCAE-N

𝐡n 𝐰 𝐰̂

memory𝐌

𝐡̂n

ST-GCAE-A

𝐡a

𝛼𝑖,𝑡

Figure 4.21: Illustration of the skeleton-based behavior analysis. Input sequences of fixed size
are encoded as 𝐡n and 𝐡a by two identical encoder networks. Inspired by [Gon19]
the branch for the normal behavior uses a learned content addressable mem-
ory [Wes15, Rae16] to obtain 𝐡̂n from 𝐌 = (𝐦𝑖)𝑇𝑖=0,…,𝐿−1 instead of using the
generated embedding 𝐡n directly for better generalization.

to compress the right information to the embedding. Since the embedding
holds the essential information to reconstruct the data, the subsequent MLP
has access to the necessary information, which allows the network based on
the embeddings to decide whether the input is an abnormal or normal sample.

4.4.3.2 Memory Extension

When trained using normal scenarios in the setting of video surveillance, the
AEn tends to reconstruct the input too well, even if the AE was only trained
on normal samples, it is able to even reconstruct abnormal samples [Gon19].
Therefore, the embeddings of the two AEs are not different enough to be dis-
tinguished by the MLP. In order to control this, a memory module is added to
regularize the process. The essential idea is, that by using a memory that was
learned on normal samples, these cannot be used to reconstruct an anomalous
sample, yielding higher loss values and hence improving the performance.

As defined by Gong et al. [Gon19] a memory module holds 𝐿 vectors of size
𝑐 ∈ ℕ representing the most common normal patterns seen during model
training. The memory is represented as a matrix 𝐌 ∈ ℝ𝐿×𝑐 , which is placed
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𝑇×

Figure 4.22: Visualization of input sample 𝐱 ∈ ℝ𝑇×𝐾×3. In the spatio-temporal input volume,
𝑇 ∈ ℕ corresponds to the number of regarded timesteps and 𝑃 ∈ ℕ to the number
of keypoints in the chosen human body model. Solid edges are spatial connections
defined by the body model, and dashed edges indicate a temporal connection be-
tween successive timesteps.

between the encoder and decoder module of an AE. Therefore it is easily pos-
sible to integrate such module into the ST-GCAE architecture and is hence
applied after the encoder calculates the hidden representation 𝐡 = 𝑓(𝐱) of
the corresponding input sample 𝐱 ∈ ℝ𝑇×𝐾×3.¹ For a better understanding,
Figure 4.22 illustrates the spatio-temporal input 𝐱.

Internally, the memory module uses the incoming embedding 𝐡 as a query
vector, with which in combination with an addressing vector 𝐰 ∈ ℝ𝐿 the
network obtains the altered hidden vector 𝐡̂. This can be mathematically for-
mulated as

𝐡̂ ≔ 𝐰 ⋅𝐌 =
𝐿−1
∑
𝑖=0

𝑤(𝑖) ⋅ 𝐦(𝑖) (4.30)

where𝑤(𝑖) ≥ 0 ∀𝑤(𝑖) ∧∑𝐿−1
𝑖=0 𝑤(𝑖) = 1. Here,𝐦(𝑖) represents the 𝑖th memory

item in 𝐌 and 𝑤(𝑖) are the items of the addressing vector.

¹ The values are set to 𝑇 = 12, 𝐾 = 18, and 𝐿 = 2,000.
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Contrary to what is stated in [Gon19], not cosine similarity but an inner prod-
uct combined with softmax is used in their implementation in order to calcu-
late the addressing vector 𝐰, so it will be used here as well:

𝐰 ≔ 𝑓softmax(𝐡 ⋅ 𝐦(𝑖)) (4.31)

Furthermore, the authors propose to restrict the addressing vector by enforc-
ing a sparse representation in order to avoid complex combinations being
used to reconstruct abnormal samples. To do this, all entries 𝑤(𝑖) of 𝐰 be-
low a certain threshold 𝜆 are clipped to 0, which is achieved by applying the
following function:

̂𝑤(𝑖) ≔ max(𝑤(𝑖) − 𝜆, 0) ⋅ 𝑤(𝑖)

|𝑤(𝑖) − 𝜆| + 𝜖 (4.32)

Here, 𝜖 ∈ ℝ+ is a small positive number. Gong et al. [Gon19] state that
applying this shrinkage operation leads to the model learning a representa-
tion made up of fewer, more relevant memory items and makes the memory
𝐌 adapt to this sparse addressing. The authors advise to set the shrinking
threshold 𝜆 for the sparse attention vector to [ 1

𝑛
, 3
𝑛
] [Gon19]. In the models

used here, it is always set to 1
𝑛
. The memory items are learned end-to-end

during training together with the encoder and decoder and are kept fixed
during testing.

4.4.3.3 Model Training

The training process for the BinAE is separated into two stages: During the
pre-training stage only the two AEs are trained, where each of the AEs is
optimized to reconstruct its corresponding samples, i.e., one for normal and
the other for anomalous samples. The corresponding objective is given in
Equation (4.33), which essentially consists of two parts, the reconstruction
error ℒrec between input 𝐱 ∈ ℝ𝑇×𝐾×3 and its reconstruction 𝐱̄ ∈ ℝ𝑇×𝐾×3,
and the entropy loss for the memory ℒentropy, which tries to create a sparse
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addressing vector 𝐰̂𝑘 = ( ̂𝑤(0)
𝑘 , … , ̂𝑤(𝐿−1)

𝑘 )⊺ ∈ ℝ𝐿.

ℒMemAE ≔
1
𝑁

𝑁−1
∑
𝑖=0

{ ‖𝐱 − 𝐱̄‖22
⏟⎵⏟⎵⏟

≕ℒrec

−𝜆 ⋅
𝐿−1
∑
𝑙=0

̂𝑤(𝑙)
𝑖 ⋅ log( ̂𝑤(𝑙)

𝑖 )
⏟⎵⎵⎵⎵⏟⎵⎵⎵⎵⏟

≕ℒentropy

} (4.33)

with 𝜆 ≔ 2 ⋅ 10−4 as proposed by Gong et al. [Gon19] and used in their pre-
sented Memory-augmented Autoencoder (MemAE), and𝑁 being the number
of samples in the current training batch. While the AEn is trained using the
objective presented in Equation (4.33), the AEa just uses the ℒrec term as its
loss function. For further details on the memory unit, please refer to Gong
et al. [Gon19].

The second stage takes the pre-trained AEs and continues the training with
the attached MLP based on the concatenated embeddings 𝐡̂n and 𝐡a. Since
the goal of step 2 is to output an anomaly score 𝛼 ∈ [0, 1], where 𝛼 = 1
for abnormal samples and 𝛼 = 0 for normal samples, the loss function used
for training is chosen as the Mean Squared Error (MSE), which is given in
Equation (4.34).

ℒMSE ≔ (𝛼 − 𝛼̄)2 (4.34)

where 𝛼 ∈ [0,1] ⊂ ℝ is the output of the BinAE and 𝛼̄ ∈ {0,1} is the tar-
get value.

As such datasets are typically dominated by samples that are easy to classify
since they are often overrepresented, e.g., walking pedestrians, such samples
should have an lower influence on the training as soon as they are recognized
by the model. It is modeled using in the focal loss [Lin18], which replaces
the MSE as used in the initial model [Gol22b]. Lin et al. [Lin18] introduced
the focal loss as

ℒfocal ≔ −𝛽𝑡 ⋅ (𝑝𝑡)𝛾 ⋅ log(𝑝𝑡) (4.35)
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with

𝑝𝑡 ≔ { 𝑝 if 𝛼̄ = 1
1 − 𝑝 otherwise

(4.36)

where 𝛽, 𝛾 ∈ ℝ are two parameters controlling the overall shape of the loss
curve. For applying the focal loss to a regression problems Lu et al. [Lu20]
adapted the notion of the original loss and presented the following formula

ℒfocal ≔ 𝑑𝛾 ⋅ 𝑑2 = 𝑑𝛾+2 (4.37)

where 𝑑 ≔ |𝛼 − 𝛼̄|. An extension to the focal loss is the so-called shrinkage
loss [Lu20], which tackles the weighting issue of the naive interpretation of
focal loss for regression application, namely that not only easy samples are
affected but also hard samples, even if the re-weighting is less aggressive. The
shrinkage loss is defined as follows:

ℒshrink ≔
𝑑2

1 + exp(𝑎 ⋅ (𝑐 − 𝑑)) (4.38)

Both hyperparameters 𝑎, 𝑐 ∈ ℝ are kept as proposed by Lu et al. [Lu20], i.e.,
the values are set as 𝑎 ≔ 10 and 𝑐 ≔ 0.2.

This model can only be used when both normal and abnormal samples are
available during training. Furthermore, the model expects class labels for the
samples, so that the samples can be passed into the appropriate AE, resulting
in an overall model that falls into the category of supervised trained models.
To address this circumstance, an altered version of the BinAE is proposed,
which varies in the way both AEs are combined. The so-called DualHeadAE
merges both AEs with respect to the encoder modules and keeps both decoder
modules. Figure 4.23 illustrates the resulting architecture.
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Figure 4.23: Alternative version of the BinAE that allows for full end-to-end learning. This
model shares the same architecture for components of theAEs and theMLPwith the
original BinAE and is referred to as DualHeadAE. It comes with a minor architec-
tural change, where the encoder is shared between normal and abnormal samples.

Since the DualHeadAE allows for end-to-end learning, the training objective
is slightly altered combining the original losses in one. This is shown in Equa-
tion (4.39).

ℒ ≔ 𝛼̄ ⋅ ℒ(𝑎)
rec + (1 − 𝛼̄) ⋅ ℒMemAE + ℒshrink (4.39)

This way the DualHeadAE can be seen as an extension to the BinAE as pre-
sented initially in [Gol22b].

4.4.3.4 Pseudo-Anomalous Samples

So far, this section sheds light on the developed model and its architecture as
well as on the general training process. In order to support the model dur-
ing training and not solely relying on existing positive samples, i.e., anoma-
lies, the training process is supported with automatically generated pseudo-
anomalies. To do so, the existing normal samples are altered to generate such
pseudo-anomalies that should be ideally identified by the network as anoma-
lous samples. This approach is based on the idea ofWang et al. [Wan22] where
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the authors proposed to divide videos into slices, which on the other hand are
split into temporal and spatial patches. These patches are then used to gen-
erate two permutations of each input sample, namely a temporal reordered
one, and a spatially reordered sample. This idea is incorporated in the Dual-
HeadAE model, with two distinctions:

(i) the DualHeadAE is not trying to reconstruct the initial order of the
passed sample, and

(ii) uses them on the other hand in order to learn and focus clearly on the
underlaying representation of normal samples.

Since theDualHeadAE does notworkwith videos and images as inputs, adapt-
ing the idea from above demands for changes in order to generate such per-
mutations. This process is visualized in Figure 4.24, where the two permuta-
tions 𝜋𝑖 ∶ 𝑋 → 𝑋 with 𝑋 ≔ ℝ𝑇×𝐾×3 and 𝑖 ∈ { spat, temp } are exemplarily
given and illustrated. The idea for temporal reorder can be applied almost
directly to sequences of poses. Each pose 𝐕𝑡 at timestep 𝑡 ∈ {0, … ,𝑇 − 1} is
firstly transformed to be center-free, shuffled and the new poses for timestep
𝑡 is transformed back to original position of the old pose at timestep 𝑡. This
temporal permutation is then referred to as 𝜋temp(𝐕𝑡). Not rearranging the
single poses spatially could simplify the task for the network to just look at
the continuity of the overall motion of a pose.

However, the spatial permutation 𝜋spat(𝐱) is generated differently for pose
sequences, which is visualized in Figure 4.25. Therefore, each limb of the
human body is interpreted as a “patch”, meaning that there are four patches
per person. The head-related keypoints, as well as the torso-related ones are
kept unaltered, since especially the torso keypoints are taken as reference to
assemble pseudo-abnormal samples. As shown in Figure 4.25, each limb is
separated from the pose and re-located to another random position, where it
is attached to the new anchor. Figure 4.24 shows this for a full sequence, where
for every timestep the same re-order of limbs is performed, while preserving
the temporal order. This is done for the whole sequence, i.e., for each timestep
in the same way meaning that 𝐱 and 𝜋spat(𝐱) differ solely with respect to the
configuration of body parts.
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Figure 4.24: Given a pose sequence 𝐱 ∈ ℝ𝑇×𝐾×3 two kinds of alterations are performed in-
dependently, namely random reorder 𝜋temp of the single timesteps, and random
reorder of body parts 𝜋spat, in particular an exchange of different limbs. These two
cases are shown above.

4.4.4 Summary

This section gave in introduction into the field of behavioral analysis, starting
with a definition of the problem space. The subsequent sections presented dif-
ferent approaches to analyze human behavior from video data, one following
an own holistic approach based on a GAN setup and the other one tackling
the problem from a human-centric perspective using skeletal representations
of humans. Especially for the the latter different extensions were introduced,
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Figure 4.25: Visual explanation of the spatial pose-permutation 𝜋spat. Subject to the alteration
are the limbs of the body model, whereas the torso and head are kept as they are.
The body parts are separated from the torso at their respective anchor points (i.e.,
shoulders and hips), shuffled and re-attached at a (possibly) different anchor point.
The old and new position for the given example are illustrated in the lower part of
the figure.

in particular two ways of using synthetic data, either the MixAMoR data or
by generating permutations. Both address the aspect of having appropriate
data that can be used to train a model in a privacy-friendly way. These meth-
ods and model variants will be evaluated and compared in the next chapter,
where the holistic will serve as a baseline as it is less versatile compared to
the skeleton-based approach.
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5.1 Overview

This chapter presents the assessment procedures that define the blueprints for
the conducted experiments including their results. To capture the content of
this dissertation, the chapter is divided into three parts. Beginning with Sec-
tion 5.2, which presents various evaluation metrics that are used to measure
the performance of the different approaches, the chapter continues by pre-
senting the systematic evaluation protocols for the various tasks addressed
in this thesis is presented in Section 5.3, outlining the applied methodology.
The initial focus in Section 5.2 lies on introducing key metrics employed for
performance evaluation. Subsequently, a systematic evaluation protocol for
the various tasks addressed in this thesis is presented in Section 5.3, outlining
the applied methodology. Finally, Section 5.4 presents the resulting findings
including a concise and thorough discussion.

5.2 Metrics for Performance Assessment

5.2.1 Human Pose Estimation

In order to assess the performance of an HPE method, a quantitative measure
for the performance is needed that evaluated the algorithm’s capabilities.

As for any other detection tasks, the resulting outputs of the keypoint detec-
tor require a categorization of each into different categories. This is broadly
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known as a confusion matrix, a special kind of contingency matrix. The men-
tioned categories are presented in the following list.

• True Positive (TP): correctly detected keypoint

• True Negative (TN): correctly not detected keypoint

• False Positive (FP): unmatched detected keypoint

• False Negative (FN): unmatched ground-truth keypoint

As for other detection tasks, the prevalent kinds of measures for human pose
estimation are precision and recall. Precision measures the fraction of cor-
rectly predicted keypoints whereas recall measures the fraction of ground
truth keypoints that were detected.

Let 𝑉 be a set of keypoints and 𝑓split ∶ 𝑉 → 𝒫(𝑉)4 be a function that divides
𝑉 into four different subsets representing the mentioned categories. The re-
sulting split¹ 𝒱, meets the following conditions

𝒱 ≔ { 𝑉 𝑘 ∣ 𝑉 𝑘 ∈ 𝒫(𝑉), ∀𝑘 ∈ {TP,TN, FP, FN} } (5.1)
𝑉 𝑗 ∩ 𝑉 𝑘 = ∅ with ∀𝑗,𝑘 ∈ {TP,TN, FP, FN} and 𝑗 ≠ 𝑘 (5.2)
𝑉 = 𝑉TP ∪ 𝑉TN ∪ 𝑉FP ∪ 𝑉FN (5.3)

Using these recall 𝑓rec and precision 𝑓pre are defined as

𝑓pre(𝒱) =
|𝑉TP|

|𝑉TP| + |𝑉FP|
(5.4)

𝑓rec(𝒱) =
|𝑉TP|

|𝑉TP| + |𝑉FN|
(5.5)

For calculating precision and recall, analogous to the IoU for object detection,
a measure is needed to decide whether a pose is located correctly or not. The
most commonly used similaritymetrics are theObject Keypoint Similarity and
the Probability of Correct Keypoint (head) [Goo16, Kal19]. Both are shortly
introduced in the following.

¹ Note that 𝒱 has not to be a partition of 𝑉, since the subsets 𝑉𝑘 ⊂ 𝑉 can be empty.
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5.2.1.1 Object Keypoint Similarity

TheOKS was introduced by Ronchi et al. [Ron17] as a challenge metric for the
COCO keypoint challenge. As the name OKS implies, the goal of this metric
is to measure the similarity between two sets of keypoints, in general the
annotated ground truth and the predicted keypoints of a keypoint detector.
Given two sets of keypoints 𝑉1 and 𝑉2 with

𝑉𝑛 = { 𝐯𝑖,𝑛 = (𝑣(0)𝑖,𝑛 , 𝑣
(1)
𝑖,𝑛, 𝑣

(2)
𝑖,𝑛) ∣ 𝐯𝑖,𝑛 ∈ ℝ2 × {0,1,2} } (5.6)

where 𝑖 ∈ {0, … ,𝑁 − 1} denotes the index of the keypoint. The OKS is then
defined as

𝑓OKS(𝑉𝑝, 𝑉𝑞) ≔
∑𝑁−1

𝑖=0 [ exp( −𝑑2𝑖
2𝑠2𝜅2𝑖

) ⋅ 1(𝐯𝑖,𝑞) ]

∑𝑁−1
𝑖=0 [1(𝐯𝑖,𝑞) ]

, (5.7)

with 1 ∶ 𝑉 → {0, 1} being the indicator function with

1(𝐯) ≔ { 1 if 𝑣(2) > 0
0 if 𝑣(2) = 0 (5.8)

where 𝑑𝑖 = ‖𝐯𝑖,𝑝 − 𝐯𝑖,𝑞 ‖2 is the euclidean distance between two keypoints
and 𝑣(2)𝑖,𝑞 the visibility of the ground truth keypoint. As Equation (5.7) shows,
the similarity of a keypoint is determined by passing the euclidean distance of
the keypoints through an unnormalized Gaussian distribution with standard
deviation 𝑠𝜅𝑖 , with 𝑠 being the person scale and 𝜅𝑖 a keypoint constant. A
perfect prediction will yield 𝑓OKS(𝑉𝑝, 𝑉𝑞) = 1 whereas predictions that are off
by a few standard deviations 𝑠𝜅𝑖 will have 𝑓OKS(𝑉𝑝, 𝑉𝑞) = 0. The keypoint
constant 𝜅𝑖 was determined empirically for each type of keypoint. Therefore,
Ronchi et al. [Ron17] redundantly annotated 5,000 images and measured the
per-keypoint standard deviation 𝜎𝑖 with respect to the persons scale. The
keypoint constant differs largely depending on the type of keypoint, resulting
in rather low deviation for such related to the facial region like eyes, ears, and
nose, and larger spread for keypoints on knees or hips.
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𝑓OKS ≥ 0.5

𝑓OKS ≥ 0.95

(a) OKS

𝑓PCKh ≤ 0.5𝑙ℎ

𝑙ℎ

(b) PCKh

Figure 5.1: The right side shows the conceptual idea of the PCKh where the green line indicates
the length of the head segment, i.e., the reference value for the matching areas, which
are indicated by a dashed purple circle. The matching threshold 𝑙ℎ is identical for all
keypoints. In contrast, OKS uses fixed and empirically determined values 𝜅𝑖 per key-
point. Note that the pose model shown here is the SyMPose model, but the original
OKS was defined on the COCOmodel. This is the reason that there are no thresholds
for two of the head keypoints.

In order to determine that a pose is located correctly, the OKS score needs to
exceed a pre-defined keypoint threshold as illustrated in Figure 5.1a. The OKS
serves as a similarity measure in keypoint detection in the same vein as the
IoU does for the object detection [Ron17].

5.2.1.2 Probability of Correct Keypoint (head)

Based on the so-called Probability of Correct Keypoint (PCK) [Yan13], An-
driluka et al. [And14] introduced the PCKh which extends the PCK. The PCK
defines a keypoint as correctly located if the keypoint is within the range of
𝛼 ⋅max(ℎ, 𝑤) with 𝑤 and ℎ being the width and height of the person bound-
ing box and 𝛼 being a relative threshold. A problem which arises using this
metric is that it depends on the articulation of a pose due to the dependency
of the size of the bounding box. PCKh alleviates this problem by defining the
matching threshold as 50% of the head segment length 𝑙ℎ ∈ ℝ+.

𝑓PCKh(𝐯, 𝐯̃) ≔ ‖ 𝐯 − 𝐯̃ ‖2 (5.9)
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5.2.1.3 Summary

Figure 5.1 illustrates side by side the differences of the keypoint matching
areas for both, OKS (Figure 5.1a) and PCKh (Figure 5.1b). While PCKh deter-
mines matching keypoints using an identical threshold for all keypoints, OKS
uses different thresholds for different parts of the body. These were deter-
mined empirically by Ronchi et al. [Ron17] for the COCO model, which has
been presented in Figure 2.5.

Both introduced metrics, the PCKh and the OKS are used in the same manner
as to calculate the average precision (AP), mean average precision (mAP), aver-
age recall (AR), and mean average recall (mAR). AP and AR are computed for
different thresholds ranging between 0.0 and 1.0, whereas the mAP and mAR,
as the name already indicates, are the mean values over the different AP and
AR scores respectively. However, note that PCKh is actually a distance mea-
sure between keypoints, whereas OKS measures the similarity of two poses,
which effects the way matches are determined.

Although, PCKh and OKS have been both widely used to model the IoU for
keypoint detection, this thesis however provides results using the current
state-of-the-art, which is the OKS. The PCKh was presented for the sake of
completeness.

5.2.2 Behavioral Anomaly Detection

In order to assess the performance of such behavioral analysis suitedmeasures
are necessary. There exists a broad variety of different metrics as presented
by Sharif et al. [Sha22], of which this section introduces the most widely used
ones. The subsequent evaluation will adhere to this decision. Three primary
metrics are employed to assess the performance of anomaly detection mod-
els [Paz22]: the Area under the Receiver Operator Characteristic curve (AUC-
ROC), the Area under the Precision-Recall curve (AUC-PR), and the Equal Er-
ror Rate (EER). While none of these metrics singularly captures the complete
picture of overall performance, each comes with its own set of strengths and
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weaknesses. Together, these metrics contribute to a more comprehensive un-
derstanding of the algorithm’s true performance. The mentioned categories
are presented in the following list.

• TP: correctly classified anomaly

• TN: correctly classified normality

• FP: incorrectly classified normality

• FN: incorrectly classified anomaly

In the following all aforementionedmetrics andmeasurements will be defined
and explained further.

5.2.2.1 Area Under the ROC Curve

TheAUC-ROC quantifies a binary classificationmodel’s performance bymea-
suring the area under the True Positive Rate (TPR) versus False Positive Rate
(FPR) curve at various thresholds. Thereby, the TPR and FPR are defined as

𝑓TPR ≔
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (5.10)

and

𝑓FPR ≔
𝐹𝑃

𝐹𝑃 + 𝑇𝑁 (5.11)

respectively. Higher AUC-ROC values suggest superior class separation.
Although the Receiver Operating Characteristic (ROC) curve illustrates the
trade-off between TPR and FPR [Fer18], AUC-ROC does not provide insight
into the model’s final decisions. It yields a single value and struggles to
convey meaningful information about False Negative Rate (FNR), crucial
for real-world applications. FNR, especially when an anomaly is wrongly
classified as normal, is challenging to assess based solely on AUC-ROC. AUC-
ROC’s sensitivity to imbalanced data [He13], prevalent in anomaly datasets,
further limits its optimal use, particularly when one class is overrepresented.
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5.2.2.2 Area Under the Precision-Recall Curve

Precision measures the ratio of accurate positive predictions to all positive
predictions, while Recall calculates the ratio of accurate positive predictions
to all positive samples. They are formally defined as

𝑓prec ≔
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (5.12)

and

𝑓rec ≔
𝑇𝑃
𝑃 (5.13)

The Precision-Recall Curve (PR) illustrates the trade-off between Precision and
Recall, by the area under the curve (AUC-PR), summarizing the curve’s in-
formation. AUC-PR is more effective than AUC-ROC in evaluating a model’s
prediction ability, particularly in highly imbalanced data [Sai15], as it con-
siders the FNR (i.e., when the model classifies an anomaly as normal). This
makes it valuable for assessing the minority class [He13], often representing
anomalous behaviors in anomaly detection. Despite its strengths, AUC-PR,
like AUC-ROC, is a single number that lacks direct insights into correct neg-
ative classifications and does not quantify the number of incorrect decisions
made by a model. Therefore, AUC-PR, while beneficial, provides an incom-
plete understanding of a model’s overall performance.

5.2.2.3 Equal Error Rate

The EER is a valuable metric, representing the point on the ROC curve where
the FPR is equal to (1 − 𝑓TPR) [Zha18a], indicating a better performance the
lower its value is. By plotting FNR and FPR across various thresholds, inter-
secting curves reveal the EER, highlighting the threshold for a balanced trade-
off between FNR and FPR. In video anomaly detection, the EER quantifies false

115



5 Experiments

Table 5.1: Components of CrowDPB alongside with their categorization and purpose. Black
circles indicate that the subset is used for the corresponding purpose. HPE and DA
correspond to the experiments in Section 5.3.2, and VAD as well as SBAD to those in
Section 5.3.3. Note that HGH18 has two parts, namely HGH18-HPE and HGH18-DA.
They will be both referred to as HGH18 as long as there is no risk of mixing them up.

Subset HPE DA VAD SBAD
CrowdPE ● ● ● ●
SyMPose ● ● ● ●
HGH18 ● ● ● ●
CaWa18 ● ● ● ●
HeR19 ● ● ● ●

alarms and missed anomalous frames at equilibrium. While EER alone pro-
vides limited insights into the overall performance of a model [Sul18], its in-
tegration with AUC-ROC and AUC-PR enhances overall model performance
understanding.

5.3 Evaluation Protocol

In order to evaluate the impact and effects of the methodical considerations
introduced in Chapter 4, this section presents the procedures to evaluate the
presented approaches. First a custom dataset used for the experiments is in-
troduced in Section 5.3.1, followed by two sections each focusing on one part
of the presentedmethods. Beginningwith the topic of HPE, Section 5.3.2 tack-
les the aspect of generating training data and presents the workflow of train-
ing an arbitrary human pose estimator using synthetically generated data and
hence is related to Sections 4.2 and 4.3. This is followed by the behavioral anal-
ysis part as presented Section 4.4, which is subject to Section 5.3.3. Both parts
include information on the training procedure, as well as facts on the evalua-
tions, in particular a presentation of the employed metrics and datasets. Note
that the reference procedures followed here were developed in collaboration
with students and therefore have been introduced in [Bla19] and [Hoh24], for
the task of HPE and SBAD respectively.
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Table 5.2: Statistic for pedestrian and keypoint annotations in three selected subsets of
CrowDPB. Due to the crowded character of all these datasets, being especially promi-
nent for CaWa18 and HGH18-HPE, a significant number of annotated bounding boxes
do not contain pose annotations.

Dataset Frames Bboxes Keypoints Tracksvisible occluded
CaWa18 306 47,207 171,842 24,295 198
HGH18-HPE 800 72,299 57,131 13,793 189
CrowdPE 53 2,700 23,675 9,009 -
total 1,159 122,206 252,648 47,097 387

5.3.1 Crowded Dataset for Human Pose Estimation and
Behavior Analysis

As mentioned in the introduction of this section, the first part presents the
dataset used throughout the experiments. The Crowded Dataset for Human
Pose Estimation and Behavior Analysis (CrowDPB) serves as quantitative and
qualitative dataset to assess the performance on the different tasks in this
thesis. As shown in Table 5.1 CrowDPB particularly consists of five subsets,
each used for various (sub-)tasks. Starting with 25 frames and 833 bounding
boxes in 2018 [Dis18, Gol19a], CrowDPB has been consequently extended not
only by the overall number of images and human keypoint annotations, but
also by increasing the overall number of pedestrians per frame. Initially used
in [Gol19a] – presented as CrowdPose¹ at that time – the dataset was extended
and used in further work [Kal19, Gol19b] under the name CrowdPE. Table 5.2
highlights various properties of those subsets that are used for the task of
HPE. With respect to the available keypoint annotations, Table 5.3 shows
the overall sGCI distributions as well as the average number of people per
frame within each subset. In comparison to CrowdPE, both, HGH18-HPE and
CaWa18, show a significant increase in crowdedness and hence emphasize the
suitability of CrowDPB for evaluations on crowd-level. Figure 5.2 underlines
this statement by showing the distribution of the sGCI for each subset.

¹ Was renamed due to the release of the public dataset CrowdPose by Li et al. [Li19].
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Table 5.3: Analogous to Table 4.2, which compared the various sequences of SyMPose, this ta-
ble shows the main characteristics of the three HPE-related subsets of CrowDPB. Al-
though, all of the subsets show crowded scenarios, CaWa18 yields especially high
crowdedness scores. This is mainly due to the kind of festivity.

𝜇sGCI 𝜇ppf 𝜎ppf 𝑟ppf
CrowdPE 0.61 50 32.54 5 - 130
HGH18-HPE 0.82 95 14.28 75 - 126
CaWa18 3.40 154 7.30 85 - 162
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Figure 5.2: Distributions of the sGCI for three used datasets CrowdPE, HGH18-HPE, and
CaWa18. CaWa18 shows that with respect to the sGCI it is the hardest dataset. Note:
For the purpose of visualization, all values have been clipped between 0 and 2, which
explains why CaWa18 has almost all frames falling into the last bin of the histogram.
Table 5.3 indicates, that most sGCI values of CaWa18 are way higher.
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5.3.2 Synthetic Data-driven Human Pose Estimation

This section focuses on the evaluation of the first methodical part with the
aim of generating training data for the HPE task. As mentioned above, the
overall procedure follows the considerations that were developed and pre-
sented in [Bla19, Gol20]. Firstly, Section 5.3.2.1 outlines preliminary con-
siderations on the evaluation with respect to the datasets presented earlier,
and Section 5.3.2.2 presents the exact configurations of the training. Finally,
Section 5.3.2.3 then explains the assessment of the performance of the devel-
oped approach.

5.3.2.1 Datasets

As explained in Section 4.3.1 there are two domains that have to be consid-
ered. For the scope of this thesis, these domains are represented through two
different datasets: The synthetic source domain is represented by the SyM-
Pose dataset that has been introduced and described in Section 4.2.2, whereas
the real-world target domain is represented by the HGH18-DA dataset that
has been presented in Section 4.3.5. Although the datasets have been tailored
for the exact purpose of the DA task, certain adjustments had to be made in
order to stabilize training and facilitate the overall DA task.

Source domain. First and foremost, the SyMPose dataset contains a great va-
riety of scenes. For instance, the illumination conditions vary within a wide
range as the scenes were recorded at different in-game times of day and were
generated containing various weather conditions. These conditions increase
the tasks difficulty immensely, which is why only a subset of SyMPose is con-
sidered for the DA task. In particular, this subset consists of sequences S1, S3,
S7, S9, S12, S14, and S23, providing an overall number of 6,300 images in day-
light situation, all located in urban setups. Figure 5.3 depicts characteristic
frames for each of these sequences.

Target domain. Similar thoughts were given to the target dataset as well.
By design, the set of training samples provided by the HGH18-DA shows far
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Figure 5.3: Illustration of the overall appearance of the selected subset of SyMPose. It is obvi-
ous that the selection of sequences is characterized by an overall grayish impression
which is beneficial to the adaptation process. The sequences are displayed in ascend-
ing order from left to right.

less variations in appearance compared to the dataset for the synthetic do-
main, but still there are parts of the dataset that deviate strongly from the
rest. Since all cameras show very similar properties with respect to view and
content it all comes down to the illumination of the scenes. In particular,
those frames captured close to and after sunset show the strongest deviance
from the rest of the dataset, which naturally comes from the changes in illu-
mination. These include global lighting due to the absence of the sun, as well
as local lights by the surrounding booths, both having a direct impact on the
recorded video material in terms of contrast, and image noise. Since these
kind of samples increase the difficulty of transferring between both domains
for the developed model, frames recorded after 6 p.m. are not taken into ac-
count. Some random examples that show such difficult lighting situations are
illustrated in Figure 5.4. These are characteristic examples, where the change
in illumination creates various demanding and challenging situations that in-
crease the difficulty for the generator to correctly adapt the appearance to the
target domain. Moreover, the remaining samples of the HGH18-DA are ran-
domly sub-sampled aiming for a final set of 3,000 samples, ensuring that there
is still enough variety between samples. This procedure for the target domain
conforms to the procedure for theWorldExpo ’10 dataset followed in [Gol20].
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Figure 5.4: Examples of low-light frames from HGH18-DA. The upper row illustrates an over-
view over selected scenes, whereas the lower row shows particular close-ups high-
lighting certain aspects. Apparently, image contrast and clarity are directly affected
by the lights. This can already be seen in the first image, where the overall illumina-
tion looks still homogeneous, but taking a closer look shows that the internal light
compensation leads to a reduced dynamic range resulting in a loss of structural in-
formation as can be seen above the illuminated booth. The case illustrated in the
middle shows, that the change of direction the light comes from creates visual flares
as artifacts. These come in particular from combination with rain drops on the pro-
tective hood of the installed camera. As the third example shows, depending on the
intensity of light and its angle of incidence into the protective hood, the hood itself
can yield such visual artifacts.

Performance assessment. The last dataset that is relevant to the experi-
ments for DA is the actual evaluation dataset. CrowDPB, as presented in Sec-
tion 5.3.1, provides certain subsets that are suited for this kind of evaluation.
The experiments are carried out using all of these HPE-related subsets, namely
HGH18-HPE, CaWa18, and CrowdPE, if not stated differently, reporting re-
sults categorized for different crowdedness levels. This procedure is inspired
by the initial approach proposed by [Li19] and adopted in [Bla19, Gol20].

5.3.2.2 Preliminary Considerations on the Training

The previous section explained what data is used as basis for the training pro-
cedure, and performance assessment. For the training of the domain adap-
tation frameworks, the images are augmented as depicted in Section 4.3.4,
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where the fixed crop size is 512 × 512. All models are trained with a batch
size of one and optimization is performed using the Adam optimizer [Kin14]
with a fixed learning rate of 10−4 and 𝛽1 = 0.5, 𝛽2 = 0.9, which is a com-
mon optimizer configuration for GAN-training. For further technical details
on the chosen optimizer see [Kin14]. The data augmentation techniques that
were presented in Section 4.3.4 are utilized for all the DA experiments. Ex-
tensive hyperparameter tuning was discarded for reasons of lacking time and
computational resources.

5.3.2.3 Evaluation Pipeline

In order to assess the quantitative performance of theDA approach, Blattmann
[Bla19] introduced a task-specific evaluation protocol. Therefore, a HPE
network is trained on various datasets, i.e., either synthetic, adapted or
real-world data and the results on a common test set are taken as measure
for the suitability of these images as training data. Different to Blattmann
[Bla19], who used the SimpleBaselines [Xia18] model, this thesis employs
the HRNet [Sun19] as pose estimation network. As this human pose detector
solely serves as objective measure for the suitability of the adapted data as
training examples, no hyperparameter tuning was applied to that network.
For all of the datasets that are used as training sets, the model is trained
for 40 epochs, with a batch size of 32 and an initial learning rate of 0.001,
which is reduced by the factor of 10 at epochs 10, 20, and 35. To diminish
the influence of stochastic effects, such as data shuffling, all pseudo random
number generators are initialized with the same seed value, for the training
procedure. Note also that only the HPE network is trained on the distinct
training datasets, using ground truth bounding box detections. The same
applies to the testing procedure.

In general, the evaluation can be done with an arbitrary pose estimator, e.g.,
OpenPose, AlphaPose, or ViTPose, as presented in Section 3.1.1. However,
for convenience and consistency throughout this thesis HRNet was chosen,
in particular version HRNetW48. The overall steps of the pipeline can be seen
as follows:
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(Step 1) Train DA model for 50,000 steps

(Step 2) Convert complete SyMPose-Urban dataset to target do main

(Step 3) Take the dataset and train HRNetW48 for 40 epochs

(Step 4) Use the best performing model and evaluate on evaluation
dataset

Following this procedure results in identical-sized training datasets for the
synthetic and adapted experiments. These datasets are the basis of the ex-
periments.

5.3.3 Behavior Analysis

In literature there exists no unified way of evaluating SBAD approaches,
which means that different research provides potentially different results for
various datasets. This is particularly an issue with new datasets published
that come up with specific ways to evaluate methods on. Therefore, this
section presents a unified evaluation protocol, which is used to compare the
approach presented in Section 4.4.3 with current state-of-the-art methods on
different dataset. These datasets will be presented in their original form in
Section 5.3.3.1. Since they either do not provide any evaluation procedure for
SBAD yet or come with varying protocols, the actual evaluation procedure
applied in this thesis is presented in Section 5.3.3.2. Note that this section
mainly focuses on the evaluation of the skeleton-based approach, since the
holistic approach (cf. Section 4.4.2) can be easily evaluated alongside with
the former and does not need any additional data preparation.

5.3.3.1 Datasets

Tomeasure the performance of skeleton-basedmethods different experiments
are performed throughout this thesis. The main challenge with the Skeleton-
based Behavior Analysis is the lack of suited datasets, which comes from the
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extensive effort needed in order to annotate pose data, especially for video-
based scenarios. This section presents various publicly available and com-
monly used datasets to evaluate the performance as well as three custom
datasets that are part of the CrowDPB dataset introduced in Section 5.3.1.
While the public datasets provide behavioral annotations, they are used for
quantitative evaluation and the custom datasets are used for qualitative com-
parison.

5.3.3.1.1 ShanghaiTech Campus

The SHTC [Liu18] dataset was introduced by the ShanghaiTech University in
June 2018. It was introduced as a video anomaly detection dataset, with the
primary objective to enhance scene diversity by incorporating various cam-
era angles and positions, while also capturing anomalies induced by abrupt
motions like chases and brawls. In doing so, it distinguishes itself from pre-
viously released datasets, including the Avenue [Lu13] dataset, UCSD Pedes-
trian [Li13] dataset more precisely its two splits, Ped1 and Ped2, and lastly
the Subway [Ada08] dataset, showcasing its superiority in addressing these
specific challenges.

The dataset consist out of 317,398 frames in total, where 274,515 and 42,883
frames are used for training and testing, respectively. With a video resolution
of 856 × 480 at 24 frames per second it belongs to those datasets with rather
small frame sizes. Anomalous activities happen in 17,090 frames, with 130
types of anomalous activities existing in a total of 13 scenes recorded with
13 different stationary mounted camera positions, all of which show com-
plex light conditions and camera angles. These cameras recorded real-world
scenarios on the campus of the university. In terms of annotations, the data-
set provides frame-level and pixel-level anomaly annotations. As the data-
set contains anomalous situations that are not associated with humans, there
is a publicly available partition of the dataset, the so-called Human-Related
ShanghaiTech Campus (SHTC-HR) dataset by Morais et al. [Mor19] that deals
exclusively with anomalous activities associated with humans.
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5.3.3.1.2 Vision-based Fallen Person

The Vision-based Fallen Person (VFP290K) [An21] dataset was published in
October 2021 by the Sungkyunkwan University in South Korea. It addresses
the challenging case of detecting fallen persons due to, various reasons, like
health problems, violence or accidents. In total, it contains 294,713 frames
of fallen persons in total, which were captured using a dynamically installed
GoPro HERO5 camera, recorded in a resolution of 1080p at 25 frames per
second. These frames are from 178 videos in total, including 131 scenes in
49 different locations. Therefore it provides a large-scale of collected fallen
persons images in various real-world scenarios.

In addition, the dataset consists of a number of categorized subsets that orga-
nize the dataset and simplify working with it. There are two light conditions
subsets,𝑀day and𝑀night, two camera heights subsets,𝑀low and𝑀high, which
cluster the data in views in approximately 1 meter and 3 meters height, three
different categories of various backgrounds𝑀street,𝑀park and𝑀building, a sub-
category for the 49 locations where the videos were captured, 𝑀location, and
a subcategory of each location displaying the various camera viewpoints at
these locations 𝑀scene. There are a total of 15 actors, who are volunteering
students, of whom three are international, switching clothes between scenes,
to perform different fall scenarios. In order to ensure the accuracy of the an-
notations within the dataset, two strict annotation rules have been introduced
to handle scenarios involving occlusion and overlap. The first rule, known as
the occlusion rule, defines situations where a target’s body is partially oc-
cluded by other objects or people. In cases where the body of a person is
partially occluded but body parts of this persons are still visible, a bounding
box is assigned that contains the these visible body parts of the person. The
second rule, the overlap labeling rule, comes into play when one person oc-
cludes another, resulting in overlapping bounding boxes. In these instances,
a bounding box is assigned to the front person only if the back person is oc-
cluded by more than 80%. To ensure compliance with these rules, the dataset
maintains data quality assurance by cross-checking every single frame for
each video by a team of five students.
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Through the annotated bounding boxes the dataset provides pixel-level
anomaly annotations, by labeling the bounding box of a fallen person as
anomalous and non-fallen person as normal. For training and testing, the
benchmark split introduced in [Gol22b] is adopted. Notably, none of the
approaches analyzed in this work utilize a validation set, because of that the
validation set of the aforementioned benchmark split is incorporated into
the test set, such that the original test set and the validation set resemble
the new test set.

In essence, the VFP290K dataset comes with a new challenge, namely the
detection of falling persons in a real-world scenario. Furthermore, it is the
only dataset where the frames are not captured from a stationary mounted
camera, rather from a dynamic video recording and thus brings up additional
challenges.

5.3.3.1.3 Charlotte Anomaly

The Charlotte Anomaly Dataset (CHAD) [Dan23] was initially published in
December 2022 by the University of North Carolina at Charlotte [Paz22]. It is
a high-resolution, multi-camera anomaly dataset in a commercial parking lot
setting and the first dataset, which includes human bounding boxes, person
identifier labels with person re-identification and human pose annotations
for each actor. The multi-camera setting involves four stationary mounted
cameras, where the videos of cameras 1-3 were recorded in 1080p at 30 frames
per second and those of camera 4 were recorded in 720p also at 30 frames
per second.

The CHAD dataset contains 412 videos with 1.15 million frames overall with
over 87% normal and around 125,000 anomalous frames. To allow both super-
vised and unsupervised learning, the dataset includes two training and test
splits, each for the respective learning scheme. Types of anomalous behavior
are divided into group activities (e.g., Fighting, Theft, Slapping, Playing with a
Racket, …) and individual activities (e.g., Throwing, Running, Littering, Sleep-
ing, …) resulting in 22 classes of anomalous behavior. Anomalous behavior is
frame-level annotated by hand, therefore the starting point and the endpoint
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of the anomalous action is marked and frames in between are considered as
anomalous. The dataset does not provide pixel-level anomalous annotations,
which makes it difficult to localize the anomalous action. Activities that are
not included are considered as normal (e.g., Walking, Waving, Talking, etc.).
CHAD has 13 actors with diverse demographics (gender, age, ethnicity, etc.)
which are appearing both in normal and anomalous clips.

CHAD is the first dataset to include annotations on individuals, which has
two advantages:

(i) SBAD methods have access to processed data without the need for
costly extraction of the data itself, making SBAD more accessible to
other researchers.

(ii) It Provides a more unified approach and a comparable benchmark
dataset that evaluates the skeleton-based approaches to anomaly
detection without the pre-processing step of extracting human
keypoints.

Therefore, the object detector YOLO (in particular YOLOv4) [Boc20] is uti-
lized for extracting the human bounding boxes. These bounding boxes are
then used for the person identifier labels, by feeding them into the DeepSort
algorithm [Woj17], which requires a three frame warm-up (first two frames
of each video). This results in unique person identifier labels for each person
in a CHAD clip. The human poses are composed of human keypoints, thereby
CHAD follows the skeleton model proposed by Lin et al. [Lin15] and intro-
duced earlier in this thesis in Section 2.2. These keypoints are extracted using
HRNet [Sun19] with a person confidence threshold of 0.5 (i.e., at least 9 key-
points of the person are below the threshold). Due to the removal of human
poses, CHAD compensates this problemwith the so-called annotation smooth-
ing. Annotation smoothing uses high confidence annotations and linear in-
terpolation to fill in the missing detections of either keypoints or bounding
boxes [Dan23].

In summary, CHAD provides consistent guidelines for any skeleton-based ap-
proach to anomalous behavior detection due to its self-generated person an-
notations, high resolution video, and the fact that it is a more challenging
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dataset than others [Paz22]. However, CHAD does not provide pixel-level
annotations for anomalies, is rather utilized for unsupervised training and
the annotations of human keypoints and bounding boxes may be outdated in
the future.

5.3.3.1.4 Cannstatter Wasen

The CaWa18 (Cannstatter Wasen (CaWa) 2018) is an internal, hence not pub-
licly available dataset of the Fraunhofer IOSB and part of the CrowDPB data-
set. The subset was created in 2018 and consists of one recorded video from a
static camera showing a crowded scene. This scene films the festival area of
the annual “Oktoberfest” at the so-called Cannstatter Volksfest in the German
city of Stuttgart, to be more precisely in Bad Cannstatt a borough of Stuttgart.

The video was recorded in 1080p at 25 frames per second with a total number
of 306 frames which were filmed from an elevated position, to represent a
surveillance video setting in a real-world crowded scenario.

The dataset does not contain any anomaly labels and is therefore only used
for evaluation of the different pre-trained models on the various trainable
datasets, to evaluate the performance of these on real-world scenarios. This
dataset presents unique challenges due to the complexity of scenes, with each
frame featuring more than 100 festival attendees. This results in numerous
instances of occluded and self-occluded individuals, as well as various objects
such as a balloon selling stand, which partially obstruct the view of different
areas in the scene.

5.3.3.1.5 Hafengeburtstag Hamburg

Along with the CaWa18 dataset, HGH18 (Hafengeburtstag Hamburg (HGH)
2018) is another subset of CrowDPB and is not publicly available. Like the
CaWa18 dataset presented in the preceding section, the dataset was recorded
in 2018 and contains one sequence. This snapshot captures a scene within
the Hafengeburtstag Hamburg festival in the German city of Hamburg. It
encompasses a pedestrian crossing bridge from themiddle right to the top left,
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a street stretching from the middle left to the top right beneath the bridge, all
situated to the right of the festival area.

The video shares the same specs as the CaWa dataset, i.e., has been recorded
in 1080p at 25 frames per second. It consists of a total number of 800 frames,
which were filmed from an very high position to overlook the pedestrian
bridge and parts of the festival. Here is to be mentioned that the pedestri-
ans that appear in the video are very small in scale as the camera position is
way higher than in any other dataset. The camera is in such a high position
to get a greater view on the pedestrian bridge, street and festival area. For fu-
ture reference, we restrict the utilization of this dataset to frame indices up to
745, as subsequent frames are exclusively labeled every fifth frame with man-
ually annotated bounding boxes. The dataset does not contain any anomaly
labels and is therefore only used for evaluation of various pre-trained models
on the different trainable datasets, to see the effectiveness of these on this
real-world scenario.

5.3.3.1.6 Hessischer Rundfunk

TheHeR19 dataset is another subset of CrowDPB that is not publicly available
and includes two video clips provided by theHessischer Rundfunk (HeR). Both
sequences depict the same perspective with twomain characters, a male and a
female, encountering each other in a parking lot. Both videos depict the male
approaching the woman, leading to a fight in the first video and an overdone
hug in the second.

This subset focuses on highlighting the difficulties associated with analyzing
behavior in natural environments.

The recordings were shot in 1080p resolution at a frame rate of 25 frames
per second. In total, there are 1,277 frames captured from an elevated loca-
tion commonly utilized for surveillance purposes. The dataset lacks anomaly
labels and is solely utilized to assess the performance of several pre-trained
models on different trainable datasets, in order to evaluate their effectiveness
in a real-world scenario.
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Figure 5.5: Exemplary frames from the different presented datasets. Each row contains four im-
ages per dataset, from top to bottom: CaWa18, CHAD, HGH18, SHTC-HR, VFP290K,
and HeR19.

5.3.3.1.7 Summary of Datasets

In summary, all datasets were carefully selected to closely and accurately rep-
resent relevant surveillance scenarios. For this thesis, experiments were con-
ducted to evaluate behavior analysis on six datasets. Three public datasets
are used for quantitative comparison with existing research, while the other
three are internal solely used for qualitative evaluation. The information is
summarized in Table 5.4. Figure 5.5 shows exemplary frames from each of
the introduced datasets.
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Table 5.4: Summarized overview of the most relevant specs of the in Section 5.3.3.1 presented
datasets. Note that VFP290K does not provide any distinct views since it was
reecorded with a non-static camera.

Dataset Frame Res. fps #Scenes #Cameras Type
SHTC-HR 480p 24 13 13 quan.
VFP290K 1080p 25 131 49 quan.
CHAD 1080p & 720p 30 13 4 quan.
CaWa18 1080p 25 1 1 qual.
HGH18 1080p 25 1 1 qual.
HeR19 1080p 25 2 1 qual.

5.3.3.2 Evaluation Pipeline

This subsection gives a brief overview of the pipeline proposed for the exper-
iments performed in this work. It also provides implementation details for
the object detection task performed with YOLOv8 [Joc22], the extraction of
poses using HRNet [Sun19], as well as details for tracking individuals using
the StrongSORT [Du23] tracker. The overall pipeline is visually presented in
Figure 5.6.

INPUT Bounding
Boxes

Skeleton-
sequences

Behavior
Analysis 𝛼 ∈ ℝ

Figure 5.6: Illustration of a semi-automatic dataset preparation pipeline. Its aim is to provide
a unified way to compare skeleton-based behavior analysis modules and generally
rate their real-world capability.

Starting point is the raw data, i.e., the images in the datasets. These are uti-
lized for person detection, as well as for the extraction of poses and the re-
identification (ReID) of individuals. With respect to pedestrian annotations
for specific frames, the datasets are divided into two categories: Datasets that
already contain bounding boxes revisited by humans include the VFP290K,
CaWa18 and HGH18 datasets. On the other hand, datasets that do not contain
human-revisited bounding boxes for persons appearing in the images include
the CHAD, ShanghaiTech Campus (SHTC), and HeR19 datasets. In order to
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evaluate on the latter, the YOLOv8 [Joc22] persond and object detector, to-
gether with the Slicing Aided Hyper Inference (SAHI) [Aky22] approach for
the HeR19 and CHAD datasets, is utilized to generate such. SAHI provides an
inference tool developedmainly for the issue that recent object detectors excel
in detecting large objects in low-resolution images from common datasets like
ImageNet [Den09] and COCO [Lin15]. However, Akyon et al. [Aky22] state
that they struggle with accuracy when tasked with detecting small objects in
high-resolution images produced by advanced drones and surveillance cam-
eras. The slicingmethod involves dividing the original image into overlapping
patches for independent object detection. The results are merged using Non-
maximum Suppression (NMS) to the original size, wherein boxes with IoU
ratios above a pre-defined threshold are adopted, and detections with prob-
abilities below another threshold are removed. In this work, SAHI is config-
ured to have an overlap ratio of patches by 30% in terms of height and width,
which are similar to the values used in the originating approach. The size of
the patches is defined as 640 × 640 for both the CHAD and the HeR19 dataset.
These sizes were chosen based on the largest size of appearing humans within
the videos of the dataset, with respect to the time complexity of the multiple
performed object detection tasks due to this approach. Subsequently, the large
version of the YOLOv8 model, pre-trained on the COCO dataset with an input
resolution of 640 × 640, is utilized for the datasets CHAD, SHTC and HeR19.
Note that only the person class is included in this work, while all other detec-
tions are discarded. The goal is to achieve high-quality person detections for
the object detection task, resulting in human bounding boxes.

Subsequently, both aforementioned types of human bounding boxes serve as
input for the human pose estimator HRNet and the tracker StrongSORT. In
the case of predicting the joints of individuals within these human bound-
ing boxes, this process selects the larger version of HRNet, denoted as HR-
NetW48, with input bounding box sizes of 384 × 288 for all datasets. The
HRNet, pre-trained on the training set of the COCO dataset, performs MPPE,
resulting in semantic pose graphs with 17 keypoints (cf. Figure 2.5). The
multi-object tracker StrongSORT provides identity labels, which utilizes the
bounding boxes and the corresponding parts of the image to label the cor-
responding individuals with such identity labels over time. For the person
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ReID process, the lightweight deep ReID model Omni-Scale Network (OS-
Net) [Zho19] is applied. All other hyperparameters are chosen as introduced
in [Du23]. Note that only individuals with object detection confidences above
50% are tracked by OSNet, which is a limiting factor in respect to the construc-
tion of human pose trajectories. For bounding boxes annotated by humans
confidences are set to 100% to avoid them being filtered out.

Due to the usage of recently published approaches such as the YOLOv8 object
detector, HRNet human pose estimator and the StrongSORT tracker, this work
achieves extensive and qualitative input samples for the SBAD models in the
subsequent analysis.

5.4 Experimental Results

This section presents the results of various experiments conducted to inves-
tigate the performance of the developed approaches. Firstly, following the
order as the previous sections, Section 5.4.1 presents the results of the experi-
ments for the task of DA as introduced in Section 5.3.2. Secondly, Section 5.4.2
does so for the task of behavior analysis. The focus lays here on the micro-
scopic SBAD approach, where the macroscopic one is taken just as a base-
line Section 5.3.3. Part of both sections are quantitative as well as qualitative
evaluations.

5.4.1 Domain Adaptation

5.4.1.1 Qualitative Evaluation of Domain Adaptation

This section takes a look on the qualitative results of the domain adaptation
process with respect to the two datasets that were chosen as target domain,
namelyWorldExpo ’10 in the first part of the section, followed by HGH18-DA.
Both datasets were selected to fit the source domain as close as possible.
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Figure 5.7: Exemplary frames from WorldExpo ’10 dataset. Apparently the overall image qual-
ity is poor and various artifacts, like the black uneven border around every frame,
selective blur due to smudgy lenses or the blurred section in the lower right corner,
which might have been originally a certain kind of text overlay or timestamp.

5.4.1.1.1 WorldExpo ’10

Thefirst target domain that is considered for adapting SyMPose into is defined
by the World Expo (WE) dataset. The images contained within the dataset are
of rather low quality, which comes from various blurred regions and image
artifacts. However, as stated in [Gol20] its setting is close to the source domain
many people depicted in the images, which is why it is of interest to evaluate
the DA on this dataset. At first glance, the U-Cycle-GAN approach produces
convincing results for the dataset as target domain, some of which can be
observed in Figure 5.8.

Figure 5.8: Exemplary results of the DA process from SyMPose to WorldExpo ’10. Obviously
the general appearance of the visualized frames unveils a certain similarity to the
original images shown in Figure 5.7.
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The images are sharp and contain nearly all of the content details of the syn-
thetic images from the source domain. Despite the aforementioned artifacts
in the target domain, the adapted images show a comparable quality to those
from the source images which seems to be desirable, from a visual point of
view. However, this preservation of image quality could be an issue when
utilizing these images as training data as a detection model that was trained
on such adapted data would probably face challenges when being applied to
the target domain data. This should be kept in mind when looking at these im-
ages. Some artifacts that occur regularly in the domain adapted data samples
are shown in Figure 5.9.

Figure 5.9: Exemplary artifacts from WE-adapted dataset. Despite the overall promising ap-
pearance, there can be found several reoccurring kinds of artifacts. However, each
of these are typically only affecting small regions and as long they do not affect
pedestrians, they will not play an important or even any role for the HPE task.

The most often occurring artifacts are various “color burns” that happen in
arbitrary places. As most of them do not occur on the shown pedestrians they
can be seen as potentially harmless to the following training process, since the
HPE approach that is trained on this data later on will not encounter most of
these artifacts.

5.4.1.1.2 Hafengeburtstag Hamburg 2018

The second target domain that is taken into respect is the HGH18-DA which
has been presented in Section 5.3.2.1. Compared to the WE dataset, the over-
all quality of the image material provided by the HGH18-DA is good. One
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Figure 5.10: Exemplary results of the DA process from SyMPose to HGH18. Different to the
results obtained for WE the frames show an overall dark appearance, stronger con-
trast and bluish tint. Furthermore, various artifacts in the domain adapted images
are present as well, although very similar to those in the WE-adapted frames.

key difference is the overall resolution of the resulting frames, which were
recorded with a state-of-the-art IP camera. As already mentioned for the WE
dataset the U-Cycle-GAN produces overall convincing results for the DA task,
as illustrated in Figure 5.10. In general the same observations that were made
for the first dataset can be made for the second one as well: the details of the
source domain data is preserved in most cases. Apparently, the network has
learned to give its input images a cyan tint based on the target domain data.
This might come from an significant amount of samples showing the copper
roof at the St. Pauli Piers in Hamburg. Some exemplary generated patches
are illustrated in Figure A.10. Something that is conspicuous, are the yellow
areas on the street that happen in particular on crosswalks. This looks, espe-
cially in the case of wet roads to the appearance of light reflections from low
sun, however this is something that is not represented in the target domain
data. This leads to the assumption, that this particular pattern in the source
domain cannot be handled appropriately by the model. However, there are
even more artifacts as is illustrated in Figure 5.11. All in all the adapted image
material shows a darker appearance, with strong contrast and the bluish tint,
all being properties that distinguish the data from the WE-adapted ones. As
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reported in [Gol20] this does not have to be necessarily a bad sign, it might
be even beneficial to the training process of an HPE approach. The artifacts
as observed in the qualitative analysis may play an important role as they can
be seen as artificial occlusions that can have a regularizing character during
training since the pose annotation is still available.

Figure 5.11: Exemplary artifacts from HGH18-adapted dataset. As mentioned in Figure 5.10 the
samples generated by adapting SyMPose to HGH18 appear to be worse than those
adapted to WE. The most prominent types are the color of the cyan tint of the sky
and cert “burn outs” as shown on the right.

To summarize, both DA processes can be seen as successful, at least from a
visual perspective. The next section dives into the quantitative experiments
and investigates the effects on the training of a HPE approach.

5.4.1.2 Quantitative Evaluation of Domain Adaptation

In order to assess the performance of HPE approaches trained on synthetic
and domain adapted data, different models were trained on the generated
data to investigate the impact on the training. Although, Fréchet inception
distance (FID) is a widely used metric to assess the quality of image genera-
tion algorithms, according to Chong et al. [Cho20] it is not suited to evaluate
domain adaptation tasks. Therefore the comparison of the different datasets
and models is based on the evaluation procedure presented in Section 5.3.2.3.

5.4.1.2.1 Comparison of Different Human Pose Estimation Models

First and foremost various state-of-the-art HPE models are compared in or-
der to find an appropriate choice for the following experiments. The set of
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Table 5.5: Model comparison on CrowdPE for four different models: SimpleBaselines [Xia18],
HRNetW32 [Sun19], HRNetW48 [Sun19], and ViTPose-B [Xu22b]. SimpleBaselines
has been used in [Gol20], while the others represent state-of-the-art methods. The
models were trained on CrowdPose [Li19] (upper part) and SyMPose (lower part).

Model mAP mAR F1
SimpleBaselines 0.232 ± 0.004 0.262 ± 0.003 0.247 ± 0.004
HRNetW32 0.171 ± 0.059 0.227 ± 0.038 0.194 ± 0.054
HRNetW48 0.227 ± 0.003 0.261 ± 0.003 0.243 ± 0.003
ViTPose-B 0.187 ± 0.003 0.224 ± 0.003 0.203 ± 0.003
SimpleBaselines 0.164 ± 0.002 0.193 ± 0.001 0.177 ± 0.002
HRNetW32 0.179 ± 0.008 0.212 ± 0.007 0.194 ± 0.008
HRNetW48 0.188 ± 0.005 0.221 ± 0.004 0.203 ± 0.005
ViTPose-B 0.117 ± 0.009 0.148 ± 0.007 0.131 ± 0.008

models consists of the SimpleBaselines [Xia18] model that was initially used
in [Gol20], as well as the HRNetW32 [Sun19], HRNetW48 [Sun19], and ViT-
Pose-B [Xu22b].

To find an appropriate choice, the models were trained on real-world as well
as synthetic data. For the above mentioned models real-world trainings were
conducted on CrowdPose [Li19], whereas the trainings on synthetic data were
performed on the introduced SyMPose dataset. To compare these trained
models, they are evaluated on CrowdPE as SimpleBaselines, which is the only
model that was not trained along with the other models, only reports results
on the mentioned dataset. As explained in Section 5.3.1, each image of the
evaluation dataset is characterized with respect to its crowdedness using ei-
ther the CI or sGCI. This characterization allows a partitioning of the dataset
into easy, medium and hard samples, following the procedure initially pro-
posed by Li et al. [Li19] and adapted in [Gol20]. The consequent results are
reported in Table 5.5 for both, the real-world and the synthetic trainings, in
the upper and lower part of the table, respectively. Apparently, the models
trained on real-world data perform better than those trained on the synthetic
samples, which can be observed over all provided metrics. Despite being a
result to be expected, the gap between both domains diminishes going from
easy to medium. As the Tables 5.5 and 5.6 also indicate, there is a significant
difference between the different models. While SimpleBaselines achieves the
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Table 5.6: Analogous to Table 5.5 this table provides results for different models trained on
CrowdPose [Li19] (upper part) and SyMPose (lower part). The table gives an insight
into how overall performance distributes over the different categories for both, the
CI- and sGCI-based splits.

CI sGCI
Model mAP [e] mAP [m] mAP [e] mAP [m] mAP [h]
SimpleBaselines 0.773 ± 0.016 0.224 ± 0.003 — — —
HRNetW32 0.679 ± 0.022 0.166 ± 0.058 0.443 ± 0.122 0.211 ± 0.057 0.072 ± 0.054
HRNetW48 0.696 ± 0.023 0.221 ± 0.003 0.529 ± 0.017 0.258 ± 0.003 0.127 ± 0.004
ViTPose-B 0.547 ± 0.020 0.183 ± 0.003 0.400 ± 0.013 0.224 ± 0.004 0.089 ± 0.003
SimpleBaselines 0.451 ± 0.029 0.161 ± 0.003 — — —
HRNetW32 0.456 ± 0.124 0.176 ± 0.007 0.338 ± 0.042 0.215 ± 0.007 0.089 ± 0.007
HRNetW48 0.558 ± 0.035 0.184 ± 0.005 0.377 ± 0.022 0.225 ± 0.006 0.091 ± 0.004
ViTPose-B 0.109 ± 0.056 0.117 ± 0.009 0.117 ± 0.030 0.153 ± 0.014 0.050 ± 0.005

best results of all models when trained on real-world data, its performance
decreases significantly when training on the synthetic SyMPose dataset. The
other models achieve a more consistent performance over both scenarios,
however HRNetW32 occasionally fails to converge during training on both
domains and ViTPose-B performs exceptionally poor as it seems to struggle
with the overall synthetic domain.

To summarize, all of the shown models achieve mediocre performance on the
surveillance scenario that is represented by the evaluation dataset CrowdPE.
This shows how challenging the given scenario is, especially keeping in mind
that the HPE task is relevant to behavior analysis.

For the following experiments the model of choice is HRNetW48 for two rea-
sons: First, as the results indicate HRNetW48 shows comparable performance
to the other models when trained on real-world data and outperforms most
of the other models when trained directly using synthetic data. Second, the
choice keeps this work consistent with the respect to the second part of the
thesis, where the HRNetW48 is also used. All in all, HRNetW48 appears to
be the best choice and an appropriate trade-off between performance on syn-
thetic and real-world data.

Note that the results for SimpleBaselines as given in the Tables 5.5 and 5.6
are those reported in [Gol20], which is also the reason that only results for
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Table 5.7: Results of experiments using HRNetW48 trained on various datasets. All values are
reported on CrowdPE.The first two rows show trainings on non-adapted data, namely
the real-world dataset CrowdPose and the synthetic dataset SyMPose. The remaining
rows show the results obtained on adapted data from SyMPose.

Dataset Comb. mAP mAP [e] mAP [m] mAP [h]
CrowdPose — 0.227 ± 0.003 0.529 ± 0.017 0.258 ± 0.003 0.127 ± 0.004
SyMPose — 0.188 ± 0.005 0.377 ± 0.022 0.225 ± 0.006 0.091 ± 0.004
WE — 0.152 ± 0.006 0.221 ± 0.023 0.188 ± 0.010 0.076 ± 0.006
HGH18 — 0.168 ± 0.006 0.311 ± 0.017 0.205 ± 0.006 0.081 ± 0.005
WE + HGH18 merge 0.180 ± 0.008 0.334 ± 0.033 0.219 ± 0.010 0.084 ± 0.005
WE + HGH18 full 0.175 ± 0.002 0.324 ± 0.020 0.213 ± 0.006 0.083 ± 0.003

the CI-based dataset splits are given and none for the sGCI-based partitions.
Furthermore, in general any kind of HPE network can be used for the evalu-
ation procedure. This specific selection is based on personal experience with
certain of these models, the overall performance on public benchmarks, and
the availability of open source high-quality source code.

5.4.1.2.2 Impact of Domain Adapted Data on the Training

From this point on the reported results are exclusively obtained using the HR-
NetW48 model. Subject to this section are experiments using domain adapted
data that are obtained using the U-Cycle-GAN architecture presented in Sec-
tion 4.3.3 and following the evaluation procedure described previously. For
convenience, each table provides the results obtainedwhen training themodel
on pure SyMPose and CrowdPose as reference.

Table 5.7 displays the results obtained from training the HRNetW48 on data
that was adapted to the WorldExpo ’10 and the HGH18 dataset, including
those trained on the bare synthetic and real-world data. The first two experi-
ments shown in Table 5.7 are each trained solely on one of the two introduced
domains. First of all, it can be stated that the performance of the HRNetW48
deteriorates slightly due to the training on domain-adapted data. This can be
observed over all three categories and is hence reflected by the overall per-
formance as well. Especially the model that was trained on the WorldExpo
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Table 5.8: Additional mAR and F1 scores extending Table 5.7.

CrowdPE
Dataset Comb. mAR F1
CrowdPose — 0.261 ± 0.003 0.243 ± 0.003
SyMPose — 0.221 ± 0.004 0.203 ± 0.005
WE — 0.184 ± 0.005 0.166 ± 0.006
HGH18 — 0.202 ± 0.005 0.183 ± 0.005
WE + HGH18 merge 0.212 ± 0.007 0.194 ± 0.007
WE + HGH18 full 0.208 ± 0.002 0.190 ± 0.002

’10 data drops in recognition performance and shows inferior performance
not only compared to the reference models but also with respect to the model
trained on HGH18-adapted data. One particular reason for the bad perfor-
mance of the model that was trained on WorldExpo ’10 data is, that HGH18 is
visually closer to the evaluation dataset CrowdPE, since the dataset contains
examples recorded at the same place in Hamburg. Yet these were collected
some years earlier with a slightly different hardware setup. However, the
properties of the HGH18-adapted data seem to be a better fit than those from
WorldExpo ’10.

Combining Datasets. As stated before, the two target domains for the DA
differ from the evaluation dataset, resulting in a dataset dependent domain
shift between adapted and evaluation data. Consequently, none of the two
adapted datasets would be optimally matching the whole evaluation dataset,
even if the adapted images were exactly alike the target domain. One way to
address this issue is to join the datasets that were used so far in order to in-
crease the generalization abilities of the trained model as a better generalizing
model should also perform better on the evaluation dataset.

The adapted datasets are therefore joined in two ways with each other as well
as with the synthetic data,

(i) such that the resulting joined set contains every image of the original
source domain once,

(ii) such that for each sample of the original source domain all the
corresponding target samples are included.
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Thefirst case (i) can be formulated more formally as follows: Given the source
dataset 𝑋 (i.e., SyMPose), with |𝑋| = 𝑁 a split of 𝑋 into 𝑘 distinct subsets
𝑋𝑖 ≠ ∅∀𝑖 ∈ { 0, … , 𝑘 − 1 } with

𝑋 =
𝑘−1

⋃
𝑖=0

𝑋𝑖 (5.14)

and ∀ 𝑖, 𝑗 ∈ { 0, … , 𝑘 − 1 } with 𝑖 ≠ 𝑗

𝑋𝑖 ∩ 𝑋𝑗 = ∅. (5.15)

So far this defines a partition of 𝑋. For the combination of datasets, this is
extended by another property, which ensures that all subsets are of equal size:

|𝑋0| = |𝑋1| = ⋯ = |𝑋𝑘−1| (5.16)

The joined dataset is then defined as ∑𝑘−1
𝑖=0 𝑋̃𝑖 = ⋃𝑘−1

𝑖=0 𝑋̃𝑖 , with transforma-
tion functions 𝑓𝑖∀𝑖 ∈ { 0, … , 𝑘 − 1 } and ̃𝑋𝑖 ≔ 𝑓𝑖(𝑋𝑖) that map every element
from 𝑋𝑖 to the corresponding sample of the target set. Note that obtaining
the same cardinality for all 𝑋𝑖 cannot always be ensured since the number of
elements contained in 𝑋 does not have to be divisible by 𝑘. In such cases, the
cardinality of the subsets differs slightly, which however is negligible and will
not have an effect on the overall training performance.

Creating the training sets for the second case (ii) is much easier. Here, the
datasets are just put together completely, i.e., every sample from the corre-
sponding dataset is included resulting in a training set with 𝑘 ⋅ 𝑁 samples,
whereas the first case will by definition always result in datasets with𝑁 sam-
ples. In the experiment tables, these two scenarios are referred to as merge
and full for (i) and (ii), respectively.

Table 5.7 furthermore reports the detection results of those models that were
trained on these joined datasets. As expected, the resulting outcomes are
better than those presented before underlining the increase of generalization
that can be achieved using such combined data samples. The performance in-
creases over all categories, which implies that the trained model generalizes
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Table 5.9: Results of experiments using HRNetW48 trained on various datasets including sam-
ples from the synthetic source dataset SyMPose. All values are reported on CrowdPE.
The first two rows show trainings on non-adapted data, namely the real-world dataset
CrowdPose and the synthetic dataset SyMPose. The remaining rows show the results
obtained on different combinations of adapted and synthetic data, either merged or
fully combined.

Dataset Comb. mAP mAP [e] mAP [m] mAP [h]
CrowdPose — 0.227 ± 0.003 0.529 ± 0.017 0.258 ± 0.003 0.127 ± 0.004
SyMPose — 0.188 ± 0.005 0.377 ± 0.022 0.225 ± 0.006 0.091 ± 0.004
syn. + WE merge 0.190 ± 0.006 0.374 ± 0.017 0.228 ± 0.007 0.093 ± 0.006
syn. + HGH18 merge 0.192 ± 0.003 0.339 ± 0.017 0.233 ± 0.006 0.095 ± 0.002
syn. +WE + HGH18 merge 0.192 ± 0.004 0.370 ± 0.028 0.233 ± 0.007 0.094 ± 0.006
syn. + WE full 0.188 ± 0.003 0.366 ± 0.018 0.226 ± 0.005 0.093 ± 0.004
syn. + HGH18 full 0.190 ± 0.002 0.368 ± 0.029 0.230 ± 0.002 0.089 ± 0.005
syn. +WE + HGH18 full 0.191 ± 0.004 0.383 ± 0.013 0.229 ± 0.006 0.092 ± 0.005

better. With respect to the combination type there seems be no clear differ-
ence with respect to detection performance. The merge scenario appears to
perform better on average compared to the full scenario, yet at the same time
it comes with an increased variance in the obtained results.

The combination of datasets does not have to be limited to the domain adapted
sets. Since the synthetic SyMPose data, i.e., the non-adapted data, is also avail-
able, it can be used as well to enrich the training sets evenmore. This is subject
to the results shown in Table 5.9, where analogous to the experiments in Ta-
ble 5.7 each training set consists of multiple parts. Evidently, the additional
usage of the pure unadapted data diminishes the variance of the results of the
combined datasets and increases overall the performance. However, different
than assumed, combining the pure synthetic data with the domain adapted
ones does not seem to increase the generalization performance of the HR-
NetW48. Similar to the observations made for the merges between WE- and
HGH18-adapted, the full scenario reduce the variance in most cases. The rea-
son for this can be found in the multiple visual variants of every pedestrian
that are included in the final training datasets. Since the original pose anno-
tation are not altered by the domain adaption process, for each sample there
are up to three different visual representation. Being in some cases sharper
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Table 5.10: Additional mAR and F1 scores extending Table 5.9.

CrowdPE
Dataset Comb. mAR F1
CrowdPose — 0.261 ± 0.003 0.243 ± 0.003
SyMPose — 0.221 ± 0.004 0.203 ± 0.005
syn. + WE merge 0.221 ± 0.005 0.205 ± 0.005
syn. + HGH18 merge 0.224 ± 0.002 0.207 ± 0.002
syn. +WE + HGH18 merge 0.224 ± 0.002 0.207 ± 0.003
syn. + WE full 0.220 ± 0.003 0.203 ± 0.003
syn. + HGH18 full 0.222 ± 0.004 0.204 ± 0.002
syn. +WE + HGH18 full 0.223 ± 0.004 0.206 ± 0.004

and in other more blurry as well as different color appearances may have an
regularizing effect on the overall training.

Comparison on HGH18. To address the issue of dataset dependent do-
main shift that was mentioned above, additional experiments are carried out
solely using the HGH18-HPE data introduced in Section 5.3.1. The results
are depicted in Tables 5.11 and 5.12. As is immediately apparent, the result-
ing scores are significantly lower than those obtained on CrowdPE. Even the
model trained on the real-world dataset CrowdPose performs poorly, which
underlines the challenging character of the scenario defined by the HGH18
dataset. The main reasons for this observation is that the HGH18 dataset con-
sists of a large number of people with a particularly low resolution, as is ex-
emplarily illustrated in Figure 5.12. Different than in CrowdPE (𝜇̄ = 120.0,
̄𝜎 = 68.7) these pedestrians have approximately the same height (𝜇̄ = 60.9,
̄𝜎 = 15.1) since all the samples of the dataset come from one scene, whereas

CrowdPE was collected in various scenarios using different camera setups.
As the example images of pedestrians already show, most of the difficulty
originates from the aforementioned aspect, since mutual occlusions between
pedestrians occur less often than in CaWa18. Since the evaluation dataset
HGH18-HPE and the DA dataset HGH18-DA share the same origin, the sce-
nario describes an ideal case as both domains should be almost identical or
at least barely distinguishable. Analogous to the previous tables, Tables 5.11
and 5.12 provide two additional rows that show the performance of the HR-
NetW48 trained on real-world and synthetic data as reference. The remaining
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Figure 5.12: Pedestrian examples from HGH18-HPE. The examples show the area around ran-
dom pedestrians with the target person being right in the center of the area. All
people within the dataset have in common, that they are of low resolution, which
makes it especially challenging to estimate their poses. For this particular dataset
this is the most challenging property, as mutual occlusions with other pedestrians
occur less often compared to CaWa18.

table is divided into three parts, the trainings on the two bare adapted datasets,
as well as the two types of dataset combinations. First of all, the models that
were trained exclusively on either WE or HGH18 show a larger variance with
respect to the mAP compared to the two reference cases. From the outcomes
of these two experiments it seems that the training onWE-adapted data leads
to decrease in the mAP, while increasing the mAR at the same time. HGH18-
adapted data however increases on average both, the mAP and mAR. This is
the anticipated result, and indicates that the adaptation of the synthetically
generated data was successful. However, the variance of the obtained out-
comes is still higher than those of the reference cases, which might come
from the artifacts that were addressed in the qualitative evaluation presented
in Section 5.4.1.1. This changes when combining different datasets, which
reduce the aforementioned variance again, and especially with the HGH18-
combined datasets even an increase of the performance can be achieved.

The results show that given a well-defined scenario it is possible to improve
the performance of a HPE model by using synthetically generated data that
was adapted to the targeted domain. In the particular case defined by video
surveillance in urban setups, the experiments revealed that estimating poses
of pedestrians is still a very challenging task that requires even further work
and offers space for improvement. With regard to the performance on the
HGH18 dataset, two assumptions arise: Firstly, the quality of the data rep-
resenting the target domain that has a direct influence on the quality of the
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Table 5.11: Comparison of all experiments conducted on HGH18 and CaWa18. Since both eval-
uation datasets fall mostly into the categories medium and hard, the comparisons
solely refers to the overall mAP values on both datasets.

Dataset Combination mAP @HGH18 mAP@CaWa18
CrowdPose — 0.055 ± 0.003 0.103 ± 0.001
SyMPose — 0.050 ± 0.004 0.087 ± 0.001
WE — 0.045 ± 0.013 0.085 ± 0.003
HGH18 — 0.058 ± 0.011 0.085 ± 0.002
WE + HGH18 merge 0.057 ± 0.008 0.086 ± 0.004
syn. + WE merge 0.051 ± 0.006 0.087 ± 0.001
syn. + HGH18 merge 0.066 ± 0.005 0.087 ± 0.002
syn. + WE + HGH18 merge 0.065 ± 0.007 0.087 ± 0.001
WE + HGH18 full 0.051 ± 0.008 0.089 ± 0.001
syn. + WE full 0.059 ± 0.006 0.087 ± 0.001
syn. + HGH18 full 0.065 ± 0.006 0.086 ± 0.003
syn. + WE + HGH18 full 0.065 ± 0.005 0.086 ± 0.002

Table 5.12: Additional mAR and F1 scores extending the mAP results from Table 5.11 on HGH18
and CaWa18.

HGH18 CaWa18
Dataset Comb. mAR F1 mAR F1
CrowdPose — 0.089 ± 0.002 0.068 ± 0.003 0.105 ± 0.001 0.104 ± 0.001
SyMPose — 0.081 ± 0.002 0.062 ± 0.004 0.090 ± 0.001 0.088 ± 0.001
WE — 0.078 ± 0.010 0.057 ± 0.013 0.089 ± 0.002 0.087 ± 0.003
HGH18 — 0.088 ± 0.009 0.070 ± 0.011 0.090 ± 0.001 0.087 ± 0.002
WE + HGH18 merge 0.089 ± 0.008 0.070 ± 0.008 0.091 ± 0.003 0.088 ± 0.003
syn. + WE merge 0.088 ± 0.004 0.066 ± 0.005 0.090 ± 0.001 0.089 ± 0.001
syn. + HGH18 merge 0.096 ± 0.004 0.078 ± 0.004 0.091 ± 0.002 0.089 ± 0.002
syn. +WE + HGH18 merge 0.097 ± 0.004 0.077 ± 0.006 0.091 ± 0.001 0.089 ± 0.001
WE + HGH18 full 0.086 ± 0.007 0.064 ± 0.008 0.092 ± 0.001 0.090 ± 0.001
syn. + WE full 0.092 ± 0.005 0.072 ± 0.006 0.091 ± 0.001 0.089 ± 0.001
syn. + HGH18 full 0.094 ± 0.007 0.077 ± 0.007 0.091 ± 0.001 0.088 ± 0.002
syn. +WE + HGH18 full 0.097 ± 0.005 0.078 ± 0.005 0.091 ± 0.002 0.089 ± 0.002

domain-adapted data. This process may need a even more careful collection
of data. Secondly, the eligibility of the source data, i.e., SyMPose, itself may be
an issue as well. For example, although SyMPose was designed for the exact
scenario, it may still have too much variance in its visual appearance, but at
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Figure 5.13: Pedestrian examples from CaWa18. Analogous to Figure 5.12, the examples show
the area around random pedestrians with the target person being in the center of
the area. Different to the HGH18-DA dataset, the people are larger, but at the same
time there are much more mutual occlusions as the examples indicate.

the same time too little variance in its provided human poses. Even the very
limited number of pedestrian models and their virtual ethnicity may have an
negative effect on the performance. As the examples given in Figure A.4 indi-
cate, there is a relatively high number of dark-skinned people, which is most
probably based on the US-American society. This may be a limiting factor for
the final performance of the trained models with respect to the used datasets,
which in return are closer to the appearance of the Central European.

Comparison on CaWa18. As mentioned earlier, the CaWa18 is quite differ-
ent to the HGH18 dataset, since the overall pedestrian sizes are significantly
larger (𝜇̄ = 188.3, ̄𝜎 = 59.1) as the examples illustrated in Figure 5.13 signify.
At the same time the scene ismuchmore crowded resulting inmore frequently
occurringmutual occlusionswhich increase the difficulty of extracting correct
poses. The results that were obtained on CaWa18 are contained in Tables 5.11
and 5.12 as well. As it was to be expected due to the performance on CrowdPE,
the models achieve higher scores than on the HGH18 dataset which is possi-
bly related to the crisper and higher-quality images of the pedestrians. Since
none of the two chosen target domains WorldExpo ’10 and HGH18 is a real
close fit, the CaWa18 is adduced for comparing the different trained models
with regard to their generalization ability. The results indicate that a certain
resolution is necessary to estimate robust human poses, however in the par-
ticular scenario the observations that were made for the HGH18 do not hold
for the CaWa18 dataset. While combining the three available domains was
beneficial for the performance on HGH18, it appears that the models do not
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avail from data being combined as they seem to be too far from the targeted
domain. It seems like there is an improvement compared to just training on
the single domain-adapted datasets, but the overall increase in performance
is marginal. Here the issue of having an appropriate source domain might be
even more striking, since none of the datasets helped to close or reduce the
gap between the two reference models. In this particular case, the scenes from
SyMPose-Urban that were recorded with a short focal length, differ strongly
from the CaWa18 sequence, which was evidently recorded with a far longer
focal length. The results brings up the already stated assumption that the
source domain data, i.e., SyMPose, may not be appropriately designed to use
on scenarios like such represented by the CaWa18 dataset.

5.4.2 Behavior Analysis

5.4.2.1 Holistic Analysis: MurzGAN

As mentioned in the beginning of Section 5.4 the behavioral part focuses on
the SBAD method, wheres the MurzGAN is mainly taken for comparison.
However, the first experiments take a look at alternative backbones for the
semantic feature extractor to investigate the choice of backbone and compare
various state-of-the-art CNN- and Transformer-based models.

5.4.2.1.1 Performance Comparison of Semantic Backbones

To choose an appropriate feature extractor various pre-trained state-of-the-
art models of the Swin Transformer (Swin) [Liu21c], ViT [Dos20], and Con-
vNeXt [Liu22b] along with the original VGG16 [Sim14] are compared. All
mentioned architecture consist out of various layers or blocks, each of which
generates a corresponding feature map. These different outputs are used to
generate semantic feature vectors for the ground truth and generated frame of
the GAN setup. Based on these semantic vectors, differences are computed,
which are then used to assess the frame level performance of the different
models. The summarized results are shown in Table 5.13where for eachmodel
the results of the best performing layer or block output is displayed. Appar-
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Table 5.13: Comparison of Semantic Backbones forMurzGAN.All reported scores areAUC-ROC
on frame-level for the SHTC dataset. For the complete results of all model blocks see
Tables A.1 and A.2.

Model AUC-ROC
Swin-T 0.6049 ± 0.0877
Swin-B 0.6038 ± 0.0825
ViT-B16 0.6530 ± 0.1021
ViT-B32 0.6297 ± 0.0755
ConvNeXt-t 0.6030 ± 0.0959
ConvNeXt-s 0.5795 ± 0.0909
VGG16 0.6897 ± 0.0890

Figure 5.14: Two examples of the frame generation from the observed real optical flow. Each
pair of images is a corresponding (real,fake) pair for a particular view of SHTC.The
left setting is located closer to the camera, while the right shows a wider overview.

ently all model architectures that were examined achieve comparable results
for the semantic feature extractionwithout achieving outstanding overall out-
comes. It is particularly striking that the results obtained from the different
models show a strong variance, which comes from the overall difficult GAN
training. Depending on the scene, the MurzGAN struggles to converge and
learn the scene as it is shown exemplary in Figure 5.14, which will naturally
result in large semantic differences as the feature extractor used for the se-
mantic features is not able to extract useful information. This is a behavior
that can be observed in many cases and is especially crucial since a correct or
at least very close generation of samples is indispensable for the recognition
of anomalous behavior patterns. However, it is somehow expectable that the
GAN would face certain difficulties, as the SHTC provides color information
in contrast to the UCSD dataset, which is completely in grayscale. The colored
images increase the difficulty for the GAN, as there is additional visual infor-
mation that has to be generated beside the structures. In the main, this makes
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Table 5.14: Inference speed performance evaluation per frame for different models on an Nvidia
L40 based 8,192 runs per model. All reported times are given in milliseconds and
correspond to the full model.

Model Batch Size
1 8 16 32 64

Swin-T 6.65 ± 0.89 0.85 ± 0.13 0.83 ± 0.02 0.87 ± 0.02 0.92 ± 0.02
Swin-B 13.46 ± 1.81 2.19 ± 0.07 2.38 ± 0.04 2.30 ± 0.04 2.39 ± 0.03
ViT-B16 2.82 ± 0.37 2.27 ± 0.05 2.13 ± 0.04 2.11 ± 0.04 2.00 ± 0.04
ViT-B32 3.28 ± 0.60 0.54 ± 0.02 0.50 ± 0.03 0.54 ± 0.02 0.51 ± 0.01
ConvNeXt-t 2.91 ± 0.52 0.63 ± 0.02 0.66 ± 0.01 0.67 ± 0.02 0.75 ± 0.70
ConvNeXt-s 5.77 ± 6.23 1.12 ± 0.02 1.14 ± 0.01 1.21 ± 0.03 1.27 ± 0.30
VGG16 1.87 ± 0.07 0.85 ± 0.05 0.86 ± 0.07 0.90 ± 0.10 0.91 ± 0.13

it increasingly difficult to generate the correct corresponding frame, which
will also result in larger semantic differences at the same time. Another dif-
ference between the UCSD dataset and the SHTC is the overall pedestrian
size. The people in the scenes are much smaller for the UCSD and show less
variance with respect to the aforementioned size. Although shown to work
for easier and academic settings [Gol19c], the MurzGAN suffers from many
aspects that make it inadvisable to use for real-world scenarios.

In addition to the bare recognition performance the models were furthermore
examined with respect to their inference speed. Table 5.14 shows the infer-
ence speed per frame for the different semantic feature extractors with respect
to different batch sizes. All architectures regarded here are capable of com-
puting semantic features in real-time, since all values indicate frame rates be-
tween roughly 60 to 1,250 frames per second. The results underline in partic-
ular that more modern architectures do not necessarily offer faster inference,
especially since the limiting factor for the MurzGAN is the GAN network. No
further optimizations were made with regard to speed performance. The pur-
pose of the study was primarily to support the decision-making process for
selecting a suitable model. Finally, both experiments lead to the decision of
keeping the initial VGG16 as the semantic backend since none of the exam-
ined models lead to a significant improvement for the MurzGAN. The next
section takes a look on the overall performance of MurzGAN.
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Table 5.15: Frame-level performance of MurzGAN on SHTC (top) and CHAD (bottom). Appar-
ently MurzGAN achieves to distinguish anomalous from normal behavior on the
SHTC dataset, while it fails to do so for CHAD as well.

Variant AUC-ROC AUC-PR EER
Frame only 0.6552 ± 0.1404 0.6200 ± 0.1172 0.3883 ± 0.1058
Flow only 0.7070 ± 0.0920 0.7050 ± 0.2075 0.3151 ± 0.0750
Both 0.6762 ± 0.1225 0.6793 ± 0.1795 0.3632 ± 0.0926
Frame only 0.5109 ± 0.0230 0.4826 ± 0.0891 0.4981 ± 0.0406
Flow only 0.5051 ± 0.0157 0.4995 ± 0.0795 0.4561 ± 0.0156
Both 0.5194 ± 0.0181 0.4821 ± 0.0948 0.4850 ± 0.0354

5.4.2.1.2 Evaluation on SHTC and CHAD

As already indicated in the preceding section, MurzGAN struggles with
real-world datasets like the SHTC. While the experiments on UCSD Pedes-
trian [Li13] dataset that were reported in [Gol19c] showed promising
performance, the results on the two more challenging datasets SHTC and
CHAD reveal that MurzGAN is not able to capture the relevant information to
characterize a given situation sufficiently well. To be more concise, Table 5.15
shows results on both, SHTC and CHAD. For each of both datasets the per-
formance using motion and appearance information as well as the combined
information is displayed. First and foremost, the results in the lower part of
the table show, that the approach is not able to achieve any positive results
for the CHAD dataset as it performs almost like a random guessing. The
model has neither the ability to predict motion nor the appearance from
the given image material. Possible reasons for the poor performance are
those mentioned in the preceding section, i.e., the presence of colors, larger
difference in pedestrian sizes and, different to SHTC, the changes of the
scene itself. As the CHAD dataset was recorded on a parking lot, the parked
cars can potentially change, which is exactly what happens here. Analogous
to Figure 5.14 two examples of (real,fake) pairs are depicted in Figure 5.15,
illustrating the aforementioned situation. In the left setting, the input frame
shows a dark car at the left edge of the frame, while the generated frame
shows two cars, a silver and a red one. The same applies to the second
example, where the input frame contains a van at the lower end of the frame
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and a second car right above the van. Both cars are removed from the frame
by the MurzGAN. This highlights another weakness of the approach: Since
the MurzGAN is based on the assumption that the scene is static, changes to
the scene ensure that the network is not able generate correct data.

Figure 5.15: Analogous to Figure 5.14 two examples from the CHAD dataset are illustrated. The
changes in the scene due to the changing presence of certain cars cannot be ade-
quately captured by the approach, i.e., it still generates cars despite their absence.

As the SHTC dataset is much more similar to UCSD dataset, changes in the
scene do not occur. The table indicates, that MurzGAN is capable of retrieving
the desired information from the data. Furthermore the outcomes underline
the findings in [Gol19c], that exclusively relying motion information for this
particular scenario achieves the best performance, compared to just using the
privacy-sensitive frame data or the combination of both.

For visual examples taken from SHTC, CHAD, and UCSD dataset see Fig-
ures A.7 and A.8.

5.4.2.2 SBAD: Custom Approaches and Extensions

This next section takes a look on the BinAE model proposed in [Gol22b]
and focuses on various aspects related to the model. As presented in Sec-
tion 4.4.3.1 the base architecture consists of two AEs, one exclusively supplied
with information on normal and the other on anomalous motion patterns.
To investigate the influence of different introduced parts of the overall cus-
tom model, this section provides results on two publicly available datasets:
VFP290K and CHAD.

152



5.4 Experimental Results

Table 5.16: Ablation study for the BinAE showing the influence of the different extensions. The
experiments were performed on the VFP290K dataset.

Config AUC-ROC AUC-PR EER
AEn 0.6483 ± 0.0854 0.8390 ± 0.0400 0.3675 ± 0.0735
+ Memory 0.6723 ± 0.0294 0.8539 ± 0.0204 0.3454 ± 0.0209
+ AEa (incl. MLP) 0.9640 ± 0.0183 0.9892 ± 0.0062 0.1099 ± 0.0346
+ Pseudo Anomalies 0.9412 ± 0.0236 0.9818 ± 0.0085 0.1369 ± 0.0448
DualHeadAE 0.9050 ± 0.0647 0.9635 ± 0.0286 0.1529 ± 0.0641

The first three rows of Tables 5.16 and 5.17 show the influence of the different
components of the BinAE evaluated on both, the VFP290K and CHAD dataset.
First and foremost it should be stated, that the overall performance of the Bi-
nAE and its various components and extensions differs strongly between the
two regarded datasets. VFP290K seems to be less challenging as the results in
Table 5.16 show, which comes mainly from the low diversity in the anomalous
and normal movement patterns. Even the very basic AEn that just gets normal
pose sequences to train on achieves high scores on distinguishing falling peo-
ple or such laying on the ground as the AUC-PR shows. This means that the
encoder is already capable of learning a suited embedding containing enough
information for the decoder to reconstruct the initial sequence. Notably, other
than reported in [Gol22b], extending the AEn with a memory unit does not re-
sult in a significant performance improvement, yet it improves the scores and
reduces the error on average, as well as reducing the variance on these results.
Completing the BinAE architecture by adding the second Autoencoder AEa
including the final scoring network yields a significantly better result over
all calculated metrics. This is a comprehensible observation, as the first two
rows are trained in an unsupervised manner, meaning that all of the informa-
tion the model can use to rely its decision onto is based on examples from the
normal behavior cases. Extending the level of information by supplying the
model with examples of opposite cases, i.e., such that are known to be anoma-
lous, or belong to the class of relevant behavior as described in Section 4.4.1
helps to distinguish both types of behavior from each other. Although this is
not the typical assumption that is made for classical anomaly detection tasks,
namely that there is no knowledge about what to expect as an anomaly, it
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Table 5.17: Analogous to Table 5.16, an ablation study for the BinAE is showing the influence of
the different extensions. The experiments were performed on the CHAD dataset.

Config AUC-ROC AUC-PR EER
AEn 0.5367 ± 0.0170 0.1700 ± 0.0107 0.4782 ± 0.0090
+ Memory 0.5266 ± 0.0125 0.1580 ± 0.0051 0.4792 ± 0.0112
+ AEa (incl. MLP) 0.5757 ± 0.0218 0.2194 ± 0.0241 0.4563 ± 0.0170
+ Pseudo Anomalies 0.6040 ± 0.0286 0.2475 ± 0.0575 0.4325 ± 0.0195
DualHeadAE 0.6490 ± 0.0108 0.3716 ± 0.0135 0.4032 ± 0.0081

is completely reasonable to use such information in addition to just relying
decisions on those cases that aim on representing normality.

Analogous to Table 5.16, the same experiments were conducted on the CHAD
dataset, with its results being reported in Table 5.17. Apparently, the overall
range of scores is much lower than observed on the VFP290K dataset, which
signifies the increased difficulty and complexity of the CHAD dataset com-
pared to the former. This comes mainly from the way the anomalous sam-
ples are composed, in particular the wider range of activities that are seen as
anomalous compared to the VFP290K. As described in Section 5.3.3.1, CHAD
consists of a higher variety of anomalous behavior patterns, hence the model
is expected to recognize a wider range of motion patterns being anomalous or
salient. Other than VFP290K the difference between these behaviors is much
more subtle, making it harder to distinguish between normal and anomalous
samples. Generally speaking the observations that are made on the CHAD
are similar to those on the VFP290K dataset. As the scenes in CHAD are
much more natural, i.e., with external influences like cars and other objects
that can occlude pedestrians at least partially, the utilized pose estimator has
to cope with more challenges. This results in specific cases, where the HPE
algorithm generates incorrect pose estimates, which will certainly have an
effect on the behavior analysis. Notably this is not just an observation that
can be made with the chosen HRNet variant but is a fundamental issue for
any HPE method.

The next extension to the training that was made is the loss function used
during training. Typically, the scenario for the supervised anomaly detection
task is shaped by a strong class imbalance where the normal class with way
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Table 5.18: Comparison of the the shrinkage loss and the mean squared error loss for training
the DualHeadAE on both CHAD and VFP290K dataset.

Dataset Approach AUC-ROC AUC-PR EER

CHAD Shrinkage Loss 0.6490 ± 0.0108 0.3716 ± 0.0135 0.4032 ± 0.0081
Mean Squared Error 0.6518 ± 0.0137 0.3844 ± 0.0181 0.4014 ± 0.0114

VFP290K Shrinkage Loss 0.9050 ± 0.0647 0.9635 ± 0.0286 0.1529 ± 0.0641
Mean Squared Error 0.9293 ± 0.0511 0.9754 ± 0.0207 0.1350 ± 0.0569

more samples. During training this way it can happen, that the model con-
centrates assigning everything to the normal class. To address this issue, the
shrinkage loss was introduced. However, as the results displayed in Table 5.18
indicate, on average the overall performance seems to decrease when training
rather than improving the performance. Yet it has to be stated, that these are
not significant results as the variance of the results shows. This observation
can be made on both regarded datasets.

The next group of experiments addresses the topic of privacy-friendliness
with respect to the training aspects mainly by adding synthetic samples to
the training. To do so, two different approaches were presented, the first
one working on existing real-world samples that generates pseudo-anomalies
by altering their pose configurations (cf. Section 4.4.3.4) and the second by
adding realistic synthetic (cf. Section 4.2.1) samples to the training process.
These experiments were performed in particular with the DualHeadAE on
the CHAD dataset. The corresponding obtained results are presented in Ta-
ble 5.19. For both scenarios the fundamental assumption is that such samples
help the model to distinguish normal samples from anomalous better by fo-
cusing more an the essentials of the normal movements. As the results indi-
cate, the pseudo-anomalies, which are indicated with pseud., do not improve
the performance of the DualHeadAE when included in the training. Espe-
cially when looking at the AUC-PR shows an negative impact on the training,
as the score is significantly smaller. A similar observation can be made using
the BinAE on the VFP290K dataset, which decreases in performance when en-
hanced with pseudo-anomalies as Table 5.16 reveals. The generated pseudo-
anomalies are too far from how anomalies that are represented in VFP290K
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Table 5.19: Performance impact of the enriched training process. In addition to the existing data-
set, synthetic samples obtained from the MixAMoR dataset are used to support the
training of the DualHeadAE. The experiments were performed on the CHAD data-
set.

Config AUC-ROC AUC-PR EER
DualHeadAE 0.6490 ± 0.0108 0.3716 ± 0.0135 0.4032 ± 0.0081
DualHeadAE + pseud. 0.6202 ± 0.0558 0.2621 ± 0.0326 0.4193 ± 0.0438
DualHeadAE + syn. 0.6407 ± 0.0112 0.3677 ± 0.0142 0.4122 ± 0.0083
DualHeadAE/NF@syn. 0.6914 ± 0.0581 0.4029 ± 0.0464 0.3514 ± 0.0483

look like, which confuses the model rather than providing beneficial informa-
tion. The permutations that are generated can yield samples that are noisier,
seem to be less disturbing for the CHAD dataset. Since the DualHeadAE uses
a shared encoder, it seems that the model is not able to generate suitable en-
codings when adding the pseudo-anomalies to the training. The BinAE at the
same time benefits from these pseudo-anomalies with respect to the results
reported on the CHAD dataset. Here, both branches are clearly separated,
hence each branch can focus on learning an own embedding, without inter-
fering with the other branch.

The MixAMoR dataset on the other hand consists of realistic samples that
show a particular similarity to the anomalous samples in CHAD. When fine-
tuning the DualHeadAE on these samples, a slight decrease in performance
can be observed as Table 5.19 indicates. Here, the utilization of MixAMoR is
indicated by syn. in the last two rows of the table. DualHeadAE/NF@syn.
corresponds to an extended version of the DualHeadAE, which was trained
on the CHAD data and combined with an instance of the STG-NF that was
trained on the MixAMoR samples. Although it looks like a strong improve-
ment at first glance, the variance in the obtained results indicates that the dif-
ference might not be significant. This comes in particular from the STG-NF
that yields strongly varying results on the CHAD, which indicates that the ac-
tual samples the model gets to see have a strong influence on its performance.
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5.4.2.3 Comparison with State-of-the-Art

Next, the final versions of BinAE and DualHeadAE are evaluated on the pre-
viously introduced datasets and compared with current state-of-the-art ap-
proaches presented in Section 3.4. Note that for the following tables, the re-
sults for the GEPC andMPED-RNN are taken from literature and provided for
reverence, whereas the results for the STG-NF andMoPRLwere obtained from
own experiments. Since the results for the first two approaches were taken
from literature, they are not really comparable to the other results shown in
the table. However, as the procedures are similar, they are still added for
reference.

The first comparison of the different approaches is based on SHTC-HR dataset.
As Table 5.20 indicates, all regardedmethods perform reasonablewell with the
STG-NF providing the best performance with respect to all computed metrics.
Meanwhile, the DualHeadAE shows by far the worst performance of all meth-
ods, which is even inferior to the MurzGAN, which however shows a strong
variance in the achieved results. This can be explained as mentioned earlier
in this section by the tricky training of GANs and its struggle to converge
during training. On the other hand, since the DualHeadAE is a supervised
approach, it expects samples for the anomaly class. In order to provide such
samples on the SHTC-HR dataset, the DualHeadAE uses pseudo anomalies as
only examples for the positive class. An explanation to this result is, that these
pseudo anomalies have nothing in common with actual anomalous samples,
which corresponds to the results and observation made on the VFP290K data-
set. In this particular scenario the model does not benefit from using these
samples and does not improve its performance. Furthermore these samples
seem to suppress the model from learning anything relevant from even the
real normal samples, irritating the encoder part which is shared between the
two heads.

The next dataset on which the performance of the different methods are com-
pared is the CHAD dataset. As mentioned earlier it is the most challenging
dataset for the SBAD evaluation, being at the same time the most comparable
scenario to a real-world setting. The look on the results reveals the espe-
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Table 5.20: Comparison of different methods for SBAD and VAD on the SHTC-HR dataset. Since
the DualHeadAE is a supervised approach that expect samples for both classes, it is
trained using pseudo anomalies as presented in Section 4.4.3.4. Furthermore the
results for GEPC and MPED-RNN are those reported in [Gol22b], which is why only
a single AUC-ROC value is provided and none for the other two evaluation metrics.

Method AUC-ROC AUC-PR EER
GEPC [Mor19] 0.6630 — —
MPED-RNN [Mar20] 0.7703 — —
STG-NF [Hir23] 0.8342 ± 0.0016 0.8565 ± 0.0018 0.2534 ± 0.0035
MoPRL [Yu24] 0.8126 ± 0.0029 0.7662 ± 0.0039 0.2592 ± 0.0038
DualHeadAE 0.4112 ± 0.0580 0.4973 ± 0.0292 0.5026 ± 0.0285
MurzGAN [Gol19c] 0.7055 ± 0.0856 0.6185 ± 0.2111 0.3404 ± 0.0679

Table 5.21: Comparison of different methods for SBAD and VAD on the CHAD dataset. GEPC
and MPED-RNN do not report results on CHAD and are therefore excluded from the
table.

Method AUC-ROC AUC-PR EER
STG-NF [Hir23] 0.6565 ± 0.0060 0.6962 ± 0.0047 0.3923 ± 0.0049
MoPRL [Yu24] 0.6132 ± 0.0189 0.5523 ± 0.0308 0.4246 ± 0.0145
BinAE [Gol22b] 0.5757 ± 0.0218 0.2194 ± 0.0241 0.4563 ± 0.0170
DualHeadAE 0.6490 ± 0.0108 0.3716 ± 0.0135 0.4032 ± 0.0081
MurzGAN [Gol19c] 0.5194 ± 0.0181 0.4995 ± 0.0918 0.4561 ± 0.0181

cially poor performance of the MurzGAN. As mentioned earlier in this sec-
tion, MurzGAN suffers from a hard and tricky training due to the utilization
of a GANs, which results in many different performance results indicated by
the high variance. What makes the approach even less favorable is the afore-
mentioned view dependency, which makes the approach usable for static se-
tups, yet needing to be trained on the specific view. Furthermore, the results
show that the two state-of-the-art approaches STG-NF and MoPRL perform
comparable to the DualHeadAE underlining the competitiveness of the own
approach. Again the STG-NF shows very good performance in differentiat-
ing between the distribution of normal an anomalous patterns, as well as the
motion prior used by the MoPRL, which shows its effectiveness, as it is fo-
cused on rating the movement of pedestrians, i.e., typical anomalies that are
represented in CHAD.
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The final experiments are conducted on the VFP290K dataset, which fo-
cuses on falling or laying people. Comparing all of the earlier mentioned

Table 5.22: Comparison of different methods for SBAD and VAD on the VFP290K dataset. The
results for GEPC andMPED-RNN are those reported in [Gol22b]. Due to the dynamic
character of the datasets, no experiments were performed with the MurzGAN.

Method AUC-ROC AUC-PR EER
GEPC [Mor19] 0.6403 — —
MPED-RNN [Mar20] 0.6934 — —
STG-NF [Hir23] 0.7317 ± 0.0421 0.5497 ± 0.0483 0.3372 ± 0.0381
MoPRL [Yu24] 0.5076 ± 0.0791 0.6507 ± 0.0514 0.4965 ± 0.0664
BinAE [Gol22b] 0.9640 ± 0.0183 0.9892 ± 0.0062 0.1099 ± 0.0346
DualHeadAE 0.9293 ± 0.0511 0.9754 ± 0.0207 0.1350 ± 0.0569

.
approaches on the VFP290K dataset reveals that BinAE and DualHeadAE
both achieve by far the best performance in the given setup, whereas the
other approaches struggle to capture the necessary details in order to detect
the anomalies defined by the VFP290K dataset. As explained earlier, both
approaches benefit from the information about the anomalous or relevant
behavior patterns. All other methods were trained only with the normal
samples, despite the STG-NF, which can be trained in a supervised manner
as well. GEPC and MPED-RNN show, that even without positive samples a
reasonable performance can be achieved on the VFP290K dataset. This may
be even due to the clearly distinguishable normal and anomaly class, which
can be easily separated by the approaches. Even the basic AEn part of the
DualHeadAE, which corresponds to the GEPC but without the Dirichlet mix-
ture model for the cluster association, achieves an already good performance.
Interestingly this extension of the GEPC does not really seem to provide an
advantage on the VFP290K dataset over the AE itself. The worst performance
is achieved by the MoPRL, which stumbles across its inherent assumption:
The method assumes that the anomalous samples show a certain movement
pattern that is based by a generally increased motion speed captured in
the pose sequences and modeled in the motion prior. This still works for
certain cases, like for example people falling after they have been running,
but not such that are already lying or are collapsed. Note that MurzGAN is
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not evaluated on the VFP290K dataset, since it is trained per view which do
not exist for this dataset since they are recorded from an hand-held camera.
Furthermore, analogously to the evaluation on SHTC-HR, the results of the
GEPC and MPED-RNN are taken from literature.

5.4.2.4 Qualitative Results

Lastly, this section takes a qualitative look on two datasets, the introduced
HeR19 and CaWa18 dataset using the final DualHeadAE model that was
trained using the CHAD dataset, since it is the closes fit to the both scenarios.
Both datasets differ to a large extent: While the former shows in total only
two humans in a scene, where the male person runs towards the female
person both encountering each other, the latter shows a crowd with many
more people in a single scene.

HeR19 is taken into consideration to have a look on how the DualHeadAE
handles subtle changes in behavior. The first scene of the dataset shows
the man attacking the woman after he reached her, while the second scene
emerges to be a surprise resulting in an exaggerated hug. Figure 5.16 shows
the scoring output of the DualHeadAE for the two sequences of the HeR19
dataset. As mentioned above both sequences are very similar to each other
showing the same scene. The upper plot depicts how the frame level score
output of the DualHeadAE evolves over time on the aggressive scene, while
the lower plot does so for the normal scene. Right in the beginning, in both
scenes of the HeR19 dataset starts already with a score around 0.75 to 0.86.
The reason for this is the person at the top edge that is waiting to enter the
scene. The HRNetW48 struggles to estimate a robust pose, resulting in a hard
to handle situation for the DualHeadAE. As the man runs towards the cen-
ter of the scene, the score goes slightly down until the actual fight starts. A
look on the lower curve, i.e., the results for the second scene, shows that there
is also a peak at the point both persons encounter each other, however still
staying at the lower end of the score, indicating that the DualHeadAE

In an analogousmatter, Figure 5.17 depicts the score over time on the CaWa18.
For the first 100 frames there are two groups of pedestrians overlapping for
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Figure 5.16: DualHeadAE scores over time on both sequences of HeR19. Higher scores indicate
anomalous behavior. Apparently the score is high for both scenes right at the be-
ginning coming from the pose estimator not generating a robust and correct pose
for the man at the top of the frames.

the exact timespan. After these large groups separate, the scores goes down
slightly, still dominated by the many faulty estimations of the pedestrians
poses. At around frame 210 to 230 a boy runs in the scene, which is rated
with a high score by the DualHeadAE resulting in a slightly increased total
score. As already stated for the experiments with regard to the HPE task in
Section 5.4.1.2, the dataset is very challenging for the particular task. Conse-
quently, an algorithm like the introduced DualHeadAE that solely relies on
the pose estimation has to cope with all problems of the utilized pose esti-
mator. These examples reveal how challenging very crowded situations are
for purely pose based analysis. Not only the level of crowdedness plays an
important role, but the resolution of the regarded pedestrians. Therefore it
is eminently important to have a robust pose estimator. However, as shown
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Figure 5.17: DualHeadAE scores over time on the CaWa18. Higher scores indicate anomalous
behavior. Apparently the score stays high over the whole scene, which comes
mainly from the overwhelmed HRNetW48 which has to estimate robust poses in
very crowded situations.

Figure 5.18: Exemplary frames from HeR19 and CaWa18. The left and middle frame show the
subtle difference, where one situation (left) is a real attack and the other is just a
hug. In contrast the CaWa18 sample shows a situation where the DualHeadAE or
any SBA approach has to cope with.

in Section 5.4.1.2, HPE methods in general are struggling with scenarios as
the one given by the CaWa18 dataset or other situations where people are
overlapping as shown in Figure 5.18. With respect to the privacy-friendly
behavior analysis, a better choice might be using a holistic approach rather
than a skeleton-based one.

To summarize, the SBAD task is still a very challenging one, however as the re-
sults show these kind methods are already suited for certain kind of situations
that allow for good separation of people. As the results show, the own ap-
proaches are competitive with other state-of-the-art approaches, yet showing
still room for improvement. However, especially the attempts to improve the
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performance using synthetic augmentation of the training overall did not im-
prove the performance of the DualHeadAE. Further improvement may come
from including more effort into the design of the synthetic data with respect
to the overall perspective and choice of activities. With respect to the model
itself it might be advisable to include concepts like the motion prior [Yu24]
or other focused ideas like the normalizing flows [Hir23] as orthogonal con-
cepts that possibly allow in combination with the base DualHeadAE to in-
crease the performance even more, especially for the still challenging cases.
As mentioned multiple times, the pose estimation for pedestrians can fail in
particularly challenging situations, resulting in unavailable or defect poses,
which will have an influence on the classification. However, exactly these
cases might be a good choice to use, as the failure of an pose estimator may
be a sound indicator that something relevant is going on.
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This chapter finalizes the dissertation, where Section 6.1 summarizes the con-
tributions and results of thiswork and reviews themwith respect to the overall
aim on privacy-friendliness. Section 6.2 gives an outlook on open issues and
possibilities to extend the research on privacy-friendliness in human behav-
ior recognition for surveillance scenarios.

6.1 Summary

6.1.1 Contributions and Results

How can we implement privacy-friendly human behavior analysis into a
video surveillance world that is defined by privacy concerns as soon as
human related video or image material is regarded? This is a question
that has shaped and influenced the research conducted in this dissertation,
examining various stages of data-driven machine learning approaches as
illustrated in Figure 6.1. The central idea that was adapted to achieve this
goal is the utilization of human pose information, representing pedestrians
as skeletons, which carry as much information as necessary to analyze the
behavior of pedestrians.

Although there exists a wide variety of algorithms andmachine learningmod-
els for the estimation of human poses, their application to urban video sur-
veillance scenarios is particularly challenging as shown in Section 5.4.1 and is
rarely regarded by researchers. To address this specific setting, the need for
suited and appropriate data arose which had to be handled in a way that is
privacy-friendly. For this purpose a synthetic dataset was presented that has
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Figure 6.1: Illustration of a typical chain of steps, beginning with the data related operations,
the design and training of machine learning models and the final application phase.

been designed to fit the described scenario, i.e., typical urban video surveil-
lance settings, and focuses on providing many pedestrians at the same time
with mutual occlusions. Along with this particular dataset a new set of met-
rics was presented, that aims to describe a given situation with respect to its
crowdedness. The so-called Graph Crowd Index generalizes the Crowd In-
dex [Li19] and addresses certain of its drawbacks for the particular scenarios
that are typical for video surveillance setups like the elevated view.

As such synthetic data typically shows a certain domain gap towards real-
world applications, this dataset was furthermore subject of a domain adapta-
tion process for which a Cycle-GAN-basedmodel was developed that is able to
adapt the synthetic data to a desired target domain. The experiments showed,
that a carefully designed target domain representation can be beneficial to
the overall performance of a HPE approach if trained on such. At the same
time, the choice of target domain dataset is crucial, as the DA process may
shift the source data still leaving a domain gap. Since the results on HGH18
dataset show, that way it is even possible to outperform recognition perfor-
mance compared to the training on publicly available datasets. But there is
still room for improvement. Particularly not only selecting the appropriate
target domain data is crucial, but also the design of the source domain data.
Themore is known about the appearance of the application domain, the better
a suitable source domain dataset can be designed and recorded. As the results
presented in Section 5.4.1 showed, the basic appearance of the source domain
data is as important as the choice of the right target domain data. Altogether,
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generalization in such scenarios is still an issue that has to be addressed in
future work.

Last but not least, the actual behavior analysis was addressed with two dif-
ferent kinds of methods, a holistic and a human-centered approach which
were both compared with other state-of-the-art methods, both showing their
strengths and weaknesses. While the holistic approach suffers from vari-
ous drawbacks, like difficulties in training due to the GAN-based approach,
the human-centered method showed competitive performance as presented
in Section 5.4.2. In particular, the MurzGAN showed to work well for eas-
ier and mostly academic scenarios as defined by datasets like UCSD or SHTC,
whereas it was not able to capture the relevant information for scenarios with
more subtle behaviors and motion patterns like CHAD, or it was simply not
applicable due to the dynamic camera setups, as it is the case for the VFP290K
dataset. For the SBAD scenario the experiments showed that it is still a very
challenging taks, however as the results show these kind methods are already
suited for certain kind of situations that allow for good separation of people.
As the results further indicate, the own approach DualHeadAE is competitive
with other state-of-the-art approaches, yet showing still room for improve-
ment. In particular it might be advisable to include concepts like the motion
prior [Yu24] or other focused ideas like the normalizing flows [Hir23] that
possibly allow in combination to increase the performance even more, espe-
cially for the currently still challenging cases. Essentially, the pose estimation
for pedestrians can fail in particularly challenging situations, resulting in un-
available or defect poses, which will have an influence on the final behavior
classification. However, exactly these cases might be a good choice to include
into the training, as the failure of an pose estimator may be a sound indicator
that something relevant is going on.

Comparing the skeleton-based approaches with the state of the art turned out
to be especially challenging, due to the lack of a unified way of benchmarking
the various models. This is the reason why such a unified evaluation pipeline
was introduced that brings these state-of-the-art methods together providing
a benchmark which can be used to assess and compare the performance of ar-
bitrary Skeleton-based Behavior Analysis methods. In particular this pipeline
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was applied to compare a selection of state-of-the-art approaches as done in
Section 5.4.2. Following the provided benchmark, the results show that tak-
ing privacy into consideration when developing models that solely rely on
pose information without loss of accuracy is a challenging task, leaving still
room for improvement. Especially since following such motivation improves
the acceptance of (smart) video surveillance within the society [Gol22a], this
is a strong reason that underlines the application of Skeleton-based Behavior
Analysis methods particularly for authorities.

In summary this thesis contributes to the research on privacy-aware method-
ologies for the application field of (smart) video surveillance by addressing
various aspects of the development pipeline. The provided behavior analysis
pipeline in particular is already suited for real-world application but leaves
still room for improvement. However, in its current form it can be already
used as a semi-automatic pre-filtering step that helps authorities to process
incoming video data. That way the developed methods can be forwarded in
future into a more focused classification model, enabling even better notifi-
cations that might carry information about the actual activity that was per-
formed. The overall result of this research is just a snapshot showing, that it is
already possible to preserve data privacy in modern computer vision system,
while achieving reasonable results. However the application of such systems
is strongly regulated by the GDPR and local legal rules in different countries,
like the police law in Baden-Wuerttemberg in Germany [Lan20].

6.1.2 Review on Privacy-Friendliness

To finalize the thesis, this section takes conclusive look on the privacy-
friendliness as leading point for the research at hand. Despite the motivation
of using abstract pedestrian representation in terms of 2-dimensional skele-
tons, there still remain questionable aspects for this choice of feature. Even
though skeletons achieve to abstract people from most external influences,
like cues on their ethnicity and political orientation, certain other aspects
remain recognizable. First and foremost, various studies have proved that
re-identifying people is possible based on gait analysis [Elh20, Zha22, Li23].
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This may be an issue for future applications of skeleton-based systems as they
might lose the eligibility of being classified as privacy-friendly, which would
be an even bigger issue, at the latest when it turns out that such information
facilitates an identification of people based on their skeletal representations.
Furthermore, since the skeletons represent the physical properties of the
regarded human being, possibly allowing to recognize whether the person is
a child or has a severe physical disability like missing extremities or because
the person is sitting in a wheel chair.

Genuinely speaking the behavior analysis pipeline is far from perfect with re-
spect to the privacy topic. At this point, the temporal tracking of individuals
is performed based on RGB features, however this can be possibly replaced
by other concepts, like classical Bayesian filtering approaches as presented
in [Gol21]. Even here it could be possible to use synthetic data to train the
inherent motion model represented by the used recurrent neural network,
which would allow for reducing the amount of influence and need for RGB
data within the behavior analysis pipeline. Furthermore, the attempts to im-
prove the performance by adding synthetic samples showed no real improve-
ment, which calls either for even more effort in generating appropriate sam-
ples or for real-world data, where the latter again would be to consider as
rather critical with respect to the privacy aspect.

6.2 Outlook

As motivated in the beginning of this thesis, the overall aim is the address-
ing of privacy concerns in various situations throughout the development of
an ideally privacy-friendly behavior analysis pipeline. However, due to the
complexity of this task and the variety of aspects that exhibit the potential
of bringing risk to the violation of privacy There are still various issues open
that have to be addressed in future work. With respect to different topics of
this thesis, the following Sections 6.2.1 to 6.2.3 give an outlook on open and
future tasks.
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6.2.1 Human Feature Representation

With respect to privacy-friendliness in human representations, there is no
doubt that using just 2-dimensional flat information as done throughout this
thesis is a rather disadvantageous choice and results in certain ambiguities.
However, as explained in the introduction, the choice for 2-dimensional skele-
tons is mainly limited by the current hard- and software systems available and
used by the authorities. As presented in Section 3.1.1, there is already research
going beyond the established 2-dimensional skeletons, which presents vari-
ous approaches and provides a variety of datasets that aim on using additional
modalities, e.g., in closer setups like driver monitoring in cars. These offer the
potential to improve the extraction of human poses or other equivalent fea-
tures, by using further active or passive sensor systems. However, bringing
such technologies closer to application is not just solely an algorithmic issue,
but expects companies to develop suited hardware systems that are capable
of providing these additional modalities, and obviously authorities to adapt
such kind of technologies. Extracting 3-dimensional poses from RGB data, is
rather challenging and as the literature on HPE for surveillance and security
applications shows, a niche topic. Further research on 3-dimensional pose
estimation and the usage of sensors that are able to provide 3-dimensional
information about the observed scene is necessary, especially when aiming
to convince authorities and companies to focus on adapting such methods.
There is no doubt, that using the additional dimension increases robustness
of systems and algorithms that aim on interpreting and classifying behavior
of pedestrians. The crucial point however is the need for further research
has to go beyond solely relying on image data, and adapt further modalities,
especially when provided by leading companies¹. This research should be ide-
ally accompanied by privacy-related studies that further investigate whether
these technologies and the resulting algorithms really are as privacy-friendly
as they seem in the first place.

¹ AXIS Q1656-DLE uses Radar as additional modality to image data.
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6.2.2 Generation of Training Data

As shown in this thesis, generative approaches have the potential in improv-
ing the performance of HPE approaches trained on synthetically generated
data. GANs have dominated the last decade and have proved their suitability
for various tasks, despite the style transfer or domain adaptation as regarded
in Section 4.3, there are even further applications of such systems, like e.g.,
motion transfer. The task of motion transfer goes beyond just altering the
style of an image to achieve a better fit to the target domain. While for style
transfer it is assumed to have an entirely unlabeled target domain, motion
transfer expects the target domain to contain corresponding information, so
that these can be changed accordingly. For motion transfer the approaches
aim on learning a mapping between a certain colored skeletal representation
and the appearance of a particular person. The persons appearance is then
transferred into new setups by mapping the appearance on another skeletal
representation in a new setting defined by the target domain. By this point,
research has been primarily conducted on single person or few people at the
same time with each being represented in high resolution video material. As
Figure 6.2 shows, adapting this approach for surveillance setups is even more
challenging and is underlined by the research presented by Kong [Kon21],
who investigated certain of these challenges. Today, seeing the prominent
success of foundation models in the field of generative AI might entail further
progress for both of these scenarios. Currently, there is only few research
on the application of such, especially with respect to the field of video sur-
veillance footage. An appropriate examination of how to use these kinds of
models to generate training data based on a synthetic reference dataset will be
subject to further research following this dissertation. Despite the algorith-
mic choice, there is also the design process of the synthetic reference dataset.
Although the SyMPose dataset as used in this thesis has been designed to suite
the basic target domain, even more time could be invested to tailor an even
better fitting dataset. This may include using further GTA modifications, e.g.,
such that already increase the rendering quality, or completely switching to
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Pose Rendering Appearance Transfer

input frame rendered image
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adapted frame

Figure 6.2: Illustration of the conceptual process of motion transfer. First, the skeletons from
the source sequence, here SyMPose, are taken and rendered as a single image per
frame. These images are created in such way, that each pedestrian shows a certain
appearance. The rendering is then used to generate a new frame in the target domain,
which is here given by Human in Events dataset [Kon21].

generate data with existing and freely available game engines like Unity¹ or
Unreal Engine², which however expects the user to understand a much more
complex system due to the increased degrees of freedom.

6.2.3 Behavioral Analysis

As mentioned in Section 3.4, skeleton-based methods are becoming ever
more popular with respect to video-based behavior analysis. Depending on
the actual problem, Skeleton-based Action Recognition and Skeleton-based
Anomaly Detection are typical applications, however with the privacy issues
in mind, most approaches are still based on RGB data. This may potentially
lead the behavioral analysis to base its decision on features that are possibly
not directly related to the behavior, like the ethnicity or political orienta-
tion of people. While statistically certain correlations can undoubtedly be
inferred from the appearance of a person, this kind of preoccupation is no
desired virtue for an automatic system. As shown in [Gol22a], the European

¹ https://unity.com/
² https://www.unrealengine.com/
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population appreciates the efforts of using as few data as possible, and with
respect to the AI Act [Eur24] such system can currently be classified as of
low risk for the society. These are points that underline the importance of
systems as presented in this thesis. SBAD seen as an one-class problem may
be used to pre-filter situations before applying much more sophisticated and
finegrained classifications as done for SBAR. Although the presented method
for SBAD does not use visual cues to rate the relevance or saliency of a
given sequence of movements, there are preceding steps that still use pure
RGB data, resulting in the same issues as mentioned above. As investigated
in [Gol21], one way to reduce the impact of real-world data could be to
use synthetic data in combination with an AI-based Bayesian filtering ap-
proach [Oka19] to perform the temporal construction of skeleton sequences
that can then be analyzed using the presented DualHeadAE approach or any
other skeleton-based method as introduced in this thesis.

As stated by Flaborea et al. [Fla23], SBAD should be interpreted as a multi-
class, rather than a one-class problem. Anomalous or relevant movement
patterns show properties with a wide range of variations, which results in
a hard task to distinguish between these intrinsic variations, especially since
appropriate data is often not available. Applying generative methods like sta-
ble diffusion or normalizing flows to produce pseudo-anomalies may help
to overcome the resulting limitations and might even improve behavioral
anomaly detection, by interpreting the overall task not just as a one-class
problem. Furthermore, the approach presented in this thesis could be im-
proved even further by combining it with zero- or few-shot learning tech-
niques, e.g., CLIP [Rad21], to handle such rare cases, either by real-world
samples or by synthetically generated ones as described earlier.
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Own Publications

This section serves as a comprehensive index of the author’s publications,
which can be organized into four distinct topics. These topics encompass var-
ious areas, including:

• Human Pose Estimation and Tracking – Explored in [2], [9].

• Anomaly Detection and Behavior Analysis – Covered in [1], [3], [5],
[12], [13], [14].

• Domain Adaptation – Addressed in [6].
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1080p set of high-definition video modes characterized
by 1,920 pixels displayed across the screen hori-
zontally and 1,080 pixels down the screen verti-
cally; also known as Full HD or FHD

480p set of video modes characterized by 480 pixels dis-
played down the screen vertically

720p set of high-definition video modes characterized
by 1,280 pixels displayed across the screen hori-
zontally and 720 pixels down the screen vertically;
also known as HD

HRNet Neural Network (NN) architecture for HPE that
is able to maintain high-resolution representa-
tions through the whole process. It starts from
a high-resolution subnetwork as the first stage,
and gradually adds high-to-low resolution subnet-
works one by one to form more stages, and finally
connects the multi-resolution subnetworks in par-
allel [Sun19]

AlexNet first CNN that used GPU to boost perfor-
mance [Kri12]
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AlphaPose top-down human pose estimator by Fang et al.
[Fan23]

BERT Bidirectional Encoder Representations from
Transformers [Dev18]

CaWa18 internal dataset collected during the CaWa 2018

ConvNeXt modern CNN architecture

Crowd Aggregation motion based measure to characterize crowds

Crowd Collectiveness measure to characterize a given crowd based on its
intrinsic motion and movements

CrowDPB Crowded Dataset for Human Pose Estimation and
Behavior Analysis is a collection of video se-
quences and frames created for this thesis with
the purpose of evaluating performance of Human
Pose Estimation, Domain Adaption, Video-based
Anomaly Detection, and Skeleton-based Anomaly
Detection

CrowdPE internal multi-purpose dataset consisting of vari-
ous single frames and sequences showing crowded
situations on different events

CrowdPose diverse dataset for human pose estimation in
crowded scenes, crucial for training algorithms in
complex environments.
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Cycle-GAN neural network architecture consisting out of two
GAN frameworks used for various task where
different images have to be translated into each
other [Zhu17]

DualHeadAE Two-headed AE consisting of one encoder and two
decoders, one for normal and the other for abnor-
mal inputs.

FBX proprietary file format providing interoperability
between different digital content creation applica-
tions

Fraunhofer IOSB Fraunhofer-Institute of Optronics, System Tech-
nologies and Image Exploitation IOSB

HeR19 internal dataset containing videos provided in
2019 by HeR

HGH18 internal dataset collected during the Hafengeburt-
stag Hamburg 2018

HGH18-DA subset of HGH18 without annotations but repre-
senting the target domain in DA

HGH18-HPE subset of HGH18 annotated with keypoints and
bounding boxes of humans

ImageNet image database consisting of millions of images,
which is the basis for the training of most large-
scale models
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JFT-300M internal dataset from Google for training image
classification models. It contains 300 million im-
ages with approximately 375million labels, which
are selected by an algorithm tomaximize precision
for the chosen images [Sun17]

LSGAN similar to the VanillaGAN, but using the least
squares loss

macroscopic refers to methods in the scope of anomaly detec-
tion that are human-centered

microscopic refers to methods in the scope of anomaly detec-
tion that are holistic

MurzGAN GAN-based approach for VAD [Gol19c]

OpenPose bottom-up human pose estimator by Cao et al.
[Cao21]

pix2pix cGAN architecture that was developed by Isola et
al. [Iso17]. Unlike VanillaGAN which uses only
real data and noise to learn and generate images,
cGAN uses real data, noise as well as labels to gen-
erate images.

PoseTrack dataset for HPE mostly focusing on videos

SimpleBaselines collection of human pose estimation networks
provided by Xiao et al. [Xia18]

StrongSORT deep learning based framework for tracking ob-
jects introduced by Du et al. [Du23]
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Transformer NN architecture initially presented for the task of
NLP that is applied to many other fields and is the
basis of many foundation models

U-Net U-Net is a widely known encoder-decoder-
network that was firstly applied for the segmen-
tation of neuronal structures [Ron15]

VanillaGAN Reference GAN architecture as initially proposed
by Goodfellow et al. [Goo14]

VGG16 neural network architecture typically used for im-
age classification, and today still used as feature
extractor for various applications

ViTPose human pose estimation architecture build upon
the Vision Transformer [Xu22b]

WiFi is a family of wireless network protocols based
on the IEEE 802.11 family of standards, which are
commonly used for local area networking of de-
vices and Internet access, allowing nearby digital
devices to exchange data by radio waves

WorldExpo ’10 public dataset collected during the World Expo
2010 in Shanghai, China

YOLO object detection framework that consists of multi-
ple versions
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A.1 SyMPose
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Figure A.1: Visual comparison of CI and sGCI for different images. This illustration is based on
a uniform random draw from SyMPose. Each point corresponds to a frame taken
from SyMPose. The figure shows, that with increasing CI the sGCI spreads.
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1Figure A.2: Overview over all index CI distributions for each sequence contained in the final
SyMPose dataset. The Crowd Index stays for most of the time near to a value of 1.0
with only few stronger outliers as there are e.g., in 𝑆8 and 𝑆18.
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1Figure A.3: Overview over all index nGCI distributions for each sequence contained in the final
SyMPose dataset. It is obvious that the nGCI results in a shift towards higher values
compared to those from CI.
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Figure A.4: Exemplary frames from SyMPose. These are corresponding source domain images
for the results in Figure 5.8 and Figure 5.10.
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A.2 CrowDPB: Human Examples

Figure A.5: Random examples from CrowDPB.The upper two rows show samples from HGH18,
the middle two rows from CaWa18, and the lower two rows from CrowdPE.
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A.3 Crowd Measures: Examples and
Supplements

A.3.1 Example: Crowd Index

For a better understanding of the Crowd Index a simplified example is given
in Figure A.6a. The reference person 0 has two interfering individuals shown
in green (person 1) and blue (person 2), which partially colide with the bound-
ing box of person 0. Based on this scenario, the resulting Crowd Ratio is

𝜉0 =
𝑛10 + 𝑛20
𝑛00

= 5 + 5
15 = 2

3 ≈ 0.6667 (A.1)

This example already shows a major flaw of the CI: Person 1 and 2 are border
cases, whereas person 0 is an inner case. Albeit the relatively high Crowd
Ratio for person 0, the overall effect on the CI is rather low, since for such
scenario the border cases exceed the inner cases.

𝜉1 =
𝑛01 + 𝑛21
𝑛11

= 5 + 0
15 = 1

3 ≈ 0.3333 (A.2)

𝜉2 =
𝑛02 + 𝑛12
𝑛22

= 2 + 0
15 = 2

15 ≈ 0.1333 (A.3)

As by definition, the resulting CI is

𝑓CI =
1
3

2
∑
𝑖=0

𝜉𝑖 =
1
3(
2
3 +

1
3 +

2
15) =

17
45 ≈ 0.3778 (A.4)

In contrast, the corresponding MOT measure yields 𝑓MOT = 3, which is less
informative than the CI since the value does not give any insight in the overall
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relative spatial distribution of the individuals.

𝐴0 = 𝑤 ⋅ ℎ = 12 ⋅ 23 = 276
𝐴1 = 𝑤 ⋅ ℎ = 13 ⋅ 22 = 286
𝐴2 = 𝑤 ⋅ ℎ = 7 ⋅ 20 = 140

(A.5)

𝜓01 =
276
286 ≈ 0.9650

𝜓02 =
140
276 ≈ 0.5072

(A.6)

𝐽01 =
252

276 + 286 − 252 =
252
310 ≈ 0.8129

𝐽02 =
114

276 + 140 − 114 =
114
302 ≈ 0.3775

(A.7)

bounding box of person 2
bounding box of person 1

bounding box of person 0

(a) Example with Keypoints

bounding box of person 2
bounding box of person 1

bounding box of person 0

(b) Example with Bounding Boxes

Figure A.6: Exemplary illustration of the original and generalized Crowd Ratio. On the left part
of this figure, the circles indiciate keypoints corresponding to three different per-
sons. Keypoints within the black bounding box of the reference person are drawn
in a dark color, whereas keypoints outside the bounding box and hence without ef-
fect on the Crowd Ratio are shown in a lighter tone. In addition, the bounding boxes
for person 1 and 2 are indicated as well by the colored dashed rectangles. The right
hand side shows the identical scenario as given on the left but with no keypoints
available. This can be seen as a more general case compared to the original CI.
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The resulting area is hence 𝑤 ⋅ ℎ = 3.5 ⋅ 4.5 = 15.75 for each boundingbox
and therefore 𝜓𝑖𝑘 = 1.0 for every 𝑖, 𝑘 ∈ {0,1,2}.

A.3.2 Graph Crowd Index

This section provides some additional information and mathematical consid-
erations that explain or underline the properties of the GCI.

Proposition A.1. 𝐽𝑖𝑘 ≤ 𝜓𝑖𝑘 for 𝑖,𝑘 ∈ ℐ

Proof. w.l.o.g. let |𝐴𝑖| ≤ |𝐴𝑘| with |𝐴𝑖|, |𝐴𝑘| > 0. Furthermore, let |𝐴𝑖| ≔
𝑎1𝑎2 and |𝐴𝑘| ≔ 𝑏1𝑏2.
There are three cases to consider:

(C0): 𝐴𝑖 ∩ 𝐴𝑘 = 𝐴𝑖

(C1): 𝐴𝑖 ∩ 𝐴𝑘 = ∅
(C2): 𝐴𝑖 ∩ 𝐴𝑘 = 𝑋 ⊂ 𝐴𝑖 with 𝑋 ≠ ∅

Case (C1):
𝐽𝑖𝑘 =

|𝐴𝑖∩𝐴𝑘|
|𝐴𝑖∪𝐴𝑘|

= |𝐴𝑖|
|𝐴𝑘|

= 𝑎1𝑎2
𝑏1𝑏2

= 𝜓𝑖𝑘

Case (C2):
𝐽𝑖𝑘 =

|𝐴𝑖∩𝐴𝑘|
|𝐴𝑖∪𝐴𝑘|

= |∅|
|𝐴𝑖|+|𝐴𝑘|

= 0
𝑎1𝑎2+𝑏1𝑏2

< 𝑎1𝑎2
𝑏1𝑏2

= 𝜓𝑖𝑘

Case (C3):
From the given pre-conditions results that |𝑋| < |𝐴𝑖| ≤ |𝐴𝑘|, and therefore
𝐽𝑖𝑘 =

|𝐴𝑖∩𝐴𝑘|
|𝐴𝑖∪𝐴𝑘|

= |𝑋|
|𝐴𝑖|+|𝐴𝑘|−|𝑋|

= 𝑥1𝑥2
𝑎1𝑎2+𝑏1𝑏2−𝑥1𝑥2

< 𝑥1𝑥2
𝑏1𝑏2

< 𝑎1𝑎2
𝑏1𝑏2

= 𝜓𝑖𝑘
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Proposition A.2. 𝑠𝑖,nGCI ≥
𝑠𝑖,sGCI
√𝑛

Proof. w.l.o.g. let |𝐴𝑖| ≥ 1, i.e.,..., and let 𝐚 ≔ (|𝐴0|, … , |𝐴𝑛−1|)

𝑠𝑖,nGCI
def=
√√√
√

|𝐴𝑖|
1
𝑛
∑𝑛−1

𝑗=0 |𝐴𝑗|
= √𝑛 ⋅

√√√
√

|𝐴𝑖|
∑𝑛−1

𝑗=0 |𝐴𝑗|
= √𝑛 ⋅ √|𝐴𝑖|

√∑𝑛−1
𝑗=0 |𝐴𝑗|

≥ √𝑛 ⋅ √|𝐴𝑖|
∑𝑛−1

𝑗=0 √|𝐴𝑗|
=
𝑠𝑖,sGCI

√𝑛
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Proposition A.3. 𝑓sGCI ≤ 𝜆 ⋅ 𝑓nGCI

Proof. w.l.o.g. let |𝐴𝑖| ≥ 1, i.e.,..., 𝜆 ≔ 𝐿sGCI

𝐿nGCI
and let 𝐚 ≔ (|𝐴0|, … , |𝐴𝑛−1|)

𝑓sGCI = 𝐿sGCI ⋅
𝑛−1
∑
𝑖=0

𝑐𝑖 ⋅ 𝑠𝑖,sGCI

= 𝐿sGCI ⋅
𝑛−1
∑
𝑖=0

𝑐𝑖 ⋅ 𝑠𝑖,sGCI ⋅
∑𝑛−1

𝑗=0 𝑠𝑗,nGCI

∑𝑛−1
𝑗=0 𝑠𝑗,nGCI

≤ 𝐿sGCI ⋅
𝑛−1
∑
𝑖=0

𝑐𝑖 ⋅ √𝑛 ⋅ 𝑠𝑖,nGCI ⋅
∑𝑛−1

𝑗=0 𝑠𝑗,nGCI

∑𝑛−1
𝑗=0 𝑠𝑗,nGCI

= √𝑛 ⋅ 𝐿sGCI ⋅
𝑛−1
∑
𝑖=0

𝑐𝑖 ⋅ 𝑠𝑖,nGCI ⋅ ∑
𝑛−1
𝑗=0 𝑠𝑗,nGCI

∑𝑛−1
𝑗=0 𝑠𝑗,nGCI

= 𝜆 ⋅ √𝑛 ⋅ 𝐿nGCI ⋅
𝑛−1
∑
𝑖=0

𝑐𝑖 ⋅ 𝑠𝑖,nGCI

∑𝑛−1
𝑗=0 𝑠𝑗,nGCI

⋅
𝑛−1
∑
𝑗=0

𝑠𝑗,nGCI

= 𝜆 ⋅ √𝑛 ⋅ 𝐿nGCI ⋅
𝑛−1
∑
𝑖=0

𝑐𝑖 ⋅ √|𝐴𝑖|
∑𝑛−1

𝑗=0 √|𝐴𝑗|
⋅
𝑛−1
∑
𝑗=0

√|𝐴𝑗|

= 𝜆 ⋅ √𝑛 ⋅ 𝑓nGCI ⋅
𝑛−1
∑
𝑗=0

√|𝐴𝑗|

≤ 𝜆 ⋅ 𝑓nGCI
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A.4 Behavior Analysis Datasets

Figure A.7: Exemplary frames from UCSD Pedestrian dataset that was used as a basis for the
evaluations of MurzGAN in [Gol19c]. The dataset is characterized by a very low
resolution and a static setup that consists of just one view. Furthermore, the image
material is recorded in grayscale. According to Sharif et al. [Sha22] its two subsets
Ped1 and Ped2 are still among the most frequently used anomaly detection datasets.
As of mid-2024, they lead the list of used video anomaly data sets.

Figure A.8: Exemplary frames from the different datasets. Each row contains four images per
dataset, from top to bottom: CaWa18, CHAD, HGH18, SHTC, VFP290K, HeR19.
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Table A.1: Results for different blocks or layers of different semantic feature extractors.

Layer / Block ViT-B16 ViT-B32 VGG16
1 0.6530 ± 0.1021 0.6297 ± 0.0755 0.6508 ± 0.0816
2 0.6311 ± 0.1057 0.6191 ± 0.1047 0.6543 ± 0.0806
3 0.6138 ± 0.1078 0.6114 ± 0.1080 0.6458 ± 0.0778
4 0.5947 ± 0.1061 0.5952 ± 0.1081 0.6700 ± 0.0854
5 0.5810 ± 0.0889 0.5808 ± 0.1082 0.6703 ± 0.0852
6 0.4971 ± 0.0609 0.5644 ± 0.1040 0.6630 ± 0.0882
7 0.5207 ± 0.0557 0.5678 ± 0.1046 0.6850 ± 0.0888
8 0.5368 ± 0.0475 0.5790 ± 0.1014 0.6842 ± 0.0911
9 0.5445 ± 0.0405 0.6033 ± 0.1115 0.6635 ± 0.0844
10 0.5564 ± 0.0388 0.6147 ± 0.1015 0.6852 ± 0.0887
11 0.5764 ± 0.0605 0.6180 ± 0.1087 0.6897 ± 0.0890
12 0.5765 ± 0.0646 0.5962 ± 0.1088 0.6789 ± 0.0854
13 — — 0.6750 ± 0.1086

Table A.2: Results for different blocks or layers of different semantic feature extractors.

Layer / Block Swin-T Swin-B ConvNeXt-t ConvNeXt-s
1 0.6049 ± 0.0877 0.6038 ± 0.0825 0.6030 ± 0.0959 0.5795 ± 0.0909
2 0.5842 ± 0.0911 0.5669 ± 0.0828 0.5801 ± 0.0907 0.5625 ± 0.0842
3 0.4773 ± 0.0591 0.4917 ± 0.0304 0.5230 ± 0.0625 0.5271 ± 0.0546
4 0.4929 ± 0.0432 0.4880 ± 0.0354 0.5611 ± 0.0818 0.5383 ± 0.0509
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A.5 Domain Adaptation

A.5.1 Hafengeburtstag Hamburg 2018

Figure A.9: Overview over sequences contained within the HGH18 dataset sorted by ascending
recording time from top-left to bottom-right.
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Table A.3: Mean and standard deviation values for different own datasets and the correspond-
ing color channels, where each channel takes values between 0 and 1. These val-
ues are the basis for data preprocessing. Apparently, every dataset shows a slightly
different characteristic. The HGH18 datasets are slightly lighter compared to the
other datasets, having an overall higher amount of green color which comes from
the meadow which is visible in most of the frames. CaWa18 on the other hand is
slightly darker and shows a similar color distribution as SyMPose-Urban.

Dataset blue green red
SyMPose 0.3953 ± 0.2051 0.4231 ± 0.2379 0.4355 ± 0.2538

SyMPose-Urban 0.3856 ± 0.1776 0.3737 ± 0.1878 0.3709 ± 0.1934
HGH18-DA 0.4299 ± 0.1996 0.4534 ± 0.2016 0.4358 ± 0.1984
HGH18-HPE 0.4674 ± 0.2210 0.4864 ± 0.2371 0.4577 ± 0.2403

CaWa18 0.3900 ± 0.2329 0.3934 ± 0.2359 0.3914 ± 0.2354

A.5.2 Additional Qualitative Results

Figure A.10: Exemplary training patches that were generated for the adaptation to HGH18 tar-
get domain. The St. Pauli Pier is characterized by large areas that covered by
oxidized copper plates. These are used for the roof, but also for other structures
visible in the original video material. The copper elements are complemented by
the matching greenish mesh that was attached to the tower on which the cameras
were mounted and which is also visible in many samples.

250


	Cover
	Abstract
	Kurzfassung
	Acknowledgements
	Contents
	Notation
	1 Introduction
	1.1 Motivation
	1.2 The Omnipresence of Machine Learning and Computer Vision
	1.3 Perception of Video Surveillance by Society
	1.4 Smart Surveillance from an Ethical Point of View
	1.5 From Laboratory to the Street
	1.6 Aim and Structure of the Thesis

	2 Theoretical Background
	2.1 Deep Learning
	2.1.1 Artificial Neuron
	2.1.2 Feedforward Neural Networks
	2.1.3 Convolutional Neural Networks
	2.1.3.1 The Convolution Operation
	2.1.3.2 Graph Convolutional Neural Networks
	2.1.3.3 Fully Convolutional Neural Networks
	2.1.3.4 Autoencoder

	2.1.4 Recurrent Neural Networks
	2.1.4.1 Long Short-Term Memory
	2.1.4.2 Gated Recurrent Units

	2.1.5 Generative Adversarial Networks
	2.1.5.1 Training and Convergence

	2.1.6 Transformer
	2.1.6.1 Encoder
	2.1.6.2 Decoder
	2.1.6.3 Positional Encoding
	2.1.6.4 Vision Transformer


	2.2 Human Poses
	2.2.1 Definition
	2.2.2 Human Body Models for Pose Estimation


	3 Related Work
	3.1 Human Pose Estimation
	3.1.1 Methods
	3.1.2 Datasets
	3.1.2.1 Real-World Datasets
	3.1.2.2 Synthetic Datasets: Joint Track Auto and Extension


	3.2 Characterizing Crowds for Human Pose Estimation
	3.2.1 Multi-Object Tracking
	3.2.2 Crowd Index
	3.2.3 Crowd Collectiveness and Aggregation

	3.3 Domain Adaptation
	3.3.1 Cycle-GAN
	3.3.2 Cycle-Consistent Adversarial Domain Adaptation

	3.4 Behavioral Anomaly Detection
	3.4.1 Video-based Anomaly Detection
	3.4.2 Skeleton-based Anomaly Detection


	4 Methodical Considerations
	4.1 Overview
	4.2 Synthetic Datasets
	4.2.1 MixAMoR
	4.2.2 SyMPose
	4.2.3 Graph Crowd Index
	4.2.3.1 Definition
	4.2.3.2 Normalized Graph Crowd Index
	4.2.3.3 Standard Graph Crowd Index
	4.2.3.4 Summary


	4.3 Style Transfer for Domain Adaptation
	4.3.1 Domain Adaptation
	4.3.2 Challenges for Video Surveillance Applications
	4.3.3 Cycle-GAN Approach
	4.3.4 Training Aspects
	4.3.5 Target Domain Dataset

	4.4 Motion Analysis of Pedestrians
	4.4.1 Definition of the Problem Space
	4.4.2 Holistic Pedestrian-agnostic Approach
	4.4.2.1 Cross-Channel Approach
	4.4.2.2 Cycle-Consistency Extension
	4.4.2.3 Noise Suppression

	4.4.3 Skeleton-based Behavior Analysis
	4.4.3.1 The Binary Autoencoder
	4.4.3.2 Memory Extension
	4.4.3.3 Model Training
	4.4.3.4 Pseudo-Anomalous Samples

	4.4.4 Summary


	5 Experiments
	5.1 Overview
	5.2 Metrics for Performance Assessment
	5.2.1 Human Pose Estimation
	5.2.1.1 Object Keypoint Similarity
	5.2.1.2 Probability of Correct Keypoint (head)
	5.2.1.3 Summary

	5.2.2 Behavioral Anomaly Detection
	5.2.2.1 Area Under the ROC Curve
	5.2.2.2 Area Under the Precision-Recall Curve
	5.2.2.3 Equal Error Rate


	5.3 Evaluation Protocol
	5.3.1 Crowded Dataset for Human Pose Estimation and Behavior Analysis
	5.3.2 Synthetic Data-driven Human Pose Estimation
	5.3.2.1 Datasets
	5.3.2.2 Preliminary Considerations on the Training
	5.3.2.3 Evaluation Pipeline

	5.3.3 Behavior Analysis
	5.3.3.1 Datasets
	5.3.3.2 Evaluation Pipeline


	5.4 Experimental Results
	5.4.1 Domain Adaptation
	5.4.1.1 Qualitative Evaluation of Domain Adaptation
	5.4.1.2 Quantitative Evaluation of Domain Adaptation

	5.4.2 Behavior Analysis
	5.4.2.1 Holistic Analysis: gls:murz
	5.4.2.2 SBAD: Custom Approaches and Extensions
	5.4.2.3 Comparison with State-of-the-Art
	5.4.2.4 Qualitative Results



	6 Conclusion
	6.1 Summary
	6.1.1 Contributions and Results
	6.1.2 Review on Privacy-Friendliness

	6.2 Outlook
	6.2.1 Human Feature Representation
	6.2.2 Generation of Training Data
	6.2.3 Behavioral Analysis


	Bibliography
	Own Publications
	Supervised Student Theses
	List of Figures
	List of Tables
	Acronyms
	Glossary
	Appendix
	A Appendix
	A.1 SyMPose
	A.2 CrowDPB: Human Examples
	A.3 Crowd Measures: Examples and Supplements
	A.3.1 Example: Crowd Index
	A.3.2 Graph Crowd Index

	A.4 Behavior Analysis Datasets
	A.5 Domain Adaptation
	A.5.1 Hafengeburtstag Hamburg 2018
	A.5.2 Additional Qualitative Results




