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Abstract

This cumulative thesis presents research in the field of tracking. Tracking is one of the most
thoroughly researched problems in computer vision. The aim of tracking is to follow an object
of interest (target) in a video. In this thesis, | focus on a special problem: tracking related
multiple targets. Two important questions in tracking are: What is the target? and Where is
the target? The core contributions of this thesis answer these two questions with the help of
graph-based representations and methods.

The first core contribution is a fully automatic initialization for target models (What?), based
on the principal that things which move together belong together. The input of the approach is
a video showing the targets in motion. In this video a set of salient points is tracked to extract
the necessary motion information in the form of trajectories. A triangulated graph is built based
on the initial positions of the tracked points. Then, the triangulated graph is deformed based on
the motion encoded in the trajectories. This deformation of the triangulation over time is the
input of a hierarchical grouping process, which is realized by an irregular dual graph pyramid.
In the top level of the resulting pyramid the rigid entities (e.g. body parts of a human body)
are identified. Finally, the motion of these rigid entities is analyzed to find possible points of
articulation connecting them (e.g. upper and lower arm of a human).

The second core contribution is a novel approach for finding temporal correspondences of
multiple related targets (Where?). This thesis proposes to represent the targets by a graph model,
where each target is represented by a vertex and their relationships are encoded by edges. The
traditional solution to find the temporal correspondences of a graph model is graph matching.
In contrast to that, this thesis proposes a novel approach, which finds the correspondence of
each vertex (target) by combining the appearance cue of a simple tracker with the structural cue
deduced from a graph model. These two cues are combined in an iterative process inspired by
the well-known Mean Shift algorithm. The outcome are correspondences for all vertices and
edges in the graph, which locally maximize the similarity in appearance and locally minimize
the deviation from the structure encoded in the model.

Finally, the main goal of this thesis is to show the potential of graph-based representations
and methods in tracking. This goal has been achieved through these two core contributions.






Kurzfassung

Diese Dissertation prasentiert Forschung auf dem Gebiet des Trackings (Verfolgung). Tracking
ist eines der am grindlichsten erforschten Themen im computerunterstiitzten Sehen (Computer
Vision). Das Ziel beim Tracking ist es ein gewahltes Objekt (Ziel) in einem Video zu verfolgen.
Diese Dissertation konzentriert sich auf ein spezielles Problem bei dem mehrere Ziele verfolgt
werden sollen die in Beziehung zueinander stehen. Zwei wichtige Fragen beim Tracking sind:
Was ist das Ziel? und Wo ist das Ziel? Die zwei wichtigsten wissenschaftlichen Beitrage dieser
Dissertation beantworten diese Fragen mit Hilfe von Graphen.

Der erste Beitrag der Dissertation ist eine vollautomatische Initialisierung fur Zielmodelle
(Was?) basierend auf dem Prinzip: Dinge die sich gemeinsam bewegen gehdren zusammen. Als
Eingabe dient ein Video der sich bewegenden Ziele. In diesem Video werden interessante Punk-
te verfolgt und die Bewegungsinformation in Form von Trajektorien gespeichert. Basierend auf
den Positionen der verfolgten Punkte im ersten Bild des Videos wird ein triangulierter Graph
erstellt. Auf Grund der Bewegungsinformationen in den Trajektorien wird der Graph verformt.
Die Verformung des Graphen wird zur Eingabe der folgenden, hierarchischen Gruppierung ver-
wendet. Die Gruppierung wird durch eine unregelméfBige, duale Graphenpyramide umgesetzt.
An der Spitze der Pyramide findet man die starren Komponenten des Videos (z.B. die Korper-
teile eines Menschen). Im letzten Schritt kann man durch Analyse der Bewegung feststellen,
ob sich Komponenten durch Artikulationspunkte verknupfen lassen (z.B. Ober- und Unterarm
eines Menschen).

Der zweite Beitrag ist ein innovativer Ansatz, um zeitliche Ubereinstimmungen fiir meh-
rere voneinander abhéngige Ziele zu finden (Wo?). In dieser Dissertation wird vorgeschlagen
das Ziel als Graph zu reprasentieren, wobei jedes Ziel als Knoten und ihre rdumlichen Zusam-
menhénge als Kanten im Graphen gespeichert werden. Um eine zeitliche Ubereinstimmung fiir
einen Graphen zwischen zwei Bildern eines Videos herzustellen, wird tblicherweise nach dem
&hnlichsten Graphen im zweiten Bild gesucht. Im Gegensatz dazu wird in dieser Dissertation ein
innovativer Ansatz vorgestellt, der die Ubereinstimmung fiir jeden Knoten (jedes Ziel) einzeln
sucht. Dabei werden Informationen eines einfachen Trackingverfahrens, die vom Aussehen des
Ziels abhangen, mit strukturellen Informationen aus dem Graphen kombiniert. In einem iterati-
ven Prozess, der dem bekannten Mean Shift Algorithmus &hnlich ist, werden diese zwei Arten
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von Information kombiniert. Das Ergebnis sind Ubereinstimmungen fiir alle Knoten und Kanten
im Graphen die lokal optimal bezuglich ihres Aussehens und ihrer Struktur sind.

Das Ziel dieser Arbeit war das Potential von Graphen im Tracking aufzuzeigen. Durch die
zwei Beitrage dieser Dissertation konnte dieses Ziel erreicht werden.
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CHAPTER 1

Introduction

1.1 Motivation

Tracking aims to find the correspondence (e.g. location and pose) of an object of interest in every
frame of a video sequence. It is one of the most thoroughly researched problems in computer
vision. Even books [70] and reviews [L0Q] are only able to cover a fraction of the field of
tracking. The research in tracking is mostly application-driven and the developed approaches
are tailored for them. Tracking is often an important processing step in frameworks and is used
in many different applications. These applications can be grouped into six main areas [{0]:

1. Media production [40} [103] and augmented reality [50, (18]
Medical applications [92, 97, 53] and biological research [82, [94]
Surveillance [106, [105] and business intelligence [83] [104]
Robotics [84, [77] and unmanned vehicles [80, 144]

Tele-collaboration [87,141]] and interactive gaming [38] 23]

© o > w D

Art installations and performances [74, 79, 42]

Tracking is an active field of research. Nevertheless, there are still challenging and open
problems. Imagine a tracking approach as a detective trying to follow a suspicious person (object
of interest). The detective needs to be careful not to mistake the suspect with a similar person
(distractors). Furthermore, the suspect he is tracking might hide (occlusion), change clothes
(changes in appearance) or even run away (fast, unexpected motion). These challenges and
more have to be tackled by a successful tracking approach (see Section[2.3 for difficulties in
tracking).
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The success of the chase of the detective depends on his tracking skills (method for finding
temporal correspondences) and his knowledge and understanding of the person of interest (target
model). In cases where his suspect hides (occlusion), the detective is able to estimate the location
based on his previous observations and his knowledge (target model). He might also be able to
tell, where the suspect will reappear due to his understanding of the suspect (target model). If
the suspect disguises itself, the detective may be able to recognize it by other information he
knows (target model), e.g. body composition (target structure) and style of walking. Hence, this
thesis focuses on how to describe the object of interest (initialization of target models) and how
to follow it over time (finding temporal correspondences).

The research presented in this thesis is based on the work of the Pattern Recognition and Im-
age Processing (PRIP) group at the Vienna University of Technology, especially on their work in
the TWIST project (see Section[1.2). Their expertise are graph-based representations and meth-
ods. Graph-based representations (for details see Section2.4.1.3) are an elegant way to model an
object of interest (target model) based on different kinds of information (e.g. appearance, geom-
etry and structure). Coming back to the example with the detective, graph-based representations
allow to describe the suspect based on its clothing, behavior, style of walking and composition of
body by storing these information and their inter-dependencies. Graph-based methods employ
such descriptions to solve tasks like tracking. Thus, the main goal of this thesis is to study the
potential of graph-based representations and methods in tracking related multiple targets.

1.2 TWIST-CV Project

fw s

This thesis is based on the research done within the TWIST-CV project [I]. “Tracking with
Structure in Computer Vision” (TWIST-CV) was funded by the Austrian Science Fund — Fond
zur Foerderung der wissenschaftlichen Forschung (FWF) — under the grant FWF-P18716-N13
and was carried out between March 2006 and December 2009. The main goal of this project
was to solve open problems in computer vision with the help of graph-based methods. There
were three sub-goals:

1. Finding object correspondences in image sequences.

2. Finding object correspondences in images from different view points.
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Figure 1.1: (a) Tracking through partial occlusion with a graph-based representation [[10]. (b) Composi-
tional representation in space and time [[16]]. (c) Initialization of graph-based representation based on the
observation of motion [9].

3. Finding object correspondences in image sequences from different view points.

My contributions to this project are focused on the first subgoal. The main findings were a
graph-based representation [15} [7, [10], a compositional representation [16} [6] and an approach
to automatically initialize graph-based representations B, [72]. Figure [L.Il shows images from
the related publications.

1.3 Outline

This thesis is a cumulative doctoral thesis and is divided into three parts (in addition to this brief
introductory chapter).

1.3.1 Outline Part I: Basic Methodologies and Concepts in Tracking

The aim of this part is to provide the necessary knowledge to understand the selected publications
in Part I1. Chapter[2 covers an introduction to tracking, which is relevant for all publications in
Part I1. Chapter[3|presents basic concepts and methodologies of the initialization of target models
for Paper[Aland Bl Chapter [ introduces methodologies and concepts relevant for the proposed

3
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Table 1.1: Publications associated with the two main topics of this thesis and ordered by their date of
publication (decreasing, starting with most recent). Read from bottom to top.

Initialization of target models Finding temporal correspondences
Selected publications (see Part 1)

Paper[B] Determination of points of articula- | Paper[D Introduction of a novel structural

[23] tion for scenes with motion in the | [14] cue. Simplification of the proposed
image plane. tracking algorithm in [12]. Com-

parison of the novel structural cue
against the previously used one.

Paper[Al Extension of [9] to motion out of the | Paper[Cl Refinement of approach presented

[21] image plane. [12] in [8]. Additional experiments.

Previous publications

[9] Refinement of the ideas proposed | [8] Adding a coarse-to-fine method-
in [72]]. This approach improves re- ology to the tracking algorithm
sults for articulated targets and ac- of [10].
curacy in general.

[72] First concepts for the initialization | [10] Extension of [15] to articulated tar-
of target models of rigid and artic- gets. Additional experiments.
ulated targets based on their motion
in the image plane.

[7] Extension of [15] to articulated tar-
gets.

[15] Introduction of a novel tracking al-
gorithm combining appearance and
structural information for rigid tar-
gets.

[71] Motivation and first ideas for find-
ing temporal correspondences using
structural information.

tracking approach in Paper[Cland Dl This part concludes by listing the original contributions of
this thesis and possible future work (see Chapter[s).

1.3.2 Outline Part I1: Selected Publications

Part 1l is a selection of four papers from my publications (see Appendix/A). These four papers
were selected as they cover the most important or recent research on the two main topics of this
thesis: initialization of target models (see Paper[Al and [B]) and finding temporal correspon-
dences (see Paper[Cland[D). All four papers passed through international peer-reviewing and are
published as articles in international journals (PaperfAland[C) or as chapters in books (Paper[Bl

4
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and D). Table [L.1] lists all publications related to the two main topics and shortly explains their
dependencies.

1.3.2.1 Contributions of the co-authors

This section describes the contributions of Walter G. Kropatsch, Adrian lon and myself to the
selected papers of this cumulative thesis.

My contributions: As the first author, |1 was the main source of the ideas and the developed
methods presented in all selected papers. For Papers/Aland[B] | adapted the existing implemen-
tation of the PRIP group of the irregular dual graph pyramid for image segmentation to motion
segmentation. The novel concepts (observing and measuring similarity in motion, and identi-
fication of points of articulation) were implemented from scratch. The implementation of the
methods proposed in Paper|[C|and [D] was solely done by myself (except for the explicitly cited
third party code in Paper[C). | created the synthetic and real life videos (except for the explicitly
cited third party videos), gathered ground truth data and conducted the experimental evaluations
and their analysis for all papers. The text and figures of the four Papers were mainly written and
created by me, except for short paragraphs resulting from the feedback of Walter G. Kropatsch
and Adrian lon.

Contributions of Walter G. Kropatsch: As my mentor (Doktorvater) and head of the Pattern
Recognition and Image Processing Group (PRIP), he was involved in all my research activities,
including the selected papers of this thesis. Irregular graph pyramids are the long term research
topic of Walter G. Kropatsch. Therefore, he supported me with his in-depth knowledge during
the development of the ideas leading to these publications and also in solving difficult problems.
Furthermore, he provided feedback for the written text of all papers and gave ideas for possible
future work.

Contributions of Adrian lon: Adrian lon worked at PRIP as a project assistant and his re-
search partly overlaped with the topics of this thesis. Together with Walter G. Kropatsch and YII
Haxhimusa, he did research on cognitive vision [55,54] and image segmentation [48,62], which
is related to the research presented in this thesis. For PaperfAland [B], he provided the implemen-
tation of the grouping framework based on irregular dual graph pyramids for image segmentation
and he supported me during the adaptation of the code to the problem of motion segmentation.
Furthermore, he assisted in recording the videos for the experiments. For Paper[Al Bl and [C]
Adrian lon contributed to the text by giving feedback, especially for the paragraphs about the
theoretical background of irregular dual graph pyramids.
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1.3.3 Outline Part 111: Appendix

This appendix includes my curriculum vitae and a complete list of my publications.
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CHAPTER 2

About Tracking

The aim of this chapter is to provide an introduction to tracking and the relevant terminology for
the following chapters and the selected publications in Part I1.

2.1 What is Tracking?

In the book of Maggio et al. tracking is defined as follows [70]:

“One fundamental feature essential for machines to see, understand and react to the environ-
ment is their capability to detect and track objects of interest. The process of estimating over
time the location of one or more objects using a camera is referred to as video tracking.”

Maggio et al. use the term video tracking in their book to emphasize that the input is a video.
A video is an ordered sequence of images, which are often called frames. In this thesis, | simply
use the term tracking. Figure[2.] visualizes the concept of a simple tracker over three frames.

INPUT TRACKING OUTPUT
initial position 1 (T [T
p(v,1) = (3,3) ::H:: N N ; trajectory
apperance = | P (=] (3.3):(4.3):(4,2) =
- 12 . 3 (p(v,1);p(v,2); P(v, 3))
rgb(v) = (255,0,0) Frames

Figure 2.1: Example of a simple tracker over three frames. Input: position p of target v in the first frame
and appearance described by a color-vector (red). Tracking: starting from the position in frame 1 the
tracking algorithm searches for the new position within a search window (green rectangle). Output: 2D
trajectory consisting of a sequence of 2D positions.
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Table 2.1: Targets in tracking.

Term Dimensionality = Homogeneity
target point 0-dimensions homogenous
target line 1-dimension homogenous
target patch 2-dimensions homogenous
target volume 3-dimensions homogenous
target structure arbitrary non-homogenous

2.2 Whatis a Target?

The object of interest in tracking is often called target object or short target. This thesis addi-
tionally distinguishes between targets depending on their dimensionality and homogeneity (see
Table 2.1). A target is homogenous if its elements are of the same kind, e.g. a target patch is
made up of pixels. Target structures consist of related multiple non-homogenous elements and
can be of arbitrary dimension. They can be composed of several targets. For example, a hu-
man can be tracked as a target structure, which consists of target patches (body parts) connected
through target points (points of articulation). In addition, target structures can be hierarchies
built of several levels of different kinds of targets. Targets should not be confused with tar-
get representations, which are used to describe them (e.g. a target patch can be described by a
histogram and a target structure by a graph; see Section[Z.4.7).

2.3 Levels of Difficulty in Tracking

A tracking task is a concrete problem with a certain input and an expected output. The difficulty
of a tracking task depends on several factors. Figurel2.2] gives an overview of these factors and
their properties. In the following sections the factors are explained in detail.

2.3.1 Input

The input of a tracking task is the data on which the tracker operates. This data is not limited
to videos, but includes user interaction and knowledge. Therefore, the factor input includes
properties of the acquisition of the video and properties independent of the video.

The quality of the sensor, which is used to capture a video, has a direct influence on the video
quality. Video quality includes resolution of the target, but also grade of image noise, which is
introduced into the video during the acquisition. In general, the higher the video quality the
higher is the resolution of the target (more data) and the lower the grade of noise. High-quality
videos allow accurate tracking and low-quality videos fast tracking (less data to process).

10
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video quality

number of sensors
Input
knowledge degree

interaction Occlus1ons duration
similarity to target
dimensionality

required accuracy J number
" distance to target

Distractors

composition similarity to target
illumination
- origin

number degrees of freedom

speed

type
appearance

Figure 2.2: The level of difficulty of a tracking task depends on several factors (yellow and green boxes)
and their properties. Input and output differ from the other factors as they do not concern the video, but
its acquisition and issues independent of the video (e.g. interaction).

The video input of a tracking task can originate from different numbers of sensors. Generally,
the computational complexity of a tracking approach increases with the number of sensors.

The input of multiple sensors needs to be related (registered) against each other as each senso
typically captures the scene from a different viewing angle @7]. Having two or more sensors

does not automatically increase the level of difficulty. For example, estimating the 3D position

r

of a target from the input of a single sensor [65]] is more challenging than from multiple sensors.

Prior knowledge is another form of input, which is available to the tracker and aims to

improve its performance. It can be information about the scene (see Section2.3.3), the tar-
get (see Section[2.3.4)), the motion (see Section [2.3.5)), the distractors (see Section[2.3.6) and

the occlusions (see Section[Z.3.7). The higher the amount of knowledge the more informa-

tion is available to the tracker to find correspondences of the target over time. For example, a

background-model |30], which allows the tracker to separate the target from the background,
can substantially reduce the difficulty of a tracking task. However, if the background-model

does not describe the background well (e.g. the model assumes a static background, but a tree
is moving in the background) it has a negative influence on the tracking and may lead to worse

results than tracking without a background-model.

Tracking can be done manually, interactive or fully automated. In manual tracking the user
determines the temporal correspondences of the target at each frame (e.g. by selecting the center

11
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position of the target). Such manual tracking is very time consuming and is only employed in
cases where automated procedures fail to deliver the necessary accuracy (e.g. tracking landmarks
on faces of facial palsy patients [37]). Interactive tracking comes with different degrees of
interaction. Some tracking approaches use a manual initialization of the target by the user in
the first frame of the video. Other trackers ask for several manual corrections during tracking
(e.g. when the target is lost). Fully automated tracking does not employ any user interaction. In
general, the higher the degree of interaction the easier the tracking (under the assumption that
the input of the user is correct).

2.3.2 Output

Each tracking approach delivers an output, where the properties of this output depend on the
task.

The higher the dimensionality of the expected output the higher the level of difficulty. A
simple output is a binary one, where 1 indicates that something moved between two frames and
0 stands for no motion (i.e. two consecutive frames are equal). For most tracking tasks such a
binary output is not sufficient and the output consists of at least one or more trajectories (i.e.
a sequence of target positions) in 2D or even 3D. Besides trajectories, some tasks require the
output of the orientation, area, shape or even pose of a target.

A tracking task typically requires a certain accuracy of the output. High accuracy is usually
related to a higher level of difficulty and/or computational complexity. Accuracy can be quanti-
fied by the deviation from the ground truth. For example, if the expected output is the 3D pose
of a rigid target, the deviation from ground truth can be calculated by comparing the values of
the six degrees of freedom of the result (rotation around every axis and translation in all three
dimensions) against the values in the ground truth data. Depending on the task, it is necessary
to deliver results with high accuracy (e.g. medical applications B7]) or low accuracy (e.g. real
time tracking for gaming).

2.3.3 Scene

A scene can be defined as a fraction of reality captured by the sensor of a camera in the form of
a discrete grid of pixels.

The composition of a scene is relevant for the tracking task. It divides the scene into fore-
ground (target) and background (everything except the target). Scenes where the target occupies
a significant part of the space (e.g. a target of 300 x 300 pixels in a video with frames of 800
x 600 pixels) are generally easier to track than scenes where the target is only a marginal part.
Concerning the background, the level of difficulty depends on the amount of clutter (low: easy;

12
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high: difficult). A uniformly colored background has no clutter (e.g. white wall), whereas a
highly textured background has a high amount of clutter (e.g. library).

The illumination in a scene influences tracking as most features (e.g. color and edges) are not
invariant to changes in illumination. Constant illumination, which can be found in controlled,
indoor environments, reduces the difficulty of a tracking task, whereas non-constant illumination
increases the difficulty.

2.3.4 Target

In tracking, a target is the object of interest which is tracked over time (see Section2.2).

The difficulty of a tracking task depends on the number of targets. Tracking a single target
is computationally less expensive than tracking multiple targets. It is difficult to deliver accurate
tracking results (close to ground truth) for multiple targets in real time, while keeping the com-
plexity of the algorithm low. Furthermore, it is easier to track an object of interest as a single
target patch (e.g. human) [26] in comparison to tracking related multiple target patches (e.g. a
target patch for each body part) [12]. Please note, that tracking multiple targets can also be an
advantage. It can be easier to track several targets than to track only one target. For example,
in a scene with pedestrians it can be difficult to avoid mixing them up, but if all pedestrians are
separately tracked this problem becomes easier.

The type of a target is a relevant issue. One can distinguish between rigid (e.g. mobile
phone), non-rigid (e.g. face) and articulated targets (e.g. robot arm). Articulated targets are built
of several parts connected via points of articulation [L1]. The most challenging target to track
is probably an articulated target consisting of non-rigid parts (e.g. human). Furthermore, the
spatial distribution of a target is of importance. The pixels of compact targets are more or less
evenly distributed in space (2D: x- and y-axis; 3D: x-, y- and z-axis). Examples for compact
targets are face, ball and car. In non-compact targets, the pixels are unevenly distributed in space
(e.g. airplane, nail and train).

2.3.5 Motion

The motion in a video sequence can originate from the motion of the camera or from the motion
of entities in the scene (e.g. humans, cars, animals and trees moving in the wind). Videos where
the camera and entities in the scene move, are more difficult to track than videos with only one
source of motion.

The difficulty of motion can be quantified based on the degrees of freedom (DOF). A train
moving along a track has one DOF, where the position of the train is determined by the traveled
(moved) distance along the track. Rigid targets moving in 2D space have up to three DOF

13
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(translation along x-axis, translation along y-axis, rotation in the 2D plane). In 3D space, a
rigid target may move with up to six DOF (rotation around every axis and translation in all
three dimensions). For a non-rigid target, the quantification of the DOF of its motion is more
complex. One possibility is to split the non-rigid target into patches and define the DOF of each
patch. Another possibility is to approximate the motion of the non-rigid target by the DOF of a
rigid target. This solution is suitable for cases, where the focus lies on the global motion of the
target rather than small local movements.

The third property of the factor motion is speed. In tracking, speed is often measured by
how many pixels a target moves between two frames. For a target point it is easy to determine
how many pixels it moved, but for a target patch or a target structure it is more complicated. If
a target patch rotates around its center the speed of its pixels differs. Pixels closer to the center
move slower than pixels farther away. A solution is to pick the maximum pixel distance of a
target as representative speed for the whole target. To categorize a certain speed as fast or slow,
it is necessary to consider the size (in pixels) and type (shape) of the target. For example, the
speed of a target point moving with 20 pixels per frame is considered fast, while the speed of a
target patch of 200 x 200 pixels moving with 20 pixels per frame is considered moderate or even
slow. If the target is non-compact (e.g. pen), the speed of motion along its major axis needs to be
treated differently than along its minor axis. Fast motion (high speed) is more difficult to track
than slow motion (low speed). In addition, it is important to consider if the speed is constant or
non-constant. A target with non-constant speed is more difficult to track, because estimating the
position of the target cannot be solved by a simple linear motion model.

2.3.6 Distractors

A distractor is an entity in the scene of a video, which may distract the tracker from the target
leading to inaccuracy (deviation from the ground truth) or even tracking failure (target is lost).

The higher the number of distractors and the smaller their distance to the target, the higher is
the possibility that the tracker is influenced and the higher the level of difficulty. The distance is
measured in pixels and depends on the size and shape of the target and the distractor itself. For
example, if both, the target and the distractor, are compact and have a diameter of ten pixels, a
distance (measured from the centers) of 20 pixels or less is close. Under different circumstances
with a target and a distractor of smaller size (e.g. diameter of five pixels), a distance of 20 pixels
is less problematic.

Besides the distance, the similarity of a distractor to the target influences the level of dif-
ficulty. Similarity can be measured based on different criteria (e.g. appearance, geometry or
motion). Dealing with distractors becomes more difficult the more similar the distractors are to
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the tracked target.

2.3.7 Occlusions

During an occlusion the target or parts of the target become invisible. An occluder can be a static
entity in the scene (e.g. traffic sign), a moving entity (e.g. car) or a part of the target (e.g. a leg
of a human occluding the other leg while walking, a so-called self-occlusion). If a target leaves
the scene, this can also be called an occlusion.

An important property of an occlusion is its degree. The degree quantifies how much of the
target is occluded. This can be measured in percent for target patches or in number of vertices for
target structures like graphs. In general, the higher the degree of occlusion the higher the level
of difficulty. Full occlusions where the whole target becomes invisible are the most difficult
cases. In such situations trackers rely on prior knowledge (e.g. motion during previous frames)
to estimate the motion and behavior of the target during the occlusion.

Besides the degree, it is also relevant to consider the duration of an occlusion. The longer
the occlusion the higher the possibility for tracking errors and the higher the difficulty. Usually
a tracker estimates the state of an occluded target based on the state of the target before the
occlusion. Due to changes in the motion of the target, tracking errors accumulate over time.
Thus, the longer the occlusion the higher the accumulated error.

As for distractors (see Section[2.3.6)), occlusions are especially problematic, if they are sim-
ilar to the target.

2.3.8 Rating Levels of Difficulty

Based on the factors described above (see Figure[2.2), the level of difficulty of a tracking task
can be rated. To the best of my knowledge, there is no standard-approach for the rating of a
tracking task. On the contrary, this is an open issue in the field of tracking. Rating the difficulty
of a tracking task is relevant, as it allows to better understand the strengths and weaknesses of
a certain approach and it helps to judge the quality of the delivered results. Setting up a rating
system is a challenging and complex task, because one has to consider the factors with their
properties, their temporal dynamics (e.g. the degree of an occlusion is changing over time due
to the motion of the occluder) and their inter-dependencies (e.g. the type of the target limits the
DOF of the motion).

In Table[2.2]a simple rating system is proposed, which is used in the discussions in Chapter3]
and[dl The speed of a target v can be calculated as follows:

Ip(v,t) —p(v,t —1)[l2

speed = size(v)

, (2.1)
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Table 2.2: Rating the level of difficulty of tracking tasks. This rating results in a vector of scalars, where
each element represents the difficulty (0 = not occurring, 1 = low, 2 = medium, 3 = high) of the related

factor. For example (1,1,2,3,2,2,1,0), where the ordering of the factors is as listed in this table.

Factor Low difficulty (1) Medium difficulty (2) High difficulty (3)
Input number of targets known | number of targets unknown | number of targets unknown
and initialization manually | and initialization manu- | and no manual initializa-
ally OR number of targets | tion
known and no manual ini-
tialization
Output single trajectory multiple trajectories multiple trajectories in a
hierarchy
Scene background not cluttered background cluttered background highly clut-
tered
Target rigid articulated with rigid parts | articulated with non-rigid
parts
Motion DOF < 3and speed < 1.0 | 3 < DOF < 6 or speed > | DOF > 6 or speed > 5.0
1.0
Distractors | similarity < 0.5 similarity > 0.5 similarity > 0.7
Occlusions | degree < 0.5, duration < | degree > 0.5, duration > | degree > 0.7, duration >
0.5 and similarity < 0.5 0.5 and similarity > 0.5 0.7 and similarity > 0.7

where size is the length of the major axis of target v and p(v, t) is the position of target v in
frame ¢ (consequently the size of a target point is 1). As this thesis is about tracking related
multiple targets, the speed of the fastest target is chosen as representative for all other targets.
The similarity of a distractor or an occluder towards a target is determined based on their ap-
pearance (i.e. a distance measure is employed to calculated the similarity). If several distractors
or occluders appear, the value of the most similar one is selected. Furthermore, | only consider
distractors which have an influence on the tracker (which are close to the target(s)). The degree
of occlusion is measured by how many targets are occluded. For example, if ten target patches
are tracked and five of them are occluded, the degree of occlusion is 0.5. The duration of occlu-
sion is the percentage of frames of a video, where not all targets are visible (independent of the
degree of occlusion).

2.4 Components of a Tracker

A tracker consists of several interdependent components. Maggio et al. identify five compo-
nents [7Q]: (i) feature extraction, (ii) target representation, (iii) finding correspondences, (iv)
track management and (v) meta-data extraction. Besides these five components, tracking frame-
works often include pre- and post-processing steps. Possible pre-processing steps are denois-
ing [3] and segmentation [33,[61]. During post-processing a common step is to smooth trajecto-
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ries [88].

This thesis contributes to two of the five components: target representations (see PaperfAl
and B) and finding correspondences (see Paper[Cl and [D). Hence, these two components are
introduced in more detail in Sections[2.4.T]and [2.4.2]

The aim of feature extraction is to exploit discriminative information from the input. Fea-
tures are used to describe the target and to distinguish the target from the background of the
scene. Depending on the input data, certain features are suitable for this purpose. There are
three levels of feature extraction, where higher levels generally come with higher computational
extraction costs [70]: Low-level (color, gradient, motion), Mid-level (edges, corners, regions),
and High-level (background, objects).

Track management deals with the organization of trajectories. This component is especially
important for applications with multiple targets, where there is no user interaction (e.g. manual
initialization in the first frame). In such cases, targets need to be detected automatically and a
new trajectory is initialized through track management — this is called the birth of a target. The
death of a target occurs, if it leaves the scene or if it is occluded. It is particularly difficult to
re-identify targets, which have been occluded and become visible again. Mostly, these targets
are identified as new targets and a new trajectory is created instead of continuing the existing
trajectory.

The meta-data extraction is a component of the post-processing stage of a tracker. After
acquiring the temporal correspondences, the task of the meta-data extraction is to exploit ad-
ditional data from these correspondences. Depending on the application, this meta-data could
be 3D information used for 3D reconstruction, navigation commands for a robot or recognized
gestures, which are used to interact with a game.

2.4.1 Target Representations

This section gives an structured overview about well-known, basic target representations. In
practice, a target representation consists of a combination of these representations. A target
representation aims to describe the target in a discriminative way as to distinguish it from the
background and other entities in the scene. In general, a suitable representation is chosen based
on the application, the target and the expected output. The actual description of a target is called
target model in this thesis.

Representations can be distinguished based on the encoded information. The following three
categories are distinguished in this thesis: (i) appearance representations, (ii) geometric repre-
sentations, and (iii) graph-based representations. This section does not cover temporal repre-
sentations (i.e. motion models), because they are not relevant for this thesis.
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Every representation described in the following sections has parameters, which can change
over time. For example, if the target is described by a 2D point, its parameters are the x- and y-
coordinates in the image. These coordinates change, if the target or the camera moves. Updating
the parameters of a representation can be a challenging problem, which is why it is an open
problem [73] [31].

2.4.1.1 Appearance Representations

The appearance of a target is how it looks from a particular view-point and under certain illu-
mination conditions [35].

Templates are a common appearance representation and date back to 1981 E7]]. They de-
scribe the target by its pixel information consisting of color or gray values and the corresponding
coordinates. A template can be initialized by the user through a manual selection of a region of
interest including the target or by automatic detection. Furthermore, a template can be built from
one or several images in a training set. Tracking algorithms employing a template representa-
tions often assume that the appearance of the target remains more or less the same throughout
the video. However, this assumption is only valid for a limited field of applications.

Histograms are another frequently used appearance representation. In comparison to tem-
plates, histograms generally do not encode position information and the appearance information
is usually quantized into a certain number of bins. Histograms represent a target by the statistical
distribution of certain appearance information within a region of interest and are invariant to 2D
transformations up to a certain degree. Color histograms are built from the color values of the
pixels representing the target and are for example employed by the popular Mean Shift tracking
algorithm [26, [63]. Maggio et al. [69] propose a target representation based on multiple color
histograms, which are computed from a region of interest in a semi-overlapping manner to ad-
ditionally integrate spatial information. Dalal et al. introduce histograms of oriented gradients
in [28], where the idea is to describe a target by local histograms of image gradient orientations.
This is realized by dividing the region of interest containing the target into “cells” (small spatial
patches) and by extracting a local 1D histogram of gradient directions or edge orientations from
each cell. The combined histogram entries form the representation. Figurel2Z.3]shows examples
for a template and a histogram representation.

2.4.1.2 Geometric Representations

The simplest representation for a target is through a single point, which describes a certain
2D or 3D position. This kind of representation has been thoroughly researched by the radar

18



2.4. COMPONENTS OF A TRACKER ‘

5000

123456 7 8 910111213141516
Green

OL_L_#_;

123456 78 910111213141516
Blue

12345678 910111213141516

(b) (c)

Figure 2.3: (a) Image with selected target patch (region inside blue rectangle: face); (b) Template of
target patch; (c) RGB-histograms of target patch with 16 bins for each color channel.

community [70]. A set of points is commonly used to represent and track corner points B9, 57]
for applications like structure from motion [5] and video object segmentation [36} [11].

Primitive shapes describe a target with a generalizing, primitive, 2D shape (e.g. bounding
rectangle or ellipse) or a 3D volume (e.g. bounding cylinder or sphere). In comparison to the
point representation, primitive shapes provide additional information about the size of a target.
Both representations are not able to give detailed information about the spatial decomposition
of a target. Hence, they are suitable for compact, rigid targets (e.g. man-made objects like cars).
A popular application of this representation is tracking with Mean shift 6} [63]. Bradski [22]
additionally extracts the orientation of the target.

Representations giving more information about the spatial decomposition of the target are
convex hull, silhouette and contour. An intuitive explanation for the convex hull is to imagine
an elastic band stretched upon a given target to encompass it L02]. Convex hulls are used for
human action recognition from videos [68| [24]. Silhouette and contour are related: a contour
is a sequence of coherent pixels separating a target from its background — a boundary, whereas
a silhouette is the region inside a contour. They are both suitable for tracking complex non-
rigid shapes or for action recognition [96) 43]. A strength of contours and silhouettes is
that they are robust to changing illumination conditions. Nevertheless, initializing and updating
the representation is challenging with regard to the problem of separating the target from the
background.

A representation especially popular in applications with articulated targets (e.g. humans) are
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Figure 2.4: (a) Point; (b) Primitive shape (rectangle); (c) Convex hull; (d) Contour; (e) Silhouette; (f)
Skeleton; The lines in these drawings are exaggerated for better visibility (e.g. the point representation is
not a point but a small circle).

skeletons. They can be extracted by using the medial axis transformation [L9] or the distance
transformation [56]. An unsolved problem with skeletons lies in their extraction as it is not
robust against noise. Applications for skeletons are for example motion capture K0, [103] and
human activity detection [81]]. Figure [2.4] shows the presented geometric representations.

2.4.1.3 Graph-based Representations

Graph-based representations are used in various fields (mathematics, computer science, etc.)
and have a long history of research [46, [64]. They can be employed to represent different kinds
of information (e.g. appearance, shape and spatial, hierarchical and temporal relationships).

The baseline representation is a graph G consisting of a set of vertices V, which are con-
nected via a set of edges E C V x V.

The simplest way to represent a digital 2D image is by a 4- or 8-neighborhood graph, where
each pixel is represented by a vertex and the edge structure describes the local neighborhood of
each vertex. Such a representation consists of the same number of vertices as there are pixels in
the image. In general, representations used for tracking try to limit the stored information to rel-
evant, discriminative information, which reduces processing time and increases the performance
of a tracker.

A graph may be weighted, where weights w are stored with the edges and/or vertices. These
weights are normally real numbers. Weighted graphs are attributed graphs (AG). In this thesis,
the term attributed graph is used for graphs, where the vertices store features (e.g. discriminative
features extracted from the region covering a target patch) and not only real numbers. The edges
of an attributed graph encode the spatial relationships of the features (attributes). Typically,
attributes are stored in the vertices, but there are attributed graphs which store attributes with
other entities as well (e.g. edges and faces) [14]. The edges in a graph can be directed resulting
in a directed graph. In a directed graph, the weight w;; # w;;, where v; and v; are the vertices,
and e;; and e;; are the two possible, oriented edges [64]. A graph is called directed graph as soon
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as one edge is directed. In contrast, an undirected graph with weights requires that w; = w;;
for all edges. Please note, that there are undirected graphs without weights.

A region adjacency graph (RAG) [93] represents adjacency between image regions. Typi-
cally, first an image segmentation algorithm is applied to group the pixels of an image into re-
gions based on some homogeneity criterion (e.g. color). Then, the RAG represents each region
with a vertex and connects vertices with edges, where the corresponding regions are adjacent to
each other.

Graph-based representations are also used to describe hierarchies. A simple hierarchy is a
regular pyramid, which consists of at least two levels. Each level can be represented by a graph,
but it is more common to represent them by arrays (more efficient). Regular pyramids represent
parent-child-relationships in-between the successive levels with edges. In a regular pyramid,
the input image is the base level. The successive levels reduce the data by a constant reduction
factor A > 1.0 and with reduction windows of constant size. Regular pyramids are an efficient
representation as their vertical structure is fixed, but they are not invariant to translation, rota-
tion and scaling and do not preserve connectivity [61]. Irregular pyramids try to overcome the
drawbacks of regular pyramids. They are shift-invariant and adapt to the image data. Hence, the
structure of irregular pyramids is not fixed and their building process depends on the data [B1].
The levels of an irregular pyramid are frequently represented by graphs and they can be built
using dual graph contraction [85] [60] or graph decimation [75].

2.4.2 Finding Correspondences

The objective of this component is to find temporal correspondences of a target based on the
inputs (video, knowledge and interaction) and the target model. A tracking approach finds the
correspondence between the status of a target in frame ¢ and ¢ + 1, where the correspondence
is a relative, n-dimensional vector. Its dimensionality depends on the elements of the target
model. The components of the correspondence vector are divided into similarity components
and change components. Similarity components are used by the tracking approach to establish
the correspondence.

For example, the model of a target point consists of its 2D position (z,y) and its color in
RGB (r, g,b). This results in a 5D correspondence vector (x,y,r, g, b), where the RGB values
are the similarity components. Imagine the position of the target point at frame ¢ is (10, 10) and
its color is (1,0,0). At frame ¢ + 1, the employed tracking approach finds the correspondence of
the target with the help of the similarity component, because at position (5, 15) the RGB values
are equal to the model (i.e. similarity is 100 %). The resulting correspondence is the relative
vector (—5,45,0,0,0).
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2.4.2.1 Single-hypothesis versus Multi-hypothesis Methods

One can distinguish methods for finding temporal correspondences based on the number of pos-
sible candidates [70]. Single-hypothesis methods find at each frame one candidate for the tem-
poral correspondences of a target. Well-known trackers employing a single-hypothesis method-
ology are the Kanade-Lucas-Tomasi [89, 67] and Mean Shift [26]. In contrast to that, multi-
hypothesis methods work with multiple candidates. A popular multi-hypothesis method is the
particle filter [17]. Single-hypothesis methods are computationally less expensive than multi-
hypothesis methods. However, single-hypothesis methods are in general more sensitive to oc-
clusions and have problems in dealing with distractors.

2.4.2.2 Processing Strategies

Traditional tracking approaches find temporal correspondences in a sequential frame-to-frame
manner: at each frame, the correspondence of a target is found based on the status of the target in
the previous frame and its similarity components. This frame-to-frame processing is not always
the best choice as correspondences based on the information of two consecutive frames can be
prone to noise and errors. In [59], a forward-backward-processing is proposed which allows to
reliably detect tracking failure and select valid correspondences. Such a processing strategy is
also helpful if the target is occluded [95]. Furthermore, if the temporal resolution is high (high-
speed cameras) or the motion of the target is known, it is not necessary to process every frame to
achieve reliable correspondences [52]]. There are tracking approaches using space-time process-
ing, where several frames (space-time volumes) are processed at once and the correspondences
are estimated by fitting a motion model to the space-time data [16]].

2.4.2.3 Local versus Global Optimization

The appearance and shape of a target usually changes over time due to image noise, motion or
occlusions. Hence, the correspondence at a certain frame is not equal to the target description
in the model, but similar. Therefore, finding temporal correspondences can be seen as an opti-
mization problem. In tracking, one can distinguish between local and global optimization. Local
optimization searches for correspondences in a local neighborhood (often called search window)
which is mostly around the position of the target in the previous frame R6]. Global optimization
looks for the best correspondence in the whole image. Thus, local optimization is in general
computationally less expensive. Apart from computational issues, local optimization is mostly
inferior to global optimization. Fast or unexpected motion is problematic for local optimization
as the search window might be too small. If the target disappears due to occlusions, it is more
difficult to search for its reappearance within a local neighborhood instead of the whole image.
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Setting the size of the search window itself is challenging, especially if the target undergoes
scale changes.

There is another interpretation of local and global optimization in the case of related mul-
tiple targets. Lets assume the object of interest is a target structure consisting of vertices and
edges. Local optimization finds correspondences by considering local neighborhoods of the tar-
get structure (e.g. a vertex, its incident edges and direct neighbors) [L2] [14], whereas global
optimization finds correspondences by taking into account the whole target structure R7].

This is the end of this chapter about basic knowledge in tracking. The introduced terms, con-
cepts and methods are relevant for the following Chaptersi3land[4], and the selected publications
(Paper[A] and D).
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CHAPTER 3

Initialization of Target Models

This chapter is about the initialization of target models. Section3.1]is about the motivation and
the concept of the proposed approach. Section[3.2]is a recall on irregular dual graph pyramids,
which are the basis of the presented approach. Section[3.3]summarizes the selected publications
Paper[Aland Bland discusses the most important results.

3.1 Motivation and Concept

The representation of the target object is an important component of a tracker (see Section2.4).
Desirable properties of a target model are:

discriminative: to distinguish the target from the background and similar entities in the scene
(distractors);

invariant: to different kinds of transformations due to the motion and pose changes of the
target;

efficient: to avoid storing redundant and unnecessary information and to allow an easy extrac-
tion of the relevant information;

The quality of a target model depends on its initialization. There are tracking approaches
where the user manually initializes the model. The advantage of such an initialization is that
humans are in general able to easily initialize the desired target even if the scene is difficult (e.g.
distractors). Disadvantages are the effort of doing the initialization manually, the subjectivity of
the user (different users may initialize the same target differently) and the required knowledge
of the user (some applications require expert-knowledge).

25



‘ CHAPTER 3. INITIALIZATION OF TARGET MODELS

There are approaches which initialize the target model automatically. One possibility is to
solve the initialization as a recognition task [34, [32]. The success of such approaches highly
depends on the training methodology and the training set. If the target is similar to the training
examples, such approaches will perform nicely and deliver a reliable initialization. In cases
where the variability of the target is limited, such an initialization is a good choice. Nevertheless,
there are applications, where the targets differ or unexpected targets occur. Furthermore, even
though such approaches can be fully automatic, training sets are mostly at least partly labeled
by users, which again brings in the previously mentioned disadvantages (effort, subjectivity and
expert knowledge).

The solution | chose in this thesis is based on segmentation and does not require any prior
knowledge or training. In computer vision, segmentation is often applied to single images to
group their pixels into similar or even meaningful regions B3, 49,93, 90, 21} [61]]. In the case
of image segmentation, these pixels are grouped based on certain criteria, which are often sim-
ilarity in color and spatial proximity. Papers[Al and [Bl present an approach based on irregular
dual graph pyramids to extract a target model for rigid or articulated targets by applying seg-
mentation in the temporal domain (video). The basic idea is: ““things that move together belong
together’. Hence, the proposed grouping criterion is the observed motion in the input video.
This idea stems from the field of cognitive psychology. In 1973, Johansson Gunnar published
a well-known work on biological motion [58]. He made the observation that humans are able
to recognize a human figure based on a few bright spots undergoing motion along the major
joints of a human body. The biomotion lab of Prof. Dr. Nikolaus Troje at Queen’s University in
Kingston, Ontario offers demos about biological motion on their website P].

3.2 Irregular Dual Graph Pyramids

This section introduces irregular dual graph pyramids, which are the basis of the proposed ap-
proach for target model initialization in Papers[Aland Bl Its aim is to shortly explain the most
important concepts. For detailed information on irregular dual graph pyramids and the underly-
ing graph theory the reader is referred to [61} 60].

Before explaining the building process of an irregular dual graph pyramid, it is necessary to
introduce planar graphs and dual graphs. A graph G = (V, E) is planar if it can be embedded
into the plane in R?, where all vertices V. C R?, every edge e € E is an arc between two
vertices and no two edges cross each other. A planar graph G divides the plane into a set of
faces F. These faces and their adjacencies can be represented by the dual graph G = (V,E).
Each 7 € 'V represents a face f € F. Every pair of vertices in G which are adjacent, i.e. the
corresponding faces f € F share a common edge e¢ € E, are connected by an edge® € E, so
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that edges e and € are crossed. There is a one-to-one correspondence between the vertices V of
G and the faces F of G, and between the edges E of G and the edges E of G. Furthermore, the
dual of G is again G [61]. In the following, the graph G is called primal graph and G is called
dual graph.

Irregular dual graph pyramids are built in a bottom-up manner, where level G results from
dually contracting the preceding level Gy_1 (see Figure[3.1). Hence, such a pyramid is a stack of
successively reduced planar graphs P = {(Gop, Go), - - -, (Gn, Gn)}, Where Gy is the bottom
level, G, is the top level and n is the height of the pyramid [B1]].

The dual graph contraction of each level (Gy, Gy),0 < k < n consists of two steps [61]:

1. Edge contraction in Gy_4 if the corresponding vertices should be merged based on a
certain similarity criterion, which is equivalent to edge removal in Gy_1;

2. Edge removal in Gy_; to simplify the structure, which is equivalent to edge contraction
in Gi_1;

For the dual graph contraction, it is necessary to define so-called contraction kernels. A con-
traction kernel is a tree of depth one consisting of a subset of non-surviving edges and a subset
of vertices, where one vertex is called surviving vertex. In Paper[Aland B} the non-surviving
edges for the contraction kernels are selected by the Minimum Spanning Tree algorithm of
Borlivka [78]. The vertices of a contraction kernel in level k& — 1 form the reduction window
W (v) of the respective surviving vertex v in level £ — 1. The receptive field F'(v) of v is the
(connected) set of vertices from level 0 that have been “merged” to v over levels 0. .. k. All sur-
viving vertices of level £ — 1 make up the set of vertices Vy of graph Gy after the contraction
process.

3.3 Summary of Selected Publications
This section summarizes the selected publications about initializing target models and discusses

the most important results.

3.3.1 Paper[A

Nicole M. Artner, Adrian lon, and Walter G. Kropatsch. Hierarchical spatio-temporal extraction
of models for moving rigid parts. Pattern Recognition Letters, 32(16):800-810, December 201@

published by Elsevier: http://www.sciencedirect.com/science/article/pii/S0167865511001401
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(@)

(b)

Figure 3.1: Example of an irregular dual graph pyramid. (a) Graph G o: a triangulation with faces
having different gray values. (b) Dual graph G ¢ of the triangulation without background vertex for better
visibility. (c) Graph pyramid: contracted edges are marked with an arrow. Reprinted from [[11] with
permission from Elsevier.

3.3.1.1 Summary

This paper proposes a novel approach for the initialization of target models for target structures
(related multiple targets) based on an input video. Each rigid entity in the scene of the video (e.g.
static background and each body part of a human) is identified and represented by a hierarchical
graph model. Besides the video, there is no other input, i.e. no prior knowledge (e.g. number
of targets and type of target) and no interaction (e.g. manual initialization by user). Hence, the
approach is fully automatic and the built target model is based on the information which can be
extracted from the video.

The first step is to extract motion information from the video. This is realized by tracking
a set of target points over time. In Paper[Al and [B] a set of target points is tracked with the
help of the Kanade-Lucas-Tomasi tracker [20]. The higher the density of the target points the
more motion information is collected in the form of 2D trajectories. Please note that the aim
of this step is not to tackle difficult cases in tracking (e.g. occlusions), but to extract the motion
information for the following processing steps. Hence, any arbitrary tracking approach can be
employed. The following steps are based on the extracted trajectories only (the video is not used
anymore).

To apply the basic idea: ““things that move together belong together”, it is necessary to
identify if there is some correlation in the motion of the target points (things). This is realized by
representing the initial spatial configuration of target points (i.e. 2D positions in the first frame)
by a triangulated graph. The vertices of the graph represent the target points and its edges their
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Build graph Deform graph Filtering

Figure 3.2: From left to right: A triangulated graph is built based on the positions of the target points
at time ¢. While keeping the connectivity of the vertices in the graph it is deformed over time based on
the motion encoded in the trajectories. Looking at the deformation over time, it is possible to filter out
triangles, which are separating rigid entities and are not of interest for the anticipated aim of the approach
(identifying and modeling of rigid entities).

spatial relationships and distances. By keeping the same graph structure (connectivity between
vertices), it is possible to observe a deformation of the graph due to the motion encoded in the
trajectories. This deformation of the triangulation delivers the necessary information about the
correlation in motion.

For each triangle (face) in the graph, the proposed approach answers two interdependent
questions: (i) Does it lie on a rigid entity? (ii) To which rigid entity does it belong? The first
guestion is answered in a filtering step, where each triangle is labeled as relevant or separating.
Relevant triangles probably lie on a rigid entity and are processed further. Separating triangles
connect rigid entities and are filtered out. Figurel3.2] visualizes the deformation of the triangula-
tion over time and the filtering step.

The answer to the second question (To which rigid entity does it belong?), is found with the
help of an irregular dual graph pyramid (see Section3.2). First the dual graph of the triangulation
is built, where each vertex represents a triangle (face) and the edges describe their adjacency.
Starting from this dual graph (base level), an irregular dual graph pyramid is built. The grouping
criterion used for the building process of the pyramid is the observed motion of the triangles,
where their corresponding vertices are merged if their motion is similar. In the ideal case, every
vertex in the top level of the pyramid represents one rigid entity of the scene and their receptive
field allows to identify the corresponding triangles. Figure[3.3] visualizes the observation of
motion and the grouping based on the irregular dual graph pyramid.

3.3.1.2 Discussion

This section discusses the most important results of Paper[Al For Paper [A] six experiments
were conducted. This discussion is about experiment “human 1” and “human dancing 1” (these
are the names of the experiments in Paper[A). For the convenience of the reader some of the
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Leveln
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Figure 3.3: Relevant triangles can be grouped based on their similarity in motion with the help of an
irregular dual graph pyramid. Each top vertex of the resulting pyramid represents a rigid entity of the
scene.

Figure 3.4: Three frames of the video “human 1” with the current state of the graph. White triangles
are relevant for the grouping process in the irregular dual graph pyramid. Gray triangles are separating
foreground and background and are filtered out. Reprinted from [[11] with permission from Elsevier.

corresponding figures of [11] are displayed in this section. For all videos, the ground truth was
gathered manually. Furthermore, only complete trajectories are used (trajectories which cover
the whole length of the video). Each discussed experiment is rated based on its level of difficulty
according to Table[2Z.2in Section[2.3.8l

Human 1: This experiment was about identifying the rigid entities of a human based on in-
plane motion. The video sequence is self-produced. Information about the video: 640 x 480
pixels, 860 frames, 134 target points and level of difficulty = (3,3, 1,2.5,1,0,0). The grade 2.5
for target results from the partial non-rigid motion, which appears due to the behavior of cloths
and skin.

Figure[3.4]shows three frames, where the current state of the graph is drawn. It is noticeable
that with the help of the filtering step one can achieve a foreground-background separation for
in-plane motion.

Figure [3.5 visualizes the final outcome of the proposed approach. All six rigid entities are
identified and all 180 triangles are correctly associated with no errors or outliers. This result is
the best case scenario, where each rigid entity of the target is identified and the foreground is
correctly separated from the background. Each node in the top level of the irregular pyramid

30



3.3. SUMMARY OF SELECTED PUBLICATIONS ‘

Figure 3.5: Outcome of experiment “human 1”. Equally colored triangles belong to the same rigid entity.
Reprinted from [11] with permission from Elsevier.

represents one rigid entity. This ideal result could be achieved due to several factors: (i) the
video quality was adequate, (ii) the motion of the target was controlled and mostly in-plane, (iii)
the non-rigid motion due to clothing was reduced to a minimum.

Human dancing 1: In this sequence, the task is again to identify the rigid entities of a human,
but under out-of-plane motion. The source of the video sequence is B8]. Information about the
video: 360 x 240 pixels, 62 frames, 83 target points and level of difficulty = (3,3, 1, 3,1,0,0).
The grade 3 for target results from the non-rigid motion, which appears due to the behavior of
cloths and skin.

In comparison to the experiment “human 1”, this video is remarkably shorter (less than 10%
of “human 1”). Furthermore, the non-rigid motion is especially problematic on the shirt of the
human subject. This non-rigidity is difficult to handle for the presented approach as it looks for
rigid entities. The filtering step is skipped in this experiment as the provided trajectories only
describe foreground.

Figure [3.6] shows the triangulated graph and the final result. Four rigid entities were identi-
fied, with 366 correctly associated triangles and 25 outliers. For this experiment, it is difficult to
decide for the ground truth. The human subject does not properly rotate the upper arms. There-
fore, the four rigid entities, where the upper arms are grouped with the torso, are evaluated as
correct. This experiment verifies that the proposed approach also works for out-of-plane motion.
I expect even better results (with less outliers) for videos with more explicit movements.
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(b)

Figure 3.6: (a) Triangulated graph. (b) Result of grouping by irregular pyramid. Reprinted from [[11]
with permission from Elsevier.

3.3.2 PaperB

Nicole M. Artner, Adrian lon, and Walter G. Kropatsch. Spatio-temporal extraction of articu-
lated models in a graph pyramid. In 8th IAPR-TC-15 International Workshop on Graph-Based
Representations in Pattern Recognition, volume 6658 of Lecture Notes in Computer Science,
pages 215-224, Munster, Germany, May 2011. SpringeH

3.3.2.1 Summary

Paper [Bl continues the work in Paper[Al The approach presented in Paper[Al is able to identify
rigid entities based on the observed motion in a video sequence. For a target model it is also
important to know how the rigid entities are connected. Hence, the approach proposed in this
paper finds the points of articulation for articulated targets. In the current state this approach is
able to find points of articulation based on motion in the image plane.

A point of articulation connects two or more rigid entities. The presented approach is based
on the knowledge that connected entities are able to move independently, but they always keep
the same distance to the point of articulation. Figure[3.7]visualizes the two steps of the proposed
approach: (i) generation of hypotheses for points of articulation and (ii) verification of these
hypotheses.

In comparison to the grouping of the triangles in the irregular pyramid, a point of articulation
is not identified among the target points. It is possible, that a point of articulation does not
lie on a foreground entity (see Figure[3.7). For each pair of rigid entities a hypothesis for a
connecting point of articulation is created. Let’s assume that A and B are two rigid entities.
For the generation of the hypothesis, it is not necessary to consider all target points of the rigid
entities, but only two pairs of reference points {u,va} for A and {vs,v4} for B. Having the

2published by Springer: http://link.springer.com/chapter/10.1007/978-3-642-20844-7_22
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Generation of hypotheses for points of articulation Verify hypotheses

of articulation

Figure 3.7: Each pair of points (red, green and blue) represents a rigid entity. For each possible permu-
tation of rigid entities a hypotheses for a point of articulation is generated. If a hypothesis is valid, the
corresponding rigid entities should always keep the same distance. All hypotheses which do not fulfill
this criterion are discarded. The valid hypothesis is marked with a circle and the invalid ones are crossed
out.

position of these two point pairs at two time instances, the following system of equations can be
built:

p(v1,t) = (Ra* (p(v1,t — 1) = p(a,t — 1)) + p(a,t — 1)) + 0
p(v2,t) = (Ra * (p(v2,t — 1) = p(a,t — 1)) + p(a,t — 1)) + 0
p(vs,t) = (Rp = (p(vs,t — 1) —p(a,t — 1)) + p(a,t — 1)) + 0
P(vs,t) = (Rp * (p(ve,t — 1) —p(a),t — 1) + p(a,t — 1)) +o,

where p(v, t) is the position of reference point v at time t. R4 and Rp are the rotation matrices
of the rigid entities and o is an offset. By solving the system of equations, one can determine
the position of the point of articulation p(a,t — 1), the offset o, and the elements of the rotation
matrices R4 and Rp, i.e. sin(f4),cos(04),sin(0g), cos(dp).

Geometrically, one can imagine that a pair of reference points builds a local coordinate
system, where one of the reference points becomes the origin and the second reference point
defines the orientation of the two axes. Within this coordinate system, a point of articulation will
always have the same position. This is equivalent to the previous statement that rigid entities
will keep the same distance to their point of articulation. By using this property, a hypothesis
for a point of articulation can be verified. At each frame, the position of the point of articulation
is determined using the local coordinate system of each “possibly” connected rigid entity. If the
hypothesis is valid, the resulting trajectories of the point of articulation will overlap or at least
be similar (see Figure[3.7).

Besides finding the points of articulation, this paper studies the performance of the proposed
approach for articulated targets with non-rigid parts, because for such targets the grouping is
especially challenging.
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(@) (b)

Figure 3.8: Sequence 1: (a) Deformation of the edges of the triangulation over time. (b) Dual graph (in
color) of the triangulation (in gray). The edges of the dual graph visualize the dissimilarity of the motion
of the corresponding triangles. The color bar describes the used colors, where red is high and blue is low.
Reprinted from [[13] with kind permission from Springer Science and Business Media.

3.3.2.2 Discussion

This section discusses the most important results of PaperBl Three self-produced videos are used
for the experiments in this paper. For the convenience of the reader some of the corresponding
figures of [13] are displayed in this section. As for Paper[C| only complete trajectories are
employed (trajectories which cover the whole length of the video). Each discussed experiment
is rated based on its level of difficulty according to Table2.2]in Section[2.3.8

Sequence 1: This video is also used in Paper[Bl It shows the in-plane motion of a human. In-
formation about the video: 640 x 480 pixels, 860 frames, 134 target points and level of difficulty
=(3,3,1,2.5,1,0,0). The grade 2.5 for target results from the partial non-rigid motion, which
appears due to the behavior of cloths and skin.

Figure [3.8 gives an insight into the motion of the triangles. This figure visualizes the diffi-
culty of this grouping problem. There are cases, where the motion of adjacent triangles is not
similar even though they belong to the same rigid entity. For example, tracking target points
at the border of a rigid entity to the background is challenging and often results in unexpected
drift (e.g. the target points on the head of the human close to the background in Figure[3.8).
Furthermore, in local neighborhoods with non-rigid motion, the motion of the target points and
the related triangles are ambiguous.

Figure [3:9shows the outcome of grouping the triangles based on their motion with a global
threshold. Due to the difficult nature of the motion (see Figurel3.8), it is not possible to achieve
the correct result (six rigid entities) with this simple baseline approach.
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Figure 3.9: Sequence 1: (a) Grouping with global threshold 0.25 results in too many rigid entities. (b)
Grouping with global threshold 0.6 results in only one rigid entity for left upper arm and torso instead of
two. The different colors visualize the identified rigid entities. Reprinted from [[13] with kind permission
from Springer Science and Business Media.

Sequence 2: This video shows the in-plane motion of a finger. Information about the video:
640 x 480 pixels, 674 frames, 112 target points and level of difficulty = (3, 3,2,2.5,2,0,0). The
grade 2.5 for target results from the partial non-rigid motion, which appears due to the behavior
of skin.

Figure [3.10] visualizes the outcome of the experiment on sequence 2. Even though there is
non-rigid motion due to the skin of the finger, the proposed approach is able to find the four rigid
entities of the target structure in the foreground (finger). Additionally, three points of articulation
are correctly identified and connect the four rigid entities.

Sequence 3: In this synthetic sequence the task is again to identifying the rigid entities of the
target structure and to find the point of articulation. Information about the video: 640 x 480
pixels, 151 frames, 210 target points and level of difficulty = (3,3,2,3,2,0,0). The grade 3
for the difficulty of the target results from the non-rigid behavior of the parts of the articulated
target.

In Figure 3.17] it is shown that the rigid entities and their connecting points of articulation
are identified. This is possible even under the non-rigid nature of the entities, because the global
motion (rotation around the point of articulation) is more significant (traveled distance between
two frames is bigger) than the local non-rigid motion.

All in all, the proposed approach is able to successfully identify rigid entities and points of
articulation in videos which are meant for initialization purposes. In videos with a higher level
of difficulty for the factors occlusion and distractors, the quality of the results may decrease. The
quality of the output highly depends on the provided trajectories (observation of motion), thus
on the performance of the tracking approach.
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Figure 3.10: Sequence 2: (a) and (b) show the deformation of the triangulation in two selected frames.
(c) Result of grouping. (d) Detected points of articulation. Reprinted from [[13] with kind permission
from Springer Science and Business Media.

Figure 3.11: Sequence 3: (a) and (b) show the deformation of the triangulation in two selected frames.
(c) Result of grouping. (d) Detected point of articulation. Reprinted from [[13] with kind permission from
Springer Science and Business Media.
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CHAPTER 4

Finding Temporal Correspondences

This chapter presents the ideas for finding temporal correspondences based on a graph model.
Section[4.Ilmotivates and introduces the concept. Section4.2ldescribes appearance-based track-
ing on the example of Mean Shift tracking. Section[4.3] summarizes the selected publications
Paper[Cland[D]and discusses the most important results.

4.1 Motivation and Concept

Tracking an object of interest in a video is often solved by tracking the corresponding target
patch based on its appearance. The employed target model is called appearance-based model.
These appearance-based models enable simple trackers 26] to quickly and efficiently find cor-
respondences over time. They describe the appearance of a target patch by its texture or with
feature descriptors, which can be as simple as a color histogram of a region of interest. Find-
ing the best correspondence of a target patch is solved by searching for a position, where the
extracted visual information is as similar as possible to the appearance-based model. Unfortu-
nately, tracking based on appearance alone often fails to overcome challenging situations like
distractors and occlusions (see Section[2.3).

This thesis proposes an approach for tracking target structures which are represented by
graph models. Graph models offer high representational power allowing to describe both, the
appearance and also the structure of the elements of a target structure. The structure within a
target structure encodes spatial relationships and dependencies. It is an important invariant, i.e.
it does not change due to the targets’ motion. From such a graph model, structural cues can be
deduced and enable a tracking approach to deal with tracking tasks of a high level of difficulty.
Unfortunately, tracking target structures by finding the most similar graph to the graph model
(graph matching) is in general NP-hard. Recently, Solnon et al. 91]] showed that in the case
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Figure 4.1: Dealing with distractors with the help of structural cues deduced from a graph model. Left:
The target structure consists of three target patches, which are the three marked black fields of this
checkerboard. As the appearance of all target patches is the same, it is a challenging or even impos-
sible task to find correspondences without mixing up the targets among each other or with other black
fields on the board. Right: In the top, one can see a 1D function of the similarity in appearance with three
local maxima (at each black field crossed by the green line). Without further information, finding the
correct correspondences is error-prone. In the bottom, one can see the same 1D function of similarity in
appearance, but with an additional curve representing the deviation from the spatial structure in the target
structure (i.e. in the graph model on the left). Now, finding the correspondence can be solved by finding

the position, where the similarity in appearance is maximized and the deviation in spatial structure is
minimized.

of planar graphs, the matching is P-hard. Nevertheless, degree of the polynominal may be
high. Furthermore, the survey by Conte et al. [27] shows that research on graph matching in
the temporal domain (video analysis) has been sparse over 30 years. Graph models and graph-
based methods are typically used in areas like 2D and 3D image analysis, document processing,
biometric identification and image databases [27].

In this thesis, a novel method for finding temporal correspondences for graph models is
proposed. The basic concept of the approach is to track an object of interest as a target structure,
which is represented by a graph model. The vertices of the graph model represent target patches,
which are described by feature descriptors, and its edges encode spatial relationships. Instead
of graph matching a novel tracking approach is used, where the correspondence of each vertex
in the model is found by combining the hypothesis of a simple appearance-based tracker with
structural cues deduced from the graph model. The hypothesis of the appearance-based tracker
for each vertex can be generated by any arbitrary tracker (in this thesis: Mean Shift). This
hypothesis is combined in an iterative process with the structural cues extracted from the graph
model. For each vertex of the graph model a correspondence is found, where similarity in
appearance is locally maximized and deviation in structure is locally minimized. The proposed
approach approximates a globally optimal solution, which could be achieved by graph matching.
Figure[4.dlillustrates and motivates the concept based on an example with distractors.
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p(v,t)

p(v{t —1)

Iterations

Figure 4.2: Mean Shift tracking procedure. This simple 1D example illustrates the iterative mode seeking
process of Mean Shift. Left: Starting from the position of the target v in the previous frame p(v,t — 1),
Mean Shift searches within a local neighborhood (green rectangle) for the maximum. An offset vector
is generated (red arc) pointing towards the position of the maximum. In appearance-based tracking, this
is the position where the similarity in appearance is locally maximized. Middle: The search window
is centered around the position of the maximum in the first iteration and the algorithm again looks for
the maximum in the local neighborhood. Right: The final position p(v,t) is found and the algorithm
converges as the local maximum of the probability distribution has been found.

4.2 Mean Shift Tracking

The aim of an appearance-based tracker is to find at each frame the position with the highest
similarity in appearance with regard to the description of the target. In this thesis, | decided
to use a tracking method based on the Mean Shift algorithm. The Mean Shift algorithm was
proposed in 1975 by Fukunaga et al. [39] and is a non-parametric, iterative procedure. Mean
Shift can be used in various tasks like clustering, image segmentation, image smoothing and
object tracking [25] 26]. Here, the Mean Shift algorithm is employed to associate the vertices
of the graph model from frame to frame finding the locally optimal position for each vertex.
Figure[4.Zlillustrates the Mean Shift procedure.

My implementation of Mean Shift mainly follows the ideas in [26]. Color histograms are
often used in combination with Mean Shift, but as stated by Comaniciu et al. 6] other feature
descriptors can be used as well. In this thesis, | employed color histograms (see PaperD) and
Sigma Sets (see Paper[C) to represent the appearance of the target patches. In the following, it is
explained how the Mean Shift algorithm finds temporal correspondences using color histograms
as proposed by |26].

In the initial frame, a 3D color histogram is extracted for each vertex v in the graph model
from the corresponding target patch at position p (i.e. the center of mass of the target patch). This
color histogram is the target model § of the target patch and estimates its discrete distribution of
color probabilities. Every dimension of the histogram corresponds to one channel of the RBG
color space. ¢ is usually divided into bins w = 1...m to group similar colors. The discrete
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distribution of color probabilities is determined for each bin as follows P6]:
G (0) = Dk (ll251?) - 6 (bla:) — ). (4.1)
=1

where C is a normalizing factor such that > ¢, = 1. k is the Epanechnikov kernel [25] and

is used to weight the pixels from which tqﬁzlhistogram is created by their distance to p.
are pixels of the target patch and b is a function mapping a pixel in the 2D image space to
the corresponding histogram bin depending on its RGB value. 2@ = [0, 1] are the normalized
positions of the pixels, where the position p in the center of the patch is (0, 0). The idea behind
the weighting with & is that pixels close to p have a greater influence on ¢ than pixels farther
away. ¢ is the Kronecker delta function.

At each frame and in every iteration of the Mean Shift procedure, a candidate model p is cal-
culated from the patch within the search window at the current position p of v by Equation4.1l
With this candidate model and the target model the new position p of the target v is calculated,

where this position is the local maximum within the search window [26]:
n
Z Xy - W;
=1
—_—.
> w;
=1

w; weights the pixel positions xz; based on the target and the candidate model:

w,-:z Aqu 20 (b(x;) —w),

Tracking the target patches of a target structure by multiple independent Mean Shift trackers
is prone to the problems occurring in difficult tracking tasks. Difficult tracking tasks may come
with cluttered backgrounds, articulated or even non-rigid targets, complex and fast motion (high
degree of freedom), distractors with a high similarity to the target, and occlusions hiding the
visual appearance of the target for a long time. For detailed Information about the level of
difficulty of tracking tasks see Section[2.3l

4.3 Summary of Selected Publications

This section summarizes the selected publications about finding temporal correspondences with
graph models and graph-based methods and discusses the most important results.
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Figure 4.3: A hierarchical spring system represents a target structure by an attributed graph pyramid.
The vertex in the top level represents a target patch. In the bottom level, there are multiple vertices,
each representing a small target patch. The edges encode the spatial relationships in the bottom and
parent-child links in-between the levels. Reprinted from [[12] with permission from Elsevier.

43.1 Paper[C

Nicole M. Artner, Adrian lon, and Walter G. Kropatsch. Multi-scale 2d tracking of articulated
objects using hierarchical spring systems. Pattern Recognition, 44(4):800-810, April 201@

4.3.1.1 Summary

This paper presents a flexible framework to track rigid and articulated target structures through
multiple scales and occlusions in 2D. A rigid target structure consists of related multiple target
patches and it is represented by an attributed graph pyramid. The bottom level consists of mul-
tiple vertices representing local, discriminative patches extracted from the region covering the
target and edges encoding their spatial relationships. In the top level there is only one vertex rep-
resenting the whole target as one patch, which is connected through vertical edges to all vertices
in the bottom level. During tracking, the spatial relationships encoded by the edges of this graph
model are enforced in a tolerant and spring-like manner. Hence, the representation proposed in
this paper is called hierarchical spring system (HSS). Figure[4.3 shows the levels of a HSS for
one target structure.

There are several reasons for the hierarchical nature of the target model. The presented
approach aims to be applicable for tracking arbitrary targets. Therefore, it is not possible to gen-
erally decide, if it is better to track the target as a target patch or as a target structure consisting
of multiple target patches. This decision typically depends on the difficulty of the tracking task
(see Section[2.3). In general, it is computationally less expensive to describe and track a target
as a single target patch. Describing and tracking a target by only one patch is suitable for targets
having a uniform appearance (e.g. one color), where no discriminative local features (patches)
can be reliably extracted. If the target moves with high speed (speed > 1, see Equation2.1]in
Section [Z.3.8), it is easier to follow a target patch covering the whole area of the target than
smaller local target patches. On the other hand, a target structure additional includes structural

published by Elsevier: http://www.sciencedirect.com/science/article/pii/S0031320310005091
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information about the composition of the target, which can be useful in cases of occlusions or
distractors. For example, if the degree of occlusion is > 50% and the target is tracked as a
single target patch, it is difficult to estimate the state of the target. If the visible area of a target
shrinks by 50%, this can be the result of an occlusion or due to the motion of the target along
the z-axis (away from the camera). By tracking a target structure, it is possible to evaluate the
properties of all target patches and their spatial relationships. During an occlusion the size of
the target patches as well as their spatial distances will not change. Therefore, the state of the
hidden target patches can be reconstructed from the visible ones. The idea behind the HSS is to
incorporate both possibilities (target patch and target structure), and to combine their strengths
and overcome their weaknesses.

The temporal correspondences are found by a novel, iterative algorithm based on the Mean
Shift procedure. Each vertex in the HSS is assigned to a tracker finding its temporal correspon-
dences by combining hypotheses based on appearance and on structure. The structural hypothe-
ses are extracted from the edges in the HSS, which act like springs pushing and pulling the
vertices to reduce the deformation of the structure of the graph. Tracking is done in a top-down
or bottom-up manner depending on the situation. If the top vertex (one target patch for whole
target) can be tracked reliably, the positions of the vertices in the bottom-level (small target
patches) are derived from the correspondence (current position) of the top vertex. In ambiguous
situations (e.g. during occlusions), tracking is done bottom-up. First the positions of the vertices
in the bottom level are determined and then the position of the top-vertex is calculated from
them. Switching between these two types of processing allows to increase efficiency as tracking
one target patch is computationally less expensive than tracking multiple target patches.

Acrticulated targets are represented by multiple HSS connected via points of articulation. For
example, a human can be represented by ten HSS, one for each body part (head, torso, lower
and upper arms, lower and upper legs), connected by nine points of articulation (head-torso,
torso-upper arm, etc.). A point of articulation is not related to a visible feature. Its task is to
transfer position information between connected rigid parts following the principal that rigid
parts always keep the same distance to their points of articulation.

4.3.1.2 Discussion

This section discusses the most important results in greater detail than in PaperlCl For Paper[C]
five experiments were conducted. The following discussion is about experiment 1, 3, and 4. For
the convenience of the reader some of the corresponding figures of [L2] are displayed in this
section.

The proposed approach has been evaluated with publicly available videos B5, 4] and videos
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Figure 4.4: Evaluation of tracking with Mean Shift (a) against proposed approach with HSS with planar
graph in bottom level (b) and fully connected graph in bottom level (c). Red boxes visualize the area of
the small target patches of the bottom level. Reprinted from [[12]] with permission from Elsevier.

recorded by myself. For all videos, the ground truth for a rigid target was its center position
(the positions of the individual bottom vertices could not be evaluated). Tracking with Mean
Shift was the baseline approach. The proposed approach was evaluated for two different HSS:
(i) planar (triangulated) graph in bottom level and (ii) fully connected graph in bottom level (see
Figure 4.4). For all experiments the size of the small target patches in the bottom level was
13 x 13 pixels. The size of the target patch of the top level resulted from the size of the rigid
targets (e.g. bounding rectangle of head, upper arm, lower arm, etc.). Each discussed experiment
is rated based on its level of difficulty according to Table2.2]in Section

Experiment 1. The task in this experiment was to track a face under heavy occlusions. Fig-
ure [4.5] visualizes results and the degree of occlusion over time. Information about the video:
352 x 288 pixels, 899 frames, 16 target patches in bottom level and level of difficulty =
(1,3,1,1,1,2,2.5).

The outcome of experiment 1 is that, considering the total error over the whole video, the
best result could be achieved by a HSS with a fully connected bottom level graph. When a
target object undergoes challenging occlusions (medium to high difficulty in Table2.2), there
are several vertices in the bottom level, which do not have a direct, neighboring vertex which
is visible. Thus, if the bottom level is a planar graph, there is no direct influence from vertices
farther away and the propagation of the necessary position information becomes problematic
(takes too many iterations). Therefore, the HSS with a fully connected bottom level is superior.
The proposed approach (independent of the bottom level layout) finds temporal correspondences
by combining hypotheses based on appearance and on structure. This combination is controlled
by a gain that is dynamically calculated from the properties of the target (e.g. similarity of
current appearance to target model). There are cases (e.g. the occluder looks similar to the
target), where the determined gain weights the influence of appearance and structure in a way so
that tracking is hindered (e.g. transfer of false position information within the HSS). This is why
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Figure 4.5: Experiment 1: Deviation from ground truth (sum over absolute differences to ground truth).
(full) using HSS with a fully connected graph, (planar) using HSS with a triangulated graph, (without)
using only tracking with Mean Shift. The color bar at the bottom encodes the degree of occlusion.
Yellow: up to 45%, Orange: up to 50% and longer than yellow, Red: up to 62%. Reprinted from [[12]
with permission from Elsevier.

there are frames, where the result with the HSS (planar and fully connected) is worse than with
the baseline approach. The advantage of the baseline approach in such a case is that the targets
are tracked independently and tracking errors are not distributed among them. Nevertheless,
Figure[4.5lshows that the proposed approach is able to recover from these difficulties.

Experiment 3: The task of this experiment was to track an articulated object through scaling
(motion along the z-axis, towards or away from the camera). Figurel4.6] shows the results and
the degree of scaling over time. Information about the video: 640 x 480 pixels, 621 frames, 60
target patches in bottom level and level of difficulty = (1, 3,1, 2,2,2,0).

The main conclusion from this experiment is that the proposed approaches (both planar
and fully connected) result in lower error rates than the baseline approach. In comparison to
experiment 1, the proposed approach is not outperformed by the baseline approach in certain
frames. Another interesting observation is that for this experiment, there is no big difference
between a fully connected and a planar bottom level graph in the HSS. This can be explained
as the scaling factor of the target structure is estimated and distributed globally, whereas under
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Figure 4.6: Experiment 3: Deviation from ground truth. The position error in pixels is a sum over the
absolute difference to ground truth over all rigid parts of the articulated target. The bar on the bottom
visualizes the scale change of the target. From 100% in frame 1 to 130% in frame 180 and down to 63%
in frame 520. Reprinted from [12] with permission from Elsevier.

occlusion the position information is distributed locally. The peaks in the graphs showing the
position error in Figure[4.6] result from the tolerance of the HSS. Minor changes in the spatial
configuration of the target patches are compensated by the spring-like behavior of the HSS.
Therefore, the change in scaling of the target needs to be remarkable before the HSS reacts and
adapts itself.

Experiment 4. This experiment studies the behavior of the HSS under fast motion (speed
> 1, see Equation [2.1] in Section 2.3.8). Figure [4.7] shows a selection of interesting frames.
Information about the video: 640 x 480 pixels, 216 frames, 18 target patches in bottom level
and level of difficulty = (1,3, 1,2,2,2,0).

From Figure[4.7lone can make two relevant observations. In frame 155, tracking with Mean
Shift fails to correctly associate two vertices due to a distractor (the color distribution of the
face is similar to the hand). The proposed approach suffers due to motion blur, but the spatial
arrangement of the target structure stays intact with the help of the structural information and the
position information of the upper arm. Hence, the recovery is easier under such conditions. In
frame 170, the proposed approach successfully recovers tracking the lower arm, but the baseline
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Frame 1 Frame 68 Frame 155 Frame 170

Figure 4.7: Experiment 4: Tracking an articulated object through motion blur. (top) Tracking with
Mean Shift and (bottom) my approach with HSS and fully connected graphs. Reprinted from [[12] with
permission from Elsevier.

approach is still not able to deal with the distractor problem.

All in all, the proposed approach outperforms the baseline approach in cases of occlusion,
scaling and fast motion. A HSS with a fully connected bottom level graph delivers equal or
superior results in comparison to a planar bottom level graph. An advantage of the proposed
combined iterative tracking is that the computational complexity is not influenced by the con-
nectivity of the graph. Hence, using a fully connected bottom level graph does not slow down the
tracking. On the contrary, it can speed up the convergence of the combined iterative mode seek-
ing algorithm [66] as the propagation of information is faster (due to the pairwise connection of
all vertices).

4.3.2 PaperD

Nicole M. Artner and Walter G. Kropatsch. Structural cues in 2d tracking: Edge lengths vs.
barycentric coordinates. In 18th Iberoamerican Congress on Pattern Recognition, Lecture Notes
in Computer Science, page in print. Springer, November 201

4.3.2.1 Summary

This paper is a continuation of the work in Paper[Cl The aim of this paper is to analyze the
potential of structural information in tracking. In the proposed combined iterative algorithm,
temporal correspondences for target structures are found based on an appearance cue and a

2published by Springer: http://www.ciarp.org/xviii/index.php/proceedings
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structural cue. The appearance cue is delivered by the Mean Shift algorithm and is based on
the similarity to the appearance stored in the model. Structural cues are directly deduced from
the current spatial configuration of the target patches in comparison to the initial configuration
stored in the model. In Paper[C| the spatial relationships of the vertices in the bottom level
graph are enforced by the spring-like behavior of the edges. Thus, the structural cue used for
HSS are the edge lengths. This structural cue is called edge cue in PaperlDl The experimental
evaluation (see Section[4.3.1.2) shows that the information propagation in triangulated, planar
graphs is not efficient enough in challenging situations (e.g. during occlusions). Therefore, one
contribution of this paper is a novel structural cue for triangulated bottom level graphs based
on barycentric coordinates. This structural cue is called triangle cue in PaperlDl Barycentric
coordinates were already introduced by August Ferdinand Mdbius in 1827. They are frequently
used in computer graphics [76} [51]], but also mathematics [101] and computer vision [29, [86].
Barycentric coordinates allow to describe the position of each vertex in a triangulated graph
based on the positions of the three corners (vertices) of any triangle in the graph. The position
p of vertex v can be calculated by a linear combination of the three vertices {uy, vy, v3} of a
triangle as follows:

p(vl)Ta 1
p(v) = (z,y, 1) = (B1,B2,83) - | p(wa)T, 1
p(v?))Ta 1)

where 31 + 82 + 83 = 1.0 are the so-called coefficients.

In addition to the novel structural cue, this paper systematically analyzes the performance
of the proposed combined iterative tracking approach with the help of synthetic videos. This
synthetic videos allow the comparison of the results against exact ground truth data. A drawback
of the experimental evaluation of Paper[Clis the coarse ground truth data, which does not allow
to determine the error in each vertex, but only the deviation from the center of mass of a rigid
target structure (e.g. head and torso). Furthermore, the ground truth data of the videos recorded
by myself is manually depicted, which already incorporates a certain error.

The focus of the evaluation in this paper lies on different DOF of motion, distractors, oc-
clusions and noise (see Section[2.3). Furthermore, this paper is the first attempt to study the
influence of different parameters of the algorithm on the results.

4.3.2.2 Discussion

This section discusses the most important results of Paper[Dl For the convenience of the reader
some of the corresponding figures of [14] are displayed in this section.
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Both structural cues and the baseline approach were evaluated with 36 synthetic videos with
a size of 400 x 600 pixels and a length of 10, 30 or 37 frames (2 DOF: 10 frames, 3 DOF: 37
frames, 4 DOF: 30). The target structure in all videos consists of nine target patches and their
spatial relationships, which are represented by a graph model. Please note that the proposed
approach is not limited to nine vertices. The size of the target patches is 11 x 11 pixels. Each
video can be rated based on its level of difficulty according to Table2.2]in Section Three
different test sets were created for two different target structures:

Test set 1: three videos with level of difficulty = (1,2,1,1,1t0 2,2,0), where 1 to 2 for motion
results from increasing DOF from 2 to 4;

Test set 2: nine videos with level of difficulty = (1,2,1,1,1 to 2,2, 1 to 2), where 1 to 2 for
occlusion results from different degrees from 11% to 66%;

Test set 3: six videos with level of difficulty = (2,2, 1,1, 1 to 2,2, 0), where 2 for input results
from induced noise (Gaussian white noise and Salt & Pepper 10 %).

This results in 36 videos, which were evaluated with different parameter sets. | used three
different choices (0-2) for the weight (gain) mixing the appearance cue with structural cue and
three different orderings (0-2) of the vertices in the combined, iterative algorithm. All in all,
this results in nine different parameters combinations {00, 01, 02, 10, 11, 12, 20, 21, 22} and 324
(36 - 9) test cases for each cue.

Figures 4.9 and [4.10) show the results of the edge cue (edge length) and the triangle cue
(barycentric coordinates) in comparison to the baseline approach. The difference between Fig-
ure[4.9/and [4.10] lies in the target structure. For the results in Figure[4.9 a target structure with
equally distributed target patches is used, which results in a graph, where each face has the same
geometry and the faces are equal-sided. Figure[4.10 is based on a target structure, where the
faces differ in their geometry and no face is equal-sided. The curves in both figures visualize
the mean error in a vertex at each frame. This error is calculated as the Euclidean distance from
the ground truth position averaged over all vertices in a graph and all video sequences in the
corresponding test set.

The most important observation is that in all test cases the best result of the triangle cue
outperforms the best result of the edge cue (and the baseline approach). By choosing the best
parameter set for the triangle cue it is possible to achieve a total error per vertex (averaged over
all 324 test cases) of only = 1,06 pixels. In contrast to that, the best parameter set for the edge
cue results in a total error per vertex of =~ 6, 15 pixels.
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deg(v) =1 deg(v) =2 deg(v) =3

Figure 4.8: Ambiguity of structural cue based on edge length. (a) Vertex degree 1, all positions on circle
are minima. (b) Vertex degree 2, two minima. (c) Vertex degree 3, one unique minimum.

Looking at all test cases in Figures[4.9 and [4.10] the best parameter set for the triangle cue
(barycentric coordinates) is 20 and the worst is 00. The edge cue (edge lengths) performs best
with the set 00 and is the worst with 10.

The edge cue is inferior to the triangle cue, because the reliability of the edge cue highly
depends on the layout of the graph. As can be seen in Figurel4.8| the edge cue is ambiguous for
vertices with a degree smaller than two.

As edges are a one dimensional entity, they are only capable of providing distance informa-
tion. Therefore, if a triangle flips it may not be noticed. This problem can be avoided with the
triangle cue by checking the signs of the coefficients of the barycentric coordinates. If a triangle
flipped the signs of the coefficients change.

Another weakness of the edge cue was already stated in Paper[Ct the information propa-
gation in a triangulation can become problematic (e.g. in cases of occlusion). The edge cue is
determined from the direct neighbors of a vertex (path of length one). Hence, it is a local cue
with no direct influence of vertices from farther away. The triangle cue of a vertex can be deter-
mined from any other triangle (face) in a graph. Therefore, it is possible to propagate position
information within one iteration from a visible triangle to a hidden triangle independent of their
distance (path length) in the graph.
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Figure 4.9: Results with regular-sized triangulation (i.e. triangles are equal-sided). Left: edge cue;
Right: triangle cue. Vertical axis: error; Horizontal axis: frame. MS = Mean Shift (baseline approach).
Reprinted from [[14] with kind permission from Springer Science and Business Media.
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Figure 4.10: Results with irregular-sized triangulation (i.e. triangles are unequal-sided). Left: edge cue;
Right: triangle cue. Vertical axis: error; Horizontal axis: frame. MS = Mean Shift (baseline approach).
Reprinted from [[14] with kind permission from Springer Science and Business Media.
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CHAPTER 5

Concluding Remarks

In this concluding chapter the original contributions of this thesis are summarized and possible
future work is presented.

5.1 Contributions

The main contributions of this thesis are within the field of tracking, more specifically in the
field of tracking related multiple targets.

One core contribution is a novel approach for the initialization of target models, which is
presented in Papers[Aland[Bl The approach is a hierarchical grouping framework based on irreg-
ular dual graph pyramids, which solves the initialization task with an idea inspired by cognitive
psychology |58]. In a nutshell, the idea is: ““things that move together belong together”. Even
though, there is related work which also solves the task by grouping pixels or features based on
their motion [98], the approach in this thesis additionally considers spatial proximity and rela-
tionships. The proposed approach is fully automatic and does not require any prior knowledge
about the scene or user interaction. Furthermore, the proposed hierarchical grouping framework
allows the usage of different grouping criteria depending on the motion in the video (i.e. motion
in the image plane or motion out of the image plane). To the best of my knowledge, there is
no work on irregular pyramids to initialize target models based on the motion of tracked target
points. The local to global grouping in the irregular pyramid enables the approach to deal with
non-rigid motion and tracking errors up to a certain degree (i.e. as long as the motion which re-
sults from non-rigid behavior or from tracking errors is insignificant in comparison to the global
motion, the grouping will be successful). Besides the identification of the rigid entities in the
scene, the approach proposed in Paper[Bladditionally finds the points of articulation connecting
the rigid entities of articulated targets. Thus providing a complete model for articulated targets.
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Furthermore, the output provides more information than related works as it is a hierarchical
description, which can be useful for coarse-to-fine tracking approaches.

Another core contribution is a novel, combined iterative tracking approach for target struc-
tures of arbitrary rigid or articulated targets. These target structures consist of related multiple
target patches, which are represented by a hierarchical (Paper[C) or planar graph model (Pa-
per[D). The correspondences for these target structures are established by the proposed tracking
approach, which combines appearance and structural cues to iteratively search for the locally
optimal solution. Any standard appearance-based tracker (in this thesis Mean Shift) can be
employed to deliver the appearance cue (i.e. a correspondence for a target patch based on the
similarity to the appearance information stored in the model). The structural cue is deduced
from the graph model. In Paper[C] the structural cue is determined from the spatial relationships
and dependencies encoded in the edges of the graph model. The structural cue simulates the
behavior of springs, pushing and pulling the target patches to reduce structural deformations
(this is also the reason why the representation is called hierarchical spring system). PaperlDl
proposes a novel additional structural cue based on barycentric coordinates derived from the
faces (triangles) of the graph model. For articulated targets, each rigid entity (e.g. body part)
is modeled by a separate graph model and points of articulation connect these graph models to
transfer position information between them. The rigid entities are allowed to move independent
of each other while keeping a fixed distance towards their point(s) of articulation. This novel
tracking approach enables a simple appearance-based tracker like Mean Shift to solve challeng-
ing tracking tasks by incorporating a graph model and structural cues in a combined iterative
tracking process.

All in all, the main goal of this thesis, which is to study the potential of graph-based repre-
sentations and methods in tracking, could be achieved.

5.2 Future Work

The proposed approach for the initialization of target models is based on analyzing motion en-
coded in trajectories. At the moment, this approach is only able to process complete trajectories.
A complete trajectory is the result of tracking a target point from the first until the last frame.
In future, | plan to also incorporate incomplete trajectories, which frequently appear in videos
with targets moving out of the image plane. For example if a target rotates around its major axis
some target points will disappear and new target points will appear (i.e. incomplete trajectories).
The approach presented in Paper[Alis able to deal with motion out of the image plane, but it is
only able to process a reduced set of trajectories (only the complete ones). Thus, the resulting
target model contains less information. By incorporating incomplete trajectories the output of
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my approach will improve. Paper[Bl presents an approach to identify the points of articulation
connecting the rigid entities of articulated targets. At the moment, this approach is limited to
motion in the image plane. Therefore, a logical task for future work is to extend this approach
to motion out of the image plane. Combined with the previously mentioned future work, the
resulting approach will be able to initialize target models consisting of rigid entities and their
points of articulation based on arbitrary trajectories in 2D and 3D.

The combined iterative tracking approach offers many possibilities for future work. Cur-
rently (in Paper[Cland[D]), the tracking is limited to motion with four DOG (degrees of freedom):
translation along the z-, y-, and z-axis (e.g. target is moving closer to the camera or farther away)
and rotation around the z-axis. In future, I plan to extend the tracking to six DOF. This extension
requires structural cues in 3D. The simple structural cue based on distances in PaperCl will be
replaced by the structural cue based on barycentric coordinates as they are defined for n dimen-
sions. Furthermore, the results in Paper[Dlshowed that this novel structural cue is superior. As
long as the target moves with only four DOF, it is sufficient to update the appearance informa-
tion in the target model. When the target moves with six DOF, it becomes necessary to also
update the target patches and their relationships. New target patches will appear and should be
included in the target model, which requires an update of the structural information. EXxisting
target patches may become invisible, if the target rotates around its major axis. In such cases
it will be helpful to pay special attention to the “borders” of the target, because this is where
changes will take place.
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