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Abstract

As a consequence of the ever increasing automation, many application domains { such

as autonomous driving or visual surveillance { have to deal with vast amounts of visual

data. To e�ciently process these data and reason about what is happening in a scene, we

need to rely on automated video analysis. An essential requirement for such automated

analysis is to accurately localize objects and reliably estimate their trajectories over time,

in order to deduce which (inter-)actions are observed by a camera. To address these

tasks, numerous visual object tracking paradigms have been investigated over the past

few decades. The majority of these approaches, however, focuses only on the dynamics

and visual representation of the target itself, neglecting the information gain provided by

other contextual cues which are readily available from the recorded visual data.

In this thesis, we investigate the potential of auxiliary scene information, i.e. context,

to robustify visual object tracking. To this end, we exploit often neglected information

sources to build intuitive, yet very accurate and e�cient tracking models. These models

cover both appearance-based and geometric context to address several limitations of ex-

isting work. Appearance, on the one hand, can be used to reduce the risk of drifting in the

case of visually ambiguous scenarios. Leveraging geometric prior knowledge and observed

scene dynamics, on the other hand, allows to model plausible movements of missed or oth-

erwise undetected objects which can be exploited to resolve occlusions. We rely on these

context cues to build causal visual object trackers, which are suitable for time-critical ap-

plications. To demonstrate both the bene�ts and limitations of each context-aware model,

we conduct detailed evaluations on challenging real-world test scenarios.
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Kurzfassung

Durch die zunehmende Automatisierung und der damit verbundenen stark ansteigenden

Zahl an bildverarbeitungsbasierten Systemen { zum Beispiel im Bereich des autonomen

Fahrens oder der Video�uberwachung { ben�otigen wir verst�arkt Algorithmen zur automa-

tisierten Videoanalyse um feststellen zu k�onnen, was im Blickfeld einer Kamera geschieht.

Eine wesentliche Basis zur automatisierten Auswertung besteht darin, Objekte genau zu

lokalisieren und ihre Bewegung zuverl�assig �uber die Zeit zu sch�atzen. Aus diesen Daten

kann dann abgeleitet werden, welche (Inter-)Aktionen statt�nden. Um die Lokalisierung

e�zient zu l�osen, wurden in den letzten Jahrzehnten zahlreiche visuelle Trackingparadig-

men untersucht. Die Mehrheit dieser Ans�atze konzentriert sich fast ausschlie�lich auf die

Repr�asentation einzelner Objekte. Weitere Informationsquellen, die sich aus dem Kontext

der Videoaufzeichnung ergeben, werden dabei vernachl�assigt.

In dieser Arbeit untersuchen wir das Potenzial von oft vernachl�assigten Kontextinfor-

mationen, um intuitive und robustere Trackingmodelle zu erm�oglichen. Unsere Ans�atze

fokussieren sich sowohl auf das Aussehen und die Dynamik aller involvierten Objekte, als

auch auf den, durch die jeweilige Szene bedingten, geometrischen Kontext. Wir ver-

wenden diese Informationsquellen, um kausale Trackingalgorithmen zu realisieren, die

sowohl Einschr�ankungen existierender Methoden reduzieren, aber auch f�ur zeitkritische

Anwendungen geeignet sind. Um die Vorteile und Einschr�ankungen der vorgestellten kon-

textsensitiven Modelle zu demonstrieren, f�uhren wir detaillierte Evaluierungen mit Hilfe

realistischer Testszenarien durch.
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1
The Importance of Context for Visual Tracking

Every problem has a solution.

| C. G. B. Spender (The X-Files)

Contents

1.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Applications and Challenges . . . . . . . . . . . . . . . . . . . . . 3

1.3 Contributions and Outline . . . . . . . . . . . . . . . . . . . . . . 7

1.1 Problem Statement

Humans are blessed with a highly evolved and e�cient visual system. In particular, we

can rely on our visual perception to scan and interpret our surrounding environment {

i.e. the real-world scene we are in { in a fraction of a second. Furthermore, letting optical

illusions aside, our interpretations about the scene are usually correct, which is why we

can \trust our eyes" even under challenging conditions, no matter if we are in a poorly lit

room or outside in bright sunlight. Within the computer vision community, this interpre-

tation ability is known as scene understanding and marks one of the most active research

areas. In fact, the holy grail of computer vision is to mimic the human perception and

enable computational agents to understand what is going on in their surroundings and

how to properly interact with their environment. Such agents can be employed to support

humans in many application domains, e.g. autonomous vehicles that reduce the stress for

daily commuters, robots that can be deployed in hazardous environments for search-and-

rescue missions, or automated visual surveillance systems which support human operators

in analyzing the data streams captured by the immense number of closed-circuit televi-

sions (CCTVs) observing our public spaces, to name but a few.

1



2 Chapter 1. The Importance of Context for Visual Tracking

Computer vision-based scene understanding relies on several crucial components. First

of all, we need to know who or what can interact in a scene. Thus, object detection and

recognition is required to identify objects within the scene, potentially combined with

semantic segmentation which labels each pixel of an image according to the object class it

belongs to. Second, to understand what is going on, we need to incorporate both spatial

and temporal context. To this end, localization and tracking is required to identify object

trajectories and reason about temporal associations, e.g. where a person is coming from

or where she is headed to. Finally, we need to combine these information cues { spatial

context provided by recognition and segmentation, as well as spatio-temporal context

provided by tracking { to fully interpret and understand the scene. This component

involves activity recognition and understanding, i.e. reasoning about which actions are

performed by an individual, which interactions occur in the scene or, more generally, what

is going to happen next.

In this thesis, we address the localization component, i.e. visual tracking algorithms.

Simply put, such algorithms estimate motion from a sequence of images. Based on the

motion estimation type, we can distinguish three major research domains: (i) optical


ow, i.e. estimating the motion of each individual pixel [8, 40, 127, 128, 196]; (ii) image

registration, i.e. estimating the motion of speci�c pixels (interest points or keypoints),

typically between pairs of images as used, for example, in structure from motion (SfM) [129,

179, 283, 285, 419]; and (iii) object tracking, i.e. estimating the motion of an object [85,

208, 214, 442]. This thesis deals with visual object tracking { in particular, we focus

on causal (also known as online) approaches, which means that during tracking only the

information of previous frames can be used for inference of the object state, i.e. its location,

and additionally, previously reported trajectories cannot be changed anymore.

Similar to the human visual scene interpretation, our capabilities of tracking objects

are highly evolved. Although these skills can be improved even further { for example

by profession [6] and even by video games [167] { the average human visual system is

already capable of tracking multiple targets simultaneously despite occlusions, appearance

changes and visual distractions [70]. Both, the incredibly fast scene interpretation skill

and the object tracking abilities of the human visual system, can be mostly contributed

to unconscious inference [185], i.e. our brain making assumptions based on visual stimuli

combined with our prior experiences of the world. In fact, the human brain heavily relies

on contextual cues, i.e. auxiliary information about the scene { such as spatial layout and

geometric constraints, e.g. where a person is able to go to or walk upon { and objects

{ such as their location, trajectory and intent.

Tracking by humans crucially relies on contextual cues as they allow us to focus our

visual attention on challenging scenarios [70]. For example, tracking a red ball in front of

a white wall is easy and does not impose any notable challenges on our visual perception.

However, as soon as there appear additional similarly colored balls, or the color of the

background changes to red, we need to focus our attention closely on the target to avoid

losing it. In such scenarios, we heavily exploit our knowledge about the scene and our



1.2. Applications and Challenges 3

reasoning about the target dynamics to keep track of the object. Without exploiting

context, we would not be able to focus our visual attention, deduce the target dynamics

or reason about physically plausible motions to constrain the ball’s future locations.

Context has been recognized as a powerful tool by the computer vision community

already decades ago, e.g. to improve object recognition in static scenes [403]. In fact, all

visual tracking algorithms rely on the most obvious contextual cue, i.e. visual appearance,

to distinguish the target from the background, and several trackers also exploit motion

context, i.e. model the target dynamics explicitly. Besides these two basic contextual cues,

however, visual tracking approaches most often neglect more complex context { such as

scene geometry (e.g. to impose motion constraints) or visually distracting regions (e.g. to

focus attention or computational resources to avoid drifting) { despite the incredibly useful

information they provide. An explanation for this lack of incorporating more complex

context information to robustify inference is that such cues typically increase the overall

framework complexity. There are a few notable exceptions, e.g. approaches leveraging

closed world assumptions [205, 206, 236] which, simply put, exploit the fact that objects

cannot appear out of nowhere or cannot disappear from one moment to the other.

We aim to emend this context negligence by investigating suitable contextual cues for

visual tracking. In particular, we will investigate (i) appearance-based context w.r.t. the

visual representation of the object and the scene, and (ii) dynamics-based context w.r.t.

the object motion and scene geometry. Our research is motivated by challenging real-world

applications, namely outdoor sports and visual surveillance, which require both fast and

reliable trajectory estimates of objects.

1.2 Applications and Challenges

Visual tracking is a fundamental task for a wide range of computer vision-based appli-

cations, including autonomous vehicles and driver assistance systems, automated video

analysis, human-computer interaction, motion capture, robotics, scene understanding or

visual surveillance. Most of these domains impose real-time constraints on the underlying

tracking framework. In such applications, only a minor percentage of the computing re-

sources can be allocated for object localization and trajectory estimation { the major part

is required to perform higher-level tasks, i.e. interpretation and reasoning. Therefore, the

computational complexity of a visual tracker should be as low as possible, yet su�cient to

reliably estimate the trajectories of the objects of interest. During my work at the Institute

of Computer Graphics and Vision (ICG), we tackled several real-world tracking applica-

tions, two of which are illustrated in Figure 1.1 { i.e. automatically recording athletes

performing summer and winter sports outdoors { and Figure 1.2 { i.e. computer vision-

based pedestrian tra�c lights. In this thesis, we propose e�cient and causal tracking

algorithms, which enable such real-time capable systems.

The large diversity of potential applications makes visual object tracking a highly at-

tractive research problem. Additionally, hardware improvements { with respect to both,
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(a) Tracking algorithms must be robust and e�cient, ...

(b) ... handle notable appearance variations, e.g. due to (potentially missing) clothing, ...

(c) ... and have to deal with unforeseen target dynamics and deformations.

Figure 1.1: Single object tracking (SOT) to automatically record athletes as they bike or ski
down a slope. Localization must only take a fraction of the constrained computing time, as the
remaining resources are required to adjust the pan-tilt-zoom (PTZ) camera to capture smooth
videos. Tracking results { i.e. the current object location (blue and green rectangles, respectively)
and the previous trajectory { are superimposed for better visualization.

computing power and optical sensors { and the ubiquitous availability of computing de-

vices contributed to the signi�cant interest our research �eld received over the past decade.

This interest is also re
ected by the consistently large number of published tracking pa-

pers at major computer vision conferences alone, such as CVPR, ICCV and ECCV, with

approximately 30{40 approaches annually.

Despite being a long-standing and widely studied research topic, visual tracking is far

from being solved. The reason why we still have no Swiss Army knife for tracking is

because tracking algorithms have to deal with considerable challenges, as illustrated in

Figure 1.3. The key challenges can be summarized as follows:

Appearance variations are caused by multiple factors, such as (rigid and non-rigid)

object deformations, scale changes or illumination. On the one hand, a tracker must

be robust against such kinds of varying object appearance, while on the other hand,
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(a) Tracking from a typical surveillance viewpoint.

(b) Tracking from a slightly elevated viewpoint.

(c) Tracking from a notably elevated viewpoint.

Figure 1.2: Multiple object tracking (MOT) for intelligent pedestrian tra�c lights from varying
viewpoint elevations. The goal is to optimize the tra�c 
ow by automatically triggering the tra�c
light for pedestrians who want to cross the road. This requires predictions of the pedestrians’ intent
and heavily relies on their dynamics and observed behavior. Additionally, note the signi�cant
appearance variations (scale and aspect ratio) due to the given viewpoints, which impedes both
pedestrian detection and localization, i.e. reasoning about the object locations w.r.t. the (metric)
ground plane. The superimposed, colored tracking results (rectangles and trajectories) correspond
to the di�erent object identities.
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(a) Contrast variations. (b) Bright sunlight and dark shadows.

(c) Low light and motion blur. (d) Dense crowd.

(e) Occlusions. (f) Varying weather conditions.

Figure 1.3: Examples of di�cult visual tracking scenarios highlighting two major challenges:
appearance variations { due to (a), (b) interplay between sunlight and shadows or (c) degraded
image quality at night { as well as occlusions { due to (d) high density crowds, (e) static obstacles
in the �eld of view or (f) umbrellas.
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it should be able to reliably distinguish multiple visually similar objects and identify

failures once the tracker drifts away from the target.

Dynamics of the target, scene and camera. Depending on the velocity and continuity,

motion can lead to blurry recordings or abrupt changes w.r.t. the predicted motion

direction, thus impeding localization.

Illumination conditions play a crucial role for any computer vision-based system.

While it is rather easy to record low quality images { e.g. via overexposure,

underexposure, not paying attention to re
ections of the light source or lens glare

{ capturing a scene at a su�cient quality level for robust automated analysis is

a nontrivial task which requires a considerable amount of precaution and prior

knowledge about the application domain and the intended environment.

Occlusions are either caused by objects and obstacles within the �eld of view (FOV), or

the target (partially) occluding itself due to non-rigid deformations. The frequency,

amount (i.e. full or partial occlusion) and duration of occlusions is heavily application

and viewpoint dependent.

1.3 Contributions and Outline

A visual object tracker consists of the following two major components [87]:

Object representation and localization deals with modeling an object’s appearance

and generating hypotheses for its location. This is usually a bottom-up process,

exploiting the observed (low-level) visual cues to infer hypotheses about the object

state. The most important task of this component is to robustly cope with appear-

ance variations.

Data association and �ltering deals with the dynamics of the tracked object and in-

corporates contextual cues and prior knowledge. This is mostly a top-down process,

evaluating and verifying the generated hypotheses to estimate the object trajectories.

Tracking approaches di�er widely in the way these two components are combined and

weighted, which is mostly driven by the particular application domain. This combination

has a crucial e�ect on both the robustness and e�ciency of the tracking approach. For

example, tracking athletes from a PTZ camera, recall Fig. 1.1, relies more on object

representation than motion, whereas tracking pedestrians and predicting their motion

intent for automated tra�c lights, recall Fig. 1.2 and 1.3, relies heavily on object dynamics.

Figure 1.4 illustrates the overall visual tracking loop and the interplay of these two

major components. In this thesis, we advance the state-of-the-art by addressing both

components. In particular, we make the following contributions to the processes of the

visual tracking loop:
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Object State
Hypotheses

Observation
Estimated Object

Trajectories

Object Representation

and Localization

Bott
om

-u
p

Pro
ce

ss

Data Association
and Filtering

Top-down
Process

Observed Scene

Wait for

Observation

Figure 1.4: Overview of the visual tracking loop. Each tracker consists of two major components
(green and blue boxes), namely (i) object representation and (ii) data association. This thesis
contributes to both components by investigating (i) robust appearance-based models for object
representation and (ii) physically plausible constraints for data association. Gray boxes indicate
observed images (i.e. low-level input), intermediate state hypotheses (internal to the tracker), and
trajectories (i.e. output of the tracker).

Bottom-up { we propose a context-aware object model which allows us to identify dis-

tracting regions in advance and suppress such regions during localization, leading

to improved robustness. This signi�cantly improves standard color-based trackers

which otherwise would drift away from the object of interest towards such visually

distracting regions.

Top-down { we propose a data association schema which exploits occlusion knowledge,

physical plausibility and closed world assumptions. This enables robust linking of

object hypotheses into trajectories.

The remainder of this thesis is structured as follows. First, we provide an overview on

visual tracking approaches in Chapter 2. Second, we introduce our distractor-aware object

model in Chapter 3. Third, we present occlusion geodesics for robust data association in

Chapter 4. Finally, we provide detailed evaluations of the bene�ts and limitations of our

contributions in Chapter 5 and conclude in Chapter 6.
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2.1 Overview

This chapter introduces the notation used throughout this thesis and discusses prior work

on visual object tracking. The following literature review should give the reader a brief

overview over related methods and the state-of-the-art w.r.t. (generic) single object and

(specialized) multiple object tracking. A more in-depth review of the most closely related

methods is given in the following technical chapters, which present our contributions.

Due to the abundance of available visual tracking approaches, an exhaustive literature

review is infeasible. This is also re
ected by the multitude of survey papers published in

recent years, e.g. [141, 149, 198, 242, 269, 313, 314, 347, 464, 469, 488]. Thus, we focus the

following discussion on major research directions and approaches relevant to this thesis

and refer the interested reader to the respective surveys for a broader overview.

9
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2.2 Notation and Conventions

Throughout this thesis, we apply widely used mathematical conventions, as are also found

in several books on pattern recognition [49], mathematical image processing [58], computer

vision [179, 394, 408] and statistics [180, 336, 424]. In the following, we summarize the

most important mathematical notations, as also listed in Table 2.1.

Scalar values are depicted in italic fonts, e.g. � or ci. Matrices and vectors are rep-

resented in bold font, e.g. M or v. Additionally, we use lowercase letters to denote 2D

vectors, e.g. v, and uppercase letters to denote 3D vectors, e.g. X. Vector spaces are

depicted in uppercase blackboard bold letters, e.g. R2. Functions, i.e. mappings between

di�erent vector spaces, are represented by uppercase italic letters, e.g. H : R2 ! R.

Probability measures are depicted by a lowercase italic p(�), e.g. to denote priors p(X),

joint probabilities p(X,Y ) or conditional probabilities p(X jY ).

Although (discrete) images can be stored and processed as matrices, we apply the more

formal convention that an image is a function. Thus, they are represented by uppercase

italic letters and denote a mapping from a carrier set 
 to a color space C, i.e. I : 
 ! C.

The most common image representation in this thesis are discrete 2D images, i.e. 
 =

f1, : : : ,wIg � f1, : : : ,hIg, where wI and hI denote the width and height of the image,

respectively. As we most often deal with color images, the corresponding color space is

usually 3D and either continuous, i.e. C = R3, or discrete as in the case of 8-bit quantized

images, i.e. C = f0, : : : , 28 � 1g3.

We de�ne image regions formally using set-builder notation. For example, an axis-

aligned rectangle of size w � h centered at c = (cx, cy)> is de�ned as the set of pixels

Table 2.1: List of notations used in this thesis.

Entity Notation

Scalar �, ci

Vector in R2 v = (x, y)>

Vector in R3 X = (x, y, z)>

Matrix M =

"
m1,1 m1,2

m2,1 m2,2

#

Vector Space R3, Q

Function F : R3 ! R2

Image I,M

Pixel I(x), I(x, y)

Tuple R = (x,w,h)>

Probability measures p(X) , p(X,Y ) , p(X jY )
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R =
�

x = (x, y)>
�� jcx � xj � w=2 ^ jcy � yj � h=2

	
. To simplify and avoid cluttering the

notation, we will also depict such regions by tuples, e.g. R = (c, w, h)>.

2.3 Single Object Tracking

We focus this overview of single object tracking (SOT) approaches on generic visual track-

ing using a single camera, i.e. causal trackers that do not apply pre-learned models or task-

speci�c prior knowledge. In contrast to highly specialized tracking frameworks, e.g. as used

to track the human eye [175, 270, 318, 470], generic approaches can be immediately applied

to localize arbitrary objects without any adjustments. Due to this genericity property,

such algorithms are particularly interesting for a large application domain. By not relying

on pre-trained models, such trackers are also often referred to as model-free trackers1.

Additionally, causal (also often denoted as online) trackers do not use any information

from future frames, i.e. only previously observed frames can be exploited to infer the

object location in the current frame. Thus, such trackers cause almost no delay between

observation and state estimation. This property allows such approaches to be employed

in time-critical applications, e.g. robotics or surveillance.

One of the most important components of each visual tracking approach is a sophis-

ticated object model. From a probabilistic perspective, the goal of such a model is to

correctly predict the class label y given some input features x, i.e. the problem is to �nd

the conditional distribution p(y jx). In visual tracking, we usually deal with a binary clas-

si�cation problem, i.e. y 2 f0, 1g, where we want to distinguish image regions containing

the object, i.e. y = 1, from the background, i.e. y = 0. The input features x we deal with

are derived from the object representation, such as raw image intensities, more complex

hand-crafted features { e.g. HOG [91], SIFT [284] or SURF [28] { or using features learned

from data, e.g. via dictionary learning, feature embeddings, subspace representations or

neural networks. After learning a suitable object model, the tracker evaluates the condi-

tional probability to get a representative score { usually denoted con�dence, similarity,

likelihood or, loosely speaking, probability { which can subsequently be used to localize

the object of interest throughout an image sequence.

There are two fundamentally di�erent ways to establish a statistical model of the object

of interest:

Generative methods learn a model of the joint probability p(x, y), i.e. they model

the distribution of the individual classes y. Predictions can then be obtained by

exploiting the chain rule

p(x, y) = p(x j y) p(y) , (2.1)

1Throughout this thesis, we try to avoid the term model-free whenever possible, as it may falsely convey
that such a tracker does not employ a model at all.
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and applying Bayes rule to compute the conditional probability

p(y jx) =
p(x j y) p(y)

p(x)
(2.2)

/ p(x j y) p(y) . (2.3)

Discriminative methods model the conditional probability p(y jx) directly by learning

a mapping from the inputs x to the classes y, i.e. they learn the boundary between

the classes.

Usually, discriminative approaches are considered to be superior to generative ap-

proaches. An intuitive reason for this belief is that discriminative approaches try to solve

a simpler task by learning a direct mapping from x to y, whereas generative approaches

make a detour by modeling the class distributions. Thus, generative approaches ignore

the main principle of e�ective inference (at least from a small sample size), which { as

stated by Vapnik [424] { is \to solve the problem directly and never solve a more general

problem" [424, p. 12]. Furthermore, classi�ers based on discriminative models usually

have a lower asymptotic error compared to generative models. However, as shown by

Ng and Jordan [328], generative classi�ers (such as na��ve Bayes) may converge to their

(higher) asymptotic error much faster. This �nding is especially important for generic

visual tracking, where we have to learn a model from a very limited amount of training

data, i.e. usually only a single annotated frame. Thus, trackers typically operate within

the non-asymptotic case, where generative models may actually result in the better per-

formance.

Since both discriminative and generative models have their advantages and disadvan-

tages, several works try to combine the merits of both, e.g. [50, 252, 416], and also apply

such hybrid models for visual tracking, e.g. [126, 445]. For more detailed discussions on

the capabilities of generative and discriminative methods, we refer the interested reader

to [50, 328, 478] or the excellent books on (statistical) learning [49, 180, 424].

In the following, we �rst categorize popular tracking algorithms by their prevailing

tracking paradigm in Section 2.3.1. Afterwards, we review the state-of-the-art in generic

single object tracking in Section 2.3.2.

2.3.1 Tracking Paradigms

Due to the vast research interest, a complete list of all proposed tracking paradigms or

approaches is out of scope of this thesis { instead, we focus on seminal works and recent

major approaches and categorize them by the underlying tracking paradigms. Note that

most trackers can actually be assigned to multiple paradigms { for example, correlation

�lters which employ part-based models, e.g. DPCF [287], convolutional neural network-

based approaches which learn correlation �lters, e.g. CREST [393], Siamese network-based

approaches which apply policy learning, e.g. EAST [203], part-based approaches which rely
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on color models, e.g. BHT [325, 326], or segmentation-based approaches which also rely on

the generalized Hough transform [26] and use a part-based model, e.g. HoughTrack [156,

157]. To avoid a highly redundant listing, we only categorize trackers by their prevailing

paradigm. Figure 2.1 summarizes the underlying paradigms of top-performing trackers on

recent benchmark evaluations. Note that we provide a more detailed summary of color-

based and context-aware approaches in Chapter 3, where we present our distractor-aware

tracker.

Correlation Filter-based Approaches. Introduced in the seminal work on synthetic

discriminant functions (SDF) by Hester and Casasent [191], correlation techniques are

widely used within the pattern recognition and computer vision community [246, 294].

Initially, correlation �lters were mostly used for low-level vision tasks - especially for fea-

ture point tracking (i.e. estimating the motion between images) and matching (i.e. image

registration), e.g. [8, 25, 285, 383, 415] { as well as object tracking, e.g. [51, 172, 214].

The main principle is to learn a �lter { usually in the frequency domain { that generates

a desired response when correlated with an input signal. For visual tracking, the de-

sired response is usually a peak at the object center, typically modeled by a 2D Gaussian

function.

Recently, the interest in correlation �lters increased signi�cantly due to the notable

work by Bolme et al. [54, 55] which addressed previous drawbacks and demonstrated ro-

bustness to challenging illumination conditions and partial occlusions at impressive frame

rates. Another notable extension is the combination with circulant matrices by Henriques

et al. [188], which enabled e�cient learning via kernel ridge regression in the Fourier

domain. These initial approaches have consecutively been improved by the tracking com-

munity, e.g. by incorporating more complex multi-channel features [93, 144, 189] or global

context [316], nonlinear kernels [189], long-term memory components [291], sophisticated

learning models [48, 96{98], improving scale adaptation [92, 94, 99, 271], handling non-rigid

deformations [42], including part-based representations [279, 287, 405], and introducing

regularization techniques to mitigate boundary e�ects [94, 145, 286].

Deep Learning-based Approaches. Recently, features learned with convolutional

neural networks (CNNs) have shown excellent performance in large-scale object recog-

nition benchmarks, e.g. [244]. Furthermore, these deep learning approaches have signif-

icantly improved the state-of-the-art in many computer vision research �elds, such as

object detection and recognition [154, 357{359, 362]. Motivated by their success, several

approaches explore the bene�ts of deep learning for visual tracking, which yielded im-

pressive results but also signi�cantly increased the computational requirements. Several

works rely on the highly discriminative deep features, e.g. [194, 393, 430, 431], which can

be pre-trained in an o�ine stage and adopted to the target’s object class at runtime,

e.g. [319]. More recently, recurrent neural networks (RNN) and Siamese networks { which

are basically unrolled RNNs { have been widely adopted, e.g. [43, 89, 124, 125, 159, 184,
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Figure 2.1: Overview of recent trends and research directions for visual tracking of a single object.
We cluster trackers which are among the top-performers of recent benchmarks [133, 134, 146, 238{
241, 243, 265, 274, 315, 386, 392, 448, 449] based on their prevailing tracking paradigm. To highlight
the signi�cant recent research interest in correlation �lters and neural network-based approaches,
these are visually separated from other paradigms.
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215, 235, 330, 413, 421, 432]. Another interesting line of research is to apply ideas of

re-reinforcement learning to train neural networks that regress transformations, such as

translation or shifting of the object hypothesis, e.g. [29, 203, 474].

Distribution Field-based Approaches. To overcome the limitations of traditional

kernel-based (i.e. histogram-based) tracking approaches { namely that applying the kernel

leads to loss of spatial structure { distribution �elds have been employed, e.g. [132, 381].

In essence, these approaches compare multi-channel object representations, which are local

histograms smoothed at di�erent scales. Distribution �elds can be used to mitigate the

e�ect of partial occlusions and misalignment during tracking. Prior to these approaches,

distribution �elds have mostly been used in the context of background subtraction to

detect moving objects in image sequences, e.g. [115, 397, 398].

Edge-based Approaches. Besides color information, edges are a powerful visual cue

to locate an object of interest. Most often, trackers employ hand-crafted edge-based

features, such as HOG [91], e.g. [42, 92, 189, 271, 286]. Edge cues have been shown

to be superior to plain color-based representations especially when tracking texture-less

or feature-less objects under challenging illumination conditions, e.g. [258, 259]. Some

approaches additionally rely on edge cues to generate object proposals, e.g. [201, 495].

E�cient Representation-based Approaches. Several tracking approaches draw

their inspiration from the human visual system to enable e�cient models. Sparse,

reduced or compressed object representations are well suited for such biologically inspired

appearance modeling tasks [488]. These representations can be e�ciently compared

and stored { due to their sparsity { and are bene�cial when dealing with signi�cant

appearance variations, e.g. caused by changing illumination { due to the robust basis

functions. Sparse representations can be obtained by leveraging sparse coding techniques,

e.g. [27, 212, 277, 305, 306, 489, 490], compressed sensing, e.g. [266, 481], or subspace

learning methods, e.g. [51, 172, 249, 281, 301, 364].

Ensemble Methods. Combinations of features, trackers, and machine learning tech-

niques have been widely explored for visual tracking. The goal of all these works is to

improve generalizability and robustness by fusing the output of multiple estimators over a

single estimator. To this end, machine learning ensembles have been successfully applied

both with averaging methods2, such as random forests and decision trees, e.g. [262, 455],

as well as boosting-based methods, e.g. [17, 18, 162, 163, 165]. Another line of research

combines either multiple feature cues { to rely on the most discriminative cue for the given

2Machine learning ensembles can be divided into two classes: (i) averaging methods independently train
multiple estimators and then average their predictions; and (ii) boosting methods train several estimators
sequentially with the goal to reduce the bias of the combined estimator.
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sequence challenges, e.g. [84, 111] { or multiple trackers { to rely on the most con�dent

or most reliable tracker, e.g. [250, 371, 428, 480].

Part-based Approaches. To obtain more robust object representations, several ap-

proaches employ part-based models which notably mitigate the challenges caused by par-

tial occlusions or non-rigid object deformations. Typically, such trackers work on image

patches, e.g. [1, 7, 71, 72, 75, 76, 113, 114, 156, 157, 182, 211, 248, 251, 272, 320, 325, 326,

484]. Instead of using regular image patches to denote the parts, some approaches either

rely on segmented superpixels, e.g. [67, 110], or interest points, e.g. [165, 299, 323, 324,

343].

Regression-based Approaches. Among the top-performers of recent tracking bench-

marks is a consistently large group of regression-based approaches. Such trackers formu-

late tracking as the regression of image displacements from image intensities or other fea-

tures. For example, this has successfully been addressed via structured output SVMs [176,

177, 186, 495], ranking SVMs [24], relevance vector machines (RVMs) [442], logistic re-

gression [433] or Gaussian process regression [148]. Note that correlation �lters, such

as [92, 93, 188, 189], also formulate tracking { in particular learning of the discriminative

�lter { as a ridge regression problem.

2.3.2 State-of-the-Art

Most recent approaches focused on (i) improving correlation �lters { by incorporating more

complex and discriminative feature cues or better regularization and drift prevention { and

(ii) exploring deep learning methods for visual tracking. These two tracking paradigms

signi�cantly advanced the state-of-the-art over the past few years and are consistently

among the top 3 contestants of recent tracking benchmarks, such as the Visual Object

Tracking (VOT) challenges [133, 134, 238{243].

Over the past four years, the top ranks of the VOT challenges were dominated by

(i) correlation �lters, i.e. CSR-DCF [286], DSST [92], KCF [189], SAMF [271] and Sta-

ple [42]; (ii) deep learning-based approaches, i.e. MDNet [319] and TCNN [321]; and

(iii) combinations of both, i.e. using convolutional features within the correlation �lter

framework: C-COT [97], CFCF [170] and DeepSRDCF [94, 95]. There are, however, a few

notable exceptions { namely (iv) trackers based on structured output SVMs, i.e. EBT [495]

and PLT [186]; (v) an ensemble of trackers, i.e. FoT [428]; and (vi) a tracker relying on

distribution �elds, i.e. EDFT [132].

Note that we only discussed approaches for generic object tracking from standard

RGB color sequences so far, which is the most common image modality we have to deal

with. On the contrary, visual tracking from di�erent image modalities, such as thermal

infrared (TIR), has received signi�cantly less attention. However, such non-typical im-

age modalities are especially useful for visual surveillance, autonomous vehicles or robot
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vision applications, due to their robustness to illumination changes, the ability to see in

total darkness and reduced privacy invasion. There have been several TIR-based tracking

challenges recently, i.e. VOT-TIR [133, 134, 243] and PETS [267, 339, 340]. The top-

performing methods on these datasets are mostly based on structured output SVMs and

rely on edge proposals, i.e. EBT [495], DSLT [473] and PST [201]. Only few correla-

tion �lter and deep learning-based methods have been adapted for the thermal infrared

imagery so far. However, two of them already are amongst the top contestants, namely

SRDCF [94] and TCNN [321].

Considering the tracking benchmarks over the past three years, we can observe inter-

esting paradigm changes. Figure 2.2 analyzes approaches which participated in the VOT

challenges in 2014 [239] and 2017 [243]. The model-related comparison (leftmost and mid-

dle charts) shows a notable shift from generative to discriminative models, as well as an

increase of holistic representations. These two trends can easily be explained by the rise

of both correlation �lters and deep learning-based trackers (see rightmost charts), as these

are discriminative approaches where the majority relies on holistic representations instead

of explicitly modeling parts of an object. In fact, while 2014 half of all trackers tested at

VOT relied on diverse techniques (depicted as others within Fig. 2.2), i.e. boosting, gen-

eralized Hough transform, graph-based models, interest point matching or particle �lter

frameworks, these account for less than 3 % of all tested trackers in 2017. In contrast to

this development, mean shift-based trackers seem to be the most attractive and reliable

\traditional" tracking paradigm, with a constant share of approximately 1=10 of all tested

trackers over the past few years.

Although state-of-the-art approaches achieve remarkable accuracy and robustness,

their additional model complexity, however, comes at the price of a highly increased de-

mand of computational resources. Thus, most top-performing approaches are not suitable

for time-critical systems. However, a recent study [146] showed that earlier correlation

�lter-based approaches, such as [42, 189], easily outperform more complex approaches {

both deep learning-based methods and complex correlation �lters { if the video sequences

are recorded at a higher frame rate. Although not too surprising, this �nding has practical

importance: when implementing a real-world tracking system, special attention should be

paid to improve the inputs, i.e. ensuring su�cient image quality and capturing rate, in-

stead of prematurely inventing more complex approaches to cope with issues arising from

an over-hastily chosen capturing system3.

2.4 Multiple Object Tracking

The second major research �eld in visual tracking is multiple object tracking (MOT), also

often referred to as multiple target tracking (MTT). As its name implies, the task is to

locate multiple objects throughout an image sequence, maintain their identities despite

3Actually, every engineer should know the computer vision mantra by heart: Garbage in, garbage out.
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(a) Characteristics of 51 trackers tested at the VOT’17 challenge [243].
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Figure 2.2: Characterization of recent trends in visual tracking. A comparison of trackers tested
at (a) the VOT’17 challenge and (b) the VOT’14 challenge reveals interesting regime changes over
the past three years. In particular, note the signi�cant changes w.r.t. the underlying model type
(charts on the left) and distribution of prevailing tracking paradigms (charts on the right).
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varying numbers of objects and report each individual trajectory for analysis. Typically,

MOT deals with a single object class of interest, such as animals [45, 228, 288, 303, 450],

cells or subcellular structures [79, 158, 385, 417], vehicles [44, 234, 354, 361] or, pre-

dominantly, humans { for which the major application domain is usually visual surveil-

lance [9, 36, 39, 60, 66, 118, 187, 218, 226, 261, 308, 376, 378, 447, 461, 472] or in the

context of sports and motion analysis [31, 32, 205, 236, 302, 329, 349, 425]. In fact, ac-

cording to a recent study [289], more than 70 % of the MOT research e�ort is focused on

pedestrian tracking alone. Some MOT approaches can also be adapted for single object

tracking, e.g. by simultaneously tracking all (sub-)parts of an object [112, 288, 484, 485].

However, the vast majority focuses on tracking multiple individuals of the same object

class, which we will address in the following review.

Our MOT contributions are also motivated from typical pedestrian tracking applica-

tions. In particular, we focus on analyzing pedestrian motion because of two major rea-

sons. First, visual surveillance scenarios provide a challenging testbed for MOT algorithms:

(i) humans are (mostly) non-rigid objects resulting in considerable shape deformations,

usually of their extremities; (ii) typical surveillance setups, i.e. outdoor scenarios captured

at long-range �elds of view (FOVs), result in rather low resolution image data which im-

pedes appearance modeling to distinguish pedestrians; additionally, (iii) pedestrians tend

to wear similarly colored clothing, preferably shades of dark, which in combination with

(iv) interactions between people makes it rather di�cult to maintain the correct trajectory

identities; and �nally, (v) surveillance scenarios typically capture rather crowded scenes

which lead to frequent occlusions. Second, tracking humans is a crucial component of

many computer vision-based real-world applications, with a broad range of application

domains, such as action recognition [2], human behavior analysis [69, 199], crowd analysis

and intelligent environments [477] or visual surveillance [435].

In the following, we �rst provide a categorization of multiple object tracking approaches

in Section 2.4.1. Then, we review the state-of-the-art according to recent benchmark

evaluations [256, 309] in Section 2.4.2.

2.4.1 Categorization

Similar to SOT, there are multiple ways to categorize MOT approaches. We focus on

three key aspects to group the vast literature into more easily digestible parts, as also

illustrated in Figure 2.3.

Classi�cation by Tracker Initialization. Most MOT approaches rely on the tracking-

by-detection paradigm and apply a detector to generate object hypotheses which are then

linked into consistent trajectories. Therefore, this group is also known as detection-based

trackers and can be further divided into two sub-groups, namely (i) approaches that rely

on motion detection, i.e. background modeling and (moving) foreground estimation, and

(ii) approaches that apply pre-trained object detectors. Earlier approaches mostly relied
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on motion detection, i.e. segmenting moving objects via background subtraction or frame

di�erencing to yield object hypotheses, e.g. [174, 178, 205, 206, 245, 310, 311, 493]. Due to

the typically static camera setup for pedestrian tracking applications, these techniques are

still widely used today. For example, �tting pedestrian shapes to the segmented moving

regions allows to derive probabilistic occupancy measures [3, 137] which indicate likely

object locations. These occupancy measures are widely used, e.g. to derive edge weights

for graph-based MOT approaches, such as [31, 32, 39]. On the other hand, geometrically

fusing the estimated moving foreground regions across multiple (calibrated) viewpoints

enables accurate 3D localization of multiple objects, e.g. [169, 275, 349].

The majority of detection-based MOT approaches, however, relies on object detectors.

This strategy has �rst been explored for SOT, e.g. [15, 16, 161, 162], and adopted for

MOT shortly after, e.g. [9, 260, 261, 335, 447]. As the tracking performance heavily

depends on the quality of the detector, several works leverage the synergy between tracking

and detection by including object priors for the detection step, derived from the object

dynamics within the tracking step, e.g. [9, 260, 261, 396, 452]. The prevailing strategy,

however, is the black box approach, i.e. using an o�-the-shelf detector to generate object

hypotheses which are then linked together into consistent target trajectories, e.g. [187,

190, 202, 210, 264, 278, 346, 390, 410]. To avoid discarding hypotheses prematurely in the

detection step { which usually happens during non-maxima suppression or by applying

a threshold on the detection con�dence { some tracking approaches directly exploit the

detection con�dence, densely sampled across the input image, e.g. [59, 60].

In contrast to detection-based approaches, so-called detection-free trackers require

manual initialization, e.g. by a human operator. This group contains rather few ap-

proaches, e.g. [112, 200, 466, 479, 484, 485]. Typically, these approaches assume that

all objects are already visible within the �rst frame of an image sequence and that their

number stays �xed. Due to the manual initialization, these approaches are seldom used

for real-world applications where automation and usability is a key factor.

Classi�cation by Processing Paradigm. MOT frameworks can also be grouped into

online, i.e. causal, and o�ine approaches. Online methods, e.g. [60, 66, 225, 226, 263,

335, 341, 384, 454], infer the object states solely based on observations up to the current

frame. O�ine methods, on the other hand, e.g. [4, 11, 80, 192, 247, 254, 257, 273, 308,

345, 376, 378, 434, 437, 444, 476, 483], either process the whole image sequence at once,

or optimize trajectory assignments over sliding temporal windows, i.e. process a batch of

frames at once. By jointly analyzing all observations collected from a larger frame batch,

o�ine approaches typically yield more robust tracking results but also cause a delay in

reporting these results, which constrains their use for time-critical applications. Note that

in contrast to most of the MOT literature, we consider a stricter de�nition of online,

namely that already reported trajectories { i.e. all estimated object locations up to the

current frame { cannot be changed anymore. Thus, we classify all batch-based trackers
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as o�ine approaches, even if they only optimize trajectory assignments over the past few

seconds, such as [36, 137].

The distinction between online and o�ine approaches tightly correlates with the under-

lying inference paradigm, i.e. whether MOT is approached from a probabilistic perspective

or a deterministic optimization perspective. Since online trackers have to deal with a sig-

ni�cantly higher uncertainty, these approaches typically rely on probabilistic inference

and represent the states of objects as a probability distribution. This allows to model

the inherent uncertainty of causal MOT { i.e. without waiting for observations from fu-

ture frames, it is virtually impossible to decide whether a previously tracked object is

currently occluded, actually disappeared or the detector failed for another reason. Such

approaches usually rely on sequential �ltering techniques, e.g. multiple hypotheses track-

ing (MHT) [360], joint probabilistic data association �lters (JPDAF) [138, 139], Kalman

�lters [217] or, most commonly, Monte Carlo sampling-based models which became in-

creasingly popular for visual tracking with the introduction of particle �lter frameworks,

independently developed by Isard and Blake [52, 207, 208], Gordon and Salmond [160]

and Kitagawa [230].

O�ine approaches, on the other hand, cast tracking as a deterministic optimization

problem, trying to �nd the optimal trajectory assignment for all object detections within

the corresponding frame batch. To this end, the assignment problem is usually formu-

lated as a graph which allows a variety of suitable solutions. A commonly used repre-

sentation is that object detections (or already identi�ed, shorter trajectories) de�ne the

nodes of the graph, whereas both temporal and appearance cues are leveraged to derive

edge connections and the corresponding weights. The most popular techniques to opti-

mize for the �nal trajectories are: (i) bipartite graph matching { either relying on greedy

assignments, e.g. [447], or the optimal assignment via the Hungarian algorithm [317],

e.g. [202, 456]; (ii) dynamic programming-based approaches { which try to �nd the K-

shortest paths, e.g. [39], rely on quadratic Boolean programming, e.g. [101, 260], solve the

combinatorial set cover problem, e.g. [451], or apply subgraph multicuts, e.g. [411, 412];

(iii) approaches which solve for the minimum cost network 
ow within a directed graph,

e.g. [32, 64, 82, 102, 263, 345, 451, 483]; (iv) apply a conditional random �eld (CRF)

model, e.g. [307, 460, 462]; or (v) solve for the maximum-weight independent set of an

attributed graph, e.g. [61, 382].

Although both, the correlation between o�ine and optimization-based approaches, as

well as online and probabilistic inference-based approaches holds true for the majority of

MOT algorithms, there are notable exceptions. For example, causal trackers which rely on

bipartite graph matching { i.e. assigning current object detections to previously observed

trajectories, e.g. [59, 60, 384] { or o�ine trackers which employ Monte Carlo sampling to

e�ciently reduce the solution space of the optimization problem, e.g. [353, 472].

Classi�cation by Viewpoints. Based on the employed camera setup, we can distin-

guish monocular and multi-camera MOT approaches. Most of the research e�ort has been
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spent on monocular setups as the majority of publicly available datasets is captured from a

single camera. This is mainly due to the notable e�orts required to properly record a scene

from multiple viewpoints simultaneously, namely synchronizing the video streams and cali-

brating the cameras, both w.r.t. their intrinsics and extrinsics. Additionally, multi-camera

datasets require manual ground truth annotations for (at least a selection of) all view-

points, which is a tedious task. However, if carefully calibrated { e.g. as in the APIDIS [77],

ICG Lab6 [349] or MVL Lab5 [297] datasets { the multiple viewpoints can be used to ac-

curately track objects by leveraging 3D structural information, e.g. [169, 275, 349, 379], or

homography constraints, e.g. [225, 226, 346, 400]. However, the most widely used multi-

camera datasets, i.e. PETS’09 [136] and the EPFL sequences [39, 137], do not contain

fully calibrated cameras, i.e. the EPFL sequences only deliver homographies between the

image plane and the ground plane, whereas the PETS’09 calibrations are too inaccurate

to leverage multi-view 3D structure. Nevertheless, object hypotheses can still be fused

across these views to robustly track pedestrians in 2D, either on the ground plane or in

image coordinates, e.g. [31, 32, 38, 39, 137, 193, 437]

Another line of research focuses on tracking within distributed camera networks,

i.e. leveraging multiple but non-overlapping (or at least only partially overlapping) FOVs,

e.g. [65, 218, 220, 227, 344, 355, 395]. Such approaches need to explicitly hand over ob-

ject identities between neighboring camera sensors in wide area surveillance applications.

This is a particularly challenging task for non-overlapping viewpoints, due to potentially

di�erent illumination conditions or di�erent viewing angles.

The majority of MOT approaches relies on a single camera setup. This group can

further be subdivided whether they require a static camera, e.g. [5, 22, 23, 103, 236, 387,

389], or are able to track from a moving platform, e.g. [120, 121, 143, 260, 261, 312]. Widely

used static camera datasets are the TownCentre [35, 36], PETS’09 [136] (by using only a

single viewpoint) and the TUD sequences [9, 10], whereas most evaluations for tracking

on moving camera platforms are conducted either on the ETH sequences [119, 120] or the

KITTI dataset [150].

2.4.2 State-of-the-Art

Over the past few years, MOT research focused mostly on o�ine or batch-processing

methods due to their robustness and simplicity. Causal tracking, although required for

real-world applications, has received signi�cantly less attention from the visual tracking

community. Interestingly, though, the top performing methods on the MOT’15 bench-

mark [256] { a benchmark initiative which aims at evaluating MOT approaches on publicly

available datasets, including ETH, PETS, TownCentre and TUD { are causal trackers.

In particular, online deep learning-based approaches, i.e. [282, 368], lead the rankings

on the 2D subset (i.e. single camera sequences where tracking results are reported in

image coordinates). These approaches either combine a state-of-the-art object detector

(i.e. RCNN [154]) with deep appearance models and thus, leverage the powerful CNN
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features, i.e. [282], or pose tracking as a re-identi�cation problem, leveraging deep metric

learning and RNNs, i.e. [368]. The 3D subset (i.e. multi-camera sequences where tracking

results are reported in 3D world coordinates), on the other hand, is led by a dynamic

Bayesian network (DBN)-based approach, i.e. [232], which employs instance-speci�c on-

line random forests [369]. These notable exceptions on MOT’15 are tightly followed by

o�ine graph-based approaches which rely either on multicuts, i.e. [221], or network 
ow

formulations, i.e. [444].

Considering the current rankings of the larger follow-up benchmarks, i.e. MOT’16 and

MOT’17 [309], however, we can see a clear domination of o�ine approaches over online

approaches. In particular, the top performing methods on both benchmarks uniformly

cast MOT as a graph problem. The solution is then obtained by either seeking optimal

multicuts on the trajectory-detections graph, i.e. [221, 412], solving an approximation of

the weighted graph labeling problem, i.e. [190], jointly decomposing the graph and labeling

its nodes, i.e. [264], or casting the trajectory optimization problem in a classical multiple

hypotheses tracking framework, i.e. [229].

The reason why, in contrast to SOT, there are only few deep learning-based approaches

for MOT up to now, is that tackling the key problems of MOT { i.e. locating an unknown

(and even worse: varying) number of objects and maintaining their identities { is con-

siderably di�cult to model using �xed neural network architectures. Additionally, MOT

problems require a stronger focus on target dynamics due to the usually less discrimina-

tive appearance cues (as seemingly all pedestrians tend to wear dark clothing). Robustly

modeling dynamics, however, is a challenging task for recurrent neural networks as the

gradients can easily explode or vanish when learning dependencies over long time win-

dows [37]. Thus, recent approaches use rather short memory horizons of approximately

5{8 steps, e.g. [4, 368], which in typical surveillance camera footage corresponds to less

than half a second and consequently impedes both handling of long-term occlusions as

well as deducing long-term predictions, such as a pedestrian’s intent, i.e. to which point

in the scene she is headed towards.

In contrast to both optimization-based approaches and trackers which learn the object

dynamics over time, we present a robust association schema for online MOT. In particular,

we show how to exploit occlusion reasoning in combination with simple scene priors to

guide data association in a bipartite graph matching formulation. For more details, please

refer to Chapter 4.
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Distractor-Awareness for Appearance-Based Tracking

Sooner or later, everything old is new again.

| Stephen Edwin King (The Colorado Kid)
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3.1 Motivation

This chapter investigates contextual cues related to the object appearance itself. In par-

ticular, we show how to exploit appearance-based models to robustify visual tracking

in the presence of distracting visual cues. We will focus on generic single object track-

ing approaches which are employed for scenarios where neither object class-speci�c prior

knowledge, nor pre-learned object models are available. Although some application do-

mains allow us to incorporate strong assumptions about the target { for example, tracking

25
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pedestrians in surveillance scenarios [60, 349, 350, 384] { it is often desirable to build a

generic tracker which can readily be used for arbitrary object classes. Instead of apply-

ing pre-learned object models, such a generic tracker must learn a representative object

model given a single input frame with a (possibly noisy) initial object annotation, e.g. an

axis-aligned bounding box. Despite signi�cant progress in recent years, creating such a

generic object tracker is still a rather challenging task due to real-world phenomena, such

as illumination changes, background clutter, blur caused by fast object or camera motion,

abrupt motion changes, non-rigid object deformations and occlusions.

Throughout the early stages of visual tracking, color histograms, e.g. [87, 331, 332, 342],

were a common method for appearance description. However, over the last decade, such

models have widely been replaced by more complex and well engineered features, such

as HOG [91], e.g. [92, 98, 99, 189], or more complex color representations, such as color

attributes [423], e.g. [93, 98, 423]. Moreover, the recent research focus has shifted to

trackers which learn robust data-driven models, either via correlation �lters, e.g. [42, 55,

92, 99, 188, 405] or convolutional neural networks (CNNs), e.g. [97, 98, 171, 184, 194,

203, 290, 319, 321, 393, 414, 474]. Such trackers have been shown to achieve excellent

performance on recent benchmark evaluations, whereas trackers based on standard color

models yield inferior performance.

In particular, considering the results of recent benchmark evaluations { such as

VOT’13 [238], VOT’14 [239] or ALOV++ [386] { color-based trackers often tend to

drift towards regions which exhibit a similar appearance as the currently tracked

target. Consequently, the state-of-the-art has focused on more complex models, trading

computational e�ciency for more accurate results and thus, most often sacri�ce real-time

capability. In contrast to this development, we argue that trackers based on simpler, yet

very e�cient, standard color representations can still achieve state-of-the-art performance

if they properly address two key requirements for robust visual tracking:

� The underlying object model must be able to distinguish the object of interest from

its immediate surroundings, both e�ciently and e�ectively.

� A robust tracking algorithm should identify potentially distracting regions in advance

and counteract appropriately to prevent drifting, once such distracting regions come

close to the object of interest.

To address these key requirements, we exploit the observation that color-based trackers

tend to drift towards nearby regions with similar visual appearance. By relying on an

e�cient color-based object representation, we can identify potentially distracting regions

in advance { several frames before a standard color-based tracker would drift away { and

counteract in time by adapting the object representation such that the model response is

suppressed for these distractors. Using such an adaptive color model, we can signi�cantly

reduce the drifting problem, which yields robust and reliable tracking results, as illustrated

in Figure 3.1. Due to the favorable simplicity of our representation, it is also well suited

for time-critical applications such as surveillance and robotics.
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Figure 3.1: A visual comparison of our tracker to state-of-the-art approaches ACT [93],
DSST [92], KCF [189] and SPOT [485] on several VOT’14 [239] sequences demonstrates the ben-
e�ts of distractor-awareness. Dashed bounding boxes indicate that the corresponding tracker has
been re-initialized after drifting previously. Images are slightly cropped and frame numbers are
superimposed only for visualization.
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This chapter is partly based on our publication on distractor-aware color-based track-

ing [351]. In the following, we brie
y review related approaches in Section 3.2 before intro-

ducing our tracking approach in Section 3.3. In particular, we will derive our distractor-

aware model starting from a standard color representation and show how to exploit this

model for robust localization and e�cient scale adaptation. Finally, we will summarize

the key aspects of our approach in Section 3.4.

3.2 Related Generic Tracking Approaches

Due to the abundance of visual tracking approaches, in the sequel, we summarize only sin-

gle object trackers which are closely related to our color-based distractor-aware approach.

For a broader overview on generic object tracking, please refer to Chapter 2.

Color-based Tracking Approaches. With the increased computing power, color-

based approaches became popular within the visual tracking community in the early

2000’s, e.g. [78, 85{87, 173, 209, 304, 331{333, 342, 356]. A notable early work is the

mean shift tracker by Comaniciu et al. [85, 86], which introduces a metric derived from

the Bhattacharyya coe�cient [46] to reason about the similarity of image regions based on

color histogram matching. Their framework has been widely extended, e.g. by spatially

regularizing the histogram representations with isotropic kernels [87], viewpoint-insensitive

histograms [116], integrating scale adaptation [83] or replacing mean shift by a scale-

adaptive, EM-like algorithm [499]. Similarly, color histograms have been used to estimate

the likelihood for each sampled particle in the particle �lter frameworks independently

proposed by Nummiaro et al. [331, 332] and P�erez et al. [342]. Such particle �lter-based

approaches have been widely adopted in the visual tracking community, e.g. [248, 251].

Besides color histograms, tracking approaches usually employed Gaussian mixture models,

e.g. [209, 304, 356]. A notable early work is the Bayesian �ltering approach by Isard and

MacCormick [209], which leverages Bayesian correlation [404] with Gaussian �lter banks

on the color channels and extends the particle �ltering framework to handle a varying

number of objects.

Due to the expressiveness and e�ciency of most color-based object representations,

color cues have been included in many tracking frameworks, e.g. [19{21, 233, 268, 293,

337, 348]. A detailed analysis of color features has been conducted by Collins et al. [84],

who propose an online framework which automatically selects the most discriminative color

feature for tracking w.r.t. the current sequence conditions. Several approaches extend this

idea by either fusing multiple feature cues (including color), e.g. [111], or using an ensemble

of trackers which operate on di�erent color features, e.g. [249, 480].

Color information is also widely used for segmentation-based tracking approaches,

e.g. active contour methods [47, 140], graph cut-based methods [30, 156, 157], image

matting-based methods [126], probabilistic soft segmentation approaches [71, 72, 75, 113,

114], or to reason about the reliability of correlation �lter responses [42, 286, 287]. In
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particular, the narrow band level set framework of Bibby and Reid [47] is notably similar in

spirit to our work as it leverages color-based, pixel-wise posterior probabilities. However,

they additionally exploit the object shape but do not incorporate any supplementary

context, such as potentially distracting regions, which can easily degrade their level set

segmentation if visually similar regions are close-by or even overlap with the object.

Another line of research is focused on deriving improved color descriptors, such as

color attention [223], color attributes [222], discriminative color descriptors [224], color

names [423] or opponent derivative and hue descriptors [422]. Recently, simple histogram-

and raw pixel color-based tracking models have been replaced by such more complex

color representations. In particular, color names [423] are widely used in state-of-the-art

correlation �lter frameworks, e.g. [93, 286], and have also been used to complement deep

feature representations more recently, e.g. [97, 98, 203]. In contrast to these approaches,

we show that simple histogram-based representations su�ce to achieve both accurate and

robust tracking results, competitive to the state-of-the-art.

Context-aware Tracking Approaches. There are two widely used contextual cues in

visual object tracking, namely (i) the immediate background which must be considered

when building a useful object model, e.g. [42, 55, 92, 97, 189, 286, 491]; and (ii) spatio-

temporal context given by the previously observed object states, e.g. [292, 438, 482].

However, besides these essential contextual cues, exploiting additional context information

{ such as identifying distracting regions to focus the visual attention or leverage constraints

induced from scene geometry { has received signi�cantly less interest from the tracking

community. This can be contributed to the fact that incorporating such cues leads to

more complex models { in particular, context must be identi�ed, modeled and learned

on-the-
y without any prior knowledge.

There are, however, a few notable exceptions, such as [104, 164, 467, 484, 485, 491,

497]. These approaches distinguish between context provided by either supporting or

distracting regions. Supporting regions, as used by [104, 164, 491, 497], exhibit di�erent

appearance than the object of interest but co-occur with it, providing valuable cues to

overcome occlusions. Distractors, on the other hand, exhibit similar appearance and may

therefore be confused with the object. Typically, context-aware trackers such as [467, 484,

485] assume that distractors are of the same object class (e.g. pedestrians) and need to

track these distractors in addition to the target to prevent drifting. In contrast to these

approaches, we impose no assumptions on the object class of distractors. Moreover, we

adapt the object representation such that potentially distracting regions are suppressed

in advance and thus, no explicit tracking of distractors is required.

3.3 Online Distractor-Aware Object Tracking

In the following, we introduce our distractor-aware visual object tracking approach, DAT.

First, we derive the basic color model in Section 3.3.1 and explain its distractor-aware
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extension in Section 3.3.2. Next, we discuss how to localize the object of interest based on

this e�cient object model in Section 3.3.3. Finally, we show how this representation can

also be used to e�ciently adapt to changing object scales without the need of exhaustive

scale space search in Section 3.3.4.

3.3.1 Object-versus-Surroundings Model

Color is a powerful visual cue to distinguish object pixels from surrounding background

pixels. To e�ciently represent the joint color distribution over an image region, we employ

NC-dimensional histograms, where NC denotes the number of color channels. To this

end, let HI

(b) denote the b-th bin of the non-normalized histogram H computed over

the region 
 � I, where I is the input image. Then, let bx denote the histogram bin

b assigned to the color components of pixel I(x) 2 RNC at location x = (x, y)>. For

example, I(x) = (red, green, blue)> using the standard RGB color space. To compute the

object likelihood at the pixel location x, we apply Bayes’ theorem to get the conditional

probability

p(x 2 O j bx) =
p(bx j x 2 O) p(x 2 O)

p(bx)
(3.1)

where x 2 O denotes that the pixel at location x belongs to the object. Since a pixel

at location x either belongs to the object or not, the events x 2 O and x =2 O are

obviously mutually exclusive. Thus, we can apply the law of total probability to compute

the marginal probability p(bx) and get

p(x 2 O j bx) =
p(bx j x 2 O) p(x 2 O)

p(bx j x 2 O) p(x 2 O) + p(bx j x =2 O) p(x =2 O)
. (3.2)

This formal de�nition of the conditional probability, however, relies on an accurate pixel-

wise segmentation to compute the likelihood and prior terms as we need to know whether

a pixel belongs to the object, i.e. x 2 O, or not.

Such accurate annotations are usually not available to initialize a tracking algorithm

as they are computationally too expensive to obtain. Instead, tracking approaches have to

rely on much coarser initialization regions, typically provided as an annotated bounding

box or a polygon. From a more practical point of view, these coarse initializations are

both easy and fast to annotate, which allows us to start tracking (almost) immediately.

Given such an annotated region O which contains the object of interest and the corre-

sponding surrounding region S, we can estimate the missing terms in Eq. (3.2) and relax

the posterior probability to

p(x 2 O j bx) �
p(bx j x 2 O) p(x 2 O)P


 2 fO, Sg

p(bx j x 2 
) p(x 2 
)
. (3.3)
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In practice, we choose S such that it covers a su�ciently large portion of the immediate

surroundings of the object region O. More formally, the object region is the set of pixels

O =

�
x = (x, y)>

��� jcx � xj �
wO

2
^ jcy � yj �

hO

2

�
, (3.4)

where wO and hO denote the width and height of the rectangular object region, respec-

tively, and c = (cx, cy)> denotes its center. For a more compact notation, we denote the

object region by the tuple

O = (c,wO,hO)> (3.5)

in the following. Then, we can de�ne the surrounding region S to be

S =

�
x
��� jcx � xj �

�SwO

2
^ jcy � yj �

�ShO

2

� � �
O

�
, (3.6)

where �S > 1 is a prede�ned scaling factor. Note that the regions O and S are disjoint,

as also illustrated in Figure 3.2a.

Using the color distributions over these disjoint regions O and S, we can compute the

likelihood terms directly from normalized color histograms as

p(bx j x 2 O) =
HI

O(bx)

jOj
, (3.7)

and

p(bx j x 2 S) =
HI

S(bx)

jSj
, (3.8)

where j � j denotes the cardinality. Similarly, the prior probabilities can be computed from

the annotated regions as

p(x 2 O) =
jOj

jOj + jSj
, (3.9)

and

p(x 2 S) =
jSj

jOj + jSj
. (3.10)

Plugging these terms into Eq. (3.3) and simplifying yields

p(x 2 O j bx) =

HI
O(bx)

��jOj
��jOj

jOj + jSj

HI
O(bx)

��jOj
��jOj

jOj + jSj
+
HI

S(bx)

�
�jSj

�
�jSj

jOj + jSj

(3.11)

=

HI
O(bx)

�����jOj + jSj

HI
O(bx)

�����jOj + jSj
+

HI
S(bx)

�����jOj + jSj

(3.12)
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(a) Object-versus-surroundings modelp1:t
O,S (x 2 O j bx ) computed from the annotated ob-

ject region O (highlighted in green) and its surrounding region S (highlighted in red).
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(b) Object-versus-distractors modelp1:t
O,D (x 2 O j bx ) based on the object regionO (high-

lighted in green) and the setD of distracting regions (highlighted in magenta).

Figure 3.2: Exemplary object likelihood maps for (a) the object-versus-surroundings model and
(b) the object-versus-distractors model on sequencesbolt and torus of the VOT'14 [239] dataset.
For each model, we show the regions of interest superimposed on the input image (left) along with
the joint color distribution (middle) and the corresponding object l ikelihood maps (right), obtained
by applying the model for every pixel of the input image. Warmer colorsindicate higher object
likelihood scores. Note that the high object likelihoods at the banner and the close-by athletes
for bolt in (a) are signi�cantly reduced in (b) by the distractor-aware model, which focuses on the
visual cue that distinguishes Bolt from the other athletes, i.e. his jersey. Similarly, there is a small
blueish region right above thetorus identi�ed as a potential distractor.






















































































































































































































































