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POPULÄRVETENSKAPLIG SAMMANFATTNING

De senaste årens allt snabbare utveckling av beräkningshårdvara, sensorer och mjukvaru-
tekniker har gjort det möjligt att skapa allt mer autonoma system. Sådana kan variera i
autonomigrad från ett antisladdsystem för en i övrigt manuellt kontrollerad bil, till system
för kollisionsundvikning i en manuellt kontrollerad drönare, till en helt autonom bil eller
annan farkost. Med en ökande förmåga att arbeta självständigt utan mänsklig övervakning
ökar också bredden på möjliga situationer som systemen förväntas hantera.

Gemensamt för många, om inte alla, autonoma system är att de behöver en korrekt och
updaterad bild av sin omgivning för att kunna agera på ett intelligent sätt. En lång rad av
sensorer som gör detta möjligt finns tillgängliga, där kameror är en av de mest mångsidiga.
Jämfört med andra typer av sensorer har kameror en rad fördelar, som att de är relativt
billiga, passiva, och kan användas utan krav på extern infrastruktur. Det visuella data
som kameror genererar kan användas för att följa externa objekt, bestämma positionen för
kameran själv, eller beräkna avstånd.

Att framgångsrikt utnyttja möjligheterna i denna information kräver dock att en lång rad
tekniska problem hanteras. Många av dessa problem är grundar sig i att kunna känna igen
att två bildregioner från olika tidpunkter eller betraktningsvinklar avbildar samma sak.

Ett typexempel på ett sådant problem är det visuella följningsproblemet. I det visuella
följningsproblemet är målet att bestämma ett objekts position och storlek för alla bilder i
en sekvens av bilder. I allmänhet är objektets utseende inte känt av algoritmen, utan en
utseendemodell måste skapas succesivt med hjälp av maskininlärning.

Problem som liknar detta förekommer inom många andra områden av datorseende, speciellt
inom geometri. Inom många geometriska problem krävs det till exempel att man finner
korresponderande punkter i ett flertal bilder.

Den första samlingen av bidrag i denna avhandling behandlar det visuella följningsproble-
met. De föreslagna metoderna är baserade på en adaptiv utseendemodell kallad diskrimi-
nativa korrelationsfilter. I det första bidraget till sådana metoder utökas ramverket till att
skatta ett objekts storlek såväl som position. Ett andra bidrag undersöker hur korrelations-
filterbaserade metoder kan utökas till att även utnyttja visuella särdrag som har framställt
med hjälp av maskininlärning.

En andra samling med bidrag behandlar utvärdering av metoder för visuell följning. Dels
inom den årligt förekommande tävlingen visual object tracking challenge. Ett andra bidrag
till utvärderingsmetodig inom visuell följning syftar till att unvdika fallgropar som lätt
uppkommer då metoder anpassas allt för väl för måtten som används för att utvärdera
dem.

En tredje samling med bidrag relaterar till olika sätt att hantera situationer då inlärnings-
processen i de tidigare beskrivna följningsmetoderna introducerar felaktiga data i modellen.
Detta görs i ett första bidrag i ett robotiksystem för följning av människor i en ostrukture-
rad miljö. Ett andra bidrag är baserat på dynamisk omviktning av tidigare samlad data för
att dynamiskt vikta ned datapunkter som inte representerar det följda objektet väl. I ett
sista bidrag undersöks hur en prediktions osäkerhet kan skattas samtidigt som prediktionen
själv.
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ABSTRACT

In the last decade, developments in hardware, sensors and software have made it possible to
create increasingly autonomous systems. These systems can be as simple as limited driver
assistance software lane-following in cars, or limited collision warning systems for otherwise
manually piloted drones. On the other end of the spectrum exist fully autonomous cars,
boats or helicopters. With increasing abilities to function autonomously, the demands to
operate with minimal human supervision in unstructured environments increase accordingly.

Common to most, if not all, autonomous systems is that they require an accurate model of
the surrounding world. While there is currently a large number of possible sensors useful
to create such models available, cameras are one of the most versatile. From a sensing
perspective cameras have several advantages over other sensors in that they require no
external infrastructure, are relatively cheap and can be used to extract such information
as the relative positions of other objects, their movements over time, create accurate maps
and locate the autonomous system within these maps.

Using cameras to produce a model of the surroundings require solving a number of tech-
nical problems. Often these problems have a basis in recognizing that an object or region
of interest is the same over time or in novel viewpoints. In visual tracking this type of
recognition is required to follow an object of interest through a sequence of images. In
geometric problems it is often a requirement to recognize corresponding image regions in
order to perform 3D reconstruction or localization.

The first set of contributions in this thesis is related to the improvement of a class of on-line
learned visual object trackers based on discriminative correlation filters. In visual tracking
estimation of the objects size is important for reliable tracking, the first contribution in this
part of the thesis investigates this problem. The performance of discriminative correlation
filters is highly dependent on what feature representation is used by the filter. The second
tracking contribution investigates the performance impact of different features derived from
a deep neural network.

A second set of contributions relate to the evaluation of visual object trackers. The first
of these are the visual object tracking challenge. This challenge is a yearly comparison of
state-of-the art visual tracking algorithms. A second contribution is an investigation into
the possible issues when using bounding-box representations for ground-truth data.

In real world settings tracking typically occur over longer time sequences than is common
in benchmarking datasets. In such settings it is common that the model updates of many
tracking algorithms cause the tracker to fail silently. For this reason it is important to have
an estimate of the trackers performance even in cases when no ground-truth annotations
exist. The first of the final three contributions investigates this problem in a robotics setting,
by fusing information from a pre-trained object detector in a state-estimation framework.
An additional contribution describes how to dynamically re-weight the data used for the
appearance model of a tracker. A final contribution investigates how to obtain an estimate
of how certain detections are in a setting where geometrical limitations can be imposed
on the search region. The proposed solution learns to accurately predict stereo disparities
along with accurate assessments of each predictions certainty.
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1

Introduction

1.1 Introduction

For most living creatures, using visual perception for recognition and navi-
gation is as natural as breathing. In most cases, no active effort is needed
to separate objects of interest from the background, even as they change po-
sition in the visual field. In the same way, we can without conscious effort
recognize that two separate images depict the same thing, even when they
have drastically different viewpoints.

Designing an artificial vision system with the same capabilities as those of
humans or animals remains unsolved despite early optimism1. Early attempts
at creating artificial vision systems, such as the one used by the robot Shakey
[50] relied on controlled environments to function. This is a sharp contrast to
biological vision that works equally well in most situations. Unlike the early
attempts at artificial vision, biological vision appears to be at least partly a
learned ability.

For a newborn human the visual system develops gradually over the first
few months of life [1]. Other species can learn complex skills such as stabi-
lization of flight comparatively quickly, yet still require a period of learning to
navigate their local environment [4]. Early attempts at integrating learning
into vision systems showed some success for following real-world roads [45]
by learning the road appearance from image pixels using an artificial neural
network.

Modern autonomous systems have come a long way from these early at-
tempts, and it is now routine with vision-based lane-following systems in cars,
or collision avoidance based on image data in many settings. A large part of
this is due to the increase in computational power available, making it possible

1For example the attempt to solve object detection in one summer http://hdl.handle.
net/1721.1/6125
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1. Introduction

to utilize machine-learning techniques. This in turn leads to more adaptive
systems, that can function well in a wider range of situations.

Creating fully autonomous systems capable of operation entirely without
human supervision remains an open research problem. An ongoing research
program in this area is the Wallenberg AI, Autonomous systems and Software
program (WASP). The WASP program is a large-scale research effort aimed at
increasing the general level of competence in the areas of AI and autonomous
systems in Sweden. This work was partially supported by the Wallenberg AI,
Autonomous Systems and Software Program (WASP) funded by the Knut
and Alice Wallenberg Foundation.

As a part of the WASP program a number of research arenas have been
defined relating to various aspects of autonomous systems. The work in this
thesis is most closely connected to the WARA-PS arena. The WARA-PS
arena aims to simulate a rescue scenario in a maritime setting, with a large
number of autonomous and manually controlled boats and helicopters involved
in finding distressed persons.

Most of the work presented in this thesis concerns different tasks of visual
recognition relevant to autonomous systems, primarily in the domain of vi-
sual object tracking. Visual object tracking is the task of tracking an object
through sequence of images. The approach for solving this problem taken
in this thesis is to formulate this as a problem of recognizing, or detecting
the object of interest in all images of the sequence. The methods presented
here utilize a learned appearance model that is updated with additional data
collected while tracking.

This appearance model will sometimes fail to detect the tracked object.
This happens in situations such as when the tracked objects apparent size
in the image changes to a significant degree. Successfully handling scale-
variations can be done by explicitly modeling this in the tracking algorithm.
The first contribution in this thesis deals with scale-estimation for visual track-
ing. Other situations such as motion blur or deformations of the tracked object
remain challenging. For dealing with such situations the perhaps most im-
portant component of a tracker is the feature representation used. A second
contribution in this thesis utilizes powerful learned feature representations to
improve tracking performance in a wide range of situations.

In order to have a good estimate of a tracking algorithms performance on
real data it is insufficient to evaluate on only a small number of sequences.
For this reason large-scale benchmarks for evaluation of trackers have been
collected. One such benchmark is the visual-object-tracking challenge (VOT)
[32]. The evaluation metrics in benchmarks such as VOT are based on compar-
ing the output of a tracker with human made annotations. These comparisons
are reliant on metrics comparing how well image regions correspond to one-
another. On contribution of this thesis is an investigation into the behavior
of these metrics in some extreme situations where objects cover the majority
of the image.
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1.2. Contributions

However the evaluation metrics used in such benchmarks are not guar-
anteed to provide reliable assessments of the evaluated trackers performance
in all situations. One contribution of this thesis is an investigation into the
behavior of the intersection over union measure that is often used to evaluate
tracking algorithms.

In order to utilize tracking in real-world scenarios additional challenges
occur, often as a result of the on-line learning utilized by the appearance
models. This is particularly common in the case of long-term tracking, where
minor errors in tracking will compound over time, leading to drift in the visual
appearance model. Model drift is addressed in two ways in this thesis. The
first approach utilizes a combination of state-space modeling and an object
detector with a fixed model to detect and recover from model drift. The
second approach retroactively re-weights collected samples.

Ideally however, it is be preferable if the output of a detection included
an assessment of its reliability. One way of producing uncertainties from
predictions is to predict a distribution of possible detections instead of a single
point-estimate. This is investigated in the final contribution of this thesis in
the context of a stereo disparity estimation based on an end-to-end learned
neural network.

1.2 Contributions

The majority of the contributions in this thesis related in some way to visual
object tracking. The first part of this thesis discusses this problem, with
possible solutions based on discriminative correlation filters (DCF). These
trackers form a family of adaptive on-line learned appearance models based
on application of a linear classifier.

A second set of contributions relate to the evaluation of visual object track-
ers. The author was involved in the technical committee of the visual object
tracking challenge for the years 2015, 2016, 2017. A further contribution to
the evaluation of visual object trackers is an investigation into problematic
situations that occur when using an axis-aligned bounding-box target repre-
sentation.

A third set of contributions relate to the difficulties that occur in many
real-world tracking situations. In such settings tracking must often be done
over much longer term than is typical in benchmark situations. This requires
careful management of the learned components of a tracking algorithm. Sev-
eral approaches for this are proposed. The first is based on utilizing an ex-
plicit recovery mechanism, in combination with an object detector. A second
approach utilizing successive re-weighting of training data. A final method
simplify the more general recognition problem such that it is possible to ex-
plicitly produce a distribution over the possible locations of a sought after
image region.

5



1. Introduction

1.3 Thesis outline

The first part of this thesis describes the visual-tracking problem, and intro-
duces the discriminative correlation filter based framework. The second part
discusses evaluation of these trackers and issues with using bounding boxes
representations for ground-truth and tracker output. The final part inves-
tigates a practical system for following humans using a quadcopter as well
as a method for obtaining uncertainties from a deep-learning based stereo
algorithm.

6



1.4. Included publications

1.4 Included publications

A: “Discriminative scale space tracking”

M. Danelljan, G. Häger, F. S. Khan, and M. Felsberg. “Discrim-
inative scale space tracking.” In: IEEE transactions on pattern
analysis and machine intelligence 39.8 (2016), pp. 1561–1575

Abstract: Accurate scale estimation of a target is a challenging research
problem in visual object tracking. Most state-of-the-art methods employ an
exhaustive scale search to estimate the target size. The exhaustive search
strategy is computationally expensive and struggles when encountered with
large scale variations. This paper investigates the problem of accurate and
robust scale estimation in a tracking-by-detection framework. We propose a
novel scale adaptive tracking approach by learning separate discriminative
correlation filters for translation and scale estimation. The explicit scale filter
is learned online using the target appearance sampled at a set of different
scales. Contrary to standard approaches, our method directly learns the
appearance change induced by variations in the target scale. Additionally,
we investigate strategies to reduce the computational cost of our approach.
Extensive experiments are performed on the OTB and the VOT2014 datasets.
Compared to the standard exhaustive scale search, our approach achieves a
gain of 2.5% in average overlap precision on the OTB dataset. Additionally,
our method is computationally efficient, operating at a 50% higher frame rate
compared to the exhaustive scale search. Our method obtains the top rank
in performance by outperforming 19 state-of-the-art trackers on OTB and 37
state-of-the-art trackers on VOT2014.

Contributions: The initial idea was from Martin Danelljan, the au-
thor wrote the implementation, ran the experiments and contributed to the
manuscript.
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1. Introduction

B: “Convolutional features for correlation filter based visual track-
ing”

M. Danelljan, G. Häger, F. Shahbaz Khan, and M. Felsberg.
“Convolutional features for correlation filter based visual track-
ing.” In: Proceedings of the IEEE international conference on
computer vision workshops. 2015, pp. 58–66

Abstract: Visual object tracking is a challenging computer vision problem
with numerous real-world applications. This paper investigates the impact of
convolutional features for the visual tracking problem. We propose to use ac-
tivations from the convolutional layer of a CNN in discriminative correlation
filter based tracking frameworks. These activations have several advantages
compared to the standard deep features (fully connected layers). Firstly,
they mitigate the need of task specific fine-tuning. Secondly, they contain
structural information crucial for the tracking problem. Lastly, these acti-
vations have low dimensionality. We perform comprehensive experiments on
three benchmark datasets: OTB, ALOV300++ and the recently introduced
VOT2015. Surprisingly, different to image classification, our results suggest
that activations from the first layer provide superior tracking performance
compared to the deeper layers. Our results further show that the convolu-
tional features provide improved results compared to standard hand- crafted
features. Finally, results comparable to state-of-the-art trackers are obtained
on all three benchmark datasets.

Contributions: The author and Martin Danelljan contributed equally to
manuscript, idea and implementation.
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1.4. Included publications

C: “The visual object tracking VOT 2017 challenge results”

M. Kristan, A. Leonardis, J. Matas, M. Felsberg, R. Pflugfelder,
L. Čehovin Zajc, T. Vojir, G. Häger, A. Lukezic, A. Eldesokey,
et al. “The visual object tracking VOT 2017 challenge results.”
In: Proceedings of the IEEE international conference on computer
vision workshops. 2017, pp. 1949–1972

Abstract: The Visual Object Tracking challenge VOT2017 is the fifth
annual tracker benchmarking activity organized by the VOT initiative. Re-
sults of 51 trackers are presented; many are state-of-the-art published at
major computer vision conferences or journals in recent years. The evalu-
ation included the standard VOT and other popular methodologies and a
new “real-time” experiment simulating a situation where a tracker processes
images as if provided by a continuously running sensor. Performance of
the tested trackers typically by far exceeds standard baselines. The source
code for most of the trackers is publicly available from the VOT page. The
VOT2017 goes beyond its predecessors by (i) improving the VOT public
dataset and introducing a separate VOT2017 sequestered dataset, (ii) intro-
ducing a realtime tracking experiment and (iii) releasing a redesigned toolkit
that supports complex experiments. The dataset, the evaluation kit and the
results are publicly available at the challenge website.

Contributions: The author contributed with evaluating submitted methods
on the held-out dataset, and contributed to the final manuscript.
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1. Introduction

D: “Countering bias in tracking evaluations”

G. Häger, M. Felsberg, and F. S. Khan. “Countering bias in
tracking evaluations.” In: 13th International Joint Conference on
Computer Vision, Imaging and Computer Graphics Theory and
Applications, January 27-29, Funchal, Madeira. Vol. 5. Science
and Technology Publications, Lda. 2018, pp. 581–587

Abstract: Recent years have witnessed a significant leap in visual object
tracking performance mainly due to powerful features, sophisticated learning
methods and the introduction of benchmark datasets. Despite this significant
improvement, the evaluation of state-of-the-art object trackers still relies on
the classical intersection over union (IoU) score. In this work, we argue that
the object tracking evaluations based on classical IoU score are sub-optimal.
As our first contribution, we theoretically prove that the IoU score is biased
in the case of large target objects and favors over-estimated target prediction
sizes. As our second contribution, we propose a new score that is unbiased
with respect to target prediction size. We systematically evaluate our pro-
posed approach on benchmark tracking data with variations in relative target
size. Our empirical results clearly suggest that the proposed score is unbiased
in general.

Contributions: Michael Felsberg contributed the initial idea. The author
designed and implemented the experiments and wrote the manuscript.
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1.4. Included publications

E: “Adaptive decontamination of the training set: A unified formu-
lation for discriminative visual tracking”

M. Danelljan, G. Häger, F. Shahbaz Khan, and M. Felsberg.
“Adaptive decontamination of the training set: A unified formu-
lation for discriminative visual tracking.” In: Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
2016, pp. 1430–1438

Abstract: Tracking-by-detection methods have demonstrated competitive
performance in recent years. In these approaches, the tracking model heav-
ily relies on the quality of the training set. Due to the limited amount of
labeled training data, additional samples need to be extracted and labeled
by the tracker itself. This often leads to the inclusion of corrupted training
samples, due to occlusions, misalignments and other perturbations. Ex-
isting tracking-by-detection methods either ignore this problem, or employ
a separate component for managing the training set. We propose a novel
generic approach for alleviating the problem of corrupted training samples in
tracking-by-detection frameworks. Our approach dynamically manages the
training set by estimating the quality of the samples. Contrary to existing
approaches, we propose a unified formulation by minimizing a single loss over
both the target appearance model and the sample quality weights. The joint
formulation enables corrupted samples to be down-weighted while increasing
the impact of correct ones. Experiments are performed on three benchmarks:
OTB-2015 with 100 videos, VOT2015 with 60 videos, and Temple-Color with
128 videos. On the OTB-2015, our unified formulation significantly improves
the baseline, with a gain of 3.8% in mean overlap precision. Finally, our
method achieves state-of-the-art results on all three datasets.

Contributions: The author implemented and ran experiments based on
idea from Martin Danelljan, the author designed the forgetting factor and
participated in writing the manuscript.
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1. Introduction

F: “Combining visual tracking and person detection for long term
tracking on a uav”

G. Häger, G. Bhat, M. Danelljan, F. S. Khan, M. Felsberg, P.
Rudl, and P. Doherty. “Combining visual tracking and person
detection for long term tracking on a uav.” In: International
Symposium on Visual Computing. Springer. 2016, pp. 557–568

Abstract: Visual object tracking performance has improved significantly
in recent years. Most trackers are based on either of two paradigms: online
learning of an appearance model or the use of a pretrained object detector.
Methods based on online learning provide high accuracy, but are prone
to model drift. The model drift occurs when the tracker fails to correctly
estimate the tracked object’s position. Methods based on a detector on the
other hand typically have good long-term robustness, but reduced accuracy
compared to online methods. Despite the complementarity of the aforemen-
tioned approaches, the problem of fusing them into a single framework is
largely unexplored. In this paper, we propose a novel fusion between an
online tracker and a pretrained detector for tracking humans from a UAV.
The system operates at real-time on a UAV platform. In addition we present
a novel dataset for long-term tracking in a UAV setting, that includes scenar-
ios that are typically not well represented in standard visual tracking datasets.

Contributions: The author implemented the tracking algorithm and de-
signed the fusion framework. The author wrote the manuscript.
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1.4. Included publications

G: “Predicting disparity distributions”

G. Häger, M. Persson, and M. Felsberg. “Predicting disparity
distributions.” In: 2021 International Conference on Robotics and
Automation (ICRA) (in print). 2021

Abstract: We investigate a novel deep-learning-based approach to estimate
uncertainty in stereo disparity prediction networks. Current state-of-the-art
methods often formulate disparity prediction as a regression problem with
a single scalar output in each pixel. This can be problematic in practical
applications as in many cases there might not exist a single well defined
disparity, for example in cases of occlusions or at depth-boundaries. While
current neural-network-based disparity estimation approaches obtain good
performance on benchmarks, the disparity prediction is treated as a black
box at inference time. In this paper we show that by formulating the
learning problem as a regression with a distribution target, we obtain a
robust estimate of the uncertainty in each pixel, while maintaining the per-
formance of the original method. The proposed method is evaluated both
on a large-scale standard benchmark, as well on our own data. We also
show that the uncertainty estimate significantly improves by maximizing the
uncertainty in those pixels that have no well defined disparity during learning.

Contributions: The author contributed with the idea, implementation,
experiments and wrote the manuscript.
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1. Introduction

1.5 Additional publications

This section lists peer-reviewed publications that where not included in the
thesis.

M. Danelljan, G. Häger, F. Shahbaz Khan, and M. Felsberg.
“Learning spatially regularized correlation filters for visual track-
ing.” In: Proceedings of the IEEE international conference on
computer vision. 2015, pp. 4310–4318

This paper is the base for paper B as well as paper E. It extends the discrim-
inative correlation filtering framework by extending the tracking framework
to have spatially varying regularization.

M. Danelljan, G. Häger, F. S. Khan, and M. Felsberg. “Coloring
channel representations for visual tracking.” In: Scandinavian
Conference on Image Analysis. Springer. 2015, pp. 117–129

This paper investigates the impact of combining channel-coded representa-
tions along with the color-name representation in a discriminative correlation
filter tracking framework.

14



2

Visual Object tracking

In visual object tracking the goal is to track one or several object through
a sequence of images, often without prior knowledge of the object type. In
most cases the output is the position and size of the tracked object. The
target-region in each image is represented either as a bounding-box or us-
ing more fine-grained representation such as bounding-polygons or per-pixel
segmentations.

This chapter serves as an introduction to a class of visual object tracking
algorithms that are capable of tracking a single-target of unknown type by
processing a sequence of images causally. Single target track can be viewed
as a simplified version of a more general tracking problem, where in the gen-
eral setting it is also required to detect the objects to track, and the num-
ber of objects is not known. The single target problem is still useful, as
improvements in single-target tracking easily translate to improvements in
multi-target-tracking.

The visual object tracking setting has some significant differences when
compared to object tracking in other sensor modalities. For sensors pro-
ducing direct range measurements such as LiDAR or radar, association of
measurements with tracked objects is commonly done using state space rep-
resentations in combination with motion models of the tracked object. In
image data, the tracked object is often more robustly represented in terms of
its visual appearance.

In practice this means that when tracking in image data, approaches based
on state-space models and motion priors, such as Kalman filters [29], tend to
have less utility than when tracking using other types of sensors. Instead
a model representing the appearance of a tracked object can be constructed
directly from the image pixels, in order to distinguish image regions containing
the tracked object from those that do not. That is tracking-by-detection is
done by learning a target-specific appearance model for the object that is
tracked.

15



2. Visual Object tracking

Early visual tracking methods, such as the Kanade-Lucas-Tomasi
tracker[40], formulated the problem of recognizing a tracked region in a new
image as an optimization problem. In these methods a photometric error be-
tween an image patch and regions in a new image is minimized with respect to
a transform between the images to find the patch position in the new images.
Many early tracking methods did not utilize a more sophisticated model of
the tracked region than the region itself.

Later methods attempted to utilize more sophisticated models for the
tracked object. These methods are still often based on a form of template-
matching, where the template is updated over time. As the template is up-
dated with new information obtained during tracking, minor errors in position
will often result in model drift[41], where the appearance model eventually
represents something other than the intended region.

Dealing with model drift is difficult. In general the most straightforward
solution is to improve the tracking such that the model updates are more
correct. This can be done in ways that explicitly handle situations likely to
cause model drift. Such situations include occlusions, changes in the shape of
the object, distractor objects with similar appearance to the tracked object,
or the gradual accumulation of tracking errors. Of these changes in the size of
the tracked target is almost guaranteed to happen unless tracking is limited
to objects at a fixed distance. Paper A investigates ways to address changes
in scale. General tracking performance is often dependent on the feature
representations used. Applying high-dimensional learned features extracted
from a neural network to tracking problems is investigated in paper B.

2.1 Correlation filter trackers

The trackers in this thesis are based on the framework of discriminative corre-
lation filters (DCF). These methods can in many ways be viewed as a discrimi-
native counterpart to correlation based template matching. This introductory
section will derive a simple baseline DCF tracker, called the MOSSE [3].

Starting with an image patch xt, at time t, containing the region or object
we wish to track we can for a region of the same size in a new image xt+1
calculate a score y for each position (r, c) as

y(r, c) =
K

∑
k=0

N

∑
n=0

xt(k,n)xt+1(r + k, c + n). (2.1)

Where N and K denote the size of the image patch. In order to reduce
notational clutter this operation between xt and xt+1 will be written as xt ⋆
xt+1. If the corresponding standard deviation of xt and xt+1 are assumed to
be one and the mean zero, this is the same as the correlation between xt and
xt+1.
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2.1. Correlation filter trackers

In this thesis this normalization of subtracting the mean and scaling by
variance is considered a pre-processing step. As images have a known numeri-
cal range, it is often more convenient to utilize this for normalization instead.
When using more advanced feature representations some kind of normaliza-
tion is often included in the feature itself. This means further operations of
this type are either meaningless or possibly counter-productive. As a final
remark, images and image patches are zero-padded unless otherwise noted.

Updating the position of the tracker can be done by taking the position of
the maximum of the correlation scores y as the new position for the tracked
object. This process can then be repeated for additional images, giving a
position of the object in each input image.

In this framework the appearance model used is still the image patch xt

itself. The DCF framework improves on this by instead attempting to find a
model that is as discriminative as possible when compared to the background.
This model can be found by creating a fixed output shape y, and using this
as labels in a machine-learning formulation.

In many classification and detection problems the training data consists
of image patches that either contain the target or not. These training patches
are often labeled as either positive or negative [23, 59]. Example patches
that partially cover the tracked object are difficult to label using this strict
positive-negative sample approach. Instead it is possible to label patches
using a decaying positive label, where the patch that is correctly centered
on the tracked object is labeled as entirely positive and shifted patches have
increasingly negative labels.

This results in having a continuous labeling function, where the most-
correctly-centered patch has label one, those that are offset by only a few
pixels have only slightly lower label, and further offset samples decaying to a
label value of zero. These labels can be assigned using a Gaussian function g,
centered on the target. That is we can think the ideal output being g when
the template from (2.1) is evaluated on a new image.

More formally, given an image patch xt, we use our fix labeling function g

to create the best possible template for detecting it in a new frame. This can
be done by solving

min
ht

∑
r,c

(xt(r, c) ⋆ ht(r, c) − g(r, c))2, (2.2)

where g is typically having some small variance. Finding the position of the
tracked object in a new image can be done by calculating the response as
y = ht ⋆ xt+1. Note that as before there are no particular constraints on the
shape of y, though it is often similar to the desired output g, there is no
guarantee that this is the case.
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2. Visual Object tracking

Figure 2.1: The circular correlation introduces boundary effects by repeating
the image patch in a tiled pattern. Edges of the patch are marked in red.
(left). These boundary effects can be mitigated by applying a windowing
function to the image (left), avoiding discontinuities at the patch boundary.

For numerical reasons it is often useful to add a small regularization factor
with respect to the coefficients of h, resulting in

min
ht

∑
r,c

(xt(r, c) ⋆ ht(r, c) − g(r, c))2 + λ∣h∣2, (2.3)

where λ is the regularization. As the correlation operation results in a very
large number of equations, solving the problem in this form is not tractable in
general. If we assume that the correlation operation uses circular correlation
the resulting equation systems has a circulant structure. The circular corre-
lation operation is different only in that regions outside the image patch are
assumed to be repetitions of the image patch itself, as shown in figure 2.1.

Circulant matrices are diagonalized by the Fourier transform [25]. This
can be used to significantly reduce the computations required to find the
template h. Using x̂ to denote the Fourier transform of x we can write the
Fourier transform of (2.3) as

min
h
∑
u,v

(x̂(u, v) ○ ĥ∗(u, v) − ĝ(u, v))2 + λ∣ĥ∣2. (2.4)

Where a ○ b is used to denote the element-wise1 product between a and b,
and x∗ is the complex conjugate of x. The solution to this optimization can
be found in the usual way of setting the derivative to zero followed by some
algebraic manipulations, resulting in

ĥ(u, v) = ĝ∗(u, v) ○ x̂(u, v)
x̂∗(u, v) ○ x̂(u, v) + λ

. (2.5)

1This operation is also known as the Hadamard product
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2.2. Extending the MOSSE tracker

In order to reduce the influence of the boundary effects introduced by the
circular convolution, a Hann window needs to be applied to the input image.
As with the normalization this can be considered a pre-processing step. The
rightmost image in figure 2.1 show the repeating pattern with this window
applied.

Model updates
In practice, using only a single patch to create h results in an inferior ap-
pearance model, in most cases tracking will fail after only a few frames as
the object appearance changes over time. For this reason it is important to
include additional samples in the model. In most cases the patch used to
initialize the tracker is the only available training data when tracking begins.
Instead additional samples can be collected on-line by including the patches
estimated by the tracker in each frame as additional data for the appearance
model.

A simple approach for model updates is to use a rolling average scheme,
as done in recursive filters [19]. In order to correctly handle the regularization
term it is convenient to update the numerator and denominator of (2.5) sep-
arately. Using a forgetting factor of γ (or learning rate of (1 − γ)) the rolling
average update for (2.5) is

At+1 = γĝ∗ ○ x̂t + (1 − γ)At (2.6)

and,
Bt+1 = γx̂∗ ○ x̂t + (1 − γ)Bt, (2.7)

where ĥt = At

Bt+λ . Applying this formulation to the detection in a new frame
gives

ŷ = At ○ x̂t

Bt + λ
, (2.8)

where the score-map can be obtained by inverse Fourier transform of ŷ.
This concludes the description of the MOSSE tracker. The MOSSE is

used as a base for most of the tracking work in this thesis. The papers
A, B, E are direct extensions of this tracker, dealing with scale-estimation,
integration of learned high-dimensional features and improved model update
schemes respectively.

2.2 Extending the MOSSE tracker

Now that we have a baseline approach for tracking, it can be extended to
handle various challenging situations in tracking. Unless the tracker is op-
erating in an extremely controlled environment, such situations are common
and difficult to avoid. Difficulties can be due to circumstances that make even

19



2. Visual Object tracking

Figure 2.2: Cosmo the cat illustrating consequences of changing distance to
the camera. As the camera moves closer, the percentage of the image occupied
by Cosmo increases accordingly.

a perfect appearance model fit poorly to a particular image, such as motion
blur or the tracked target undergoing dramatic changes in shape.

The perhaps simplest, and in many cases most successful modification that
can be made to a tracker is to utilize more powerful feature representations.
The MOSSE tracker can be extended to handle higher-dimensional features
by a minor modification to the optimization problem (2.3), resulting in

min
h

R,C

∑
r,c

(
L

∑
l=l
(hl ⋆ xl)(r, c) − g(r, c))

2

+ λ
L

∑
l

∣hl∣2, (2.9)

where xl is feature dimension l extracted from the image patch x. This ex-
tension requires corresponding modifications to the update rule, described in
paper A.

Difficulties result from implicit or explicit assumptions of the tracker no
longer holding. This can happen when an object moves out-of-frame, or some
other object occludes it, leading to the object no longer being visible in the
image. Other assumptions can be more subtle, such as the MOSSE filters
fixed-size template resulting in an assumption of the target having constant
size and shape in the image sequence.

Scale variations
One common situation that requires explicit handling by a tracker is that of
apparent changes in object size. Such changes occur most commonly when the
distance between the tracked object and the camera changes, as demonstrated
in figure 2.2.

This is a problem for appearance models that are not inherently scale-
invariant, such as the one used by the MOSSE filter. When the tracked object
changes size drastically the updates to the appearance model of the MOSSE
will cause the tracker to follow only a part of the target object, getting stuck
on the background or fail altogether.

Successfully tracking in situations where scale-variations are present thus
requires some explicit handling by the tracker algorithm itself. From a signal-
processing perspective, an intuitive approach is to consider finding the correct
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2.2. Extending the MOSSE tracker

scale the same way as the position is found. That is, the MOSSE filter can
be extended from the two dimensional translation case to a three dimensional
translation-scale filter.

This can be done with a minor alteration to the MOSSE framework, by
adding an additional scale-dimension to create a three dimensional filter. That
is the optimization problem in (2.3) is modified to include an additional
scale-dimension. The resulting filter operates in a three dimensional scale-
translation volume. An illustration of this volume can be viewed as figure
2 in paper A. The scale-space volume is constructed by extraction of image
patches with varying scale centered on the target, followed by interpolation
to a desired size. Thus moving in the scale-direction of this volume is similar
to zooming in or out on the target.

While this approach is elegant from a mathematical perspective, it is not
very computationally efficient. This is due to the approach requiring three-
dimensional filters over the cost-volume. Additionally it is required to repeat
the feature extraction for each added scale. If advanced feature representa-
tions are used, this can be a significant computational burden as this step is
often one of the most expensive parts of a tracking algorithm.

It is possible to avoid the explicitly construction of the scale-translation
volume by evaluating the translation filter on several candidate patches of
difference size [39]. That is (2.8) can be evaluated at a few of the scales that
would otherwise be be used to construct the scale-space volume. This avoids
having to compute Fourier transforms in three dimensions, but the often more
expensive feature extraction still needs to be repeated for each scale. The
method is simple to implement however, and is often used in recent trackers
such as the one described in paper E.

An approach that avoids both higher dimensional Fourier transforms, and
repeated application of feature extractions is to introduce a separate scale-
filter. This is similar to using separable filters for the joint scale-translation
approach, with the difference that respective filters do not need to use the
same feature representation. It is also possible to estimate the scale change
after the translation has already been determined.

That is, we can first estimate the targets position in the image, then es-
timate the new scale at the updated position. Further, it is not required to
utilize the same feature-representations for both filters. This allows the trans-
lation to be estimated using powerful high-dimensional features that might be
computationally expensive to extract, while the scale estimation can be done
using cheaper representations.

As shown in paper A, the scale filter works well when using gray-scale
pixels as features. This saves a significant computational time compared to
the other methods, as the feature extraction step only needs to be done once
per frame. In practice the scale filter is learned using a one-dimensional variant
of (2.9), where the pixels for each patch correspond to the feature-dimension.
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2. Visual Object tracking

Creating more robust appearance models
As noted in section 2.2 one of the most important components of a tracking
algorithm is the feature representation used. Such representations can be
either hand-crafted or learned. Of the hand-crafted features, the histogram
of oriented gradients [7] (HOG) and the color names [54] [15] have been the
most successful in the tracking setting.

The color names representation define a mapping from RGB color values,
to a probability that the particular value would be described with one of eleven
names for colors in the English language. The HOG feature representation
are instead based on utilizing local normalizations of image-gradient features
for different pixel regions. The features are constructed from such blocks into
local orientation histograms.

Hand-crafted features typically have very efficient implementations, while
producing compact descriptors of image data. Integrating such features into
the DCF framework using the high-dimensional MOSSE filter described in
(2.9) is straightforward for per-pixel features such as color names.

When using features whose grid-size is larger than single pixels some mod-
ifications to the detection step of the tracker is required. This can be done
done by scaling the obtained coordinate for the response peak using the grid-
size of the features. However, this reduces the maximum resolution of the
translation estimate to the resolution of the feature-grid. A more accurate
approach that allows for more accurate translation estimates is to zero-pad
the response y to the same size as original grid. By doing this before per-
forming the inverse Fourier transform, the resulting response has the same
resolution as the original pixel-grid. In practice this corresponds to interpo-
lating the response using a trigonometric basis function. The same approach
can be used to interpolate over scales in the scale-estimation step, where it is
now possible to extract only a subset of the scales explicitly.

These hand-crafted features remained in use for significantly longer periods
of time in the field of tracking than in other areas of computer vision. This
is likely due to the requirements that tracking algorithms needs to remain
relatively fast. This is a requirement both for real-time operation but also a
consequence of the relative difficulty of training large scale models on tracking
data.

While most tracking datasets contain large numbers of individual images,
these images are highly correlated as they come from a relatively small set of
sequences. As a comparison, object detection datasets contains thousands of
images that are often selected to be as uncorrelated as possible. This situation
makes it difficult to train image features directly on tracking data. Instead
utilizing features extracted from networks learned on different tasks can be
used. Paper B investigates the impact of utilizing features obtained from
different layers of the VGG network [52].
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2.2. Extending the MOSSE tracker

The perhaps most surprising finding in paper B is that using feature repre-
sentations from the first layers of the network is superior to tracking. This is
in stark contrast to other tasks, where features from deeper layers of the net-
work often provide better performance. A second surprise is that the increase
in performance over using a combination of color names and HOG features in
an otherwise identical tracker is relatively modest.

This is a consequence of the deeper feature layers having significantly lower
resolution than earlier ones. While it is possible to up-sample the feature grid
as described earlier, there are limits to how far the resolution of a coarse
feature grid can be increased. As deeper layers of a neural network often
reduce the resolution by half or more for each additional layer, the position
estimation becomes to coarse to be useful in tracking.

While HOG-features are often used with a sub-sampling factor of 4 in
tracking, neural network features are often reduced by a factor of two or
more for each layer. In combination with the VGG network not being trained
explicitly for tracking, but rather image classification [52], with object classes
that only partially overlap with those in tracking lead to deeper layers having
lower performance than the earlier.

Later work such as the CCOT [14] have since solved many of these issues
in a tracking perspective, with further extension including fine-tuning of the
representation on tracking data [49]. While these more advanced trackers
outperform the methods in this thesis, they are to a large degree based on the
same principles, either directly or through successive evolutions of a similar
theoretical framework.
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3

Evaluation of visual object
trackers

In this chapter evaluation of visual tracking methods is discussed. The setting
remains the same as in chapter 2, that is the evaluations are concerned with
visual-object tracking, of a single target, in a causal setting. The evaluations
are performed on image sequences of pre-recorded data, with hand-made an-
notations for the tracked object. The evaluation scores are derived from a
comparison of the tracker output bounding boxes with the ground-truth for
each frame.

Early tracking methods such as MOSSE [3] were evaluated only on rel-
atively small, hand-picked datasets, or on subsets of larger datasets [8, 15].
Evaluations of this type are sufficient to reject completely unsound trackers,
but in general do not provide an accurate assessment of a trackers performance
in general. In order to more fairly compare methods, several different dataset
initiatives have been proposed, such as the on-line tracking benchmark [56,
55], and the visual object tracking (VOT) challenge [31].

Of these two initiatives, the online-tracking (OTB) benchmark contains a
larger number of videos. These videos are of highly varying quality, being a
mix of sequences with high and low resolution, as well as color and grayscale
data. A further issue is that a fair number of the sequences are comparatively
easy, making them somewhat redundant. The target annotations provided
are limited to axis-aligned bounding-boxes, where axis-aligned refers to the
sides of the box being parallel with the image coordinate axes.

3.1 The visual object tracking challenge

The visual object tracking challenge is a yearly occurring evaluation of vi-
sual object trackers. The main challenge is concerned with short-term track-
ing using RGB data, with sub-challenges for tracking in thermal infrared, or

25



3. Evaluation of visual object trackers

combinations of RGB and thermal infrared. The author of this thesis was a
member of the technical committee for the years 2015 to 2017, where the 2017
challenge results is included as paper C.

The VOT challenge datasets [31, 38, 36, 35, 32, 34, 37, 33] take in many
ways the opposite approach compared to the OTB benchmark. The VOT
benchmark datasets contain a lower number of sequences, with each sequence
being of higher difficulty. Even in the early VOT datasets all sequences used
color-images, with relatively high-resolution. In order to increase the quality
of the evaluation the dataset is updated each year, with new data or more
fine grained annotations. The early years [31, 38] used axis-aligned bounding
box representations. These where later replaced by general bounding boxes
[36, 35, 32, 34, 37], and most recently per-pixel segmentation masks [33].

The VOT benchmark evaluates trackers in terms of two main criteria:
accuracy and robustness. The accuracy is calculate in terms of the intersection
over union (IoU) between the prediction produced by the tracker and the
ground-truth. The robustness measures resistance to failures, where a tracker
is considered to have failed if the IoU with the ground-truth is zero.

The IoU is a measure of the similarity of two sets. The similarity score
is between 0 (the set intersection is empty) to 1 (the two sets are identical).
It was originally proposed by Jaccard [28] as a way to compare the biomes
of different alp-tops. For this reason it is sometimes known as the Jaccard
index. It was introduced as a way to compare the bounding boxes produced
by object detectors with the respective ground-truth in the pascal challenge
[17], where a detection is considered successful if the IoU exceeds 0.5.

For two axis-aligned bounding boxes A and B the intersection-over-union
(IoU) score is defined as

IoU = area(A ∩B)
area(A ∪B)

, (3.1)

where the ∪ and ∩ operators denote union and intersection regions of the
two boxes respectively. Note that using this definition the area of the union
region is most easily calculated as

area(A ∪B) = area(A) + area(B) − area(A ∩B), (3.2)

as the region A∪B is not itself an axis aligned bounding box. A visual example
of this can be found in 3.1.

In the VOT evaluation a tracker is initialized on the first frame using
the ground-truth bounding-box. The tracker then tracks the object in each
frame of the sequence until a failure is detected. In practice many trackers,
such as those described in chapter 2 are restricted to tracking axis-aligned
bounding boxes. Such methods are required to adapt the annotation used for
initialization by the VOT toolkit themselves.

If a tracker has zero IoU with the ground-truth in a frame, it is consid-
ered to have failed. The toolkit will then restart the tracker a few frames
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3.1. The visual object tracking challenge

Figure 3.1: Cosmo the cat and two bounding boxes. The green marked region
corresponds to a typical ground-truth bounding-box, and the red to a some-
what failed detection. The intersection region is covered by both boxes, and
the union is the total area covered by any box.

after the failure was detected. This is done in order to make maximal use
of limited annotated data, as well as in order to allow more than a single
failure per sequence. This avoids the earliest frames in a sequence having a
disproportionate influence on the final overlap. This gives the robustness as
the rate-of-failure for a tracker, where a robustness of 1 corresponds to never
failing and, a robustness of 0 corresponds to failing every frame. The accuracy
is the mean intersection over union for each of the tracked frames.

In practice accuracy and robustness is often related, in that a more accu-
rate tracker is likely to be more robust as well. This is itself likely a conse-
quence of the fact that since most trackers utilize online-updated appearance
models for the target, model drift is a major concern. With more accurate
tracking, model drift is less likely to occur as the additional collected data is
of higher quality. The accuracy versus robustness scores can be plotted on a
2D plane, as demonstrated for some trackers from the 2017 VOT challenge in
figure 3.2.

The ants1 sequence has most of the methods performing fairly well, with
several having zero failures throughout the sequence. As seen in figure 3.3, the
sequence recorded using a fixed camera above a petri dish containing several
ants. These ants are virtually identical except for a small marking. As the
view is a top-down one with objects moving in a plane, trackers do not need
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Figure 3.2: Accuracy-Robustness plot for a few of the trackers from the 2017
VOT challenge on the ants1 and soccer2 sequences. The x-axis corresponds
to better accuracy and the y-axis to better robustness. The general tracking
performance is highest in the top-right corner.

to be scale-adaptive. It is however important that they are robust to in-plane
rotations, as ants switching direction will result in a rotation from the point
of view of the camera.

In the soccer2 video, failures are instead common, with several trackers
failing on most frames. While this sequence lacks in-plane rotations, it con-
tains significant motion blur and fast motions. This results in many trackers
ether failing instantly, or having low accuracy scores. For trackers that are
resistant to this particular mode of failure, the sequence is easier and higher
accuracy and robustness is achieved.

3.2 Issues with using intersection over union scores

Unfortunately, using a criterion of IoU being 0 to detect tracker failures is
problematic. When compared to the object detection setting, a detection is
often considered successful that has more than 0.5 IoU with the ground-truth
bounding box. In most cases 0.5 overlap can be considered a fairly poor either
in terms of localization or size of the tracked target.

A particularly serious issue was discovered when evaluating trackers during
the 2015 VOT-TIR sub-challenge of VOT. One of the submitted trackers
had comparatively high robustness, but unreasonably low accuracy. Upon
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3.2. Issues with using intersection over union scores

Figure 3.3: A few frames from the ants1 and the soccer2 sequences in the
VOT 2017 dataset. Black bounding box is the ground-truth, red is from the
DSST tracker. In the ants figure tracking fails due to the in-plane-rotation,
while in the soccer case the sudden movement of the camera results in low
accuracy.

inspection it was noticed that the tracker in question had a tendency to output
very large bounding-boxes, sometimes covering the entire image.

This meant the tracker largely avoided failures, as the overlap with the
ground-truth bounding never reached zero even when tracking was in a wider
sense unsuccessful. While one might expect such behavior to severely penalize
the accuracy, there are circumstances where the IoU metric does not behave
as expected.

The reason for this can be best described by considering the IoU score in
terms of image regions being correctly classified or not. With A as the ground-
truth, the region A ∩B is then the region of true positive (TP) predictions.
The false negative (FN) is the part of A that is not in A ∩ B and the false
positive (FP) the corresponding parts of B.

Using these terms (3.1) is

IoU = area(TP )
area(TP + FP + FN)

. (3.3)
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3. Evaluation of visual object trackers

Conspicuously missing from this expression is what often is the largest part
of the image. That is the part not covered by any bounding box. That is
the region correctly classified as not belonging to the target, the true negative
(TN). In most cases this is the majority of the image.

The consequence is that the penalty for over-estimating the bounding box
is less severe than when under-estimating it. This is a result of the fact that
over-estimation, as long as the position is approximately correct often result
in the TP region increasing in size. Increasing the TP term will come with
a corresponding decrease in the FN term. If the bounding box is instead
expanded in a way that only includes additional background, the only term
that changes is the FP term.

Taking the extreme case of a tracker always outputting a bounding box
that covers the majority of the image the IoU metric will never be zero. In fact
the main influences on the IoU will be what percentage of the image is covered
by the tracked object. This is due to the TP term having its maximum value,
while the FN term is zero.

If one considers only infinite-sized images, this is not a problem, as the IoU
will approach zero if the bounding box approaches infinite size. However, in
practice images have finite-size, meaning that there is an upper bound for how
large it is meaningful to make the prediction. This can be taken advantage of
by outputting a bounding box with massively larger than desired size.

Paper D proposes a way to avoid over-estimating the performance in such
scenarios. Based on modify the IoU score in order to include the TN term in
the calculation. This can be done by considering the inverse IoU, that is the
IoU with respect to the tracker output, and the complement to the ground-
truth. By adding these two terms together with a weighting factor, a new IoU
score can be created as

IoU2 = ωbg
area(TP )

area(TP + FP + FN)
+ ωo

area(TN)
area(TN + FN + FP )

. (3.4)

Where ωo and ωb is the relative area covered by the object annotation,
and the background respectively. As shown in paper D this approach for
overlap-estimation successfully penalizes naive trackers, even in cases where
the tracked object covers the majority of the image.

In practice situations where the tracked object covers the majority of the
image are rare, making this modification to the IoU score closer to a solution
in search of a problem, than a critical fix to a common issue. This is even
more true as the vision community moves away from coarse bounding-box
representations to more fine-grained ones such as per-pixel segmentations or
bounding-polygons.
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4

Tracking in practice and
uncertainty

This chapter deals with common issues that occur when tracking in real-world
scenarios. Some major difference to the evaluations described earlier is that
the tracking system is often required to initialize itself, along with needing to
tracker over longer sequences than is common in benchmark datasets.

As ground-truth annotations are often not available for initialization or re-
setting of a failed tracker, these tasks need to be accomplished by the tracker
itself. An additional problem is that when no ground-truth is available, de-
tecting that a tracker has failed is a difficult problem in itself. While most
trackers output some form of per-pixel score, it is not easy to interpret this
score as a measure of tracking performance.

Instead, other approaches must be used. One of these is to utilize an
external system for monitoring the behavior of the appearance model used by
the tracker. This approach is taken in paper F where the output of the tracker
is compared with a pre-trained object-detector and a Kalman filter. While
this approach is successful for recovering from tracking failure, the system
is restricted to work on object types for which training data is available for
creating the detector.

An alternative approach based on continuously re-weighting the samples
used for the trackers appearance model is proposed in paper E. In this paper
the SRDCF [13] tracker is extended in order to avoid model drift by retroac-
tively re-weighting collected samples in each frame. This allows for retroac-
tively deciding that a collected sample was collected due to a low-quality
prediction.

Ideally, we would be able to decide right away if a prediction is of low
quality. This requires estimating a predictions uncertainty along with the
prediction itself. An approach for this is investigated in Paper G. Here the
complexity of the tracking problem is reduced by tracking point-targets in
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4. Tracking in practice and uncertainty

a setting with known geometry. Paper G investigates obtaining uncertainty
measures along with predictions of stereo disparity by predicting a distribution
rather than point-estimates.

4.1 Tracking in practice

This section describes tracking in real world settings, where no human ini-
tialization is provided, and relatively long time-periods including long-term
occlusions are included. In order to increase the level of autonomy a system
is capable of it is therefore important to be able to initialize the tracking of
interesting objects automatically.

However, as many object-detectors are quite processing intensive, it is
likely not possible to detect objects in every image, particularly if processing
is required to be done on-board. While it is possible to stream video data
to an external computer, this often requires either a very high bandwidth
link between the robot and the external computer or utilization of heavily
compressed video.

Even if the communication line between the robot and the computing
platform has sufficient bandwidth to stream the image data, it will introduce
a certain amount of latency. This can be a problem if the output of the vision
algorithm is used as input to a control system. While on-board processing is
often more limited in hardware, as it is often limited by being battery powered,
it offers significantly lower latencies and is in general more reliable.

Long term tracking of humans
In long-term tracking scenarios, visual trackers using online-learning, such as
those presented in 2 often suffer from issues of model drift. As the tracker
model is updated with data gathered while tracking, unexpected situations
can cause these updates to corrupt the model. Most often this results in either
erratic behavior or the tracker eventually switching to follow something other
than the intended target. While this issue occurs in short-term settings as
well, it is less of an issue as the sequence often ends before the tracking fails.

Model drift can be caused by a number of situations such as occlusions
causing the tracker to get stuck on the occluding object, faulty or absent
scale-estimation, presence of distractor objects or minor errors in tracking
compounding over time. Of these issues, scale-estimation has already been
discussed in chapter 2 as well as paper A.

Dealing with occlusions can be done in a number of ways. The simplest
being to pretend that the tracked object is never occluded. This works in
many cases, as occlusions are often short-term or only covers part of the
object. Situations involving longer term occlusions are more difficult, as the
tracked object often goes out of view in one part of the image, only to become
visible in a different part.
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4.1. Tracking in practice

Figure 4.1: Cosmo the cat demonstrates the difficulties with occlusion. While
Cosmo is not fully occluded, there is a significant risk of the appearance model
adapting to track the table instead of the cat, particularly in situations such
as the left image

In such situations it is often difficult to even know that the tracked object
is no longer visible. One way of detecting such occurrences that is used in
paper F is to monitor the peak-to-sidelobe ratio [3] of the trackers response,
using this as an estimate of detections certainty.

If the tracked objects type is known, it is possible to utilize a trained object
detector to verify that there is still an object of the expected type in the region
output by the tracker. This will work as a way to detect occlusions as long
as the occluding object is not of the same type as the tracked one. Paper F
utilizes a combination of these two approaches together with a Kalman-filter
for increasing the robustness of a tracker over longer term tracking.

Detecting objects to track
Object detection is a problem closely related to tracking, with the goal is to
detect all objects of a given class. While trackers presented in this thesis are
in some sense object detectors, they are trained to detect only a specific object
instance, and generalization beyond this one object is not desirable.

General object detectors are typically trained off-line using large datasets
of annotated images. As they are required to detect an unknown number
of objects in each image, the detection scores are often thresholded before
outputting any predictions. Most recent object detectors [48, 47, 16] are
based on deep learning approaches. As the hardware used for the system
described in paper F was limited and did not have GPU, these methods did
not suit the hardware available at the time.

For these reasons, the system described in paper F utilize a simpler detec-
tor based on HOG features and a linear support vector machine [7]. This ap-
proach requires significantly less computational power than the deep-learning
based methods, but will in practice produce detection of lower quality.
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4. Tracking in practice and uncertainty

Adding an object detector into a tracking framework also allows the system
to recover in case the tracking fails completely. By periodically storing the
appearance model used by the tracker, it can be used to verify if a newly
detected object is the same as one seen before by evaluating the detection
step of the tracker on each new detection. This approach allows resuming
tracking of a target in case it is occluded for long periods or temporarily
moves out of frame.

While this approach works fine in practice, it is limited to tracking objects
of a known type. Another downside with the system presented in F is that it
requires complex logic and a large number of hand-tuned parameters in order
to make it behave correctly. A more convenient approach would be to include
the reliability of each sample in the optimization procedure.

4.2 Retroactively weighting samples

In the formulation of the DCF model update from chapter 2 each sample has
a weight that is exponentially decaying as additional samples are added. This
is a consequence of the linear interpolation resulting in exponential down-
weighting of older samples as additional data is added.

The model at time t is constructed from samples whose weight αk is expo-
nentially decaying as additional samples are added. Using this, the problem
as in 2.3 can be reformulated to

min
ht

t

∑
k

αk∑
r,c

(xt(r, c) ⋆ ht(r, c) − g(r, c))2 + λ∣h∣2, (4.1)

where the sample weights are fixed.
In the original formulation the weight for each sample is not included in

the optimization process, and the αk for each sample is set by the forgetting
factor. This is a consequence of the recursive update. While this is practical
in that it requires storing only the current model and allows for a memory
of theoretically infinite length, it has a major disadvantage in that it always
gives the oldest samples the lowest weight.

When the tracker is initialized by a human annotation, the result is that
the only known good sample has the lowest weight. An additional disadvan-
tage is if the tracked object is occluded, as the samples depicting the occluding
object will be given higher weight then the object itself.

This can be alleviated by dynamically setting the weight of each sample in
every frame. By reformulating the optimization problem in (4.1) to include the
sample weights, it is possible to retroactively down-weight samples containing
occlusions or significant motion blur. Re-optimizing the weights in each frame
also allows for the weights to change as additional data is collected.

Continually re-weighting the collected samples requires solving the follow-
ing optimization problem in each frame. By defining L(h,x, g) = ∑r,c(xt(r, c)⋆
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4.3. Recognizing image regions with uncertainty

ht(r, c) − g(r, c))2 an optimization problem that includes the sample weights
can be defined as

min
h,α

t

∑
k=1

αkL(h,xk, g) +
1

µ

t

∑
k=1

α2
k

βk
+ λ∣h∣2 (4.2a)

subject to: αk ≥ 0 (4.2b)
t

∑
k

αk = 1 (4.2c)

Where the βk correspond to a prior weight for each sample, and µ is a pa-
rameter for giving more or less weight to the prior versus the data itself. This
prior can be set to the same exponential forgetting curve as in the original
formulation, as it is in most cases correct that the most recent sample is the
most similar to the next detection. Paper E proposes a tracker based on the
SRDCF [13] using this approach.

While this approach allows the tracker to retroactively weight detections,
it will in most cases take a few frames to notice if a sample was particularly
bad. An example of this is shown in figure 2 of paper E. Ideally we would
know as a detection happens if it is of high or low quality, as this means we
can use or discard it directly.

4.3 Recognizing image regions with uncertainty

In the previous parts of this chapter the ways to deal with detections that are
of low quality can only be done retroactively when additional data is gathered.
This means that when a detection is made, we have still have no good estimate
of how reliable the detection is. One attempt at addressing this is proposed
in Paper G in a stereo disparity setting. Estimation of stereo disparity can
be viewed as a simplified form of tracking, using constraints derived from
projective geometry to limit the possible positions for the sought after region.

The visual tracking task can be simplified by considering only a pair of
images, that is we can avoid creating appearance models that are updated
over time. The task can be further simplified by considering only targets that
are pixel-sized, this avoids having to estimate changes in size or shape. If we
track all pixels in the image individually for a pair of images the result is the
optical flow between the two images [53].

Estimating the optical flow between two images requires that the transla-
tion for each pixel is determined with respect to movement in both row and
column dimensions of the image. If the geometry between the two cameras,
is known, this can be reduced to a single degree of freedom [53, 24]. With
known geometry between the two cameras the image of a 3D point in the first
image is guaranteed to lie along the points epipolar line in the second image.
A visualization of this can be seen in figure 4.2. The red circle in the left
image corresponds to the red line in the right image.
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Figure 4.2: Visualization of epipolar geometry. Any point along the blue line
will be projected to the red circle in the left image. The blue line is projected
into the right image as the red line. This means that in order to track the red
point in the right image, it is sufficient to search along the red line.

This can be reduced to a single degree of freedom by taking advantage of
well known geometrical constraints between projections of a single point into
two cameras [24] where the relative configuration of the cameras is known.

Stereo disparity estimation
Using images from two synchronized cameras, with known relative calibration
it is possible to estimate the distance for each point in one image using the
disparity of the points. The disparity d can be converted to a distance by
using the focal length f and the baseline b between the cameras

D = fb

d
, (4.3)

where D is the distance from the camera to the 3D point [53, 24]. This
information is useful in many situations requiring knowledge of the three-
dimensional structure of a scene such as mapping, localization or navigation.
In this thesis, the cameras are assumed to be placed horizontally, and image
points are tracked from the left camera to the right.

If the images used are rectified then the epipolar lines are also parallel.
This means that for each point (r, c) in the leftmost image the corresponding
point can be found at a position (r, c−d) where d is the disparity of the point.
Due to this regularity, it is possible to effectively enumerate each possible
disparity by stacking shifted copies of the left and right images in a three-
dimensional volume [5, 30]. A visualization of such a volume can be viewed as
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4.3. Recognizing image regions with uncertainty

Figure 4.3: An attempt to fit a parametric Gaussian to multi-modal data. In
the left figure two possible disparities exists, making the mode of the distri-
bution useless. In the right figure the three modes cause the variance of the
prediction to decrease, while in practice situations like this might not have
well defined disparity.

figure 1 of paper G. The matching volume can be indexed by the coordinates
(r, c, d), where a step in the d direction corresponds to moving one step to the
left in the image we search for the match.

The assumption that the projection of a corresponding point can be found
along the epipolar line will not hold if the point is not visible in both images.
From the perspective of tracking image regions, there does not exist a rea-
sonable disparity for such pixels. While it is possible to determine what the
disparity should be using (4.3), this requires knowledge of the distance to be
obtained from some other source. For this reason, knowing the uncertainty for
each prediction, becomes useful since a system using the estimated distances
can ignore those measurements that have high uncertainty.

Approaches for estimating this uncertainty include left-right consistency
for the estimates, analysis of local or global properties of the scores assigned
to each disparity [26, 44] as well as modifications to methods to output dis-
tributions rather than point-estimates [27, 18], where a parameter related to
the width of a distribution is used as a measure of uncertainty.

Most approaches based on predicting distributions are limited to predict-
ing the parameters for distributions of known shape [27, 18]. In practice this
can restrict the shape of the predicted distributions to a form that does not
accurately reflect the type of errors that occur in recognition problems. This
can be an issue since it is common for images to have multiple objects of
similar appearance, such as the ants in figure 3.3, or repeated visual patterns
such as those from a fence or tree-trunks.

In situations of this type the variance of a unimodal distribution can even
be shown to decrease if additional modes are added to the distribution. One
such example can be seen in figure 4.3, where the mean of the distribution
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is either a very low quality prediction, or the variance fails to represent how
ambiguous the data is.

This problem can be avoided by using a representation for the predicted
probability density that is not limited to a specific shape, such as a density
mixture or kernel density estimator. However such representations still require
choosing the number of components and shape of the basis functions. This
can be avoided by instead learning the shape of the representation as a neural
network. As neural networks impose few restrictions on the functions they
represent, this avoids the problems of using a representation of fixed shape.

Many current methods for disparity estimation are based on neural net-
works, but are trained to output only point-predictions [5, 30, 58, 57], as this
is shown to provide a better disparity estimation performance than when a
cross-entropy loss is used during training [30]. This is likely due to the di-
rect regression approach minimizing the L1 error between the predicted and
ground-truth disparities. The L1 error being distance between the predicted
disparity and the ground-truth.

If the cross-entropy between the two distributions is minimized instead
of the L1 error then this geometric interpretation is lost. This can be easily
shown by considering the cross-entropy for a prediction q and a ground-truth
distribution p

H = −
N

∑
i=1

pi log qi. (4.4)

If both p and q are point-masses, p = δk, and q = δn, the cross entropy is
minimized for k = n. It is maximal for any k ≠ n, that is the distance between n

and k does not matter. While this is suitable for classification problems where
the distance between all classes can be considered equal, it is less suitable when
predicting a position or offset as is done for disparity.

One measure between the similarity of distributions that includes a geo-
metric interpretation is the Wasserstein or earth-movers distance

W 1(p, q) = inf
γ∈Γ(p,q)

∫
∞

−∞
∣z −w∣dγ(z,w), (4.5)

where Γ is all joint distributions with marginal distribution p and q. The
earth-movers distance measures the similarity between two distributions by
considering the amount and distance of probability mass that needs to be
moved to turn q into p. Using this loss function predictions that are far away
from the ground-truth are penalized more severely.

In general the Wasserstein distance requires the solution of an optimal
transport problem [6, 43]. In the case of a one dimensional distribution
there exists a solution in terms of the cumulative distributions for p and q

[46]. This effectively allows learning the parameters of a network that can
output a general distribution, as well as using a general ground-truth distri-
bution. Returning to the example of two point-masses, can be shown to be
W 1(δk, δn) = ∣k − n∣, preserving the geometry of the original problem.
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4.3. Recognizing image regions with uncertainty

What remains is then to decide on a measure for the uncertainty of the
predicted distribution. While it is likely that the predictions will have a single
mode in many cases, meaning variance is usable, it will fail in situations where
the prediction is multi-modal. The variance also lacks a convenient way to
represent the idea of there being no good match, or that all q are equally bad
predictions requires the variance to be infinite. The Shannon entropy [51]
avoids both of these problems

E = −
N

∑
i

pi log pi. (4.6)

The entropy is zero when all probability is focused in a single pi, as a conse-
quence of pi or log pi being zero for any i. The entropy is maximized when
pi = 1

N
∀i [51]. For situations such as those in figure 4.3 the entropy will

increase with additional peaks [51, 42, 2].
That is, by using E as a measure of uncertainty we can be certain that the

uncertainty increases with a more ambiguous prediction, as well as encode the
situation where no good disparity exists by using the uniform distribution as
a label for such pixels.

Paper G to train a deep neural network to predict a distribution over
disparities. The parameters of the network are found by minimizing the
Wasserstein distance between the predicted distribution and a ground-truth
distribution. Uncertainties are obtained from the predicted distribution as
its entropy. For pixels where the disparity is not well defined the uniform
distribution is used as ground truth, this allows the network to better predict
regions where the prediction is likely to be wrong.
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5

Concluding remarks

This thesis has presented several methods for visual object tracking. These
range from extensions to deal with variations in object size, to introducing
learned feature representations into the tracking framework, to adaptively re-
jecting collected samples, as well as real-world implementations where tracking
is part of a greater system.

While the Fourier domain approach for updating the appearance model in
the trackers have been largely replaced by approaches taking advantage end-
to-end learning of most stages of the tracking pipeline, many of the current
methods share a great deal of the design with the tracking methods described
in this thesis. A cursory look at the submissions for the most recent VOT
challenge reveals that there is still a large number of correlation filter based
trackers submitted.

In a wider sense, the general problem of tracking objects is still a very
active research area. As the field of computer vision becomes increasingly
dependent on using large-scale datasets for evaluations it is important to also
continue to investigate and improve on the evaluation criteria and benchmark
datasets in order to avoid creating methods that only solve the benchmark
problem, or a accidentally over-fit to corner cases in the evaluation metric.

The difficulties that arise in robotics scenarios are in many ways resulting
from lack of ability to combine the outputs from different algorithms into a
coherent framework where components can correct one-another. One step
in this direction is to utilize algorithms that can output some estimate of
their own reliability. Estimating uncertainties along with predictions can be
conveniently done by having methods produce distributions instead of point-
estimates as predictions. There is however a great deal of work left to both in
uncertainty estimation and more generally in building larger systems where
individual components have parameters learned from data.
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