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Abstract

The process of locating moving objects through video sequences is a fundamental
computer vision problem. This process is referred to as video tracking and has
a broad range of applications. Even though video tracking is an open research
topic that have received much attention during recent years, developing accurate
and robust algorithms that can handle complicated tracking tasks and scenes is
still challenging. One challenge in computer vision is to develop systems that like
humans can understand, interpret and recognize visual information in different
situations.

In this master thesis work, a tracking algorithm based on eye tracking data
is proposed. The aim was to compare the tracking performance of the proposed
algorithm with a state-of-the-art video tracker. The algorithm was tested on gaze
signals from five participants recorded with an eye tracker while the participants
were exposed to dynamic stimuli. The stimuli were moving objects displayed on a
stationary computer screen. The proposed algorithm is working offline meaning
that all data is collected before analysis.

The results show that the overall performance of the proposed eye tracking
algorithm is comparable to the performance of a state-of-the-art video tracker.
The main weaknesses are low accuracy for the proposed eye tracking algorithm
and handling of occlusion for the video tracker. We also suggest a method for
using eye tracking as a complement to object tracking methods. The results show
that the eye tracker can be used in some situations to improve the tracking re-
sult of the video tracker. The proposed algorithm can be used to help the video
tracker to redetect objects that have been occluded or for some other reason are
not detected correctly. However, ATOM brings higher accuracy.
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1
Introduction

Computer vision is a field of computer science including development of meth-
ods used to gain understanding from digital images to make decisions. It aims to
make computers identify and process visual data in a similar way as the human
visual system. A classical computer vision problem is video tracking which refers
to the process of locating moving objects in a sequence of images. Even though
video tracking has received much attention in recent years, developing accurate
and robust algorithms that can handle complicated tracking tasks and scenes is
still challenging.

In this master thesis we propose a tracking algorithm based on eye tracking
data. The tracking performance is compared with a state-of-the-art video tracker.
This chapter gives a brief introduction to the subject and presents the problem
formulation, motivation and delimitation. The division of labor is included in
the end of this chapter.

1.1 A Brief Introduction to Video- and Eye Tracking

Tracking moving objects through video sequences has a broad range of appli-
cations such as traffic control, autonomous driving, security and surveillance.
Given limited information about the target, the task is to estimate the position of
the object through the sequence, see Figure 1.1. Target objects for tracking can for
example be vehicles on a road, aircrafts or pedestrians on a street. Furthermore,
object tracking usually consists of two parts, target classification and target esti-
mation [27]. In the first part, prior information about the target is used to extract
fore-ground from background and locate the object. The next step is to estimate
the correct position of the object, usually defined by a bounding box. The choice
of tracking method depends on the application and the prior information that is
known about the target. This information could be shape, color, intensity and
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2 1 Introduction

location information like bounding box coordinates or center point.

Figure 1.1: An illustration of object tracking. The bounding box marks the
helicopter that is tracked in the current frame and the dots shows the track-
ing results in previous frames. Image source: [1]

.

A tracking algorithm can be evaluated based on robustness and accuracy. Ro-
bustness describes the trackers’ ability to track an object without losing the target
and accuracy specifies how accurate the tracker can estimate the target state or
position. Although many tracking algorithms have been proposed with a great
improvement during recent years, it still remains difficulties when applying track-
ing algorithms to challenging scenes [27]. Illumination and scale variations, par-
tial occlusion, shape deformation, camera motion and complex motions of the tar-
get complicate the problem. Moreover, cluttered background features can make it
difficult to classify objects. Object tacking in military operations can be challeng-
ing due to the unique and varying circumstances. Consider a battlefield where
the system is expected to identify and track fast-moving targets through clutter
and weather or atmospheric disturbances. In addition, the target is typically de-
signed to avoid detection. An accurate and robust tracking algorithm that can
handle this type of complex scene could provide necessary information make the
right decision at the right time.

The study of eye movements is an increasingly used tracking method called
eye-tracking. It is a sensor technology that makes it possible to measure the eye
position and movement to get information about where the user is looking at a
specific time. An eye tracker is a device that allows human-computer interaction
and can in addition to position and eye movement detect the presence and pupil
size of the user. In general, the eye tracking process requires an eye tracker with
a camera (or other optical sensor) and an infrared light source. The light source
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is directed toward the eyes of the user and the camera detects the light reflected
from the eye at a tracker specific sampling rate [34]. The gaze direction and
position at a specific time can then be estimated using this data.

In recent years, the increased interest in eye-tracking technology has gener-
ated new applications and research areas. Today, eye-tracking is widely used
in research to study human behavior and patterns in eye movements given spe-
cific target stimulus such as videos, web pages, computer games and books. Eye-
tracking is additionally used in medical and artificial intelligence research, adver-
tising, automotive engineering and the defense industry. This technology allows
unique insight in human behavior and intentions. But, trying to understand the
human visual system and how it works to use it in eye tracking algorithms is
complicated.

The human visual system helps us detect, process and interpret information
about the environment from visible light. It gives us the ability to perceive and
predict the content of an image or video, recognize objects that we have only seen
once and make decisions based on the surroundings. To follow a given moving
object in a scene with illumination variations, occlusion, and other moving ob-
jects could be a rather trivial problem for humans, but much more challenging
for computers. The task might seem simple, but the visual perception is complex
and there are still difficulties in understanding how it works. One challenge in
computer vision is to develop systems with those abilities, that just like humans
can understand, interpret and recognize what they are looking at in different
situations. For example, even young children would understand that they are
looking at a dog, even if it is hiding behind a chair and only the paws and tail
are visible. For a human it is intuitive where the head and the rest of the body
of the dog are, given the position of the tail and paws. That ability is not always
achieved in computer vision systems.

1.2 Problem Formulation

This master thesis aims to develop a tracking algorithm based on eye tracking
data and to implement a state-of-the-art video tracker. The purpose is to com-
pare the performance of the different tracking methods. The research questions
intended to be answered throughout the work are formulated as follows.

• Which of the two tracking algorithms has the highest accuracy, precision,
recall and success?

• What are the advantages and disadvantages with the tracking methods?

• Can the eye tracking algorithm be used to improve the result of the video
tracker?

• How can human factors affect the performance of eye tracking and can this
be determined based on the result?
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1.3 Motivation

In recent years, there has been progress in the field of computer vision and com-
puter vision ideas are today used to solve problems in disciplines such as medi-
cal imaging, automotive safety and surveillance. The concept of object tracking
is as mentioned before a challenging task and its importance is reflected in the
wide variety of applications. Nevertheless, unsolved problems remain and to get
a better understanding in computer vision problems, one need to consider the
complexity in the task that is to be solved.

Today, even high-performing computer vision systems have difficulties to cre-
ate a full picture of an object after seeing only certain parts of it. The system
can be fooled if the object undergo significant appearance changes. While hav-
ing trouble understanding and mimic the human visual system in computers, it
would be interesting to compare a tracking approach based on information from
an eye tracker with a state-of-the-art video tracker. It could be a useful feature
to integrate human intelligence with a computer vision systems. If human intel-
ligence is used to locate an object in a video sequence, that information could be
used to help computer vision systems achieve higher performance and to keep
track of that object even if it gets occluded or change appearance. A user inter-
face could be used in object tracking to provide information about the region or
object of interest in an image to make the right decision. For example, in a scene
with multiple cars, one of the cars might in one situation be of special interest.
Human interaction could in that case be used to help the tracking algorithm to
decide to keep track of that specific car. If the situation is changed, the computer
could be helped to make the decision to change the object of interest.

1.4 Delimitation

This work was limited in aspects of time. Therefore, only one method for analyz-
ing the eye tracker data and one video tracker were used. Only one eye tracker
model was used and a limited number of video sequences as well as test persons
were included during data collection. Due to the difficulties in obtaining quan-
titative measurements of how the human factors like fatigue, ability to focus on
a task and understanding instructions, these subjects are discussed based on the
tracking result of this work.

1.5 Division of Labor

The work was divided between the two authors of this paper. Linnéa had the
responsibility for implementation of the tool for eye tracking data collection and
the relating parts in this report. Ida was responsible for implementation of the
video tracker and the relating parts in this report. The responsibility was shared
for the data analysis, evaluation and the remaining report writing.
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1.6 System Overview

The two main parts of this work are an eye tracking approach and a video track-
ing approach. The main steps included in the two methods are shown in Figure
1.2. The input data sets (frames) and evaluation metrics used to evaluate the
tracking methods are given in Chapter 6. Detailed descriptions of the two ap-
proaches are given in Chapter 4 and 5.

Figure 1.2: An overview of the system that has two main parts, a video track-
ing approach and an eye tracking approach. The main steps of the methods
are represented in the left respectively right part of the flowchart.





2
Theoretical Background

This chapter gives a brief background to the human vision, including the eye, and
a description of different types of eye movements. This is to give an improved
understanding of eye tracking data and how it is analyzed in the proposed algo-
rithm.

2.1 The Human Vision and Eye

The human vision is a complex system that makes it possible to receive and pro-
cess information from the external environment [4]. It takes place in a visual
pathway from the eyes to the brain consisting of three main parts: the eye, the
lateral geniculate nucleus and the visual cortex, see figure 2.1.

The eyes allow an image to be seen by refracting and focusing light to the
retina. The anatomy of the eye is shown in Figure 2.2. The front surface of the
eye is called cornea and it aims to reflect and refract the light. After the cornea,
the light travels through the pupil and the amount of light that enters the eye
is controlled by the size of the pupil. The larger size the more light enters the
eye. The lens (along with cornea) helps to refract the light onto retina. The
light is projected onto the retina creating an upside down image. The retina
consists of photoreceptor cells that converts light photons to electrical signals
which are transmitted to the brain via the optic nerve. The brain eventually turns
the image the right way up. High resolution images are only obtained for lights
that fall on the fovea. Moreover, the blind spot lacks photoreceptors and there is
no image detection in this area. The brain tends to interpolate and filling in with
information from the other eye and based on surrounding details [4]. The blink
reflex protects the eye, cleans the surface and resets eye movements [21].

7



8 2 Theoretical Background

Figure 2.1: An illustration of the visual pathway. The lateral geniculate nu-
cleus receives visual information from the eye and sends it to the visual cor-
tex for processing. Image source: [38].

Figure 2.2: An illustration of the human eye. Image source: [36].

2.2 Eye Movements in Eye Tracking

Clear vision of an object of interest requires that the image of the object is fo-
cused on the fovea. This is controlled by the ocular motor system that controls
the movements of the eyes and allow us to point our eyes towards the target [16].
There are different types of eye movements that are classified based on function-
ality. Three of the main components of eye movements are fixations, saccades
and smooth pursuits. Figures 2.3 and 2.4 show illustrations of the the eye move-
ments. Figure 2.5 show how eye movements can be found in eye tracking data
using the position of the gaze point over time.
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Figure 2.3: An illustration of fixations, gaze points and saccades. The fixa-
tions are constructed from several gaze points and the movement from one
fixation to another is called saccade.

Figure 2.4: An illustration of smooth pursuit movements that occur when
following a moving target. The viewer is following the person that walks
forward.

Figure 2.5: x-coordinates of eye tracking data over time. The main compo-
nents of eye movements are marked with arrows.
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Fixations are periods of time when the eye movements are slow and the eyes
are aligned with the target [31]. New visual information is mostly acquired dur-
ing fixations. In addition to duration (including start and end point), fixations
have a spatial location (x, y). The duration of a fixation varies between 50 and
600 milliseconds and the stimulus affects the minimum duration that is required
for information intake [30]. The eye movements that compose fixations and help
the eye align with a target are drifts, microsaccades and termors. Drift are slower
movements that compensate for poor visual acuity during fixations. Microsac-
cades are small eye movements occurring during fixations that are used to correct
the displacements of the eyes during drifts. Mircosaccades can occur involuntary
as often as three times per second but the occurrence depends on the task and
individual. Termors occur simultaneously as drifts and are wave-like motions
with unknown functionality in vision [33]. Fixations can be constructed from a
sequence of gaze points in eye tracking data.

Saccades are fast eye movements from one fixation to another with an average
duration of 20-40 milliseconds and velocity between 30 and 500 visual degrees
per second. The duration and amplitude (distance of the movement) of a saccade
are linearly correlated, thus a larger amplitude results in a longer duration. The
vision is suppressed during saccades since the image on the retina is of poor qual-
ity due to the fast movements of the eyes and new information is normally not
obtained. Saccades can either occur reflexively or be triggered [30].

When the eyes focus on a point on a moving object, eye movements called
smooth pursuits occur. These are similar to fixation in terms of velocity and du-
ration. The average duration of smooth pursuits is approximately 300 ms [26].
The velocity of smooth pursuit movements is typically below 30 degrees per sec-
ond even though the human eye is able to track target at a speed of 100 degrees
per second [30]. Targets moving in the visual field are kept centered on the fovea
during smooth pursuits [16]. If the velocity of the eye differs from the velocity
of the target, catch up saccades are performed in order for the eye to catch up
with the target. Due to the fact that the velocity profile of smooth pursuits is sim-
ilar to the velocity profile of fixations, these movements are hard to distinguish
[28]. Furthermore, there is an overlap in the ranges of velocity of fast smooth
pursuits/fixations and saccades that complicates the process of separating these
in eye tracking data. However, using the acceleration signal to distinguishing
between smooth pursuits/fixations and saccades has proven to be more efficient.
This is since saccades have higher acceleration. Smooth pursuits and fixations
have lower acceleration due to almost constant velocities [11].



3
Related Work

This chapter summarizes existing research in object tracking and eye tracking
related to the current work. The chapter includes a brief introduction to state-
of-the-art video tracking, particularly ATOM that is used in the video tracking
approach. Eye tracking modalities and different algorithms for eye movement
identification are also included.

3.1 State-of-the-art Video Tracking

The robustness of object tracking algorithms has improved during recent years,
but the improvement of accuracy is limited. The focus has been on develop-
ing powerful classifiers and consequently most trackers use a simple multi-scale
search for the estimation task. Unveiling the Power of Deep Tracking (UPDT) is
one example of a state-of-the-art tracker that is based on correlation filters and
uses a multiscale search [14]. As a result, the tracker does not handle objects
that changes in shape through the sequence. Distractor-aware Siamese Region
Proposal Networks (DaSiamRPN) is another state-of-the-art tracker that uses a
bounding box regression strategy for the estimation task which leads to difficul-
ties if the object get deformed or out-of-plane rotated [40]. A bounding box regres-
sion strategy is a technique that is used to refine or predict boxes in recent object
detection approaches. A tracking framework that sets a new state-of-the-art on
five challenging benchmarks including Visual Object Tracking Challenge (VOT)
2018 is proposed in [27]. The tracking method, Accurate Tracking by Overlap
Maximization (ATOM), uses extensive offline learning for the target estimation
component and the target classification component is trained online to handle
distractors in the scene. The tracker uses bounding box coordinates as prior in-
formation and these can either be provided by the user drawing the box by hand
or directly as an input argument to the algorithm. The state-of-the-art compari-

11



12 3 Related Work

son in the article shows that ATOM gives best result compared to other methods
on all five data sets that were used in the study.

3.2 Eye Tracking Modalities

Several methods for using eye-tracking as a modality for human computer inter-
action have been proposed. Eye movements give information about human in-
tentions and can be a useful complement or substitute for more frequently used
methods such as mouse and keyboard events. However, human computer inter-
action based on gaze information is not a trivial task and some of the problems
concerned with such a modality is discussed in [20]. In [20], the usage of gaze,
touch pad and mouse in a computer game is compared. An eye tracker was used
to collect gaze information. The task was to play a computer game where the
three modalities were used to focus on a target and pull the trigger. The accu-
racy and score (number of killed targets) is higher for both mouse and touch pad
compared with gaze for most of the participants. But, one of the participants had
experience with eye tracking and had the highest score for gaze. This shows that
eye tracking can be used as a human computer interface with efficient results, but
that earlier experience might be needed and that the precision is lower compared
to mouse click. In the paper, the authors further describe the problems with the
calibration process that is required in eye tracking and the fact that using gaze
point location is not as accurate as mouse pointing. Furthermore, they bring up
the Midas Touch problem [17] that affects gaze directed interfaces since it is dif-
ficult to know the intention with each fixation and whether it should or should
not lead to activation.

An eye tracking application that enables human machine interaction is de-
scribed in [39]. In [39], pilots with various experience in instrumental training
performed a simulated flight task wearing eye tracking glasses. The proposed al-
gorithm performs dynamic object tracking in a video in order to define an area of
interest on the cockpit instruments based on attention of the operator. Selected
object of interest is tracked using an intelligent algorithm for registration and
analysis of the attention trajectory. The algorithm allows detection and localiza-
tion of objects of interest and based on the recorded data, fixation statistics are
used for further analysis.

3.3 Eye Movement Identification

Understanding visual behavior and how the eyes work can give a better under-
standing of eye tracker data. Eye movements and their functions are fundamental
parts of visual behavior that are significant factors in eye tracking research. Eye
movements are widely used to study visual behavior in different situations and
several methods for identifying these movements in eye tracking data have been
proposed. In [15], identification algorithms for separating two types of eye move-
ments (fixations and saccades, see Chapter 2 for a detailed description) in eye
tracking data are compared. The stimuli used in the study was static images and
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the algorithms are based on spatial (velocity, dispersion and area of interest) and
temporal (duration information and local adaptivity) criteria. Five algorithms
are presented in [15] and evaluated with accuracy, speed, robustness, implemen-
tation ease and number of required parameters. The two methods with highest
performance are an Hidden Markov model (HMM)-based method that uses veloc-
ity distributions for fixation identification and a method based on a dispersion
threshold. Both methods use local adaptive information and provide accurate
and robust identification. The result shows that methods that use temporal infor-
mation in a locally adapted way can provide robust results even for noisy data.
One of the investigated methods is based on a point-to-point velocity threshold
instead of a probabilistic model as in the HMM. According to the authors, this
method is easier to implement but the result is not as robust and the algorithm is
more sensitive to noise for point velocities near the threshold.

3.3.1 Hidden Markov Model

Hidden Markov models were first used in speech recognition and have been ap-
plied to many tasks in molecular biology since late 1980s [13, 24]. Today, HMMs
are used in a wide variety of fields such as finance, cryptanalysis and eye track-
ing just to mention a few. An HMM-method where eye tracking data is used to
predict the object of interest in a scene with multiple moving objects is proposed
in [22]. The object of interest in this case corresponds to the object that the partic-
ipants of the study tracked with their gaze over time. The model is based on the
gaze position provided by an eye tracker and the positions of all possible objects
of interest over time are known. The proposed HMM is compared with a Shortest
Distance model (SDM) [41] that assumes that the object closest to the gaze of the
participant is tracked at each time point. The accuracy of the HMM-method is
significantly higher and attentional switches are easier to detect using the HMM-
method. The proposed HMM is based on the positions of the objects of interest.
Prior information about the number of objects and where they are located in all
frames are required to estimate where the participant pays most attention. This
information was however not available for this master thesis.

HMMs can be trained using eye tracking data to recognize behavioral patterns.
In [23], a 16-state HMM based on saccadic amplitude and direction is trained and
used for classification of different tasks. Clustering of training data is used to
find regions of interest in images and the model is trained on transitions between
clusters. The HMM parameters are trained using the Viterbi algorithm [32]. The
aim is to use the model to guess which task is performed given a sequence of
saccades. Maximum Likelihood (ML) classification is then used on the trained
model. The HMM used in this master thesis was however not trained.

3.3.2 Moving Target

Smooth pursuits are, as mentioned before, eye movements present when the eyes
follow a moving target and detection of these is therefore relevant for eye move-
ment identification algorithms in the case of dynamic stimuli. In the presence of



14 3 Related Work

smooth pursuit movements, identification of saccades using the velocity signal
is more difficult since the velocities of fast smooth pursuit movements overlap
the velocity range of saccades [29]. However, the point-to-point acceleration is
higher for saccades than for smooth pursuit movements and can be used instead
of the point-to-point velocity for a more reliably saccade detection [11]. An al-
gorithm for detection of fixations, saccades, smooth pursuits and post saccadic
oscillations is proposed in [25]. Post saccadic oscillations are in [25] referred to
as high velocity events at the end of saccades. The algorithm uses velocity, accel-
eration, dispersion and directions to separate the different eye movements and
adapts parameter thresholds between runs and participants.

A method for detection of fixations and smooth pursuits in high-speed eye
tracking data (> 200 Hz) is proposed in [26]. The algorithm uses the method
described in [25] to identify intervals between saccades and blinks. Fixations and
smooth pursuit movements are then identified in these intervals. The method can
be divided into thee steps: preliminary segmentation, characteristic evaluation
of each segment and final classification on the segments. The final classifications
is based on dispersion, consistent direction, positional displacement and spatial
range criteria and consecutive segments belonging to the same eye movement
type are grouped together. The algorithm is applied to both static and dynamic
stimuli and performed better compared to other state-of-the-art methods in both
cases.



4
Eye Tracking Approach

This chapter describes the experimental procedure of the eye tracking approach.
The method has three main parts; data collection (Section 4.1), pre-processing
(Section 4.2) and data analysis (Section 4.3). Figure 4.1 gives an overview of the
procedure. Gaze signals were collected from participants recorded with an eye
tracker while the participants were exposed to dynamic stimuli. The stimuli were
moving objects displayed on a stationary computer screen.

Figure 4.1: An overview of the experimental procedure of the eye tracking
approach. The three main parts are data collection, pre-processing and data
analysis.

4.1 Data Collection

In the eye tracking approach, eye tracking data was collected by a user study.
The participants were given a tracking task while watching 14 different video
sequences. A detailed description of the procedure is given in this section.

15
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4.1.1 Hardware and Software Specification

A Tobii eye tracker 4L was used to record gaze points and time stamps at 90
Hz. The eye tracker was mounted on the screen and connected to the computer
via a standard USB interface. The set up is illustrated in Figure 4.2. The To-
bii 4L comes with a platform developer kit (PDK) that includes a client library,
called the Stream Engine and a platform run time. The PDK was used to cali-
brate the eye tracker and collect tracking data. The stimuli were presented to
the participants on a Dell computer screen with dimensions 1920 × 1200 pixels
corresponding to a physical dimension of 20x33 cm.

Figure 4.2: Experimental set up for the eye tracking approach. The visual
angle, α, is the angle between the eye lens and the screen extremities.

4.1.2 Participants

Five persons aged 25-35 participated in the study, 3 female and 2 male. Each per-
son was assigned an individual participant number 1-5. Two of the participants
were the two writers (2 and 5) and had seen the video sequences before starting
the tracking task, and two participants (3 and 4) were wearing glasses.

4.1.3 Tracking Task

The first part of the experiment was an introduction where the participants were
informed about the procedure and got the instructions needed to perform the
task. The participants performed the task individually. Before the first trial was
started the participant had to be taken through a calibration procedure in order
for the eye tracker to perform more accurately, see Figure 4.3. The calibration
was performed using a configuration tool included in the Stream Engine API in
the PDK. After eye detection, the participant had to look at six calibration points
on the screen until the points exploded.



4.1 Data Collection 17

Figure 4.3: The eye tracker calibration procedure. The first step is eye detec-
tion and the user is instructed to move around. After that, the calibration is
performed and the user is instructed to look at dots appearing at the screen
until they explode (this is repeated twice, three points each time as illus-
trated in the figure).

To initialize the task, the program was started with terminal command. The
first frame of the video was shown on full screen and the participant was in-
structed to follow one specific object throughout the video. The object of interest
was for all sequences visible in the first frame. The participants were then able
to decide when to start the trial with button click. On button click, the video
sequence was played at approximately 30 Hz and the data recording started and
continued until the last frame was showed. An example of a tracking task for one
of the sequences can be seen in Figure 4.4. The the tracking task was completed
when all videos had been shown. Each participant performed the experiment
twice, with at least 5 hours pause in between to prevent influence of fatigue, lack
of concentration and impact of the calibration.

Figure 4.4: An example of a tracking task. Step 1: the image is shown on
full screen. Step 2: The participant is given instructions to follow one object.
Step 3: The video is displayed at approximately 30 Hz and eye tracker data
is collected.

4.1.4 Eye Tracker Data

The gaze points (x, y) and timestamps (in micro seconds) were recorded while the
video sequence was shown on the screen. A timestamp is a value for when the
corresponding gaze point was captured. Timestamps are only useful for calculat-
ing the time elapsed between two gaze points since the epoch is slightly different
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from time to time. The gaze points were given in a coordinate system relative to
the computer screen with x on the horizontal axis and y on the vertical axis. The
coordinate system was normalized, see Figure 4.5. Coordinate conversion was
needed to map the gaze points to the image coordinate system. This was done
using the size of the frames in pixels and the scale used to resize the frames to
full screen during the tracking task.

Figure 4.5: The gaze points were sampled in this normalized coordinate sys-
tem relative to the screen where the eye tracker was mounted.

4.2 Pre-Processing

The pre-processing step handled invalid points and missing data. If the partici-
pant was blinking, looking away from the screen, or if the eye tracker for some
other reason could not detect the eyes correctly an invalid point, (-1, -1), times-
tamp, was returned. Furthermore, if the participant was looking outside the
screen, the eye tracker returned gaze points with coordinates outside the interval
[0, 1]. These coordinates were considered invalid and were set to Not-a-Number
(NaN) values. The coordinates of invalid points that occurs in the beginning or
end of the sequence were set to NaNs. Timestamps and indices for invalid points
were saved and used later in the analysis.

Missing data were here defined as invalid points (not in the beginning or end)
that generated gaps in the sequence of gaze points. Gaps in the data might be
lead to misinterpretation of eye movements in the identification step, hence miss-
ing data points was replaced with interpolated points. A threshold of 15 con-
secutive invalid points was used to limit the maximum duration of a gap. This
corresponds to a duration of approximately 150 milliseconds that is in the range
of an average blink [19, 35]. Thus, points of a gap with a longer duration were
considered invalid.

The samples of a valid gap were replaced using linear interpolation. Each
sample was replaced individually and the idea was to create a line of valid points
between the last valid point before the gap and first valid sample after the gap
(see Figure 4.6). The first valid point after the gap is multiplied with a scale factor
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s =
treplace − t2
t1 − t2

, (4.1)

where treplace is the timestamp of the sample to be replaced, t1 the timestamp of
the last sample before the gap and t2 the timestamp of the first sample after the
gap. The replaced point was then calculated as

preplace = p1 + p2 · s, (4.2)

where p1 is the last point before the gap and p2 the first valid point after the gap.
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Figure 4.6: Interpolation of missing data between valid points.

The final step of the pre-processing was to apply a median filter with kernel
size 7 to the gaze point signal. This was done to remove noise in order to improve
further processing, see Figure 4.7.
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Figure 4.7: An example of raw gaze point data and median filtered data.
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4.3 Data Analysis

This section describes the data analysis procedure that was used to classify and
identify eye movements in the pre-processed eye tracking data. The procedure
is divided into four parts: Hidden Markov Model (HMM), The Viterbi algorithm,
eye movement identification and post-processing.

HMMs are statistical models which provide a framework for modeling ob-
served data as a series of outputs generated by hidden states. The model is then
used to estimate the probability of each state along every position along the ob-
served data. This means that all observed data points belong to one of the hidden
states, and the model is used to estimate the probability of each point belonging
to each state. The HMM described in this work was used to model the recorded
gaze points and the Viterbi Algorithm was used to find the best state sequence of
hidden states.

4.3.1 Hidden Markov Model

The HMM was specified by the following components:

• Two states: S = s1, s2, corresponding to smooth pursuit/fixation and sac-
cade.

• An observation vector with T observations: O = o1, o2, ..., oT . The observa-
tions are point-to-point accelerations.

• A state transition probability matrix: A = a1,1, a1,2, a2,1, a2,2. The matrix
express the transition probabilities between the states.

• An observation probability distribution: B = bj (oi). Holds the probability
of observation oi for each state sj . Consequently, oi is an observed point-to-
point acceleration.

• An initial state distribution vector: π = π1, π2. Gives the probabilities to
start in state s1 and s2.

Figure 4.8: An illustration of the HMM.
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The HMM used in this work is illustrated in Figure 4.8. The observation vec-
tor was the point-to-point acceleration signal for the recorded gaze points. The
acceleration signal was calculated using the point-to-point velocity and time in-
formation for each sample point. The positions of two consecutive valid gaze
points and the time difference between them was used to calculate the velocity.
The acceleration was then calculated using the difference in velocity between two
consecutive time points. Note that each observation in the observation vector is
the magnitude of the acceleration, the direction is not considered.

Using the velocity signal in the observation vector would make it difficult to
separate saccades from smooth pursuit due to the intertwined velocity profiles
as mention in Section 2.2. The fact that smooth pursuit movements occur when
following a moving target further motivates the choice of including smooth pur-
suits in the hidden states. In the model, gaze points belonging to fixations were
covered as a part of those belonging to smooth pursuits due to similarities in the
acceleration profiles.

For the state transition probability matrix

A =
[
a1,1 a1,2
a2,1 a2,2

]
, (4.3)

the probabilities were set to

a1,1 = 0.6, a1,2 = 0.4, a2,1 = 0.5, a2,2 = 0.5. (4.4)

The values were selected by reasoning that the transition from s1 to s1 is more
likely than s1 to s2 assuming that the participant is trying to focus on the object.
The duration of a smooth pursuit movement and the fact that saccades can occur
was used when choosing the values of a1,1 and a1,2. The observation probability
distribution

B =
[
b1
b2

]
, (4.5)

was generated as follows. First, an acceleration factor was calculated using the
standard deviation of the observation vector multiplied with a constant γ . The
formula is then

α = γσ, (4.6)

where α is the acceleration factor, γ is a constant equal to five [25] and σ is
the standard deviation of the observation vector, for a certain sequence . The
estimated acceleration factor, α, was then used to decompose the observation
vector O into two vectors O1 and O2 according to

O1 = O(n), ∀n : O(n) ≤ α,
O2 = O(m), ∀m : O(m) > α.

(4.7)

This means that O1 holds the point-to-point acceleration signal for the recorded
gaze points below or equal to α and O2 above α. The next step was to estimate
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two probability distributions using O1 and O2, corresponding to the states s1
and s2. Mean values, µ1 and µ2, as well as standard deviations, σ1 and σ2, were
calculated. The normal distributions for the two were then computed using

f (o, µ, σ ) = e
−(o−µ)2

2σ2 , (4.8)

where o is the magnitude of the acceleration. The two components of the obser-
vation probability distribution B are formulated as

b1(oi) = f (oi , µ1, σ1),

b2(oi) = f (oi , µ2, σ2).
(4.9)

Figure 4.9 shows an example of b1 and b2. The reason for using two distribu-
tions instead of a fixed threshold is to take into account that the two profiles may
overlap each other.
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Figure 4.9: An example of the observation probability distribution where b1
is shown in red and b2 in blue.

The third probability measure is initial state distributions,

π =
[
π1
π2

]
, (4.10)

and these values were set to

π1 = 0.6, π2 = 0.4. (4.11)

These values were selected based on assumptions that the participant was pre-
pared and was trying to focus on one object when starting data collection. There-
fore the initial guess is that the first gaze point belongs to a smooth pursuit move-
ment.
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4.3.2 The Viterbi Algorithm

Given the HMM from the previous section including model parameters

λ = (A, B, π), (4.12)

the remaining step is to find the most probable sequence of states in the recorded
eye tracking data. A procedure for solving this problem is the Viterbi algorithm
[10]. This algorithm is used to find the maximum probability path through the
HMM, and returns the states of that path, see Figure 4.10.

Figure 4.10: An illustration of The Viterbi algorithm. The idea is to process
the observation sequence left to right. Each circle represents the probability
of being at that state. The probability of each state is computed by recur-
sively taking the most probable sequence of states that leads to this circle.
For example, the probability of state s1 at time t is calculated using the most
probable sequence of states illustrated with orange lines.

The initialization step of the process starts with using the initial state distri-
bution and calculates the probability to start in state sj using

δj,1 = P (q1 = sj , o1 | λ) = πjbj (o1), 1 ≤ j ≤ N, (4.13)

where δj,1 is the probability to start in state sj , q1 denotes the actual state at time
t = 1 and o1 the observed data point at time t = 1. The following step corre-
sponds to the recursion step where the probability for remaining observations is
calculated using

δj,t = max
q1,q2,...,qt−1

P (q1, q2, ..., qt−1, qt = j, o1, o2, ..., ot | λ)

= max
1≤i≤N

(δi,t−1ai,j )bj (ot), 1 ≤ j ≤ N,
(4.14)

where δj,t is the probability of state sj at time t and δi,t−1 the probability of pre-
vious state si at time t − 1. The final step is to find the most probable sequence
of states. This was done by taking the maximum probability path through the
sequence defined as

qt = argmax
1≤j≤N

(δj,t). (4.15)

Pseudocode for the Viterbi algorithm is shown in Algorithm 1, and the nota-
tion for the algorithm is shown in Table 4.1. Note that the algorithm includes
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a backtracking step. Firstly, probabilities of each state using the most probable
sequence of hidden states are computed. The best state sequence is found by
backtracking the sequence of hidden states from the end to the beginning. The
Viterbi Algorithm was applied to the HMM using a window of size 300 samples.
This means that 300 consecutive samples were used at a time when estimating
the state sequence. Thus, only 300 previous points were considered when calcu-
lating the probabilities. This to ensure the probabilities did not reach zero after
multiple multiplications with values smaller than one. If using a larger window
and all previous points in that window belonged to smooth pursuit, the risk is
that the probability of the next point belonging to a saccade will be close to zero.
Hence, the model is stuck in one state (smooth pursuit) due to multiple multipli-
cations with small values.

Table 4.1: Notation for Algorithm 1.

S States
O Observation vector
A State transition probability matrix
B State emission probability matrix
π Initial state distribution matrix
N Number of states
T Number of observations
δ Probability of most likely path so far
φ States of most likely path so far
z Vector that holds states
Q Resulting state sequence
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Algorithm 1 The Viterbi Algorithm

1: procedure Viterbi(S, O, A, B, π)
2:

3: δ and φ← zeros(N, T )
4: Q and z ← zeros(T )
5:

6: for i = 0, ..., N-1 do . initialization step for each state in S
7: δ[i, 0]← πi ·B[i, O[0]]
8: φ[i, 0]← 0
9: end for

10: for j = 1, ..., T-1 do . recursion step for remaining observations in O
11: for i = 0, ..., N-1 do
12: δ[i, j]← max(δ[:, j − 1] ·A[i, :] ·B[i, O[j]])
13: φ[i, j]← argmax(δ[:, j − 1] ·A[i, :] ·B[i, O[j]]
14: end for
15: end for
16:

17: zT−1 ← argmax(δ[:, T − 1])
18: Q[T − 1]← S[zT−1]
19:

20: for j = T-2, T-3, ..., 0 do
21: z[j − 1]← φ[z[j], j]
22: Q[j − 1]← S[z[j − 1]]
23: end for
24: return Q
25: end procedure

4.3.3 Eye Movement Identification

Given the state sequences Q = (q1, q2, ..., qT ) where Q is the output from Viterbi,
and the indices for invalid points, the next step was to identify eye movements in
the pre-processed eye tracking data P = (p1, p2, ..., pT ) (where pt is the sampled
gaze point at time t). The state sequence from the Viterbi algorithm was used to
determine which state the points belonged to. Consecutive gaze points belonging
to a smooth pursuit or saccade movement were grouped together based on dura-
tion thresholds. Each group of gaze point was considered as one identified eye
movement. The spatial location of an identified smooth pursuit/saccade was set
to the centroid of the included gaze points.

The duration threshold for smooth pursuit was set to 300 ms and for saccade
the duration threshold was set to 40 ms. These thresholds are upper duration
limits for one smooth pursuit or saccade. Thus, smooth pursuit movements and
saccades with shorter duration was allowed. But for example, if a smooth pursuit
movement were present for 600 ms two smooth pursuits were identified with
a duration of 300 ms each. The procedure is described in Algorithm 2 and the
notation for the algorithm is shown in Table 4.2. Note that this procedure was
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applied to intervals between invalid points.

Table 4.2: Notation for Algorithm 2.

P Pre-processed eye tracking data
Q State sequence
T Number of observations
group List that temporary holds points belonging to the same type eye movement
t Duration of the points in group
smoothP List of identified smooth pursuit movements (x, y, t)
saccade List of identified saccades (x, y, t)
ti Sample time for gaze point i
β1 Duration threshold for smooth pursuit
β2 Duration threshold for saccade
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Algorithm 2 Eye movement identification algorithm

1: procedure Identification(P, Q)
2: group← empty list
3: for i = 0, ..., T do . for each smooth pursuit in Q
4: group← P [i]
5: t ← t + ti . calculate duration
6: if next state is smooth pursuit then
7: if t > β1 then
8: smoothP ← centroid of group, t
9: group← empty list

10: t ← 0
11: end if
12: else if next state is saccade then
13: smoothP ← centroid of group, t
14: group← empty list
15: t ← 0
16: end if
17: end for
18:

19: for i = 0, ..., T do . for each saccade in Q
20: group← P [i]
21: t ← t + ti . calculate duration
22: if next state is saccade then
23: if t > β2 then
24: saccades← centroid of group, t
25: group← empty list
26: t ← 0
27: end if
28: else if if next state is smooth pursuit then
29: smoothP ← centroid of group, t
30: group← empty list
31: t ← 0
32: end if
33: end for
34: return smoothP , saccades
35: end procedure

4.3.4 Post-Processing

The desired output of the algorithm was a vector of points (x, y), each point cor-
relating to one frame in a video sequence. The points represent the tracking re-
sult of the eye tracking approach. The identified eye movements were connected
to frames in the corresponding video sequence in the post-processing step. By
using the frame rate and eye tracker frequency, the number of sampled points
per frame were calculated. Consequently, each sampled gaze point could be con-
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nected to a specific frame that was shown at the time when that specific point
was recorded by the eye tracker. The gaze points belonging to smooth pursuit
movements were the points of interest for the tracking result. Hence, for frames
where the corresponding gaze points belonged to saccades the tracking result was
set to (x,y)=(-1, -1). This results in gaps in the tracking result that can be seen
in Figure 4.11a. The final step in the post-processing was to smooth the tracking
result. This was done by first replacing saccades with interpolated values and
then applying a Savitzky-Golay [37] filter of window size 31 to the result. The
filter is similar to moving average filter but instead of calculating the average, a
polynomial fit is made for all points. Every point in the window is fit to a poly-
nomial of 3rd order using least squares and each point is adjusted relative to its
neighbors. This filter was chosen since the signal is smoothed in the wanted way
without distorting the shape of the curve, including small peaks and variations.

If a saccadic movement was present for more than 0.5 seconds, the tracking
points were not replaced with interpolated values. The result of the smoothing
step is shown in Figure 4.11b.
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Figure 4.11: Positions of a selected tracking result along the x-axis before
and after smoothing.



5
Video Tracking Approach

This chapter gives information about ATOM that was used for the video tracking
approach as well as a description of the experimental procedure. An overview
of the experimental procedure is shown in Figure 5.1. A method for using eye
tracking to initialize and support ATOM is described in Section 5.3. This method
was developed to be able to answer the third research question in Section 1.2.

Figure 5.1: ATOM was provided ground truth bounding box in the first
frame and was run on different image sequences. The tracker returned
bounding box coordinates from which center points were calculated.

5.1 Accurate Tracking by Overlap Maximization

A state-of-the-art tracker named ATOM was used in the video tracking approach
[27]. The tracking architecture of ATOM consists of two components, target clas-
sification and estimation, see Figure 5.2.

29
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Figure 5.2: An overview of the tracking architecture of ATOM. The network
consists of two units of pretrained ResNet-18 models (orange). The target
estimation component (blue) is trained offline and uses the annotated target
bounding box along with features and proposal bouding boxes in the current
frame (test frame) to estimate the IoU for each input box. The classification
component (green) is trained online and outputs target confidences. Image
source: [27].

The target classification component extract foreground from background and
uses ResNet-18 features. ResNet-18 is a convolutional neural network that is 18
layer deep and the one that is used in ATOM is pretrained on images from Im-
ageNet database [27]. The features holds information extracted from the input
image by use of convolution. The component output a confidence map that gives
the confidence, or probability, for the position of the object. The confidence map
gives a rough 2D estimation of the position of the object and this is used to esti-
mate bounding box coordinates. Noise is then added to the estimated bounding
box resulting in 10 initial bounding box proposals.

The target estimation component corresponds to the process of estimating tar-
get bounding box coordinates. This component input initial proposal of bound-
ing boxes along with ResNet-18 features and the annotated target bounding box.
The network is developed with inspiration from the IoU-Net [7] that is trained
to predict the intersection over union (IoU) between an image object and an in-
put bounding box. The network is trained offline to get a general representation
for IoU prediction. This is trained offline due to the fact that IoU prediction is
a complex task not suited for online training. The predicted IoU of each box is
maximized and the final bounding box is estimated by taking the mean of the
three bounding boxes with highest IoU [27].
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5.2 Experimental Procedure

The tracker was run five times on each video sequence and was provided first
frame annotation, such as the green box in Figure 5.2. The tracker was required
to return target specific bounding box coordinates on the form (x, y, w, h) relative
a frame number from where center points were calculated. In case of lost object
in a frame, the tracker returns NaN-values. Although the input was exactly the
same bounding box coordinates, the five runs produced slightly different results.
This is due to an inherent randomness in ATOM. The average over all runs were
reported. The experimental procedure was as follows:

• The code was downloaded from url:

url={https://github.com/visionml/pytracking}

• The code was modified with some bug fixes and new functionalities in order
to perform the experiment as desired.

• The tracker was run five times on each video sequence.

• Default parameters were used for all sequences.

• No training was performed, only the pre-trained network was used.

• Target annotation (bounding box coordinates) for the first frame was pro-
vided.

• Center points from the bounding box coordinates were calculated.

The framework for training and running ATOM is based on PyTorch. The
installation for this experiment was performed on an Ubuntu 19.10 system. In
addition, Conda installation with Python 3.7 and Nvidia GPU was required.

5.3 Integration with Eye Tracking

In this section, a method to initialize and support ATOM by using the tracking
points from the eye tracking approach is described, see figure 5.3. Bounding
box coordinates are, as mentioned in Section 3.1, required to start ATOM. These
coordinates were provided by the ground truth target annotations in the video
tracking approach. Ground truth annotations are not available in tracking appli-
cations with unknown target objects. The location of the object must therefore be
provided in another way. The idea is to use the tracking points from the eye track-
ing approach for this purpose. The first valid tracking point (xi , yi) was used to
to start ATOM at frame i. Since ATOM requires coordinates corresponding to a
bounding box on the form (x, y, w, h) the width (w) and height (h) had to be esti-
mated. The width and height from the ground truth annotations were used for
this purpose since no other information was available.
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Figure 5.3: An overview of the integration with eye tracking. Tracking re-
sults from the eye tracking approach (ET Data in the figure) are used to ini-
tialize and help ATOM.

The tracking points were also used to help ATOM redetect lost objects. In this
context, if an object is considered lost or not depends on the absolute distance
between the center point of the bounding box provided by ATOM and the track-
ing point from the eye tracking approach in the current frame. If the absolute
distance between the x-coordinates were larger than the width of the bounding
box or if the absolute distance between the y-coordinates were larger than the
height, the object was considered lost. If the tracker lost an object, the bounding
box proposed by ATOM was updated to a bounding box with the center point
corresponding to the tracking point with the width and height of the bounding
box in the previous frame.



6
Evaluation

This chapter present the data sets and evaluation metrics used to evaluate the
performance of the tracking algorithms.

6.1 Data Sets

The tracking algorithms were evaluated using video sequences from the Visual
Object Tracking challenge (VOT) 2014 and 2018 [2], [3]. The video sequences are
standard tracking videos with public available ground truth annotation. Ground
truth means correct bounding boxes and values 0 or 1 for camera motion, illumi-
nation change, motion change, occlusion and size change for each frame. Value 1
means that a frame include a certain feature, and 0 means that a frame do not in-
clude a certain feature. The general frame rate is approximately 30 frames per sec-
ond (fps). In total, 14 videos were used with different number of frames, settings
and motives to get a variation in data for a more conclusive analysis. In Table 6.1,
the number of frames for each video sequence and percentage of frames with dif-
ferent features that can make the tracking task challenging are presented. Note
that the values only represent the percentage of frames that contains this feature,
for example if an object gets totally occluded or partly occluded is not known
from the values. There are missing values in ground truth for video id 6 and 10
and those are the two most challenging sequences. Ground truth bounding boxes
are provided, but values for camera motion, illumination change, motion change,
occlusion and size change are missing.

Sample frames from each video sequence are displayed in Figures 6.1-6.14
with a description of the tracking task. Figure 6.15 shows example frames with
different features. The resolution varies between the sequences.

In video id 6, a person tricks with a ball and the sequence is captured by an un-
stable handheld camera. The task is to follow the ball and the camera follows the

33
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ball. The ball is occasionally kicked out of the cameras field of view and the mo-
tion of the camera as well as the ball changes abruptly. The scene includes camera
motion in all frames and the target changes motion throughout the sequence. In
video id 10, an airplane is flying around in the air from side to side and up and
down. The task is to follow the airplane and the sequence is captured by a camera
placed on an airplane or drone. Weather conditions or atmospheric disturbances
makes the camera shaky while capturing the sequences. The camera motion and
the motion and direction change of the airplane is quite fast (relative to motion
in the other sequences). The airplane changes size throughout the sequence as
a consequence of changed distance to the camera. It is sometimes difficult to
distinguish the airplane from the clouds in the background (see Figure 6.14). In
addition, the sequence is quite noisy.

Table 6.1: Number of frames, resolution and the percentage of frames in-
cluding camera motion, (Cm), illumination change (Ic), motion change (Mc),
occlusion (O) and size change (Sc) for each video sequence. Missing values
in ground truth is marked with "-".

ID Nr of Frames Cm (%) Ic (%) Mc (%) O (%) Sc (%) Resolution (px)

1 267 0 0 48 0 19 320x240
2 602 100 0 62 0 32 320x240
3 707 94 0 3 21 0 640x352
4 164 78 0 54 0 40 640x360
5 326 0 0 26 0 39 320x240
6 2256 - - - - - 640x480
7 844 16 0 8 11 59 540x240
8 708 28 0 28 0 48 848x480
9 1500 31 0 19 3 25 640x480

10 3469 - - - - - 720x480
11 399 86 100 14 11 16 640x360
12 568 100 71 69 0 16 320x240
13 998 0 0 23 43 0 960x540
14 391 51 0 12 41 18 640x360
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Figure 6.1: Video ID 1. The task is
to follow the hand. A person sits in
front of the camera and moves and
turns his hand.

Figure 6.2: Video ID 2. The task is
to follow the red ball. Two persons
passing a ball to each other. The
camera follows the ball.

Figure 6.3: Video ID 3. The task
is to follow the ice skater in red
dress. The pair skates together and
the camera follows the pair.

Figure 6.4: Video ID 4. The task is
to follow the cross bike. A person
drives and jumps with a cross bike
and the camera follows the bike.
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Figure 6.5: Video ID 5. The task
is to follow the dinosaur. A man
sits in front of the camera and has a
dinosaur in his hand that is moved
around in the cameras field of view.

Figure 6.6: Video ID 6. The task
is to follow the ball that is occa-
sionally kicked out of the cameras
field of view. The camera follows
the ball.

Figure 6.7: Video ID 7. The task
is to follow the man. He is running
towards the camera, changes direc-
tion and runs away from the cam-
era. The camera follows the man.

Figure 6.8: Video ID 8. The task is
to follow the helicopter. The heli-
copter takes off, turns around and
flies away from the camera. The
camera follows the helicopter.
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Figure 6.9: Video ID 9. The task
is to follow the girl that is rid-
ing a kick-bike. There are people
in the background and the camera
follows the girl.

Figure 6.10: Video ID 10. The task
is to follow the airplane flying in
front of the camera. The camera is
unstable and the plane changes di-
rection.

Figure 6.11: Video ID 11. The task
is to follow the person in red gloves
to the left. She is skating towards
the people in the middle, where
they later skates in different direc-
tions. The camera follows the girl.

Figure 6.12: Video ID 12. The task
is to follow the man which is walk-
ing in a zigzag manner towards the
camera, and turning his head from
side to side. The camera is unstable
and follows the man.
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Figure 6.13: Video ID 13. The task
is to follow the bird located to the
right in the first frame. The bird
walks from the right to the left side
of the scene, and then back again.
Both the camera and the bird close
to the camera are not moving.

Figure 6.14: Video ID 14. The
task is to follow the person in front
which is celebrating with a trophy
and his football team. Parts of
the camera, and the person holding
the trophy gets covered in confetti.
The camera follows the person.

Figure 6.15: Selected frames from video ID 1, 6 and 13. In video ID 1, the
camera is stationary and the hand is rotated and change appearance. Video
ID 6 includes cluttered background, complex motion and camera motion. In
addition, the ball leaves the cameras field of view several times. The video
with ID 13 includes occlusion and motion change, and it is difficult to sepa-
rate the bird from the background.
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6.2 Evaluation Method

There are different types of evaluation metrics that can be used to evaluate track-
ing performance. These includes center location accuracy (CLA), precision (P)
and recall (R). The first, CLA, measures the average Euclidian distance (in pixels)
between estimated tracking point and ground truth center, p and p̂, of the target
when the distance is less or equal to a threshold. The calculation is given by

CLA =
1
N

N∑
i=1

| p̂i − pi |, ∀i :| p̂i,x − pi,x |≤ di,x and | p̂i,y − pi,y |≤ di,y , (6.1)

where N is number of frames and i is frame number. The thresholds di,x and di,y
were set to be adaptive in relation to ground truth bounding box width, w, and
height, h, and was computed as

di,x =
wi
2
, and di,y =

hi
2
. (6.2)

This means that p needs to be inside ground truth bounding box of the detected
object for successful tracking. This applies to all evaluation matrices. The second
metric, P, measures the percentage of frames where the distance between p and
p̂ is less or equal to d for all detected objects over the sequence. Here, p and
p̂ denote the estimated tracking point in x- and y-direction, and d denote the
distance threshold for both x- and y-direction. Let true positive, T P , correspond
to when the distance is less or equal to d according to

T P =
{

1, if | p̂ − p |≤ d
0, otherwise . (6.3)

Now, let false positive, FP , correspond to when the distance is larger than d or if
there is no associated p̂ according to

FP =
{

1, if | p̂ − p |> d, or no associated p̂
0, otherwise . (6.4)

From T P and FP , we can now formulate P as

P =
∑N
i=1 T Pi∑N

i=1 T Pi + FPi
. (6.5)

The third metric R measures the fraction of correctly detected objects among
all the objects that should have been detected through the sequence. Let false
negative, FN , denote a false negative detection of an object according to

FN =
{

1, if | p̂ − p |> d, or no associated p
0, otherwise . (6.6)

From this, R can be expressed as
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R =
∑N
i=1 T Pi∑N

i=1 T Pi + FNi
. (6.7)

No agreement has been reached on the trackers performance evaluation method-
ology [5], [12], [18]. CLA, P and R only regard estimated center location, which
is appropriate when evaluating tracking algorithms that does not handle scale es-
timation. This is the motivation behind evaluating the tracking algorithms based
on CLA, P and R. Unfortunately, averaged measures like CLA can generate unin-
tuitive results, for example an accurate tracker that fails for a small amount of
time more than an inaccurate tracker might obtain a higher CLA value. Some
references, [18], [6], [8], argue for the use of precision plots where the x-axis
represent different location error thresholds (distance thresholds) and the y-axis
correspond to the percentage of frames that the tracker is within that distance
of the ground truth. Only frames that is marked to include the investigated fea-
ture in ground truth is used for this calculation. For example, when evaluating
the performance in frames with occlusion, all frames that is marked to include
occlusion is used. The plots show higher precision at lower thresholds for more
accurate trackers.

Another evaluation metrics referred to as success (S) was added. This to see
how the recall changed if allowing a larger area around the ground truth center
point for correct detection, see Figure 6.16. This metrics uses the same calcula-
tions as recall, but a greater threshold d′ according to

d′x = 1.5 ·wi , and d′y = 1.5 · hi . (6.8)

Figure 6.16: The difference in the calculations of recall (left) and success
(right) is the threshold distance the ground truth center point. The green
box is the ground truth annotation and the tracking point has to be in the
marked area for correct detection.

Moreover, ATOM includes a scale estimation component and was therefore
evaluated using an evaluation metrics called overlap precision (OP). The calcula-
tion for OP is given by
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OP =
1
N

N∑
i=1

B̂i ∩ Bi
B̂i ∪ Bi

, ∀i :| p̂ − p |≤ d, (6.9)

where B and B̂ represent the estimated and ground truth bounding boxes of the
target. This metrics is commonly used in literature and measures the average
overlap between B and B̂ over the sequence.
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Results

This chapter contains the tracking results for the two approaches described in
Chapter 4 and 5. The result of the eye tracking approach and the video tracking
approach are given in Sections 7.1 and 7.2. Each section includes tables present-
ing the tracking result in terms of recall, center location accuracy, precision and
success (and overlap precision for the video tracking approach) as well as preci-
sion and position plots.

7.1 Eye Tracking Approach

The result of the eye tracking approach (ET) is presented in this section. All
results were generated using the method and settings described in Chapter 4.
The performance of the proposed algorithm was evaluated using the evaluation
metrics in Chapter 6.

7.1.1 Tracking Performance

The results of the evaluation metrics for all video sequences are summarized in
Table 7.1. Additional results are given in Appendix A.1. The recall, CLA and
precision varies significantly between the video sequences. Video id 10, corre-
sponding to the tracking task of following an airplane, has the lowest recall, pre-
cision and CLA . For video 10, the average distance from the tracking point to the
ground truth center point is 3.0 pixels for correctly detected objects. Video id 11
has the highest score for both recall and precision, and an average CLA of 32.0
pixels. The success is in the range 74.8-99.8 with an average of 95.9 percent. The
lowest score in success corresponds to video id 10 and the highest corresponds to
video id 2 and 3.

43
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Table 7.1: Average recall (R), center location accuracy (CLA), precision (P)
and success (S) for all participants and both runs on the 14 video sequences.

Video ID R (%) CLA (pixels) P (%) S (%)

1 55.1 9.3 55.6 95.6
2 85.5 14.1 85.8 99.7
3 93.2 37.6 93.5 99.7
4 68.8 24.6 69.7 98.6
5 93.3 21.3 94.0 99.2
6 40.1 7.5 29.7 84.4
7 83.0 17.5 83.2 99.2
8 67.6 21.6 67.8 94.8
9 93.0 33.6 93.3 99.0

10 26.1 3.0 24.5 74.8
11 97.8 32.0 98.2 99.5
12 82.1 13.4 82.4 99.6
13 95.3 31.6 95.9 99.4
14 73.7 17.6 74.2 99.5

Tot. mean: 75.3 20.5 74.8 95.9

The average recall, CLA, precision and success for the five participants sep-
arately can be seen in Table 7.2. The recall is in the range 70.0-79.4 percent.
Accordingly, over 70 percent of the objects that should have been detected in the
video sequences were correctly detected using the specified settings. The average
CLA is approximately 20 pixels and is similar for all participants. The highest
recall and precision corresponds to participant 5 and the lowest to participant
3. The deviation from the mean in precision, recall and CLA for the participants
can be seen in Figure 7.1. Note that positive values in precision and recall corre-
sponds to values above average and indicates a better result than average, while
positive values in CLA indicates lower accuracy.

Table 7.2: The values are the average of all runs over all video sequences.

Participant R (%) CLA (pixels) P (%) S (%)

1 76.5 19.9 75.9 96.1
2 76.6 21.7 75.8 97.2
3 70.0 19.5 69.7 94.5
4 74.1 20.9 73.7 95.4
5 79.4 19.8 78.9 96.4
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Figure 7.1: Deviation from mean in precision (%), recall (%) and CLA (pix-
els) for the five participants.

7.1.2 Invalid Data

Table 7.3 present the statistics over invalid points handled in the pre-processing
step (Section 4.2). The amount of invalid data in the collected gaze points varies
significantly for participant 4 compared to participant 1, 2, 3 and 5. Large parts
of the collected invalid points are interpolated in the pre-processing step and
hence replaced with valid data points for all participants. The data collected from
participant 3 contained the smallest amount of both invalid and interpolated
points.

Table 7.3: Statistics over invalid data (invalid points, point outside the
screen and interpolated points) for the five participants. The values are the
average of all runs on all video sequences. The values are given in % of total
amount of collected data points.

Participant Invalid Outside screen Interpolated

1 0.7 0.6 0.6
2 1.4 0.6 0.9
3 0.2 0.3 0.1
4 42 0.1 39
5 1 1 0.8
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7.1.3 Position Plots

The positions of the tracking points and ground truth center points over time
were used to visualize the result of the proposed algorithm. Figures 7.2, 7.3 and
7.4 compare the position of the tracking points and center points for selected
runs. Figures 7.2a and 7.2b show the average result of two runs for participant
1 on video id 13 along the x- respectively y-axis. The shape of the curves repre-
senting the tracking result (red) is similar to the ground truth curves (blue) but
the position along the y-axis has lower accuracy compared to the result along the
x-axis. A systematic error (bias) is seen in Figure 7.2b where the tracking result
is below the ground truth data throughout the sequence.
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(a) Ground truth and tracking result
along the x-axis .
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(b) Ground truth and tracking result
along the y-axis .

Figure 7.2: A comparison of the position of the ground truth center points
and tracking result along the x- and y-axis. The tracking result is the average
of both runs for participant 1 on video ID 13.

Figures 7.3 and 7.4 show the average result of two runs for participant 4 on
video id 10 along the x- respectively y-axis. The result for the whole video se-
quence can be seen in Figure 7.3 and Figure 7.4 shows the result for the first
43 seconds. The curve representing the tracking result overlap the ground truth
curve in both x- and y-direction, see Figures 7.3a and 7.3b. The main difference
is seen where the ground truth data is -1, i.e the object is not visible in the scene.

The result between second 0 and 43 is shown in Figures 7.4a and 7.4b to
enable a more detailed analysis of the result. A slight shift of the tracking result
to the right can be seen as well as a lower accuracy along the y-axis.
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(a) Ground truth and tracking result
along the x-axis .
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Figure 7.3: A comparison of the position of the ground truth center points
and tracking result along the x- and y-axis. The tracking result is the average
of both runs for participant 4 on video ID 10. Value -1 implies invalid points
in tracking data and lost object in ground truth.
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(a) Ground truth and tracking result
along the x-axis .
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Figure 7.4: A comparison of the position of the ground truth center points
and tracking result along the x- and y-axis. The tracking result is the average
of both runs for participant 1 on 46 seconds of video ID 10. -1 implies invalid
points in tracking data and lost object in ground truth.

Selected tracking results are compared to ground truth and raw gaze data
in Figure 7.5. The position of the tracking result for participant 2 on video id
12 along the x-axis can be seen in Figure 7.5a. Figure 7.5b shows the result for
participant 4 on video 13. The raw data contains more invalid points as well
as peaks that are not parts of the tracking result or ground truth. The curves
representing raw data and tracking result have, for the whole sequence (except
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for some peaks in the raw data) for both runs, values below the ground truth
curve, i.e a bias.
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(a) Ground truth, tracking result and raw
data along the x-axis. Result generated
from participant 3 on video id 12.
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(b) Ground truth, tracking result and raw
along the y-axis. Result generated from
participant 4 on video id 3. .

Figure 7.5: A comparison between the tracking result, ground truth and raw
gaze data for selected runs. Value -1 implies invalid points in tracking data.

7.1.4 Precision Plots

Precision plots are used to evaluate how the location error threshold and differ-
ent features present in some of the frames (see Table 6.1) affect the precision of
the proposed algorithm. The location error threshold corresponds to the distance
threshold (d) that is used to distinguish between true positives and false positives
in the evaluation metrics (see Section 6.2). In Figures 7.6a and 7.6b this threshold
varies from 0 to 80 pixels. The highest precision, independent of location error
threshold, is obtained for frames with illumination change and size change, see
Figure 7.6a. The features that have the most negative impact on the precision is
camera motion and motion change except from when the location error threshold
is below 20 pixels. Occlusion seems to have more negative impact on the preci-
sion for thresholds below 20 pixels. The precision for different location error
thresholds is compared between participants in Figure 7.6b. The highest preci-
sion is obtained for participant 4 for thresholds below 15 and for participant 5
for thresholds above 15.
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(a) Comparison between features. The
curves display the total mean over all par-
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The curves display the average of all runs.

Figure 7.6: Precision plots showing the precision of the proposed algorithm
for different location error thresholds.

7.1.5 Comparison Between Participants

This section includes position plots of tracking result and raw data from selected
runs. Tracking results for all participants and selected video sequences can be
seen in Figure 7.7. The position of the tracking point, along the x-axis, varies
more or less between participants throughout the sequences. The curve repre-
senting results generated from participant 3 and 4 deviates significantly in Fig-
ures 7.7b and 7.7c, respectively.

Figure 7.8 shows raw tracking data along the x-axis for selected participants
and video sequences. The shape of the curves are in general similar between par-
ticipants, but the positions along the x-axis are different. Data collected from par-
ticipant 4 contain more invalid data (-1 in the figures) compared to the other par-
ticipants. This is in accordance with the statistics presented in Table 7.3. There is
a considerable difference in quantity of invalid points in the two video sequences
for participant 1, see Figures 7.8c and 7.8d.
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(a) Comparison of tracking results from
video id 6 between the five participants.
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(b) Comparison of tracking results from
video id 7 between the five participants.
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(c) Comparison of tracking results from
video id 8 between the five participants.
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(d) Comparison of tracking results from
video id 14 between the five participant.

Figure 7.7: Position plots showing partial tracking results from the first trial
on different video sequences for all participants.
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(a) Raw data along the x-axis for partici-
pants 2, 3 and 4. Video id 2.
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(b) Raw data along the x-axis for partici-
pants 2, 3 and 4. Video id 7.
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(c) Raw data along the x-axis for partici-
pants 1, 4 and 5. Video id 5.
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(d) Raw data along the x-axis for partici-
pants 1, 4 and 5. Video id 9.

Figure 7.8: Position plots of raw data. Value -1 implies invalid points in
tracking data.

7.2 Video Tracking Approach

This section presents the result of the video tracking approach. The results were
generated using the method and settings described in Chapter 5. The perfor-
mance was evaluated using the evaluation metrics and data sets in Chapter 6.

7.2.1 Tracking performance

The results of the evaluation metrics for all video sequences are summarized in
Table 7.4 and additional results for each run separately can be found in Appendix
A.2. Although the input to ATOM was the same during all runs, the result was
slightly different between runs. The reported result in this section is the average
over all runs for each video sequence. The recall and precision are both in the
range 26.4-100.0 and varies between video sequences. The result of the runs on
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video id 13, corresponding to the tracking task of following a bird, shows that
ATOM could not detect the bird correctly in 73.6 percent of the frames. Lower
scores in recall and precision, relative the mean, were generated from the runs
on video id 5 and 14. However, for video id 2 and 8 recall and precision are 100
percent meaning that the tracker was able to detect all objects that should have
been detected throughout the sequences. The center location accuracy is gener-
ally lower (better) for ATOM compared to the eye tracking approach and is in
the range 1.3-14.5 pixels with the lowest CLA for video id 10 and the highest for
video id 3. Since the result of ATOM includes bounding boxes, overlap precision
was included in the evaluation metrics. The average overlap is 68.4 percent and
the highest respectively lowest OP score are given for video id 2 and 5. The aver-
age success is 81.7 percent, consequently 14.2 percent lower compared to the eye
tracking approach.

Table 7.4: Recall (R), center location accuracy (CLA), precision (P), overlap
precision (OP) and success (S) for ATOM on the 14 video sequences. The
result is the average over all runs.

Video ID R (%) CLA (pixels) P (%) OP (%) S (%)

1 45.4 4.2 53.2 56.9 72.7
2 100.0 2.8 100.0 87.0 100.0
3 86.0 14.5 86.0 62.5 98.7
4 97.6 12.0 100.0 65.6 97.5
5 36.0 8.5 36.0 46.8 99.1
6 72.5 3.2 80.1 80.0 73.6
7 99.9 5.5 99.9 68.5 99.9
8 100.0 7.0 100.0 74.8 100.0
9 88.6 6.0 89.6 75.2 92.4

10 45.7 1.3 78.8 61.3 46.1
11 89.4 6.9 90.9 69.7 93.9
12 99.9 4.7 100.0 72.9 99.9
13 26.4 5.4 26.4 61.6 28.9
14 33.1 2.1 42.6 74.1 41.7

Tot. mean: 72.9 6.0 77.4 68.4 81.7

7.2.2 Position Plots

The positions of the tracking result and ground truth center points over time were
used to visualize the result of ATOM. In Figures 7.9, 7.10 and 7.11, the position
of the tracking points for selected runs and center points are compared. Figures
7.9a and 7.9b show the result of run 3 on video id 13 along the x- respectively
y-axis. The shapes of the curves representing tracking result and ground truth
are similar for the first 7 seconds. For the remaining time of the sequence, the
position of the tracking result is almost unchanged and does not agree with the
ground truth position, especially not along the x-axis (see Figure 7.9a). The result
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indicates that the object is lost even if ATOM estimates bounding box coordinates.
Figures 7.10 and 7.11 show the result of run 3 on video id 10 along the x-

respectively y-axis. The result for the whole video sequence can be seen in Figure
7.10, and Figure 7.11 shows the result of the first 43 seconds. As can be seen in
Figure 7.10, the tracker loses the object after approximately 40 seconds and has
trouble redetecting it for the remaining part of the sequence. Figures 7.11a and
7.11b show that the tracking result follows the ground truth curve accurately for
the the first 40 seconds in both x- and y-direction, before the object is lost.
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(a) Ground truth and tracking result
along the x-axis.
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Figure 7.9: A comparison of the position of the ground truth center points
and tracking result along the x- and y-axis. The tracking result is from run 3
on 33 seconds of video ID 13. Value -1 implies that the object is lost.
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(a) Ground truth and tracking result
along the x-axis.
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(b) Ground truth and tracking result
along the y-axis.

Figure 7.10: A comparison of the position of the ground truth center points
and tracking result along the x- and y-axis. The tracking result is from run 3
on video ID 10. Value -1 implies that the object is lost.
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(a) Ground truth and tracking result
along the x-axis.
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(b) Ground truth and tracking result
along the y-axis .

Figure 7.11: A comparison of the position of the ground truth center points
and tracking result along the x- and y-axis. The tracking result is from run 3
on 46 seconds of video ID 10. Value -1 implies that the object is lost.

7.2.3 Precision Plots

Precision plots were used to evaluate how the location error threshold and differ-
ent features (see Table 6.1) affect the precision of ATOM. In Figure 7.12 the loca-
tion error threshold varies from 0 to 80 pixels and generally the highest precision
correspond to frames with illumination change. The result shows that ATOM has
trouble to detect objects correctly for frames with occlusion. The average preci-
sion for frames including occlusion is below 70 percent for all thresholds in the
range 0-80 pixels.
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Figure 7.12: Precision plots for different features. The curves show the aver-
age precision of all runs.



7.3 Integration with Eye Tracking (ET-ATOM) 55

The average precision for the eye tracking approach and ATOM is shown in
Figure 7.13. The location error threshold is varied from 0 to 80 pixels. ATOM
reaches higher values for lower location error thresholds but for thresholds above
50 pixels, the eye tracking approach has higher scores.
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Figure 7.13: Precision plots showing precision for ET and ATOM. The curves
display the average of all runs.

7.3 Integration with Eye Tracking (ET-ATOM)

This section includes the tracking result for ET-ATOM for selected video sequences
(id 1, 3, 5, 10 and 13). Table 7.5 show a summarized result of the evaluation pa-
rameters and Figures 7.14 - 7.18 show position plots for the different tracking
results.

The OP as well as accuracy for ET-ATOM is lower (worse) for all video se-
quences compared to ATOM. Recall along with precision is lower (worse) for id 3
and 10 and higher (better) for id 1, 5 and 13. The success score is higher (better)
for all video sequences with a significant difference for video id 13 of 71 percent
compared to ATOM, alone.

Table 7.5: Recall (R), center location accuracy (CLA), precision (P), overlap
precision (OP) and success (S) for ET-ATOM on 5 video sequences.

Video ID Participant R (%) CLA (pixels) P (%) OP (%) S (%)

1 1 61.7 9.9 61.7 39.9 98.1
3 5 85.1 27.6 85.1 47.4 99.9
5 2 79.3 24.1 79.3 39.8 100.0

10 4 15.9 2.2 14.9 4.6 51.0
13 1 96.0 33.5 96.0 35.2 99.9
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Figures 7.14a and 7.14b show tracking results generated from ATOM, ET and
ET-ATOM compared to ground truth in x- and y-direction for video id 1. ET-
ATOM is in general closer to ground truth in both directions compared to ATOM
and the number of frames where the object is lost was fewer using ET-ATOM.
Corresponding tracking results for video id 3 is shown in Figures 7.15a and
7.15b. The result in x-direction is similar for ATOM and ET-ATOM. The result
in y-direction is better for ATOM.
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(a) Ground truth and tracking results
along the x-axis.
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(b) Ground truth and tracking results
along the y-axis.

Figure 7.14: A comparison of the position of the ground truth center points
and tracking results. The tracking result for video ID 1. Value -1 implies
that the object is lost.
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(a) Ground truth and tracking results
along the x-axis.
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(b) Ground truth and tracking results
along the y-axis.

Figure 7.15: A comparison of the position of the ground truth center points
and tracking results. The tracking result for video ID 3. Value -1 implies
that the object is lost.
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Tracking result in x- and y-direction for video id 5 is shown in Figures 7.16a
and 7.16b. ET-ATOM is in general closer to ground truth in both directions com-
pared to ATOM. Figures 7.17a and 7.17b show corresponding tracking result for
video id 10. ET-ATOM is similar to ATOM for the first 35 seconds. But, ATOM
has trouble detecting the object for the remaining part while ET-ATOM tracks the
object with a similar accuracy as ET throughout the sequence.
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(a) Ground truth and tracking results
along the x-axis.
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(b) Ground truth and tracking results
along the y-axis.

Figure 7.16: A comparison of the position of the ground truth center points
and tracking results. The tracking result for video ID 5. Value -1 implies
that the object is lost.
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(a) Ground truth and tracking results
along the x-axis.
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(b) Ground truth and tracking results
along the y-axis.

Figure 7.17: A comparison of the position of the ground truth center points
and tracking results. The tracking result for video ID 10. Value -1 implies
that the object is lost.

Tracking result in x- and y-direction for video id 5 is shown in Figures 7.18a
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and 7.18b. ATOM loses the object after approximately 7 seconds and does not
redetect it successfully. ET-ATOM never loses the object after detecting it cor-
rectly and tracks the object throughout the sequence with varying center location
accuracy.
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(a) Ground truth and tracking results
along the x-axis.
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(b) Ground truth and tracking result
along the y-axis.

Figure 7.18: A comparison of the position of the ground truth center points
and tracking results. The tracking result for video ID 13. Value -1 implies
that the object is lost.

7.4 Additional Results

This section includes additional results to further visualize the results of the two
tracking approaches. Figures 7.19, 7.20 and 7.21 show sequences of frames from
video id 13, 10 and 8 including the tracking results and ground truth annotations.
Bounding boxes and center points in blue and green represents ground truth and
result generated by the video tracking approach.

Ground truth and result generated by the video tracking approach are repre-
sented by bounding boxes and center points in blue and green respectively. The
tracking points generated by the eye tracking approach is represented by red
points. Note that the result presented in this section does not include the eye
tracking integration.

The images in Figure 7.19 are frames from the sequence with id 13 and the
tracking result is from participant 1. The tracking task was to follow the bird
located to the right in the first frame. The upper left image shows that both
tracking methods detected the object correctly, i.e the center point and tracking
point are inside the ground truth bounding box. However, ATOM loses the object
(see the upper right image) and does not redetect it successfully. The eye tracking
algorithm on the other hand tracks the object throughout the sequence but with
varied center location accuracy. Note that the tracking point is outside the ground
truth bounding box in the upper left and lower right image. This result is false
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negative according to the evaluation metrics recall, success and CLA and means
that the algorithm was not able to detect the object correctly in these frames.
However, this is not the case for the evaluation metric success where the result is
true positive.

Figure 7.19: An example of the tracking result for eye tracking approach
(red) and ATOM (green) compared to ground truth (blue). The tracking re-
sults corresponds to the result in Figures 7.2 and 7.9. ATOM loses the object
of interest in the upper right image and does not redetect it correctly. The
video id is 13 and the ET-result is for participant 1.

Figure 7.20 shows frames from the sequence with id 10 and the tracking result
is from participant 2. The upper left image shows that both tracking methods
detected the object correctly. ATOM loses the object in the upper middle image,
redetect it and then loses it again. The accuracy is high for ATOM in those frames
the object is tracked. The result of the eye tracking algorithm on the other hand
show low accuracy in most frames. In the lower left image, the airplane is out
of the cameras field of view but there is a valid tracking point located where the
airplane left the field of view in the result.
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Figure 7.20: An example of the tracking result for eye tracking approach
(red) and ATOM (green) compared to ground truth (blue). The tracking re-
sults corresponds to the result in Figures 7.4 and 7.11. ATOM loses the object
in the upper middle image, redetects it successfully and then loses it again.
The CLA of the ET-tracking points is uneven trough the sequence. The video
id is 10 and the ET-result is for participant 2.

Figure 7.21 shows frames from the sequence with id 8 and the tracking result
is from participant 3. Both tracking approaches track the object successfully but
with difference in accuracy. The images show a high overlap precision for ATOM
throughout the sequence and hence a high accuracy. The accuracy for the eye
tracking approach is lower and the tracking point is outside the ground truth
bounding box for the upper and lower right image. Consequently, the result for
these frames are considered false positive given the chosen evaluation method.
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Figure 7.21: An example of the tracking result for eye tracking approach
(red) and ATOM (green) compared to ground truth (blue). ATOM and ET
successfully track the helicopter, ET with lower accuracy. The video id is 8
and ET-result for participant 3.





8
Discussion

This chapter contains a discussion of the results presented in Chapter 7. First,
a comparison of tracking performance between the Eye- and Video Tracking ap-
proaches are given. Then, an attribute analysis is given related to the features
that were analyzed in the precision plots. Further, a comparison between partici-
pants and a discussion about integration with Eye Tracking is presented. Possible
improvements for further work and ethical considerations are given in the end of
this chapter.

8.1 Tracking Performance

The performance in terms of precision was better for ATOM compared to the eye
tracking approach (ET) for location error thresholds below 45 pixels. However,
considering larger threshold values, ET performed better than ATOM. The result
indicates that ATOM is more accurate in distance compared to ET and this is
reflected in the CLA scores. Consequently, one factor that has to be taken into
account considering the overall tracking result is the chosen evaluation metrics
and the calculations of the evaluation parameters. Precision, CLA and recall were
all computed using a threshold based on the size of the ground truth bounding
boxes. The generated tracking points had to be inside the ground truth bounding
box to be classified as true positive, e.i a correctly detected object. Due to the
large difference in center location accuracy between the two approaches, using
this threshold is not optimal to get an understanding of the overall performance.
Therefore, success was introduced as part of the evaluation metrics.

The calculations of success are the same as recall but with a larger acceptable
distance between the center point of ground truth and the tracking point to be
considered as true positive. By comparing the scores of recall and success for
the eye tracking approach, the amount of correctly detected objects increased
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with more than 20 percent in average by increasing the threshold. For ATOM,
the amount of correctly detected objects increased with 8.8 percent. This shows
that eye tracking approach is less accurate than ATOM but that ET detects more
objects correctly if allowing lower accuracy.

One factor that could explain why ATOM is more accurate and hence has
higher precision scores for low thresholds is the way instructions were given dur-
ing data collection in the eye tracking approach. The participants were instructed
to focus at the middle of the object while ATOM got the exact position of the ob-
ject from the ground truth. The interpretation of the object and what is consid-
ered to be the middle of it might differ between participants. This could explain
why the tracking result in Figure 7.2b differs from the ground truth with an al-
most constant distance (bias) throughout the sequence. The person did follow the
object but was consistently focusing above the center point of it according to the
annotations in ground truth. This can be seen in Figure 7.19 where the tracking
point is located above the ground truth center point in all frames. The accuracy
might in addition has been affected by bad calibration or inaccuracy in the eye
tracker.

Considering another situation, even if you are instructed to look at the center
of a person it might be more intuitive to look at the face or if an object is moving
to the right you might look in front of it because you have an idea about where
it is heading. These are just reflections about the human vision that does not
have to be correct for all persons. But, if such patterns can be found for some
persons it would be hard to develop a general algorithm that takes these kind of
phenomena into account. If these reflections are correct it would be desirable to
develop an algorithm that adapts to each user.

One situation that the eye tracking algorithm, or maybe more correctly the par-
ticipants watching the video sequences, handle differently compared to ATOM is
when the object of interest leaves the cameras field of view. ATOM returns NaN-
values for frames where the object is not detected, but the tracking algorithm still
generates tracking points, even when the object is no longer visible on the screen.
This since the participants is still focusing on the screen and the assumption is
that the focus point is in the area where the object is considered most likely to
reenter the screen. One example of this phenomena is seen in the lower left im-
age in Figure 7.20. Ground truth provides NaN-annotations for frames where the
object is not visible and the precision is consequently decreased since the track-
ing point from ET has no associated ground truth center point. The fact that the
tracking algorithm provides tracking points even if the object of interest is not
visible is not necessarily a weakness. But, excluding frames where the object is
not in the cameras field of view would give a more true evaluation of the result
for the eye tracking approach.

8.2 Attribute analysis

One issue that appeared obvious from the feature based precision plots for the
video tracking approach (Figure 7.12) was how ATOM performed in frames with



8.3 Comparison between Participants 65

occlusion. ATOM had, unlike ET, problems with redetection as well as false detec-
tion during occlusion. Note that the precision and success score is significantly
higher for ET in video sequences where the object was occluded in several frames
(video id 13 and 14). Figure 7.19 illustrates this situation where the bird of inter-
est is walking behind another bird. For a human, it is intuitive that an object that
is heading in one direction and is then occluded by another object will probably
reappear on the other side. This demonstrates one of the main challenges for
existing tracking algorithms, namely occlusion.

Other common challenges in object tracking are camera motion, motion change
and size change. Both approaches in this work had more or less trouble related
to these features. The method used in the eye tracking approach was due to low
accuracy sensitive to small objects since the allowed distance to the center point
is smaller. The result is lower precision and recall. However, the method is not
sensitive to size change compared to the other investigated features. The result
shows that the participants had trouble detecting the object correctly in frames
with fast camera motion and motion change which resulted in the low precision
for video id 10. The airplane is additionally relatively small compared to the
other objects. Further, ATOM seemed to have problems detecting the objects
when the background was similar to the object in color and intensity. That could
explain why the tracker loses the gray airplane on the cloudy sky in the exam-
ple in Figure 7.20. Both approaches showed best performance for illumination
changes. The result indicates that the tracking approaches can handle illumina-
tion change well. However, it should be mentioned that the frames including
illumination change was limited to video id 11 and 12.

8.3 Comparison between Participants

The tracking results generated by the eye tracking approach show that the al-
gorithm has a similar tracking performance independent of participant. The
main difference between participants was the amount of invalid and interpolated
points in the raw gaze data that was considerably larger for participant 4. The
difference might be due to various concentration level during the tests or just indi-
vidual patterns in the way of dealing with the task. Observations that was done
by the writers during the test were that participant 4 moved the head around
during the session. The interpretation was that participant 4 was not as concen-
trated as the other participants which could explain the big deviation in invalid
points. Another reason could be that participant 4 blinked more frequently than
the others or that the person wore glasses.

Two of the participants were the two writers of this paper (2 and 5) and
thereby familiar with eye tracking and had watched all video sequences several
times before the test. These participants had knowledge about the ground truth
notation and where the center points were located at the object. Table 7.2 shows
that the average success score and precision is highest for participant 2 and 5.
This observation indicates that persons familiar with eye tracking and the stim-
uli perform better. It is an assumption that can be made based on previous work
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on the field. However, a more comprehensive study is required to draw general
conclusions about the effects of previous experiences in eye tracking.

All participants were given the same instructions, but the tracking result was
however different. Position plots comparing the position of the tracking points be-
tween participants showed significant differences for some video sequences and
participants. The differences might be due to the interpretation of the scene and
task or the participants’ individual way of following an object and ability to per-
form the task. How the scene is interpreted is individual. For instance, one per-
son might experience a specific type of scene as challenging, while another does
not. An analysis for general differences and reasons for these between persons is
not enabled from the proposed method for data collection. Such an analysis re-
quires more participants, preferably more data sets and a more detailed study of
the participants. However, it can be concluded that all participants had a unique
way to follow moving objects given the same instructions.

8.4 Integration with Eye Tracking

The results presented in this work show that using an eye tracker in some situa-
tions can improve the tracking result of a video tracker in terms of success. The
proposed algorithm, ET-ATOM, helps ATOM redetect occluded objects or objects
that for some other reason are not detected correctly. The main problem with
this integration is the low accuracy in the eye tracking data. The idea is to use the
tracking point position generated by ET to help ATOM estimate the next position
of the object. The criteria deciding whether ATOM needs help to re-estimate the
position of the object or not is the distance between the tracking point from ET
and the center point of the bounding box from ATOM. Thus, the algorithm as-
sumes that the user is always focusing at the correct point and that the result of
ET is consistent with that point. Due to low accuracy in ET and a factor like low
concentration, the criteria for decision of re-estimating the position need further
development for more robust tracking.

To be able to estimate the location of the object in the next frame or detect it
at its’ first appearance, ATOM requires bounding box coordinates and is sensitive
to the size of the provided box. If an object is lost or not yet found, the size of the
object is required to redetect or detect it. One factor that is limited with using
the eye tracking algorithm proposed in this work for integrating with ATOM is
that it provides a tracking point and not bounding box coordinates. Using the
bounding box from the previous detection was the simple solution that was used
in this work. One issue with this solution is related to the low accuracy in ET.
This is since the tracking point from ET is used as center point for the bounding
box. The consequence of the low accuracy in ET is accordingly low accuracy in
the position of estimated bounding box.

ATOM is using the previous bounding box to estimate the next and if the
previous bounding box is not centered around the object of interest this might
lead to that ATOM can not detect the object correctly in following frames. This
is assumed to be the reason for the low recall and accuracy in the result for video



8.5 Effects of Filtering 67

id 10 in Section 7.3. In the position plots in the same section it looks like ET-
ATOM follows the object through the whole sequence and the result is almost
identical with the result of ET (Figure 7.17). Thus, ATOM loses the object and
does not redetect it successfully. The tracking point from ET is consequently
used but since the accuracy is low the bounding box is not located around the
object and ATOM can not redetect it. The tracking result for ET-ATOM is in
this case actually the tracking point from ET with the width and height of the
previous bounding box after 40 seconds (when ATOM loses the object). However,
for the other video sequences used in the integration part ATOM successfully
redetects the object using the proposed method, but with lower accuracy. Note
that if the eye tracking algorithm was used to improve the result of another video
tracker than ATOM, the result might have been different. For instance, using
a tracker that inputs coordinates of a tracking point and estimate the location of
the object based on image analysis techniques would probably give a better result.
Furthermore, ATOM include stochastic elements and in Appendix A.2 it can be
seen that the result varies between runs. The difference is small in general, but
for ID 1 and 6 it differ with approximately 30 % from one run to another. It is
possible to remove this randomness, but this is however not recommended [9].
To get a more robust evaluation of the tracking performance when integrating
ATOM with ET, more runs should be included.

8.5 Effects of Filtering

The proposed algorithm includes two filtering steps. As part of the pre-processing,
a median filter was applied to raw gaze data in order to remove noise. It should
be mentioned that even saccades and microsaccades could have been affected
or removed in this step (see Figure 4.7 where some of the removed peaks show
a saccadic behavior). Furthermore, the tracking result is smoothed in the post-
processing part and saccades are replaced with interpolated values if saccadic
movements are present for less than 0.5 seconds. Consequently, the algorithm
compensates saccadic movements to get a more stable tracking result. The thresh-
old of 0.5 seconds corresponds to approximately 15 frames which means that 15
tracking points can be generated even if the viewer is not focusing on an object.
Compensating for longer saccadic movements could have negative impact on the
result since interpolated values would be degenerated. Moreover, if the user loses
the object or searches for a new object for more than 0.5 seconds it should be seen
in the tracking result to not generate misleading results. Other threshold values
(below 1 second) was tested but did not affect the result significantly. Loosing the
object for more than 0.5 seconds was however considered to be a tracking failure.

8.6 Possible Improvements

A Hidden Markov Model (HMM) along with the Viterbi algorithm were used to
classify eye tracking data into eye movements. The reason for using this method
was based on result from a previous study that compare different identification
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algorithms for separating fixations and saccades, and using a HMM was one of
the methods providing the best result. Another thing that was taken into account
when considering the choice of method was the possibility to develop the HMM.
The HMM used in this work includes model parameters and some of those pa-
rameters were selected by reasoning. For example, the values for the state transi-
tion probability matrix were selected by reasoning that the transition from state
smooth pursuit to smooth pursuit is more likely than smooth pursuit to saccade.
For a better estimation of the transition matrix, features like duration and time
since a saccade occurred could be used. In addition, the values should be adapted
to the scene. For example, if a scene includes camera motion and motion change,
the transition from state saccade to saccade is probably higher.

Other model parameters could be tuned and one idea is to simulate eye track-
ing data that corresponds to different eye movements and use the data to train the
model. The HMM includes an observation vector and in the proposed algorithm,
the observation vector consisted of the point-to-point acceleration signal. Other
possible features to include in additional observation vectors are dispersion and
change in direction between samples over time. These are ideas for further de-
velopment but do not guarantee a better result. Another thing to keep in mind
is that the Viterbi algorithm, as it is designed in this study, requires future obser-
vations before a result is produced and this would induce a delay for real-time
applications.

8.7 The Work in a Wider Context

Ethical considerations in this work cover honesty and transparency in method,
data collection and result, and nothing has been done which could be construed
as trying to mislead the reader. This work has been open for criticism along with
new ideas and the right to the participants’ privacy is respected. The purpose
and method do not include unethical aspects, but there are several issues related
to the use of video tracking in society. For instance, data collected through video
surveillance for identification of terrorists or criminals could be used to keep
track of ordinary citizens. Undesirable collection of personal data is a threat to
privacy. Other concerns are related to unauthorized access to data or remote
access by hackers. There are number of ways to keep data safe, but failing to do
so would be unethical.

Using the proposed algorithm in military or eye tracking in general to fol-
low a target could be used in civil-defense as well as in critical situation in war.
Ethical aspect must be taken into account when using the technology in such
applications. It is important to be aware of that technology developed for one ap-
plication and intended for one purpose can be used in other situations by people
with other values and purposes. This applies to all technology that is necessary
for the society development.
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Conclusion

The conclusion is that the overall performance of the proposed eye tracking al-
gorithm is comparable to how a state-of-the-art video tracker perform. The prin-
cipal difference between the proposed algorithm and the used video tracker is
that it provides tracking points instead of bounding box coordinates. The main
weakness of the proposed algorithm is low accuracy resulting in lower average
precision compared to the video tracker. The average recall and success is how-
ever higher for the eye tracking approach. Success is calculated as recall but with
larger acceptable threshold for true positive detection. In addition, the precision
is higher for the eye tracking approach if allowing lower distance accuracy.

One disadvantage with the proposed eye tracking algorithm is that it is sensi-
tive to camera motion and motion change compared to the video tracker. It relies
on the users’ ability to track the target which is user and situation dependent.
However, how human factors affect the performance of eye tracking can not be
determined based on the results in this thesis. A more comprehensive work with
more participants and data is required to advance the study of human factors
in eye tracking. Differences between participants have been shown. This consid-
ers quantity of invalid points and location of the tracking point over time. The
average tracking result was in general similar between participants but major
differences can be seen for specific runs.

The main weakness of the video tracker considers occlusion since it leads to
problems with redetection as well as false detection. Further, the video tracker
demonstrated detection problems due to similarities between the object of inter-
est and the background. The proposed algorithm based on eye tracking data
includes advantages from the human vision and ability to predict future events.
The algorithm is therefore less sensitive to occlusion compared to the video tracker.
Another disadvantage with the ATOM-tracker is problems with detection and re-
detection of objects due to sensitivity to the given size and position of the bound-
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ing box.
The result further shows that using an eye tracking algorithm in some situa-

tions can improve the tracking result of a video tracker in terms of success. How-
ever, in order to achieve robust tracking results further development is required.

9.1 Future Work

For future work, a method for estimating the size of the object should be in-
cluded in the proposed algorithm to be able to initialize a video tracker that re-
quires bounding box coordinates with tracking points. For real time application,
only previous observations will be provided when calculating the state sequence.
Thus, the Viterbi algorithm has to be updated. A window including saved previ-
ous points could be used when calculating the state at the current time. A small
delay might be inevitable in such application. A step for deleting saved points
that is not within the current window could be necessary to avoid memory loss.
Furthermore, the algorithm should be evaluated on more data sets and partici-
pants to provide a more general result than the one presented in this work. This
would also enable a more advanced study of how human factors affect the the
performance of eye tracking.
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A
Detailed results

A.1 Detailed Results of Eye Tracking Approach

Average result for each participant is shown in Tabular A.1-A.5.

Table A.1: Participant 1.

Video ID R (%) CLA (pixels) P (%) S (%)

1 59.7 9.6 60.2 97.8
2 94.0 14.0 94.3 99.7
3 97.5 35.0 97.7 99.7
4 68.6 24.6 69.4 98.8
5 98.6 20.3 99.2 99.4
6 46.4 8.5 34.3 86.7
7 90.8 14.7 91.0 99.8
8 74.4 23.4 74.6 97.2
9 98.8 30.9 98.9 99.9

10 18.6 2.1 17.6 69.8
11 95.8 30.5 96.2 99.5
12 66.6 11.3 66.9 99.6
13 86.4 35.4 87.5 98.6
14 75.0 18.5 75.4 99.5
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Table A.2: Participant 2.

Video ID R (%) CLA (pixels) P (%) S (%)

1 51.9 9.5 52.3 93.3
2 86.6 14.6 86.9 99.7
3 93.5 51.8 93.8 99.6
4 72.9 25.4 73.8 98.8
5 88.8 19.4 89.4 99.4
6 48.7 10.1 36.3 94.1
7 85.1 14.2 85.3 99.8
8 71.4 21.1 71.6 96.2
9 94.7 31.6 94.8 99.9

10 35.7 4.1 33.5 82.2
11 98.5 37.5 99.0 99.5
12 82.0 14.0 82.3 99.6
13 96.1 32.7 96.3 99.7
14 66.5 17.8 66.8 99.5

Table A.3: Participant 3.

Video ID R (%) CLA (pixels) P (%) S (%)

1 51.5 9.6 52.0 93.4
2 76.0 13.0 76.3 99.7
3 89.4 27.4 89.6 99.7
4 63.1 23.3 63.9 97.9
5 90.5 23.6 91.0 99.4
6 30.4 5.5 22.5 80.8
7 64.2 21.1 64.3 97.2
8 52.8 19.9 52.9 89.2
9 83.7 38.5 83.8 97.9

10 25.2 3.0 23.8 70.5
11 99.1 24.8 99.6 99.5
12 87.4 15.3 87.7 99.6
13 97.9 31.8 98.9 99.0
14 68.5 16.0 66.8 99.5
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Table A.4: Participant 4.

Video ID R (%) CLA (pixels) P (%) S (%)

1 52.8 8.4 53.4 95.3
2 81.1 13.3 81.3 99.7
3 92.5 41.1 92.8 99.7
4 65.9 25.4 66.7 98.8
5 90.6 21.2 91.2 98.8
6 30.6 5.8 22.6 75.5
7 85.7 21.8 85.9 99.6
8 68.2 22.7 68.4 94.6
9 90.8 32.2 90.9 98.6

10 25.4 3.1 23.8 76.2
11 95.6 37.0 96.1 99.5
12 84.0 13.0 84.3 99.6
13 97.8 30.4 98.0 99.8
14 76.4 17.3 76.8 99.5

Table A.5: Participant 5.

Video ID R (%) CLA (pixels) P (%) S (%)

1 59.6 9.5 60.0 98.1
2 89.8 15.6 90.1 99.7
3 93.2 32.7 93.5 99.7
4 73.8 24.6 74.7 98.8
5 98.2 22.4 98.8 99.4
6 44.4 7.6 44.4 84.8
7 89.2 15.8 89.4 99.8
8 71.2 21.3 71.4 96.9
9 97.4 35.0 98.4 99.0

10 24.8 2.8 23.8 75.1
11 99.5 30.5 100.0 99.5
12 90.2 13.4 90.6 99.6
13 98.5 27.9 98.7 99.8
14 82.5 18.4 82.9 99.5
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A.2 Detailed Results of Video Tracking Approach

Detailed result for each run is shown in Tabular A.6 - A.19.

Table A.6: Video ID 1.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 74.1 4.6 91.6 62.8 80.5
2 44.0 4.3 50.7 57.7 69.9
3 30.8 3.7 34.5 51.7 69.9
4 34.2 4.1 39.2 54.1 71.1
5 44.0 4.2 50.0 58.1 72.2

Table A.7: Video ID 2.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 100.0 2.8 100.0 86.7 100.0
2 100.0 2.7 100.0 87.1 100.0
3 100.0 2.8 100.0 87.0 100.0
4 100.0 2.8 100.0 86.8 100.0
5 100.0 2.7 100.0 87.2 100.0

Table A.8: Video ID 3.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 81.9 13.8 81.9 62.9 98.4
2 87.5 15.1 87.5 62.2 98.6
3 90.5 15.6 90.5 61.4 100.0
4 86.8 14.6 86.8 62.2 98.9
5 83.1 13.8 83.1 63.7 97.7

Table A.9: Video ID 4.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 100.0 12.4 100.0 64.6 100.0
2 95.7 11.9 99.4 66.7 95.7
3 96.3 12.3 100.0 64.8 96.3
4 96.3 11.9 100.0 65.4 96.3
5 99.4 11.7 100.0 66.6 99.4
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Table A.10: Video ID 5.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 36.3 7.3 36.3 49.0 99.4
2 36.9 9.2 36.9 45.5 98.8
3 35.1 8.5 35.1 45.8 99.4
4 35.4 8.7 35.4 46.6 99.1
5 36.3 8.9 36.3 47.0 98.8

Table A.11: Video ID 6.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 84.3 3.2 89.8 81.4 85.3
2 89.9 4.7 90.1 78.7 90.3
3 91.4 3.8 94.5 81.1 92.9
4 27.2 0.8 43.6 83.3 29.2
5 69.7 3.3 82.5 79.4 70.3

Table A.12: Video ID 7.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 99.8 5.5 100.0 68.4 99.8
2 99.8 5.5 99.9 68.5 99.9
3 100.0 5.5 100.0 68.7 100.0
4 99.8 5.4 99.8 68.7 100.0
5 100.0 5.4 100.0 68.3 100.0

Table A.13: Video ID 8.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 100.0 6.8 100.0 74.9 100.0
2 100.0 6.7 100.0 75.0 100.0
3 100.0 7.1 100.0 74.3 100.0
4 100.0 6.8 100.0 75.2 100.0
5 100.0 7.5 100.0 74.4 100.0
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Table A.14: Video ID 9.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 91.7 6.2 92.0 75.2 95.3
2 85.4 5.8 86.0 74.6 89.5
3 80.7 5.6 83.7 75.5 83.0
4 95.0 6.4 95.6 75.2 98.8
5 90.0 5.9 90.6 75.4 95.2

Table A.15: Video ID 10.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 40.5 1.0 78.1 58.6 41.2
2 32.7 0.7 72.0 70.6 32.9
3 40.5 1.0 81.4 59.8 40.6
4 61.5 1.7 85.5 62.1 61.9
5 53.3 1.9 76.7 55.2 53.9

Table A.16: Video ID 11.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 86.1 7.0 82.2 69.0 91.7
2 94.3 6.8 92.0 69.1 92.5
3 92.7 6.5 92.5 71.1 95.5
4 90.7 7.4 90.0 69.4 96.5
5 90.7 6.9 90.5 69.8 93.2

Table A.17: Video ID 12.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 99.6 4.5 100.0 74.0 99.4
2 100.0 4.6 100.0 74.4 100.0
3 99.8 4.8 100.0 72.0 99.8
4 100.0 4.8 100.0 73.4 100.0
5 100.0 4.9 100.0 70.8 100.0
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Table A.18: Video ID 13.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 27.5 5.1 27.5 63.3 29.1
2 25.5 5.4 25.5 61.2 29.0
3 26.2 6.0 26.2 59.3 28.7
4 25.5 5.5 25.5 60.4 28.9
5 27.3 4.9 27.3 63.7 29.0

Table A.19: Video ID 14.

Run R (%) CLA (pixels) P (%) OP (%) S (%)

1 29.7 1.7 40.1 75.4 39.4
2 38.4 2.6 49.3 71.0 47.3
3 29.4 1.7 36.7 75.4 38.4
4 28.9 1.7 37.8 75.4 36.8
5 39.4 2.5 48.9 73.2 46.8
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