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Abstract

In behavioural psychology experiments, we try to ask and answer questions about
real life phenomena. For example, we may be interested in learning how long it takes
for someone to react to a red light turning green whilst driving. Arguably, this is
a hard question to answer due to the difficulty in actually collecting the data. One
concession that might be made is to ask a similar question in a much more controlled
environment. For example, if we want to know the average response time to look at a
salient target, we may design a study that attempts to isolate this response. Perhaps
a dot is shown on a computer screen, and we measure the average response to initiate
a saccade. This is valid science, but it is hard to say that it represents real life. Real
life is dynamic, and as a consequence, much more noisy. We don’t sit in rooms with
isoluminant lighting at exactly 40cm from the screen and try to move ‘as fast and
accurately as possible’ in our everyday life. In this thesis, I attempt to challenge these
assumptions through the use of eye and body tracking techniques. I conducted three
studies, each increasingly giving up experimental control to collect more naturalistic
data.

In the first study, I demonstrate that tightly-synchronized simultaneous collection
of laboratory-grade eye- and body-tracking can be used to generate accurate 3D gaze
vectors that have sub-centimetre accuracy in optimal conditions. Generating 3D gaze
vectors is a challenging problem because there are no widely used established cali-
bration routines. This study aimed to answer this question. Participants completed
four different calibration routines, where the pupil position data was used as an input

to a model that predicts gaze position in 3D space. A validation procedure is used
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to assess model performance when the experimenters know exactly when and where
the participant is supposed to be looking. Finally, participants complete a previ-
ously validated ecologically valid task known as the Pasta Task to assess the model’s
performance during real-world behaviour. This study provides tangible advice for
researchers interested in collecting naturalistic simultaneous eye and body tracking
data.

In the second study, I use a consumer-grade eye tracker and a simple hand tracker
(i.e. a computer mouse) to record the behaviour of participants as they navigate
through a menu interface modeled after the popular video game, Mass Effect 3. This
work was conducted as part of a Mitacs Accelerate internship with BioWare in Ed-
monton, Alberta. The purpose of this study was, in technical terms, to find key per-
formance indicators to aid user experience researchers at BioWare. In other words,
I collected eye and mouse tracking data and analyzed the data to find when users
were having trouble. Typically user experience researchers use qualitative measures
such as interviews, surveys, and technical reports to uncover problematic areas of user
experience known as friction points. Here, I use eye and hand tracking to attempt to
quantify friction as a dynamic (i.e. not static) process. I demonstrate a methodology
that allows for the detection of friction points based on gaze and movement signals.
I conducted both an in-person (local) cohort as well as a remote cohort collected
using webcam based eye tracking. I show that many of the same patterns of friction
that occur in the local cohort also occur in the remote cohort, suggesting that the
increased noise (due to decreased experimental control) in the remote cohort did not
overpower the signal. The study provides evidence that many of the techniques and
tools used in the laboratory can be adapted for use in digital environments.

In the third study, I assessed the feasibility of using eye tracking in a clinical
setting to augment the neurological assessment of vertigo. Vertigo is a condition that
manifests as extreme dizziness due to imbalance in the vestibular system. Diagnosis

is challenging because vertigo is not a single disease entity but the cardinal symptom
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of different diseases of varying etiology ranging from benign to deadly. The high
stakes involved in assessing a potentially life-threatening prognosis (in the case of a
brainstem stroke, for example) requires extra care and resources dedicated to these
patients such as computed tomography (CT), or magnetic resonance (MR) imaging.
A typical neurological battery will assess the vision of the patient to test oculomotor
function, which is critical for diagnosis. Here, we created a simple systematic screen-
based set of stimuli that approximates the neurological assessment given to a patient
with vertigo symptoms. We used a portable eye tracker to collect eye position during
the approximately five minute stimulus presentation. Moreover, the data collection
was performed by someone without any background in eye tracking, testing the claims
of modern eye tracker manufacturers regarding ease-of-use and portability. Data
were collected from both normative controls as well as patients. The assessment was
designed to be systematic and easy to use, completing in around 5 minutes. We
found that control participants worked well for the stimulus, yet patients produced
poor quality data. We created analysis pipelines for the data and speculate on the
use of such a device to increase the efficacy of a physician performing neurological
examinations on dizzy patients.

These studies, taken together, are an investigation of how we can start to use
many of the laboratory technologies out in the wild and the resultant successes and

limitations.
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Chapter 1

Introduction



1.1 Motivation

One of the reasons we do science is to learn something about ourselves, and the world
around us. Science is a vigorous process; we have to be incredibly careful with our
assumptions, data collection procedures, and analysis techniques. We do not want to
get anything wrong, or at least get it wrong because we are being careless. We achieve
this through control. Control of our experimental setups, control of the dependent
variables we collect, and control over the statistical analyses that we perform. We
do this because, again, we want to be right. But at some point, being right does
not matter if it does not re ect reality anymore. Sometimes, the way that we study
behaviour does not re ect to how peoplactually behave.

The world is a dynamic and noisy place. To study a phenomenon, we try to distill
it into its individual parts to make it easier to study. However, this reductionist
approach can lead us to oversimplify the complex phenomena we set out to study and
ignore the richness and diversity of real-world situations. Understanding the roles
and limitations of control, and how they a ect our study of psychology, is important

for contextualizing the ndings that emerge from our research.

1.1.1 The role of experimental control

Experimental control is the ability to manipulate and measure variables in a way that
allows for a cause and e ect relationship to be established. In scienti ¢ terms, we want
to manipulate only the independent variable and measure the dependent variable and
test if there are any di erences following the manipulation. For example, imagine you
are a chemist who is interested in investigating the e ect of two di erent temperatures
on a chemical reaction. Here, it would be important to ensure that the amount and
concentration of each chemical, the amount of stirring, and the length of reaction is
identical between the two samples. In other words, the only thing that is di erent

between the two samples is the temperature applied. Following measurement, any



di erences noted could be more easily attributed to the change of temperature and
not anything else. But, not all elds can a ord the same level of control over the
environment that the data is collected in. In this example, there is not a lot of wiggle
room for variability. The two chemical samples are assumed to be identical, we can
measure the exact temperature of the reaction, and we can ensure we are completing
the task in the same amount of time. While in this example, it is relatively simple

to achieve experimental control, psychology presents some unique challenges due to
the complexity and variability of human behaviour and the di culty in isolating and
controlling for all relevant variables.

Achieving experimental control in a human psychology experiment is not as straight-
forward. In this case, there are several considerations that need to be made that do
not apply to the chemistry example above. First, humans are variable. Not every-
one is the same, nor do they necessarily have the same personality, preferences, or
abilities. Of course, these are factors that can alter the outcome of an experiment.
Second, there are ethical considerations that need to be made for humans; some ma-
nipulations may not be appropriate or feasible. As researchers, we must respect and
care for our subjects. Third, many of the phenomena are incredibly complex and
di cult to isolate from other behaviours. As an example, one such behaviour, social
attention, can be challenging to study because it is hard to isolate the essence of a
social interaction.

Probing this idea of what de nes a social interaction, a study by Laidlavet al. [1]
investigated participants' eye movements while sitting in a waiting room. In this study
a confederate posing as another research participant was either physically present or
shown on a computer screen. The authors found that participants looked at the other
person less when they were physically present, suggesting that social attention (via
eye movements) is heavily modulated by the "'mere opportunity for social interaction'.
This study demonstrates how easily behaviour can be modi ed by something as sim-

ple as another person being physically present. Additionally, we know that humans



tend to behave di erently when they know they're being watched. For example, many
people are familiar withwhite coat syndromea well-known phenomenon in the med-
ical community which describes the rise in blood pressure, anxiety and perspiration
that some patients experience during routine checkups [2, 3]. Even in a laboratory
setting, participants have been found to be more likely to “choke' when being watched
by an experimenter [4]. It is perhaps useful to look at these responses not as noise in
the data, but rather as part of the data itself; this is how people aréruly feeling in

the moment.

So, how do we know what signals matter and what do not? For example, in
a psychophysics experiment, it may not be clear what should be used to measure
reaction time|brain signals, eye movements, body movements or some other signal.
This is not to say that it is not possible to achieve some level of control in psychology
experiments, but rather it requires careful consideration of the inherent variability
of human beings. One of the ways researchers do this is by being clever in the way
they design experiments to isolate the behaviours they wish to study. However, it
is important to note that sometimes these experiments may not have a real-world
analog, yet we still try to apply the results to real life. So how do we create analogous
tasks?

Imagine you are a psychology researcher who is interested in understanding what
people pay attention to when choosing a box of cereal o the shelf at the supermarket.
To assess attention, you elect to record where people look and how they move, which
is treated as a proxy for attention. One of the problems here is that it is very di cult
to record these kinds of signals in a supermarket. One reason might be the increased
noise that is inherent to this type of environment. Second, the ergonomics of recording
this kind of data are challenging to say the least. To alleviate these concerns, a
concession you might make is to take the person out of the supermarket entirely, and
put them in a setting that that controls for the noise and distractors. Since you only

care about where someone is looking and what they ultimately choose, you might
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reduce the task to a digitized version that shows three di erent rows of cereal brands
on a computer screen. Then, to make sure you are getting consistent data, you make
sure the person is seated in a chair at a xed distance from the screen, and adjust
the lighting to ensure optimal data collection. The study as described does a good
job of isolating the phenomena we are interested in studying, but it does not re ect
the natural action anymore. If a researcher wants to study the natural behaviour,

it logically follows that the task should be as natural as possible, even if it means
including more noise in the data. To achieve this, the researcher should choose signals
that are robust to noisy environments, such as eye and body movements. Eye and
body movement signals have value because they are the modalities we use to collect

information and interact with our environments.

1.1.2 Why record gaze and movement data?

Humans are visual creatures. One of the ways we learn about our world is by looking
at it. The way that we move our eyes re ects the cognitive processes occurring in the
brain [5]. It naturally follows then, that our recording of the eyes should grant insight
into the inner cognitive workings of the mind. Previous work has demonstrated the
intrinsic link between visual behaviour and cognition in a variety of tasks including
visual search [6, 7], reading [6, 8], visual working memory [9, 10], and during natu-
ralistic movements [11{14]. It tends to be di cult to obtain high quality data from
naturalistic tasks due to the challenges with control explained previously. For exam-
ple, Land & Lee [11] investigated where participants looked when they were steering
a car around a bend. The presumption for this study was that no equivalent labo-
ratory analog task existed, and the best option was to record the eye movements of
actual drivers whilst driving. Here, the authors found that drivers relied on a tangent
point in the bend approximately 1 to 2s prior to beginning the turn. It is likely that
the pressures (and distractors and noise) the driver faced impacted their behaviour,

which cannot be modeled in a laboratory task. For instance, the eye movements



(and intense manual labour to analyze them) are robust enough to survive extra-
neous noise that the environment provided, which suggests that eye movements can
(and should) be recorded in natural contexts to get the best representation of the
behaviour a researcher in interested in. Of course, eye movements are just one part
of a set of complex behaviours such as guiding the hands (or steering wheel in this
case) to complete a larger goal. Clearly, how we look and how we move is important
to understanding cognition.

Our limbs are the primary way we interact with our environment. For instance,
envision waking up to an unfamiliar hotel room to an alarm during a business trip,
which you fumble to deactivate. To an outside observer, your hand movement's speed,
accuracy, and trajectory may indicate that you're not acquainted with the environ-
ment. Just like when we watch someone attempt a new sport, we can perceive their
lack of experience through their actions. The way we move, similar to eye movements,
is also an indicator of the dynamic cognitive processes in brain. For example, studies
investigating reaching behaviour have shown that direct reaches are associated with
higher con dence than indirect reaches in both hand [15{19] and mouse movements
[20{24]. Recording movement then, is important to understanding the goals of an in-
dividual. Movements of the hand in particular are closely linked with the movements
of the eyes. This is because we use visual input to direct our actions|lknown as
eye-hand coordination. Evidently, studying both of these modalities simultaneously
will give the most information about the intentions of someone's actions, which could
be useful to understand the context of the behaviour.

Studying visuomotor activity provides a unique and dynamic understanding of hu-
man perception. By tracking where someone looks and how they interact with their
surroundings, we can gain insight into their attentional focus and decision-making
processes. While static measures such as attention heatmaps or movement trajecto-
ries may provide some useful data, they fail to capture the complexity of our dynamic

interactions with the world around us. Furthermore, the relationship between vision



and action is not static, and visuomotor recordings allow us to track this relationship
over the course of an entire task dynamically. In the above example studying cereal
brand preference on a shelf, a static measure such as xation time would fail to cap-
ture important dynamics. For example, if someone alternates between two di erent
choices, a measure such as total xation time on each object does not include how
many times the person oscillated between the choices. In this example, the oscillating
behaviour is an important indicator of indecision.
Clearly, multimodal dynamic visuomotor data has a lot of value for understanding

human behaviour. Despite its richness, it does tend to be more challenging to inter-
pret. While this may seem like a downside, it gives researchers the opportunity to

decide what they consider useful in their data.

1.1.3 What counts as useful?

People do not naturally sit in isoluminant rooms at exactly 40 cm from their com-
puter screen and consistently move \as fast and accurately as possible". Of course,
speci ¢ questions require speci ¢ setups, but if we want to understand how people
naturally behave, we should move towards more natural data collection techniques
and experimental designs. And, as the preceding section details, focusing data col-
lection on gaze and movement behaviours is a prime target. Arguably, experimental
designs that e ectively capture the dynamics and complexities of the environment
and encourage real behaviours will have more utility than analogous lab-based tasks.
Utility is often de ned by the person who is receiving the data. To a grocery store
manager, understanding how people navigate and interact with the shelves in their
store is much more useful than the laboratory equivalent described above. Of course,
a professor running a laboratory that studies attentional mechanisms may have an
entirely di erent set of criteria they consider important. In a similar vein, if a website
designer wants to optimize their website, it would make sense to have users navigate

their actual website rather than an equivalent recreation. Knowing how people focus



their attention on the website is useful in understanding attentional mechanisms, but
it is unlikely that the website designer will be able to apply this knowledge directly.
Useful data should make predictions while representing the underlying phenomena
being studied. Sitting in a dark room staring at dots on a screen has little ecological
value because it does not re ect what humans actually do.

Here, | will attempt to persuade you that giving up control in order to better
understand natural human behaviour is a justi able trade-o . Visuomotor recordings
are the best way to measure natural human behaviours because they are objective
measures of how someone actually operates in the world. While more noise may be
present in the data, | will show that it does not prevent useful metric extraction whilst

allowing for data collection in more real-world settings.

1.1.4 This thesis in context

In the following thesis, | will present three distinct studies that have varying levels
of control applied to each. The link between the studies is intended to be a gradated
loss of control the experimenter has over the participants, the environment the data
is collected in, and the dependent variables themselves while encouraging natural
behaviours to emerge. If we want to study these behaviours, we have to measure
them in the context that we are interested with the tools that we have. Additionally,

it is also important to target the end-user of the generated data for each study. Below

| will give a high-level description of the studies in this thesis, with a more fulsome
description later on.

In the rst study, | took one step away from a traditional controlled data collection
paradigm and targeted scientists who are interested in collecting data from real-world
tasks in a laboratory. Gaze behaviours were assessed during calibration sequences to
generate models to predict where someone is looking in 3D space. The models were
validated and assessed on a naturalistic task known as the Pasta Box task [14, 25,

26], where participants are given free movement of their bodies to complete the task.



The second study moved out of the lab and into the world of user experience
(UX). UX is a eld that necessitates real-world behaviours because researchers want
to assess how users actually use their products. | assessed the gaze patterns and mouse
movements of participants tasked with navigating a simple video-game inspired menu
system. Natural movements were critical because | aimed to detect friction points:
unhelpful slowdowns experienced while using the menu system. A simple instructional
prompt manipulation was used to encourage exploration of the menu system without
giving the users any speci c instructions. The output of this study was intended for
UX designers and researchers to allow for the improvement of their products.

The third study moved into the most di cult environment thus far: the clinic. This
was the most ambitious study, which ultimately hit the limit of the current technology.
Eye tracking data was collected from patients experiencing dizziness at the University
of Alberta hospital. A clinically inspired set of stimuli were presented to the patients,
designed to be akin to a clinical neurological exam. The study assessed the feasibility
of collecting data in a completely uncontrolled environment such as a hospital stroke
clinic. The target user here was the attending physician, who could use the output
of such a device to improve clinical diagnostic e ciency. Here, although we tried to
collect reach trajectory data, ultimately the patients were unable to complete this
portion of the task.

| use both eye tracking and movement analysis to assess real-world questions about
the behaviours that humans exhibit within their environments, ranging from a ded-
icated laboratory motion-capture room, to measuring user experience whilst navi-
gating video game inspired menus, to eye movements from patients at the hospital.
| hope to convince you, the reader, that as control decreases (and noise increases),
there are still useful metrics buried in the data that can be captured through eye and

body movement recordings.



1.2 Vision and eye tracking

1.2.1 From vision to vision for action

Understanding the relationship between vision and action is crucial in studying natu-
ral behaviours from a psychological perspective. Contemporary psychology has swung
the pendulum between control and naturalistic behaviour towards control over the
last few decades. This is perhaps in part because for a long time we thought of
perception, and speci cally visual perception, as a passive process. Because earlier
psychology research neglected the embodied aspect of human experience, we thought
it was appropriate to put people in dark rooms hitting buttons to respond to tar-
gets. Of course, on the surface, we know that these types of behaviours are not
re ective of how people actually behave. Rather, we believe they isolate the neural
and behavioural mechanisms that we are interested in studying. Over time, it was
recognized that perception plays a critical role in facilitating action. In the following
section | will discuss the gradual shift from pure vision research towards vision for
action.

Prior to the 1980's, vision research was almost exclusively perceptual in nature
[27]. In fact, in 1948 Lashley [28] once famously concluded that visual processing did
not extend beyond the striate cortex. There have been debates about whether the
primary function of vision is to construct perceptual experiences through bottom-up
edge-detection techniques [29], or whether it involves top-down processes moderated
by the frontal cortex [27], which enable the selection of prede ned stimuli present on
the retina [30]. Much of the work done at this point was investigating the functional
segregation of the brain, opting to study the mechanistic features of visual processing,
and not studying the behavioural outputs of vision.

The visual system's non-monolithic nature was some of the rst evidence presented
by Schneider [31], who used golden hamsters to demonstrate that lesions in the stri-

ate cortex led to pattern discrimination de cits, while tectal ablations eliminated
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visually guided head orienting responses toward food. Schneider called this evidence
for two visual systems at play. Work in the early 1970's demonstrated that two vi-
sual systems also existed in parallel in the frog brain [32]. Ingle sought to dissociate
the function of the visual thalamus from that of the optic tectum by ablating the
tectum. Accidentally, he found that allowing bers from the a ected eye to regen-
erate over the course of 6-8 months to the ipsilateral tectal hemisphere resulted in
mirror-symmetrical frog snapping behaviors towards prey, but barrier avoidance was
una ected. This suggested the presence of two distinct visual systems, similar to the
work by Schneider.

Mishkin & Ungerleider [33] provided some of the rst evidence that vision was split
into two distinct cortical pathways in primates. Mishkin & Ungerleider demonstrated
lesions that disconnected parieto-preoccipital areas from striate cortex resulted in the
monkeys having trouble either 1) identifying an object or 2) being able to localize it in
space. They determined that if the lesion was found to be dorsal to the parietal cortex
it resulted in localization de cits, but ventral lesions lead to object identi cation
de cits. These de cits were evidence of what Mishkiret al. called the \where" and
\what" visual pathways. A fundamental issue with this interpretation is that is does
not question what the output of such a system would be used for|how does the brain
use this information for interaction?

Answering this question was the seminal work of Goodale and Milner [35]. This
work work demonstrated vision is critical for initiating and guiding movements through
space, suggesting that cortical visual processing was not necessarily \what" and
\where", but rather \what" and \how". Going further, Goodale [27] argues that
vision for perception is literally only half of the story; vision is also used extensively
for action [35{38], and in fact is controlled through a di erent set of mechanisms
than those used for perception (for an excellent review, see Gallivan & Goodale [39]).
These separate pathways have now become known as the dorsal and ventral visual

streams. Colloquially, the dorsal and ventral visual streams are now known as the

11



"action" and "perception" streams, respectively [27]. In short, the control of action
is necessarily an online process, requiring quick moment-to-moment adjustments for
e cient interaction. In contrast, perception typically does not update as quickly, as
objects do not tend to change frequently over time. As a result, the perception stream
updates much slower. The two streams work in parallel and are not thought to be
hermetically sealed from one another [27, 40]. Both streams are intimately linked
and work together in complementary roles, controlling our behaviour and allowing
for adaptation. For example, as | am sitting here, | would like to take a drink from
my co ee cup. My ventral (perception) stream processes the image on my retina
and tells me that there is a co ee cup. To actually reach for the cup, however, my
dorsal (action) stream processes my end-e ector's (i.e. my hand's) path to the cup
by converting the visual coordinates into motor commands. The dorsal stream pro-
cesses information at a much higher rate than the ventral stream, making it much
more suitable for temporally sensitive adjustments around any potential obstacles
[41]. Just as | am about to grasp the cup, a cat jumps on the desk and nearly knocks
it over. The dorsal stream is able to quickly recalculate my reach trajectory so | can
save the cup before it hits the ground. Of course, in the real world, we perform these
kinds of movements all the time. When reaching into our pantry to get a can of soup,
we have to avoid all of the other items that are in the way to navigate our hand to
the can. The visual system's ability to convert between visual and motor coordinates
is nothing short of incredible, and tracking the movement of the eyes is one of the

primary ways that we can gain insight into how this conversion takes place.

1.2.2 History of eye tracking

Eye tracking is a technique that records the pupils, which is typically used to calculate
gaze position in space. One of the earliest known attempts to non-invasively track
the eye's position was by Dodge & Cline [42], who were able to successfully quantify

horizontal eye angle velocities using a photographic method that recorded eye move-
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ments onto a piece of sensitive Im. This proved to be a useful endeavor, as it was
the rst demonstration of what normal movements of the eyes look like. Crucially,
this method did not provide real-time feedback to researchers who were interested
in using the eye movements themselves as a feedback signal into their experimental
design. It was not until 1939 that both horizontal and vertical movements of the
eyes were recorded using electrooculographic electrodes placed around the eyes [43,
44]. This method, although more invasive, was the rst time that eye movements
were recorded in real-time (and in fact were, to attempt to quantify the presence of
nystagmus in the eyes [45]). Later on, Yarbus [46] used a complex mirror system to
record movements of the eyes and was the rst to observe that eye movements were
intrinsically linked to the cognitive goals of the participant. In this regard, Yarbus
was a pioneer in the eye tracking community and the rst to make this association.
When a subject was told to look at painting with varying instructions, he noted that
the gaze patterns di ered depending on what the participant was trying to achieve.
Early on, xations were mostly on the faces of the subjects in the painting, whereas
later on xations tended to be on extraneous objects (e.g. chairs, tables) [47]. Over
time, it was observed that the subjects continued this pattern, suggesting there was
structure behind these eye movements. This observation, which may seem obvious
by today's standards, was critical for the understanding of the role of eye movements
for perception. In recent times, rapid technological improvements have meant that

tracking the eyes is easier and more a ordable than ever before.

1.2.3 Contemporary eye tracking

In modern times, we use specialized devices known as eye trackers. Generally speak-
ing, eye trackers use cameras pointed at the eyes to track the pupil. There are a
multitude of methods used to track the pupil, but many eye trackers tend to use a
combination of video-based and infrared-based approaches. In modern psychology,

there are two main types of eye trackers typically used: desktop and head mounted.
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Desktop systems tend to have have much higher spatial and temporal resolution at
the cost of being stationary. Additionally, these systems usually require xing the

head position, but this is not always the case. The more portable head-mounted eye
tracker allows for free movement of the head, but usually still requires a dedicated

computer during recording.
Desktop eye tracking

Desktop eye tracking refers to the method of recording the eye movements of a par-
ticipant sitting in front of a computer screen. A typical desktop eye tracker, such as
the EyeLink 1000 (SR Research, Ottawa, Canada), o ers high spatial and temporal
resolution, but does not permit a large amount of free head movements. There is,
however, a burgeoning eld of monitor-mounted eye trackers, such as the Tobii Eye
Tracker 4C (Tobii Research AB, Sweden) and the Gazepoint GP3 [48]. These sys-
tems are intended for use on a dedicated desktop machine in order to track the gaze
position on a monitor. An advantage of these systems is that they do not require
the end-user to wear any equipment and can non-invasively record the user's gaze
position at relatively high frequencies (typically 90-150hz).

Finally, webcam-based eye tracking algorithms have become popular in the last few
years. A consumer grade webcam (e.g. laptop or monitor-mounted webcam) is used to
record video of the participant's eyes, from which a pupil position can be ascertained.
These techniques typically require a more intensive calibration procedure, but can
yield relatively high quality eye tracking data [49]. Webcam eye tracking is especially
suitable for remote eye tracking tasks because almost every computer in modern times
will have an attached webcam. These options work well for tasks that are relatively

stationary, but an eye tracker that allows for free head movements may be desirable.
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Head mounted eye tracking

Mounting the eye tracker on the head of the participant allows the researcher to ac-
count for head movements. Earlier versions of these eye trackers were typically still
guite cumbersome and expensive (e.g. EyeLink Il, SR Research Ltd.), but modern
head-mounted eye trackers tend to be lightweight, portable, and much more a ord-
able. Portable systems, such as the Pupil Labs Core [50] use a video-based deep-
learning approach to detect the pupil, as well as to track other pupillometric data.
Because these systems are portable, they are more suitable for deployment outside of
traditional eye tracking laboratories, such as in a public grocery store [51]. These de-
vices facilitate data collection in the wild. Recording naturalistic behaviour requires
minimal restrictions for the participant, and these devices give freedom of movement

to the person being recorded, making them suitable for real-world tasks.

1.3 Movement and motion capture

1.3.1 History

One of the earliest examples of capturing an animal in motion was the famous record-
ing of The Horse in Motion by Muybridge [52]. These were a series of chronometric
photographs that captured the movement of a horse as it galloped by. This was one
of the rst earnest attempts to better understand the biomechanics of how a horse
moves. This study was no easy feat; multiple cameras were needed to photograph
the running horse, which used an electrical shutter system custom engineered for the
study. A long wall of white planks were erected to allow for enough brightness to
develop the individual frames. Muybridge found that there were times when all four
of the horse's feet were o the ground (and tucked underneath, facing each other).
This was some of the rst evidence that capturing snapshots in time of moving sub-
jects could have great scienti ¢ value, such as being able to quantify the movement

of animals. This technique would come to be known as motion capture.
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Although commercial systems that recorded movement became available in the
late 1970's, some researchers still opted to use more primitive methods to e ectively
motion track animals’ movements [53]. As an example, Ellardt al. [53] recorded
Mongolian gerbils jumping varied distances to investigate the strategies used to es-
timate distance. To quantify their movement the researchers projected each frame
onto a digitizing tablet, which was connected to a computer. On each frame, the
head and leg positions were mapped manually. Clearly, this approach was valuable
but incredibly cumbersome for anything more than a few seconds worth of data. Over
time, a ordable devices known as motion capture systems became available that were
suitable for use in human biomechanical and movement studies.

Motion capture (sometimes called mo-cap) is a technique used to record human
movement in two or three dimensions. In the context of human behaviour, it is an
especially useful tool to help quantify various aspects of movement. For example,
reach-to-grasp studies can record the exact timing, trajectory, and nal destination
of the hands [15, 17, 19, 54], from which metrics such as velocity, acceleration, and
completion time can be derived. Studying reaching is a non-invasive way of studying
the function of the brain. It can be argued that one of the primary outputs of the
brain is movement, and using motion tracking to study these outputs gives us deeper
insights into the inner workings of cognition and attention [22, 55{57]. Freemaet al.
[22] gives a compelling argument that hand movements in particular contain \motor
traces of the mind", suggesting motion capture can be used as an e ective non-
invasive tool to study brain systems. As stated earlier, there is extensive evidence
that movement is regularly updated via cognitive processing [16, 27, 35, 36, 58,
59], and recording these movements shows us the other side of the coin: how the
control signals generated in the brain manifest as movements. Below, | will discuss
three prominent and commonly used types of contemporary mo-cap: passive/active

systems, markerless motion capture, and mouse tracking.
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1.3.2 Contemporary motion capture

Passive and active systems

Today, there are a multitude of options for collecting mo-cap data. One of the most
common systems used is an infra-red emitting diode (IRED) camera tracking system
(e.g. OptiTrack, or Optotrak devices). As their name suggests, these systems work
through the use of infra-red cameras that re ect light o of either passive (i.e. with
IRED re ective tape) or active (i.e. powered IREDs) markers to track movement in
3D space. In general, both work approximately the same way; the camera system uses
an algorithm to triangulate the location of the marker in 3D space using the known
positions of the tracking cameras. Typically, these systems require an extensive cal-
ibration procedure prior to use each time. The result is real-time tracking of body
movements with the trade-o of requiring a large amount of space for the tracking
camera system to be installed. These systems tend to have very high temporal (e.qg.
> hundreds of samples per second) and spatial (e.g. below 0.1mm with proper calibra-
tion) resolution during data collection. Because there are multiple cameras (usually
around 8 or more in the case of a full-body motion capture systéin data collection
methodologies must be restricted to collection in a room dedicated to mo-cap. To put
it bluntly, these systems are usually unsuitable for data collection in the real world,

as they are much too cumbersome and cannot be properly set up in every space.
Markerless motion capture

Today, it is possible to collect mo-cap data using consumer-grade camera systems,
such as a mobile phone. The algorithms powering these techniques are known as
markerless mo-cap. More recently, markerless mo-cap systems have been steadily
improving as the hardware required to power the algorithms becomes cheaper. This

is achieved using deep neural networks to track desired targets on individual video

1t is worth noting that depending on the experimental setup, only one or two cameras may be
necessary depending on the vantage point of the cameras.
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frames. DeepLabCut [60] was originally developed to track animals that could not
feasibly have mo-cap markers attached, such as laboratory mice or wild animals. The
same principals can be applied to tracking humans (see Figure 1.1 for an example).
The resulting data can be exported into a familiar time-series format and can be
analyzed in many of the same ways that traditional mo-cap data is processed. One
drawback is that DeepLabCut currently does not natively support real-time process-
ing and output at the time of writing?, making it unsuitable for studies that require
real-time feedback for the participant. One such system that speci cally allows for
real-time feedback is MediaPipe [61]. MediaPipe is a framework that is capable of
using video frames as an input, and through a pre-trained model, can detect and
superimpose pose estimates, hand position, and even iris detectioffhese types of
systems will likely overtake the passive and active systems in popularity due to their

easy ability to deploy almost anywhere using almost any kind of recording medium.
Mouse tracking

In some cases, we may only care about the movement of the hands, such as during
a computerized task. Thankfully, the primary way that most users interact with
their computers is with a computer mouse, whose movements can be recorded using
either custom or already available software (e.g. MouseTracker: [21]). An advan-
tage of recording mouse movements is that the recording does not impact the user's
experience at all, as opposed to dedicated motion capture setups which require track-
ing markers to be physically attached to the participant. Trajectory, velocity, and
interaction (e.g. clicks) can be collected very easily, and all contain a wealth of infor-
mation. Mouse trajectories, like reaches, have been demonstrated to be susceptible to
information presented on a screen [20{24]. For example, a study by Rheetmal. [24]

demonstrated that mouse trajectories were susceptible to cognitive loading, scaled to

2There is, however, a tool under active development known as DeepLabCut-Live that aims to allow
for this in the near future (https://github.com/DeepLabCut/DeepLabCut-live).

3MediaPipe is also capable of doing object detection, tracking, hair segmentation, and many others.
A full and current description of capabilities can be found at https://google.github.io/mediapipe/
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Figure 1.1: An example of a still frame extracted from a video trained in DeepLabCut
of an astronaut exercising on the International Space Station. Each dot is a location
chosen to track for the duration of the video, with the lines superimposed showing
their trajectory over time. It is worth noting that DeepLabCut allows the end-user
to track an arbitrary number of locations, joints, or positions in a video.
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the perceived task di culty. Participants performed a dual task, where response time
and movement trajectory deviations were larger when presented with a harder task
to complete. This is in line with studies demonstrating that movement trajectories
are known to deviate more when the actor is less con dent in their response [17,
39, 62], meaning mouse movements are analogous mechanistically and functionally to
real-world reaches. Given that much of our time as humans is spent using computers
(and devices such as smart phones, tablets, and laptops), this is an arguably easier

medium to collect real-world data on.

1.4 Synchronization of eye and motion capture streams

Individually collecting eye and motion tracking data is relatively simple. However,
many experimental designs bene t from the simultaneous recording of gaze and move-
ment signals. Unfortunately, this is not as straightforward to achieve. To study the
temporal dynamics of the coupling of gaze and movement, a methodology is required
to ensure the signals can be e ectively compared.

For example, in a simple reach-to-grasp task, gaze predicts xation at the point
where the index nger tends to grasp [63, 64]. To e ectively calculate the o set
between when someone looks at the target (via eye tracking) and when they actually
interact (via motion capture), the signals need to be synchronized. Simply recording
the streams at the same time is not an appropriate method, as it typically results
in a large amount of manual work to synchronize the streams post-hoc [14, 65], as
timestamp drift or data collection errors can occur. To e ectively extract these kinds
of measures, we must use a more sophisticated approach for synchronization.

As previously stated, one of the many challenges of concurrently recording gaze
and movement is the time synchronization of the streams. Eye-hand coordination is
a tightly coupled dynamic process which necessitates synchronization to accurately
study. In their raw formats, gaze and motion capture data are in a time-series format.

That is, each sample (e.g. X, y coordinates) is marked with a timestamp. The times-
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tamps associated with each sample however, are not always from the same source.
For example, gaze and movement data recorded simultaneously on the same machine
may have di erent timestamps due to the hardware used. When we assess expected
relationships, such as gaze appearing on a target prior to reaching for it, it is critical
that the timing of these events is known. Luckily, this tight coupling can be achieved
through software.

Lab Streaming Layer (LSL) is a software library that aims to solve the multi-modal
data streaming problem [66]. At a high level, LSL accepts time series data streams
and gives each sample a timestamp from a common source (see Figure 1.2). The
timestamp source is the host operating system's internal high resolution clock, which
boasts high resolution and accuracy with minimal drift. LSL also applies a drift
correction algorithm to ensure that long periods of recording do not have incremental
drift. Additionally, LSL has minimal hardware requirements, making it suitable to
use on low-powered hardware (such as single board computers or mobile phones) to
e ectively create portable data collection systems outside of the laboratory.

In this thesis, | use the LSL framework extensively to synchronize gaze, movement,
and stimuli control signals. My approach is easy to implement, and results in high-
quality synchronization of an arbitrary number of modalities. In the following studies,
the data collection streams are programmed using the available language bindings for

C# and Python.

1.5 Previous attempts of \in the wild" eye track-
ing and movement data collection

Depending on the speci c task it is deployed for, eye tracking can be synonymous with
gaze tracking; collecting information about where the user is looking. When studying
natural behaviour, gaze can be used as a tool to gain insight into the inner cognitive
workings of the brain. Hayhoe & Ballard [13] posit that one of the main roles of gaze

is to guide where and when to xate on targets so they can be interacted with. It
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Figure 1.2: A high-level diagram demonstrating the core of Lab Streaming Layer's
(LSL) functionality. Data on the left (eye tracking data, mouse data, and any number

of other miscellaneous streams) are piped into LSL using an inlet function. LSL then
timestamps the incoming data, and uses a drift correction algorithm to ensure the
timing remains stable. The data is then put into a binary-encoded format which can
be easily processed in many di erent environments.
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is hard to separate cognitive goals from the eye movements that precede them; they
are inextricably linked. Land et al. [67] found evidence that elements of cognitive
planning were encoded in the eye movement signals. This enables the extrapolation
and prediction of the eye movements necessary to perform tasks, ranging from basic,
such as individual saccades, to intricate ones, such as making a sandwich or a cup
of tea. Zooming in on the individual movements that make up the completion of a
simple task such as sandwich making, we see that the eyes take on a clear assistive role
for reaching. The role of the eyes in reach-to-grasp movements is well documented
[35, 58, 68, 69], where the primary role of the eyes is to collect information that
can be exploited. In general, the eyes collect information to create a motor plan
that the hands execute. As mentioned earlier, there is a functional division between
the two types of vision|vision-for-action (dorsal) and vision-for-perception (ventral)
stream|in the primate cerebral cortex. To understand how the brain generates and
utilizes motor plans, it is necessary to observe how we move in our environments.
But, moving outside of the laboratory is not an easy process. Recording eye move-
ments \in the wild" (i.e. outside of the laboratory) is challenging, as many eye trackers
lack portability and are di cult to use in non-lab settings. However, as stated earlier,
many technological advances have made naturalistic data collection more feasible, and
work needs to be done to show their usefulness in real-world settings. Previous re-
search has shown that attention processes may di er between the lab and real-world
environments [13, 70]. As a result, behavior in real-world settings may also di er.
Foulsham et al. [70] conducted a study to determine if those who are immersed in
the real world (e.g. out in public) pay attention to the same things as those who are
not (e.g. those watching a video playback of the immersed person's experience in the
laboratory). This was an early study assessing the deployment of eye tracking outside
of the lab, so much of the equipment was very bulky and required a large backpack to
house the necessary equipment for data collection. An interesting nding came from

how the participants tended to look at pedestrians, depending on how far away they
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were and if they were physically present. Those walking around outside (i.e. wearing
the eye tracker) tended to look more at pedestrians further away rather than up close,
and the opposite was found in the laboratory participants. Previous work has found
that there are a multitude of reasons that humans will not look at others in certain
social situations [1, 71], but when the social aspect is removed, humans are more
likely to stare at others|something most people would nd awkward. This work is a
good example of why we collect real-world eye tracking data: human eye movement
patterns are not the same between those in the real world, and those who are merely
observing an approximation of the real world. Given that one of the primary roles of
the eyes is to collect information for motor planning, it is reasonable that the resul-
tant motor behaviour would also be modi ed. An important aspect then, is knowing
how to design studies that capture these di erences in humans.

Several experimental design approaches have been developed to promote more nat-
uralistic behaviours during research, as reported by various studies [11, 12, 67, 72{
74]. However, one particular approach stands out for its attempt to challenge the
traditional methods and assumptions related to cognitive processes involved in com-
mon human behaviours. This approach is referred to as cognitive ethology [72, 73],
and it questions some of the fundamental assumptions regarding cognitive process
invariance while o ering a framework for investigation. For example, are the same
cognitive (and motor) processes used when someone reaches for a box of Kraft Dinner
from their pantry as when they reach for an identical box but in a highly controlled
laboratory experiment? The answer is not so clear, but some evidence suggests that
even being watched performing a task can change your behaviour. An eye tracking
study investigating eye contact during one-on-one interviews in-person or via a video
feed showed that interviewer eye contact was able to modify the participant's viewing
habits only in the in-person condition [75]. This suggests that there is something
inherently di erent about an in-person interaction as compared to an arti cial (i.e.

video feed) interaction. These studies give a glimpse of the type of data that is being
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missed out on, suggesting that ‘'more natural' behaviours result in notably di erent
cognition and eye behaviours. These studies provides credibility to cognitive ethol-
ogy's prediction that lab-based studies may not generate completely accurate models
which may be at best limited in predictive power, and at worst misleading. While
this study may not be a perfect analog for comparing real life to laboratory studies,
it provides evidence that there is, at the very least, value in studying naturalistic
behaviours to augment current models and theories of attention.

Moving out of the laboratory requires us to re-evaluate many of the assumptions
we make about data collection in general. Many cognitive scientists adhere to strict
rules around the data collection environment itself; data must be collected in identical
environments between participants with factors such as the lighting, auditory noise
level, and the position of the participant in the room being controlled. The reasoning
for this is simple: it reduces noise in the data. For some studies, this is critical,
such as in electroencephalography (EEG) studies. EEG studies typically require
quiet, isoluminant spaces to collect data as the sensors tend to be sensitive to this
kind of environmental noise [76, 77]. But, why study these behaviours if they are
not natural? Gramann et al. [78] argues that the primary function of the brain is
to produce optimized motor outputs in dynamic environments, and understanding
these natural dynamics of the brain necessitates a natural collection environment.
In fact, a multitude of EEG studies have started to collect data in more real-world
environments, challenging many of the original assumptions [78{83]. Taken together,
these studies suggest that collecting (and analyzing) data known to be especially
sensitive to noise in the real world is not only technically possible, but capable of
being collected with current iterations of hardware. If even sensitive tools can collect
data in real-world environments, why not more robust tools such as eye trackers and

motion capture systems?
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1.6 Aims and objectives

As | stated previously, moving outside of the lab is the best way to understand
real, naturalistic, visuomotor human behaviour. But, it is fraught with the problems
of losing experimental control, and most importantly for this thesis, the quality of
the gaze and movement data you can collect. The primary aim of this thesis is to
demonstrate that it is possible to deploy some of the tools visuomotor scientists use
in real-world contexts to obtain data consistent with how humans actually behave.

Using eye-tracking and motion capture, in the following thesis | show the results
of three distinct studies. These three studies all incorporate both eye and motion
tracking in an attempt to quantify various behaviours. The studies are meant to be
read in the context of a gradated movement from laboratory-based to the real world.

In the rst study, | demonstrate that synchronized simultaneous collection of
laboratory-grade eye- and body-tracking can be used to generate highly accurate 3D
gaze vectors that have sub-centimetre accuracy in optimal conditions. Generating 3D
gaze vectors is a challenging problem because there are no widely used established
calibration routines. This study aimed to answer this question. To fully capture
naturalistic behaviours, it was critical that the movements of the participant were
unrestricted. We allowed free movement throughout the study using a portable eye
tracker and motion capture. Gaze and body movements were recorded to determine
where participants were looking and when they interacted with their environment.
Participants completed four di erent calibration routines, where the pupil position
data was used as an input to a model that predicts gaze position in 3D space. A
validation procedure is used to assess model performance when the experimenters
know exactly when and where the participant is supposed to be looking. Finally,
participants complete a previously validated task known as the Pasta Task [14, 26,
84] to assess the model's performance on a real-world behaviour. Here, we assessed

the performance of the resultant models generated form the calibration data and
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speculate on its use for future real-world tasks.

In the second study, | use a consumer-grade eye tracker and a mouse tracking
to record the behaviour of participants as they navigate through a menu interface
modeled after the popular video game, Mass E ect 3 [85]. This work was conducted
as part of a Mitacs Accelerate internship with BioWare in Edmonton, Alberta. The
original aim of this research was to identify signi cant performance metrics that could
assist UX researchers at BioWare in enhancing user experience. In other words, |
collected synchronized eye and mouse tracking data and analyzed the data to nd
when users were having trouble. In this eld, typically qualitative measures such as
interviews, surveys, and technical reports are used to uncover problematic areas of UX
known as friction points. UX research is a eld that bene ts greatly from real-world
data collection. | collected data from real users both in person as well as remotely
over the internet, with little restrictions on their behaviours or computer setups. |
use eye and hand tracking to attempt to quantify friction as a dynamic process. |
demonstrate a methodology that allows for the detection of friction points based on
gaze and movement signals. | show that many of the same patterns of friction that
occur in the local cohort also occur in the remote cohort, suggesting that the increased
noise (due to decreased experimental control) in the remote cohort did not overpower
the signal.

In the third study, | attempted to move into the most challenging environment thus
far: the clinic. The clinic can be a very chaotic space for recording high quality data.
Here, | attempted to push the capabilities of eye tracking to its limit by collecting data
from patients admitted to the University of Alberta hospital with a chief complaint
of dizziness. Typically, neurological assessments are used to determine the etiology
of the illness the patient is facing, which is performed in the clinic. If physicians
are able to make accurate diagnoses in such a chaotic environment, perhaps a device
designed to augment the diagnostic process should work in the same way. A portable

device consisting of a laptop computer with a head-mounted eye tracker was used to
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present an easy-to-use stimulus to patients in a standard hospital bed. The stimulus
was derived from a standard clinical neurological exam, and was designed to be easy
to use by non-expert eye tracker users. Additionally, the output of the device was
useful eye movement metrics that an attending physician could use to improve the
e cacy of their clinical exam. Initially, we intended to collect reaching behaviour to

be analyzed using markerless motion capture software, but this proved too di cult
for the patients to complete. While the device did technically work, the patients were
simply too sick to give data that was possible to analyze. The device was also tested
on a control group (i.e. normative age-similar participants) to determine if the non-
expert data collector biased the data quality. The control group gave high quality
data, suggesting that such a device is feasible, but may be beyond the current limit
of eye tracking technology for such a use case. Finally, | speculate on the value and

potential use cases in clinical and non-clinical settings.
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Chapter 2

Generating accurate 3D gaze
vectors using synchronized eye
tracking and motion capture
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Abstract

Assessing gaze behaviour during real-world tasks is di cult; dynamic bodies moving
through dynamic worlds make gaze analysis di cult. Current approaches involve
laborious coding of pupil positions. In settings where motion capture and mobile eye
tracking are used concurrently in naturalistic tasks, it is critical that data collection

be simple, e cient, and systematic. One solution is to combine eye tracking with
motion capture to generate 3D gaze vectors. When combined with tracked or known
object locations, 3D gaze vector generation can be automated. Here we use combined
eye and motion capture and explore how linear regression models generate accurate
3D gaze vectors. We compare spatial accuracy of models derived from four short
calibration routines across three pupil data inputs: the e cacy of calibration routines
were assessed, a validation task requiring short xations on task-relevant locations,
and a naturalistic object interaction task to bridge the gap between laboratory and
\in the wild" studies. Further, we generated and compared models using spherical
and cartesian coordinate systems and monocular (Left or Right) or binocular data.
All calibration routines performed similarly, with the best performance (i.e., sub-
centimetre errors) coming from the naturalistic task trials when the participant is
looking at an object in front of them. We found that spherical coordinate systems
generate the most accurate gaze vectors with no di erences in accuracy when using
monocular or binocular data. Overall, we recommend one-minute calibration routines
using binocular pupil data combined with a spherical world coordinate system to

produce the highest quality gaze vectors.
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2.1 Introduction

The majority of laboratory examinations of eye gaze are highly constrained and reliant
on the assumption that gaze behaviors are task-invariant [86]. That is, many labo-
ratory tasks do not re ect naturalistic behaviours. Common sense says that where
someone is looking is dependent upon both eye and head movements [87, 88], mean-
ing head position must be accounted for when calculating and analyzing gaze. Most
studies investigating hand-eye coordination circumvent this problem by restricting
head movements through the use of a chin rest [89]. In the real world, we are free to
gaze at objects throughout our full eld of view, or even anywhere in our 3D space,
provided we can turn and move. But, in the lab, the areas the participant can interact
with are typically severely limited, such as restricting gaze to a computer monitor or
tabletop [90, 91]. Controlling for such environmental variables lets researchers ask
speci ¢ questions about the motor and neural mechanisms that govern hand-eye coor-
dination but fail to ask how gaze performs in natural settings. When collecting data
outside of the laboratory, it is simply not feasible nor ecologically valid to restrict
movement of the head or restrict gaze to the interaction with a limited amount of
space. Additionally, real-world data tends to be much more di cult to process and
analyze because of the permissive setting in which it is collected; free movement of
the body is encouraged, as it more closely re ects natural behaviour.

Collecting data outside of the laboratory|or \in the wild"|is challenging [89];
determining xations from dynamic bodies moving through dynamic worlds is a non-
trivial problem to solve. A few studies have collected data while performing simple
every-day activities [12, 26, 92{94]. For example, Land & Hayhoe [92] found that
eye behaviours were similar across di erent use cases, such as during making a cup
of tea or preparing a sandwich. They found eye movements could be broken down
into four systematic categories: locating (the target), directing (the hands to the tar-

get), guiding (the hands during movement), and checking (if the condition has been
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satis ed). These general rules of interaction help inform us of potential systematic
analyses that can be performed on the data. Data recorded \in the wild" also tend
to be harder to parse into fractional chunks for analysis; Lappi [89] describes some
of these common issues when collecting real-world natural gaze behaviours. In his
review, Lappi suggests that complex eye movement behaviours are built from combi-
nations of primitive eye behaviours such as xations, saccades, and pursuits. These
primitive building blocks can be used as indices to break complex tasks into digestible
blocks that can be analyzed more similarly to controlled lab-based experiments.
Over the last decade eye tracking technology has become cheaper and easier to
use. Traditional eye tracking headsets tended to be bulkier and required the head
position to be xed, whereas newer eye trackers such as the Pupil Labs Core [50]
are more portable and do not require a xed head. One common consideration of
designing an eye tracking study is the time-consuming manual labour required for
cleaning and analysis [26, 65, 94, 95]. Much of this manual labour is centred around
two primarily video based categorization steps: 1) the cleaning of the pupil data, most
of which is di cult to automate because of the nature of data quality from individual
participants and 2) the assignment of xations to objects in the world on the \world
camera”, an outward facing camera attached to a head mounted eye tracker. This
portion of analysis is so time consuming that many researchers will only analyze a
subset of data rather than the whole [96{98]. For example, Paet al. [98] were only
able to analyze every third trial of their prosthetic hand-eye coordination task. A
major concern is that a subset of data does not always represent the population-level
statistics of the entire dataset|e ects could be driven by outliers. Secondly, this
leaves open the possibility of incorrect coding, leading to lower quality data that may
contain additional errors, in uencing statistical tests. Optimizing the volume of data
analysis possible would have great bene ts for statistical power and data reliability.
Motion capture (mo-cap) is a technique used to record human movement in 3D

space [99] and, when combined and synchronized with eye tracking, o ers a solution
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for automating real-world gaze analysis. Human movement science greatly bene-
ts from this technology, as it allows for the quanti cation of movements during
reach-to-grasp [17, 100] or reach-to-point [101{103] behaviours. Additionally, mo-cap
technology comes in many forms, including infrared-based or the burgeoning eld of
markerless-motion-capture [104], both of which are typically capable of integrating
with eye tracking headsets. Tracking gaze during movement grants insight into the
strategies that di erent populations may use when completing the same task. For ex-
ample, research into gaze strategies during reach-to-grasp behaviours has uncovered
key strategic di erences in normative [95] versus prosthetic arm users [65, 94, 105],
where prosthesis users tend to move much slower, xate longer, and do not \look
ahead" to the intended target location after grasping.

While the synchronized collection of eye tracking and mo-cap data is not trivial,
tools such as Lab Streaming Layer (LSL; SCCN [106]) have made this process much
easier. However, once you have two synchronized data streams, it is not easy to
determine where someone is looking based on raw data. Here we explore a technique
requiring the experimenter to collect a separate eye-calibration data le, speci cally
for the purposes of building a model that will map head and pupil positions to a
three dimensional (3D) gaze vector in a common world coordinate system. A 3D
gaze vector is a line that extends from the head out into 3D space to predict where
the participant is looking in world-space [107{109]. During these eye-calibration trials,
participants are asked to focus on a tracked mo-cap marker (in our task on the tip
of a calibration \wand") as it moves through space, typically for about a minute.

In the 2D eye tracking space, there does exist some guidelines and recommendations
to generate gaze points. However, to our knowledge, despite the increasing number
of studies that use 3D gaze vectors to assess behaviour, no standardized and very
few recommended calibration routines exists. That is, how should you best move
the tracked \wand"-marker through space? In addition, what data should be used to

build predictive models, including which coordinate frame(s) or binocular / monocular
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data, depending on how pupil data were recorded.

With the goal of providing researchers interested in naturalistic tasks recommenda-
tions and guidelines for expected accuracy, we generated and assessed 3D gaze vector
models from all possible combinations of: four di erent calibration routines, two co-
ordinate frames, and three sets of pupil data inputs. Our results describe an approach
that is capable of generating accurate (sub-centimetre and below one visual degree
in the best case) 3D gaze vectors (GVs) using the position of the pupils and the 3D
location of the participant's head in space. To create the GVs, we use a linear regres-
sion algorithm to train models based on input pupil positions time-synchronized to
the 3D location of a calibration wand. Then, we assess their spatial accuracy across

a variety of data sets.

2.2 Methods
2.2.1 Equipment

Eye tracking data were collected using a Pupil Labs Core (200Hz; [50]) USB eye
tracking headset. Lab Streaming Layer (LSL; [106]) was used to synchronize eye
tracking and mo-cap data. The o cial Pupil Labs LSL plugin was used in conjunction
with the Pupil Capture software to directly send data into the LSL datastream. Mo-
cap data were collected using an OptiTrack mo-cap system (two systems were used
throughout the study as the lab was upgraded: initially a 12-camera Flex 13 system,
120Hz; then a 14-camera Prime 13-W system, 200Hz). The OptiTrack systems were
calibrated using the included Motive program to have a spatial accuracy of 0.1mm or
less. A custom program was written in C# to pass frame data from the OptiTrack
Motive application to the LSL datastream for synchronization. Rigid clusters of
re ective markers were xed to the participant and objects in the environment to
track the position and orientation of the Head, Right Hand (centred approximately

dorsally), Task Cart, Side Cart, Pasta Box (in Task data), and a Calibration Wand (in
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calibration data). Marker clusters were also xed to the participant's pelvis, trunk,
upper arms, forearms, and left hand in as described by Bosetr al. [110], but these
data were not used in the current study. It is worth noting that theoretically any
combination of eye tracker and mo-cap system could be used, provided they collect
time series data as synchronized 2D pupil positions (in eye camera coordinates) and

3D marker position (in mo-cap).

2.2.2 Participants

Twenty-one undergraduate and graduate students from the Department of Psychology
research pool at the University of Alberta participated in this study. All participants
were right-handed, had normal or corrected-to-normal vision, and were naive to the
tasks. Eight participants were collected using the OptiTrack Flex 13 system at 120
Hz, and 13 were collected on the OptiTrack Prime 13-W system at 200 Hz. One
participant was removed due to recording errors (poor tracking quality), for a total
of twenty participants. This study was approved by the University of Alberta Health
Research Ethics Board under protocol Pro00087329 and ethical protocols were in

adherence to the 1964 Declaration of Helsinki.

2.2.3 Procedure

Each test of data quality consisted of 3 sets of Calibration/Validation trials and 2

sets of 10 Task trials, proceeding in the following order:
1. Calibration/Validation set
2. Task set
3. Calibration/Validation set
4. Task set

5. Calibration/Validation set
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Each Calibration/Validation set included four Calibration trials (one of each type
described below) and one Validation trial presented in a pseudo-random order. Each
Task set included 10 repetitions of the previously published Pasta Box task (see [26]
for a full description of the task parameters). In short, the Pasta Box task requires
the participant to move a rectangular box of pasta between three key locations: the
Side Cart, the Green shelf, and the Blue shelf. In between each of the reaches, the
participant must touch the Home position (see Fig. 2.4 and section 2.2.3 for a visual
representation of the task and relevant spaces). Each trial takes approximately 15
seconds to complete. In total, participants performed 12 Calibration trials (3 repeti-
tions of each of 4 types), 3 Validation trials and 20 Task trials. Not all participants
had usable data for every trials; we discuss dealing with missing data and removal in

section 2.2.4.
Calibration Trials

Participants were asked to track the position of a single spherical mo-cap marker (14
mm diameter) with their eyes for about one minute per trial. The participant could

move their head freely while tracking the marker. The marker was placed at the
tip of a 40 cm wand which moved through the task space in one of four Calibration

routines:

1. Experimenter Sweep (ES)The experimenter moved the wand in slow S-shaped
curves along each of the room-coordinate axes (parallel to oor, left/right, par-

allel to oor in/out, parallel to wall up/down).

2. Self Sweep (SS)Replicating ES but with the participant holding the wand and

replicating the movements.

3. Experimenter Paint (EP): The experimenter moved the wand to each of the
relevant locations in the Pasta Box task (minus Neutral, see below) and explored

small (10-20 cm in each dimension) volumes at these locations.
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Figure 2.1: The Calibration routines used in the present study, with traces in grey
showing example wand movements over time. Each routine takes approximately one
minute to complete. The black inverted 't' shaped object is the calibration wand
used in all routines. In all quadrants, the blue sphere represents the participant's
head position, with the Orange target to the participant's right and the wand being
directly in front of the participant. A) The Experimenter Sweep (ES) routine. The
experimenter stands to the participant's left and waves the wand in s-shaped patterns
through space, covering all three dimensions roughly equally (only up/down move-
ments shown in gure). B) The Self Sweep (SS) routine. Identical in procedure to
the ES routine, but the participant themselves carry out the wand movements. C)
The Experimenter Paint (EP) routine. The experimenter stands to the right of the
participant and moves the wand for approximately 15 seconds in small volumes at
four locations relevant to the later Task trials: the Side Cart, the Home position,
the Green Shelf and the Blue Shelf. D) The Stationary Target (ST) routine. The
participant locks their gaze on the wand, which is xed to the table. The participant
moves their head up, then down, then centers, then left, then right (i.e., in the form
of a cross), then rotates their head in swirl-like motions while maintaining xation
on the tip of the wand.
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4. Stationary Target (ST): The wand was xed to the table directly in front of the
participant (~60 cm away), who was asked to maintain xation on the wand-tip
while nodding their head up and down, returning to centre, then turning it left

and right, then rotating it in a clockwise then counterclockwise spiral.

The intention for each of these trials was to create calibration routines with a
diversity of di erent coverages in terms of both task and pupil-position space (see
Fig. 2.1 for the wand movements, and Fig. 2.2 for example corresponding pupil

positions).
Validation Trials

Participants were asked to xate on 5 stationary targets (see Fig. 2.4 for locations)
presented at Task-relevant locations for ~5 s, in a specic sequence, and at least 2
times each. An auditory beep signalled the start of the rst xation and beeped every
5 seconds thereafter to signal a switch to the next Task-relevant location in this order:
Neutral ! Side Cart ! Blue Shelf ! Home ! Blue Shelf | Green Shelf
I' Home ! Green Shelf ! Side Cart ! Home ! Neutral.
This order of 11 xations mirrors the order these locations are visited during the

actual Task trials.
Task Trials

The set-up for the Pasta Box task is shown in Fig. 2.3. Participants began each Task
trial with their hand on the Home position and their eyes xating on the Neutral
target, marked by a mo-cap marker. A beep then cued them to initiate an object

interaction sequence consisting of three movements:

1. Reach and grasp the Pasta Box at the Side Cart, move it to Green Shelf then

return hand to Home;

2. Reach and grasp the Pasta Box at Green Shelf, move it to Blue Shelf then

return the hand to Home;
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Figure 2.2: Example corresponding gaze patterns associated with each of the cali-
bration routines. Pupil position from one eye is shown over the course of the entire
calibration. A) The Experimenter Sweep (ES) routine: the gaze seems to be slightly
jittery because the participant has to constantly adjust to the experimenter's wand
position. B) The Self Sweep (SS) routine: the gaze pattern is much more smooth,
because the participant is moving the wand while simultaneously xating on the tip.
C) The Experimenter Paint (EP) routine: gaze locks to four di erent locations, which
slightly overlap because the participant was free to move their head and likely tends
toward central xation on each location. D) The Stationary Target (ST) routine:
the head is moved in a cross-like movement (up, down, centre, left, right) then in
swirl-like movements for approximately one minute.
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